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Abstract: Tropical dry forests are among the most threatened ecosystems in the world, and those
occurring in the insular Caribbean are particularly vulnerable. Climate change represents a significant
threat for the Caribbean region and for small islands like Jamaica. Using the Hellshire Hills protected
area in Jamaica, a simple model was developed to project future abundance of arthropods and lizards
based on current sensitivities to climate variables derived from rainfall and temperature records. The
abundances of 20 modelled taxa were predicted more often by rainfall variables than temperature,
but both were found to have strong impacts on arthropod and lizard abundance. Most taxa were
projected to decrease in abundance by the end of the century under drier and warmer conditions.
Where an increase in abundance was projected under a low emissions scenario, this change was
reduced or reversed under a high emissions climate change scenario. The validation process showed
that, even for a small population, there was reasonable skill in predicting its annual variability. Results
of this study show that this simple model can be used to identify the vulnerability of similar sites to
the effects of shifting climate and, by extension, their conservation needs.

Keywords: tropical dry forest; biodiversity; bioclimatic modelling; Caribbean

1. Introduction

Climate change is an important issue for the small island states of the Caribbean
due to an inherent climate sensitivity attributable to small size, location in the Atlantic
hurricane belt, and other factors [1]. The Caribbean’s climate is already changing, as seen by
rising temperatures, increasingly variable rainfall, increasing drought and flood frequency,
rising sea levels, and intensifying storms [1–4]. Modelling studies project that, by the
end of the current century, the region will experience an increase in intensity of rainfall
events; a decrease in total annual rainfall of up to 40% in some places and particularly
during the climatologically wettest period of May to October; warming of up to 4 ◦C, with
night-time temperatures increasing at a faster rate than daytime; more intense hurricanes;
more frequent floods and droughts; and sea level rise of up to 1 m [2,5–9]. Being a tropical
region, the Caribbean is also projected to experience a climate departure characterized by
extreme climate shifts far sooner than other regions [10]. For example, by the mid-2020s it is
projected that annual minimum temperatures in some years may be higher than historical
maximum temperatures [10].

Although over 9% of neotropical dry forests occur in the insular Caribbean, approx-
imately 66% of that dry forest cover has been lost and much of what remains is at least
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somewhat fragmented or degraded [11]. Tropical dry forests (TDFs) are highly sensitive to
shifts in climate, but have been the focus of very few studies on the ecological impacts of
climate change [12]. In these ecosystems, rainfall has a strong influence on seedling survival,
species composition, and above-ground biomass, which can be significantly changed or
impaired by drought occurrence [13–17]. Hurricanes also significantly impact survival of
mature vegetation and species composition of mature TDFs. In 2015, Hurricane Patricia
made landfall as a category 4 cyclone on the Pacific coast of Mexico. In assessing the
damage to the Chamela-Cuixmala TDF, Jimenez-Rodríguez et al. (2018) identified that
more severe damage occurred in old growth areas than in secondary forest, and the forest
composition changed to favor smaller plants that could regenerate quickly [18]. Therefore,
climate change will likely result in a shift in the forest composition, ecosystem dynamics,
and extinction risk of many species in TDFs, which are already the most threatened ecosys-
tems in the world [12,19]. Characterizing the impacts of climate change on dry forests and
other biodiverse Caribbean ecosystems is a necessary first step for planning and promoting
actions aimed at the conservation of the region’s biodiversity, particularly in the minimally
studied dry forests of the region [12,19,20].

Despite being a hotspot for biodiversity, the impact of climate change on Caribbean
ecosystems has not been extensively studied. This may be due to several reasons including
(i) the low importance placed on biodiversity, (ii) data limitations, (iii) the lack of pristine
study sites, and (iv) the lack of suitable/well developed methodologies [21]. Few studies
have focused on the region’s terrestrial faunal species [20]. Bioclimatic modelling, in
particular, has been applied only minimally in the insular Caribbean, as the small sizes
of the islands limit their accurate representation within many of the existing models [20].
Additionally, only limited work has previously examined vulnerability to climatic influence
(in particular rainfall and temperature) as well as survival potential and extinction risk
in important tropical dry forest habitats such as the Hellshire Hills, Jamaica or forests
like it. These include studies examining (i) rainfall as a predictor of Anolis lineatopus
hatchling numbers and juvenile growth [22]; (ii) the link between lizard extinction and
temperature [23]; and (iii) seedling dynamics and climate variability [24].

Previous studies have shown that climate is a strong modulator of ectotherm popu-
lations, which further emphasizes the need to characterize potential impacts of climate
change in these sensitive hotspots. Rainfall and relative humidity are important factors
in the life cycles of arthropods and small lizards. Low moisture availability can retard
the life cycle of the organism by impairing oviposition, juvenile recruitment, growth and
development, and physical function, while high relative humidity can increase pathogen
infection [25–27]. Studies assessing the variability of arthropod populations as a function of
rainfall seasonality in Grenada in 1977 showed that arthropod populations were 2.3 times
larger and 3.1 times greater in biomass during the wet season (June–December) than during
the dry season (January–May) [28]. The influence of rainfall on arthropod abundance also
impacts food availability for lizards, which has been found to be a limitation of juvenile
growth in Jamaican Anolis lineatopus [22]. Moisture is also critical to anoles for egg laying
and development, and has been identified as a determining factor in the geographical
variation in morphology of Anolis lineatopus and A. grahami [22,25,29,30]. These factors
indicate that rainfall is linked to anole abundance both directly through provision of water
and indirectly through its modulation of prey availability. Water availability plays a large
part in microhabitat choice in invertebrates and lizards, which tend to occupy shaded areas
during dry periods in order to minimize water loss and thermal stress [31–33].

Tropical arthropods and lizards also exhibit high thermal sensitivity that is not min-
imized by their tolerance of warm habitats. Warmer temperatures alter the rate of de-
velopment for many arthropods, which can result in fluctuating population size due to
changes in breeding patterns, survival, and food availability [27,34,35]. There is, however, a
temperature threshold for growth and development, which may be different for adults and
nymphs of the same species [36]. Experiments conducted on Nilaparvata lugens, one of the
most potent rice pests globally, showed that adults consistently had higher critical thermal
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maximum (Ctmax), upper lethal temperature (ULT), and heat coma temperature (HCT)
than nymphs [37]. Given recent global temperature trends, particularly in the tropics where
the species is most prevalent, nymphs are currently very close to exceeding their optimal
temperatures [37]. For tropical lizards, studies of thermal vulnerability have found that
living in a warm habitat does not remove the possibility of intolerance to high temperatures,
given their sensitivity to extreme heating due to their thermoconforming nature [30,38].
Thermal responses are more dependent on general behavior of the species, as basking
species living in open habitats tend to maintain high body and operative temperatures
relative to shaded habitat non-basking species, which are often active at lower temperatures
that are also closer to ambient temperatures [30,38]. Also, the relatively narrow annual
temperature range to which tropical groups are accustomed adds to their vulnerability to
overheating and reduced activity under substantive rises in ambient temperature outside
of their preferred temperature ranges, particularly during summer months [30,38].

Historical relationships between ectotherms and climate show that climate change will
lead to evolution in physiology, shifts in climate niches, migration, range expansion or con-
traction, and alteration of trophic interactions and predator-prey relationships [30,34,39–42].
Some tropical species do, however, have natural physiological responses that confer adap-
tive capacity, such as the heat-hardening capacity in lizards that allows for survival in
extreme temperatures [40,43]. It must be noted, however, that heat hardening varies
geographically and does not negate negative impacts of extreme heat on locomotor func-
tion [43].

The overall aim of this study is to investigate the potential role of climate in deter-
mining faunal abundance in a small dry forest located in Hellshire Hills, Jamaica. We
characterize the climate of the Hellshire Hills dry forest, and investigate whether there
are discernible links among climate, arthropod, and lizard abundance, and whether the
relationships found can be used to develop a simple bioclimatic model representative of
the region. The validated simple model is then used to infer information about the impact
of projected future changes in the climate of the Caribbean on the biodiversity of the region.
Given the dearth of studies examining climatic impacts on regional fauna, this will be a
useful addition to regional conservation efforts.

2. Materials and Methods
2.1. Study Site

The study area is the dry limestone forest of the Hellshire Hills in Jamaica. The remote
location and rugged topography of the region limit human intrusion and disturbances, and
potentially enhance the likelihood of identifying a climate signal in the biodiversity data.
The Hellshire Hills dry forest is located on the south-eastern coast of Jamaica in the parish
of St. Catherine, to the west of the capital city of Kingston (Figure 1). The area is heavily
karstified and covered by tropical dry forest with very little soil cover that is concentrated
in sporadic depressions [16]. Jamaica’s dry forests are areas of high endemism and serve
as a habitat for many of the island’s endangered species. For example, the Hellshire Hills
harbors the only wild population of the Critically Endangered Jamaican Iguana (Cyclura
collei), and also supports the rare Jamaican blue-tailed galliwasp (Celestus duquesneyi) [44].
The dry forest is largely undisturbed in central and western sections [45]. It is this relatively
undisturbed characteristic that makes the area suitable for the study being undertaken.

The area is located in the driest part of the island. It receives less than 1000 mm per
year, 85% of which occurs in the main rainy season between August and November. Daily
temperatures climb to an average of 27 ◦C [45]. Vegetation in the area is adapted to the
arid conditions and limited soil cover, and is composed primarily of dry evergreens, with
mangroves along the coast. The forest comprises both canopy and sub-canopy species of
varying growth rates, with seedling survival being heavily modulated by both rainfall and
canopy coverage [15,16].

Of significance, the Hellshire Hills form part of the Portland Bight Protected Area
(Figure 1). It is considered ‘an irreplaceable site of environmental importance’ in the
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Caribbean and a ‘hotspot within a hotspot’, because it is the largest remaining intact dry
limestone forest in the region, a site of international significance, and a key biodiversity
hotspot within the larger Caribbean hotspot [46–48]. The Hellshire Hills forest has been
the subject of extensive efforts to document the abundance of species, spearheaded by the
Jamaican Iguana Recovery Group [16,44,45].
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2.2. Abundance Data

Collection of abundance data was carried out using an existing system of live (dry)
pitfall traps established in 1997 which is detailed in Wilson and Vogel (2000) [45]. The
traps were established as a part of the wider experiment mounted by the Jamaican Iguana
Recovery Group at the University of the West Indies to survey the herpetofauna of the
Hellshire Hills [45]. The traps were established in four grids, each with eight pairs of
buckets submerged in the ground and connected by drift fences. Of these four grids, two
were experimental plots (that is, 2 × E grids) in which box trapping was used to control
invasive predators such as mongooses and feral cats, and two were control plots (C grids)
in which no IAS (invasive alien species) trapping was conducted. Data from the control
plots (that is, 2 × C grids) were initially analysed separately from experimental plots (E
grids) due to the differences in predator treatment. These were later combined for model
creation, as no significant difference was found between the patterns of variability of the C
and E grids, despite there being a difference in number of animals captured in each grid.
As with any trapping technique, there are inherent biases in pitfall trapping, such as the
affects of habitat structure, behavior of individual species related to likelihood of trapping
and/or potential for escape from pitfall buckets, in addition to the risk of’ in-trap predation.
We acknowledge that some species may be more or less terrestrial or arboreal, and not
unrelated, that some species may be more or less able to jump or climb out of the pitfall
buckets. However, we regard these potential sources of trap bias as negligible, especially in
regard to the temporal patterns that are the focus of the present study.
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Genera and species designations are given when available in Table 1. Genera and com-
mon names are provided where available, along with codes used for ease of documentation.
These codes were also used when building the simple models. All focal lizard species in
this study are endemic to Jamaica [50]. The abundance data collected are not available for
public use. Statistical analyses and modelling were performed using the R programming
language [51].

Table 1. Morphotaxon codes used throughout analysis (genera are provided where available).

Arthropods

dbcrick Ceuthophilus sp.
dhcrick Orthoptera: Gryllidae

cent Chilopoda
hc Coenobita clypeatus
jsf Collembola
pb Armadillidium vulgare

rapb Dysdercus andreae
bws Phrynus sp.

Scorp Scorpiones
sf Lepismatidae

solpu Ammotrechula pilosa
va Dasymutilla militaris

1bbug Pangaeus bilineatus
2bbug Periplaneta sp.

1bb Tarpela mutabilis
2bb Branchus jamaicensis
sbb Coleoptera: Chrysomelidae

Lizards

al Anolis lineatopus
ag Anolis grahami
cc Celestus crusculus
cd Celestus duquesneyi

mm Spondylurus fulgidus

2.3. Climate Data

To characterize the climate of the Hellshire Hills region, data from an onsite daily
weather station over the period 2010–2012 were aggregated into monthly data and an
annual climatology. The weather station was installed at field station ‘South Camp’ at a
height of 1.8 m and at an elevation of 126 m, at coordinates 17.87◦ N 76.96◦ W.

Because of the limited length of the Hellshire Hills station data, weather station data
from a nearby site with similar climate characteristics were also used. The closest station
with records of appreciable length was located at the Norman Manley International Airport
approximately 19 km away. Daily rainfall and temperature data for the period 1997–2013
were obtained from the Meteorological Service of Jamaica. This period overlapped with the
abundance data and allowed for a lag in linkages to be explored.

Norman Manley was established as a proxy for the Hellshire Hills (hereafter referred
to as NM and HH, respectively) using Pearson correlations and generalized additive mixed
modelling (GAMM) for the overlapping periods of the two datasets (2010–2012). GAMM
was applied to daily rainfall and temperature anomalies using the ‘mgcv’ package [52] in
R, implementing a gaussian distribution with an identity link function and autoregressive
moving average (ARMA) error structures to account for autocorrelation in the timeseries.
To determine whether the HH and NM relationships identified by the GAMM runs would
be retained, ARMA and model parameters were checked to ensure that 95% confidence
limits did not include zero, and autocorrelation function (ACF) and partial autocorrelation
function (PACF) were used to assess whether model residuals were random and not
autocorrelated. No model parameters were found to pass through zero, and ACF and PACF
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were found to be within an acceptable range of variation, thereby verifying good model fit
and validating the use of NM as a proxy for HH in this study.

A suite of relevant local climate indices was derived from the NM data for use in the
HH model (Appendix A). Climate indices are known to best capture potential patterns
of modulation at the local scale [4,53,54]. Abundance is also known to show stronger
similarities in patterns of variation with extreme indices and seasonal variables rather than
monthly or daily climate variables [55]. Climate seasonality was analyzed in anticipation
that species abundance may be more related to climatic variations in one part of the year
(e.g., the early or late rainy season), than in another part of the year [22,56]. The seasonality
of Jamaica is often defined in terms of rainfall abundance and is commonly noted as
consisting of (i) two 3-month dry periods occurring in November–December–January (NDJ)
and February–March–April (FMA); and (ii) two wet periods occurring in May–June–July
(MJJ) (early) and August–September–October (ASO) (late) wet seasons [57]. This study
shifted these seasons slightly, in keeping with linkages previously identified in the literature
for the focal taxa and site, such as the inclusion of November in the late wet season influence
and the effect of the December–January period on feeding and survival [22]. The shift,
however, maintains the overall pattern of variability (i.e., dry versus wet seasons). The
seasons studied were MJJ (early wet season), ASON (late wet season) and DJF (dry season).

It is important to note that, although the climate of Jamaica is known to be linked
to global climatic fluctuations such as ENSO [58], indices representing these large-scale
drivers were not used as predictors in the model being created. Firstly, it is assumed that the
influence of the global predictors will be through a change in local climate variables such
as rainfall or temperature (see for example [58–60]), Secondly, the goal is to use the simple
model being created to infer the influence of future climate changes on the abundance,
and there remain challenges with respect to projecting characteristics of these large scale
fluctuations in the future (see for example [61]).

2.4. Model Creation

The strength of the climate signal in arthropod and lizard abundance was evaluated
using NM data by means of graphs, Spearman’s rank correlation coefficients, and backward
regression [22,62]. Using the same methods, relationships among all species (i.e., species-
species relationships) were also evaluated. The evaluations served as the primary guidance
for the creation of the simple model for the HH region by (i) establishing that relationships
exist between climate and species, and between species, and (ii) providing guidance for
potential predictor variables (climate or species) for each taxon.

A simple model of climate-species and species-species relationships for the Hellshire
Hills was created based on the strength of statistical relationships identified. Model creation
for each arthropod and lizard species was conducted using abundance data for the period
1997–2009 and climate data for the 13-year period of 1996–2008. To overcome some of
the challenges associated with low numbers, such as high error rates, the control and
experimental data for taxa were combined before model creation was attempted as there
was no statistical difference between the results of the two treatments. A generalized linear
model (GLM) with a Poisson distribution and log link function was implemented using
the ‘bestglm’ package and was used as a preliminary filter to identify the most suitable
predictors for each predictand [63]. The bestglm function returns the best subset of predictor
inputs for GLMs using several selection methods that are available [64]. For this study, the
bestglm returned a ranking of the best combination of predictors selected based on their
AIC values. The best combination of predictors was then assessed using a GLM with a
quasipoission distribution and a log link function to account for overdispersion and species
with inflated zero abundances [65] and because the ‘bestglm’ function did not allow for
the inclusion of the quasipoission distribution. The pool of predictors for each predictand
was narrowed by finding variables that were significant (p-value < 0.05) when they were
included (in combination) with other variables. Specifically, if >2 predictors that were
identified by ‘bestglm’ as the best combination were included together in a model, and one
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or more was/were not significant, the single non-significant variable was dropped or for >1
non-significant variables, they were dropped in turn (one dropped and the other retained
and vice-versa) and the model was then run again. The final model was not accepted until
all predictors were significant. If there were two remaining predictors and one of the two
was not significant, then the predictor with the highest pseudo R-squared value was used
to build the final models. This was also used to select models where two or more predictors
were non-significant and when they were dropped in turn all the predictors were significant
(resulting in >1 possible final models). The pseudo R-squared was calculated using the
following formula:

100 × ((model null.deviance − model deviance)/model$null.deviance).

It was used for model selection because the AIC and R-squared cannot be calculated
for a GLM with a quasipoisson distribution. Thus, the ideal combination of significant
predictors for a predictand was identified as that which gave the higher pseudo R-squared
value, and model fit was assessed using the marginal plots and distribution of Pearson’s
and deviance residuals. This process was carried out for taxa that had both linear and
polynomial trends. Predictors were centered where necessary.

The predictors used for each model included all 22 taxa, 20 climate (including seasonal)
indices, and seasonal variables, for a total of 42 predictor variables. The climate variables
used also lagged the abundance data by one year and, in the case of seasons that approached
the trapping period (e.g., DJF), were terminated at the start of said period. Taxa were
retained as predictors of other taxa only in cases of known or suspected interaction. Trophic
relationships, specifically lizards as predators of invertebrate prey were based on the dietary
information for the relevant lizard species [66]. The final model allowed no feedback
between predictands (they could not simultaneously predict each other), and negative
values were reported <0.

Final equations were obtained by means of a generalized linear mixed model (GLMM)
to allow for the inclusion of both fixed effects and random effects. The random effects
that were included were the grids (2) nested within the treatments (2)—the abundance
values for each year (×13) were nested within each grid (giving a total of 26 abundance
values for each species). The glmer function from the ‘lme4’ package with a poission
distribution and log link function [65] was used to implement the GLMM if there was no
over or under dispersion. If there was over or under dispersion or if the glmer could not
converge for a particular taxon, the glmmPQL function from the ‘mass’ package was used
with a quasipoission distribution and log link function [67].

A GLM was used to identify candidate predictors for the final models because the
preferred and more accurate GLMM function (glmer) did not always converge, and it cannot
include a quasipoisson distribution. Furthermore, the glmmPQL, which was more robust,
did not return an AIC, hence a GLM was deemed more appropriate for predictor screening.
Before the final models were accepted, model fit was assessed using the marginal plots and
distribution of Pearson’s and deviance residuals. Additionally, the autocorrelation function
(ACF) and partial autocorrelation function (PACF) were used to determine whether model
residuals were random and not temporally autocorrelated. No model was found to be
temporally autocorrelated. The marginal and conditional R-squared, which were calculated
using the ‘MuMIn’ package, were reported for the final models [68]. Also, validation of
each model was conducted using two methods—prediction of an independent dataset, and
the use of the package ‘spTimer’ in R. Firstly, each model was validated by predicting an
independent subset of data. The abundance dataset was split into two for training and
validation. Model training was conducted using the period 1997–2009, and validation
conducted for the period 2010–2013. Mean historical abundance was compared graphically
to predicted data for that period to evaluate the deviation of the model predictions from
recorded data. Secondly, the package ‘spTimer’ was used to assess a range of mean square
error estimations over the modelling period [69].
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The ultimate aim was the creation of a simple model for the Hellshire Hills that
would take into account all statistically significant relationships (whether climate-species
or species-species) but was primarily centered on taxa that required only climate as their
predictors. The latter constraint was imposed in order to maintain focus on deducing a
mechanism for evaluating the variability and extinction risk of small populations in the
face of a changing climate. In this case, then, only future climate data would be required
as input to the simple model after each constituent model creation and validation. It is
recognized that the simple model proposed has limitations, such as the use of climate and
taxon abundance as the only inputs, an increase in experiment-wise error rate in proportion
to an increase in the number of statistical tests, and the eventual focus on a subset of the
arthropod community of the area. Notwithstanding, it is felt that it is sufficiently indicative
to draw some conclusions about the influence of climate on the species of the Hellshire
Hills. The final bioclimatic model is termed the Hellshire Hills model or hereafter the
HH model.

2.5. Future Projections of Abundance

Using the HH model, projections of climate impacts were generated by inputting
climate data consistent with future climate scenarios. End-of-century data from the regional
climate model (RCM) PRECIS were used as input for the HH model. The PRECIS RCM was
selected because it has already been validated and extensively used to generate projections
for Jamaica and the wider Caribbean region [2,7,70]. The model output used in this study
included (i) simulated baseline rainfall and temperature data for the period 1961–1999, and
(ii) simulated future rainfall and temperature data under the A2 (high emissions) and B2
(medium emissions) SRES scenarios for the period 2071–2099. During the time frame of this
study, RCM projections from PRECIS were only available for Jamaica at 50 km resolution.
The scale is much larger than that of the region being considered and this is noted as a
limitation of the methodology. The projected end-of-century change in climatic variables
with respect to the simulated baseline for the grid box situated over the Hellshire Hills was
determined and extracted from the model data.

Projected climate data were used as input in the equations obtained through GLMM to
generate future absolute abundance of each taxon represented in the model. Mean change
in abundance for the end of the century (2071–2100) with respect to baseline abundance
(1997–2013) was calculated for both scenarios. The end result was used to form a profile
of the changing faunal community under differing climate scenarios, including those in
changing climate environments.

3. Results
3.1. Climate of the Hellshire Hills

The Hellshire Hills climatology was determined using data obtained from the weather
station installed at the site (Figure 2). The climatology suggests a pattern of mean tempera-
tures that are coolest in the northern hemisphere winter months (minimum in December)
and warmest in the summer months (peak in August). The Hellshire Hills exhibit an overall
warmer climate than both Norman Manley and the Jamaican average, with wider variation
between maximum and minimum temperatures throughout the year. The region is gener-
ally hot all year round, with comparatively little monthly variation (Figure 2A). The annual
ranges for mean, maximum and minimum temperatures for the Hellshire Hills region
were only 3.3, 3.4, and 3.2 ◦C respectively. Daily temperature range was typically smaller
during the warmer summer months than it was during colder periods. The available data
also indicated that the maximum mean daytime temperature for the Hellshire Hills varied
between 31 and 33 ◦C, and was consistently high throughout the year. In comparison,
minimum night-time temperature varied from a low of 21 ◦C in December-March to as
high as 25 ◦C in June, while mean temperatures varied between 24 and 28 ◦C, with a peak
in August. The diurnal temperature variation appeared to be greater for Hellshire Hills
than Norman Manley for the same period, with generally cooler nights and warmer days.
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A maximum summer daytime temperature of 39 ◦C was recorded in the Hellshire Hills
on 31 July 2012, and a minimum winter night-time temperature of 17 ◦C was recorded on
15 December 2010. In the summer of 2011, 13 days between June and August exceeded
35 ◦C. This rose to 25 days in the summer of 2012, indicating an increase in the number of
hot days.
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Figure 2. Temperature (A) and rainfall (B) climatologies of the Hellshire Hills (HH) for the period
2010–2012. Maximum temperatures are presented in blue, minimum temperatures in red, and mean
temperatures in green. Temperatures represent the monthly averages calculated from the respective
datasets, and error bars represent one standard deviation. Rainfall represents the monthly averages
calculated from the respective datasets, and error bars represent one standard deviation (Norman
Manley and Jamaica Data Source: Meteorological Service of Jamaica).

The site is by comparison very dry when compared with rainfall received at Norman
Manley or the island average. Year by year analysis of the HH station data suggested a
general mirroring of Jamaica’s bimodal rainfall pattern, i.e., with a rainy season between
May and November interrupted by a short dry spell in August. However, the peak in May
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was not distinct in all three years of data, resulting in the derived climatology displaying a
more unimodal distribution over the rainfall season (Figure 2B). The early months (February
to March) were also particularly dry, with almost no rainfall registered during the period
(Figure 2B). Typically, January–February represents the peak of the Hellshire Hills dry
season. Figure 2B also shows that nine months of the year received approximately 100 mm
or less of rainfall. However, we note the influence of the drought of 2010, which may have
skewed the data, and the influence of Tropical Storm Nicole and Hurricane Sandy in 2010
and 2012, respectively. Notwithstanding, the general pattern that emerges is of a region
with very little rainfall except for a few months of the year.

Projections from the PRECIS RCM for the grid box over the Hellshire Hills indicate
that the region is projected to warm by between 2.8 ◦C (B2) and 4.3 ◦C (A2) (Table 2).
Warming is most pronounced during the summer months (June–July) under both scenarios,
reaching as high as 5.2 ◦C under the A2 scenario and 3.0 ◦C under the B2 scenario. The
traditionally cooler months between November and February show smaller magnitude
warming (2–3 ◦C). Model projections also suggest an increase in the frequency of very
warm days and a corresponding decrease in the frequency of very cool days irrespective
of scenario. Projected percentage changes in rainfall indicate between 23% and 40% less
rainfall in the annual mean occurring in the Hellshire Hills under the B2 and A2 scenarios
(respectively) by the end of the century. That is, an already significantly dry region will
become even drier. Drying is most significant in the summer months under both scenarios.

Table 2. Projections of mean percentage changes (%) in monthly rainfall and mean absolute changes
in monthly temperature (◦C) under A2 (high emissions) and B2 (low emissions) scenarios for the
period 2071–2099.

Month
Rainfall Temperature

A2 B2 A2 B2

January −39.1 −6.6 3.4 2.3
February −18.7 −0.8 4.2 2.5

March 16.8 −33.8 4.3 3.6
April 10.9 8.7 3.5 2.8
May −52.4 −12.4 4.5 3.0
June −65.7 −30.0 5.2 3.1
July −57.4 −31.0 5.2 3.1

August −51.8 −30.7 4.9 3.0
September −61.5 −43.3 5.0 3.1

October −67.7 −47.3 4.7 2.8
November −43.0 −18.5 3.6 2.4
December −53.9 −28.7 3.2 2.4

In general, present-day seasonality will still be retained by the end of the century,
i.e., the summer months will still be the warmest and wettest periods in the far future,
while February through March will remain the driest and coolest months. However, there
will be an increase in annual temperature range of 2.5–3 ◦C along with the possibility that
under the more severe emissions scenario rain in January may be comparable to peak rain
received in September due to the drastic reduction in the latter month’s totals. In tandem
the temperature and rainfall projections present an end of century profile which suggests
that the Hellshire Hills will become even warmer and drier. Importantly, the changes
projected are larger than the range of variability currently seen, as revealed by the trends
in the 17-year present-day dataset. This suggests ‘unprecedented’ changes to the climatic
envelope of the Hellshire Hills.

3.2. Variation in Abundance and Climate Linkages

A significant linear trend in abundance was not identified for any taxon over the
17-year period under investigation. Notwithstanding, for 14 of the 22 species, the trend
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in abundance over time is slightly negative. The taxa with the largest magnitude slope
(whether positive or negative) were stink bugs (Pangaeus bilineatus +6.19) and beetles
(Branchus jamaicensis −5.05, Chrysomelidae −75.01). This is consistent with previously
identified significant negative slopes for temperature variables and positive slopes for
rainfall [71]. Interannual variability is also evident in almost all the species. This is very
reminiscent of the rainfall trends (annual and seasonal) for which periodicity analysis
revealed a dominant three-year signal that may also be linked to the variability evident in
annual abundance. This suggests that rainfall is a significant influencing factor [71].

The following observations are therefore noted from abundance data in both control
and experimental plots: (i) there is no significant linear trend, (ii) there is strong interannual
variability, and (iii) there are common linkages with rainfall across numerous taxa, in
particular for lizards.

All trap areas showed similar trends in overall captures throughout the study pe-
riod, and experimental plots had consistently higher capture rates than control plots.
Correlations were generally high and significant (i) between control grids; (ii) between
experimental grids, and (iii) between the total captures for the control and experimental
plots combined. This suggests that, in general, the factors (e.g., climate) that are driving
variability of the trapping at one control or experimental plot are common to the other
control or experimental plot.

3.3. Model Creation

Final taxon models were obtained for 20 of the 22 taxa (Figure 3; Table 3). Significant
models were not obtained for springtails (Collembola) and Jamaican blue-tailed galliwasps
(Celestus duquesneyi). Three taxa, namely crickets and silverfish (Ceuthophilus sp., Grylli-
dae, Lepismatidae), were found to have non-linear (polynomial) relationships with their
predictors, but all others were found to be linear. It is noted that 16 of 20 models retained
only one predictor. The models had exclusively either only climate or another species as
predictors, except for leaf beetles (Chrysomelidae), which had both Jamaican gray anoles
(Anolis lineatopus) and a climate variable (rainfall during the mid-summer dry spell (JA)
and dry season (DJF)) as predictors (Figure 3; Table 3). The predominant predictors were
climate indices, more so rainfall than temperature. Thirteen of the 20 models included a
climate variable as a predictor, with 12 having only climate predictors (Figure 3; Table 3).
The rainfall predictors retained by the models were total annual rainfall and seasonal
rainfall (Figure 3; Table 3). Among the seasonal rainfall variables retained, the dry season
(DJF) was most frequently identified as a significant predictor, and the late wet season
(ASON) identified least frequently (Figure 3; Table 3). Three of the four lizard taxa for
which relationships were obtained were strongly related to rainfall, particularly total annual
rainfall and dry season rainfall (DJF) (Figure 3; Table 3).

Extreme temperature indices emerged as the temperature predictors retained, i.e., as
opposed to mean temperatures (Figure 3; Table 3). The percentage of days when maximum
or minimum temperature exceeded the 90th percentile (TX90P and TN90P) explained five
of the six temperature related taxa (Table 3). Diurnal temperature range (DTR) was the
other temperature variable retained for one taxon, centipedes (Chilopoda).

Seven taxa were predicted solely by abundance of another species (Figure 3; Table 3).
In all cases, the species predictors were themselves all predicted solely by a climate variable,
suggesting an indirect climate influence. Predator-prey association was apparent in the
eight taxa that had abundance of other species as predictors. The largest explained variance
among all models occurred in velvet ants (Dasymutilla militaris) (mR2 = 59%, cR2 = 68.6%)
predicted by TX90P and rainfall during JA. Lowest explained variance for any model
(mR2 = 8.1%, cR2 = 8.1%) was for stink bugs (Pangeus sp.) predicted by TX90P. The three
polynomial models yielded among the highest explained variances of all models with cR2

ranging from 47.7% for crickets (Gryllidae) to 65.5% silverfish (Lepismatidae).
It is noted that the influence of temperature was most often positive. In cases of

apparent predator-prey relationships, prey species were positively influenced by their
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predictors up to a point, after which a further increase in predator abundance became a
negative influence, and predators increased in abundance with an increase in their prey.
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Table 3. Results of the final generalized linear mixed models (GLMMs) for each taxon, where
C—data centered; poly—polynomial GLMM; SE—standard error; Z—Z distribution for GLMM;
Pr(|t/W/Z|)—Probability; mR2—marginal R-squared; and cR2—conditional R-squared. Continued
on next page.

Taxa Parameters Estimate SE Z Pr(>|z|) mR2 cR2

Ceuthophilus sp.
(Intercept) 0.903 0.454 1.988 0.047

39.4 51.9poly(al, degree = 2)1 0.078 0.023 3.485 <0.001
poly(al, degree = 2)2 −0.001 0.000 −2.047 0.041

Gryllidae
(Intercept) 0.816 0.508 1.605 0.108

43.0 47.7poly(al, degree = 2)1 0.124 0.028 4.457 <0.001
poly(al, degree = 2)2 −0.001 0.000 −3.496 <0.001

Chilopoda (Intercept) −7.913 3.026 −2.615 0.009
14.9 17.7dtr 1.227 0.407 3.011 0.003

Coenobita clypeatus (Intercept) 1.718 0.333 5.154 <0.001
15.0 15.0tn10p −0.086 0.031 −2.748 0.006

Armadillidium vulgare
(Intercept) 2.693 0.455 5.913 <0.001

24.3 26.1ASON 0.005 0.002 2.508 0.012
DJF 0.036 0.010 3.650 <0.001

Dysdercus andreae
(Intercept) 4.272 1.665 2.566 0.010

28.2 28.2tn90p −0.242 0.098 −2.473 0.013
DJF 0.076 0.035 2.167 0.030

Phrynus sp. (Intercept) 0.018 0.255 0.070 0.944
9.3 9.31bb 0.055 0.024 2.294 0.022

Scorpiones (Intercept) 2.650 0.090 29.451 <0.001
6.4 6.4MJJ −0.002 0.001 −1.817 0.069

Lepismatidae
(Intercept) 1.284 0.257 4.994 <0.001

58.7 65.5poly(scorp, degree = 2)1 0.130 0.019 6.891 <0.001
poly(scorp, degree = 2)2 −0.001 0.000 −5.270 <0.001

Ammotrechula pilosa (Intercept) −1.147 0.376 −3.047 0.002
26.1 26.1al 0.034 0.008 4.139 <0.001

Dasymutilla militaris
(Intercept) 3.172 0.757 4.191 <0.001

59.0 68.6tx90p −0.286 0.061 −4.681 <0.001
JA −0.015 0.003 −5.055 <0.001

Pangaeus bilineatus (Intercept) 2.129 0.362 5.886 <0.001
8.1 8.1tx90p 0.065 0.031 2.085 0.037

Periplaneta sp. (Intercept) 2.146 0.167 12.830 <0.001
21.0 21.0cent 0.098 0.026 3.710 <0.001

Tarpela mutabilis (Intercept) 1.758 0.110 15.938 <0.001
32.1 32.1MJJ −0.007 0.002 −4.044 <0.001

Branchus jamaicensis (Intercept) 3.226 0.303 10.663 <0.001
34.2 34.2al 0.042 0.008 5.043 <0.001

Chrysomelidae

(Intercept) 4.397 0.633 6.948 <0.001

48.9 53.4
al 0.044 0.008 5.440 <0.001
JA −0.005 0.002 −3.226 0.001

DJF 0.024 0.011 2.128 0.033

Anolis lineatopus (Intercept) 2.677 0.283 9.473 <0.001
11.3 11.3prcptot 0.001 0.000 2.074 0.038

Anolis grahami (Intercept) 0.175 0.360 0.486 0.627
9.1 9.1prcptot 0.001 0.000 2.244 0.025
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Table 3. Cont.

Taxa Parameters Estimate SE Z Pr(>|z|) mR2 cR2

Celestus crusculus
(Intercept) 1.530 0.288 5.320 <0.001

8.5 8.5tx90p 0.053 0.024 2.170 0.030

Spondylurus fulgidus (Intercept) 1.846 0.002 825.700 <0.001
6.3 12.1DJF 0.017 0.002 8.400 <0.001

3.4. The HH Model

Using the relationships identified from the individual models, a simple schematic
diagram compiling all taxon models for the Hellshire Hills (the HH model) was created
(Figure 4). In the figure, the predictor-predictand relationships of the individual models
are represented by the arrow directions, i.e., from predictors to predictand. It is not,
however, implied that the relationship suggested by each arrow explains the same amount
of variability.
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Figure 4. Simple Hellshire Hills (HH) model schematic diagram showing lizard (bold names) and
arthropod models in the Hellshire Hills ecosystem. Arrows indicate connections among model pre-
dictors (start of arrow) and predictands (end of arrow). Solid arrows represent positive relationships,
broken arrows represent negative relationships, and long dash-dot-dot arrows represent polynomial
relationships. Horizontal dotted black line separates taxa that are predicted by at least one climate
variable (above) from those that are only predicted by other taxa (below). Diagram does not imply
order of prediction.

The HH model is simple, comprehensive, and climate-based. Although it captures
climate-species and species-species relationships, it is guided solely by statistical relation-
ships and does not capture any feedback mechanisms. The HH model has only climate
variables (rainfall and temperature) as inputs, which are then used to estimate taxon abun-
dance. It is this latter property of the HH model that facilitates a determination of how
changes in climate may potentially influence the abundance of the species present in the
Hellshire Hills.

3.5. Model Validation

The models varied in performance. However, they generally capture magnitudes and
patterns. Magnitudes and trends in abundance during the independent period were
also captured reasonably by most models. However, these predictions tended to be
more accurate in the last two to three years (2011–2013) than in the initial year (2010).
Six models showed little to no predicted trend during the independent period, namely
crickets, centipedes, hermit crabs, red cotton stainers, boxy-whip scorpions, and cock-
roaches (Ceuthophilus sp., Chilopoda, Coenobita clypeatus, Dysdercus andreae, Phrynus sp.,
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and Periplaneta sp.), despite trends being evident in observed data. Population size was
not necessarily a hindrance to prediction, as is evident in the accuracy of predictions for
solpugids (Ammotrechula pilosa) and Jamaican skinks (Spondylurus fulgidus) during the
independent period.

Mean squared error, root mean squared error, and mean absolute error (see Table 4)
were lowest in models for which trends seemed to be best captured. RMSE estimates for
these models all fell below 2.0. These were followed by eight models that had RMSE values
below 10.0. High error estimates for remaining models, particularly beetles (Branchus
jamaicensis and Chrysomelidae), indicate divergence between observed and predicted
abundance.

Table 4. Error estimates for each model. MSE = mean squared error, RMSE = root mean squared error,
and MAE = mean absolute error.

Taxon MSE RMSE MAE

Ceuthophilus sp. 221.62 14.89 13.31
Gryllidae 341.46 18.48 15.46

Chilopoda 7.00 2.65 1.77
Coenobita clypeatus 8.62 2.94 2.00

Armadillidium vulgare 12.08 3.48 2.54
Dysdercus andreae 69.69 8.35 4.31

Phrynus sp. 3.62 1.90 1.00
Scorpiones 63.54 7.97 4.31

Lepismatidae 874.69 29.58 29.46
Ammotrechula pilosa 1.92 1.39 1.00
Dasymutilla militaris 2.77 1.66 1.23
Pangaeusbilineatus 160.54 12.67 9.62

Periplaneta sp. 76.46 8.74 7.23
Tarpela mutabilis 16.38 4.05 2.69

Branchus jamaicensis 36,259.77 190.42 119.92
Chrysomelidae 20,542.15 143.33 104.31
Anolis lineatopus 273.69 16.54 11.38
Anolis grahami 2.38 1.54 1.15

Celestus crusculus 21.62 4.65 3.46
Spondylurus fulgidus 2.69 1.64 1.31

3.6. Model Projections

Projected mean change factors estimated for each taxon under each scenario for
the end of the century varied (Table 5), i.e., they indicated a decrease or no change in
many taxa, but also an increase in others, with some clear differences dependent on the
scenario considered.

Under the A2 scenario, eight taxa are projected to decrease, including three of the
five lizards assessed. These groups are pill bugs, red cotton stainers, solpugids, beetles,
gray anoles, turquoise anoles, and skinks (Armadillidium vulgare, Dysdercus andreae, Am-
motrechula pilosa, Branchus jamaicensis, Chrysomelidae, Anolis lineatopus, Anolis grahami, and
Spondylurus fulgidus). It is notable that this group consists entirely of species predicted by
total or seasonal rainfall, or species predicted by other species that were in turn predicted
by rainfall. Four taxa are projected to experience no discernible change in abundance, three
of which were predicted by temperature indices. Eight taxa were projected to increase
in abundance. These groups were crickets, scorpions, silverfish, velvet ants, stink bugs,
beetles, and common galliwasps (Ceuthophilus sp., Gryllidae, Scorpiones, Lepismatidae,
Dasymutilla militaris, Pangaeus bilineatus, Tarpela mutabilis, and Celestus crusculus). The mag-
nitudes of the changes are, however, on a much smaller scale than the losses estimated
for the eight taxa that decreased. The predictors also represent a ‘mixed bag’ including
rainfall, temperature and other species. Of most interest was the fact that two of the taxa
that increased (cricket taxa Ceuthophilus sp. and Gryllidae) are predicted by gray anoles
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(Anolis lineatopus), for which abundance decreased under the significant drying. The latter
is known to be a predator of the former.

Table 5. Projected mean absolute changes in abundance towards end of century under A2 (high
emissions) and B2 (low emissions) scenarios.

Scenario A2 B2

Ceuthophilus sp. 16 <0
Gryllidae 30 <0

Chilopoda 0 <0
Coenobita clypeatus 0 <0

Collembola - -
Armadillidium vulgare <0 10

Dysdercus andreae <0 129
Phrynus sp. 0 <0
Scorpiones 1 6

Lepismatidae 2 46
Ammotrechula pilosa <0 <0
Dasymutilla militaris 22 <0
Pangaeus bilineatus 5 <0

Periplaneta sp. 0 3
Tarpela mutabilis 1 <0

Branchus jamaicensis <0 398
Chrysomelidae <0 2007
Anolis lineatopus <0 56
Anolis grahami <0 5

Celestus crusculus 1 8
Celestus duquesneyi - -

Spondylurus fulgidus <0 6

Under the B2 scenario, an increase was projected for 11 taxa, including all lizards.
These were pill bugs, red cotton stainers, scorpions, silverfish, cockroaches, leaf beetles,
greay anoles, turquoise anoles, common galliwasps, and skinks (Armadillidium vulgare, Dys-
dercus andreae, Scorpiones, Lepismatidae, Periplaneta sp., Branchus jamaicensis, Chrysomel-
idae, Anolis lineatopus, Anolis grahami, Celestus crusculus, and Spondylurus fulgidus). Inter-
estingly, all but two of these 11 taxa are predicted by rainfall directly or indirectly. The
suggestion is that the taxa modelled may be sensitive to the magnitude of change, partic-
ularly with respect to rainfall. Decreased abundance was projected for nine arthropods
and no lizards. These taxa were crickets, centipedes, hermit crabs, boxy whip scorpi-
ons, solpugids, velvet ants, stink bugs, and beetles (Ceuthophilus sp., Gryllidae, Chilopoda,
Coenobita clypeatus, Phrynus sp., Ammotrechula pilosa, Dasymutilla militaris, Pangaeus bilineatus
and Tarpela mutabilis).

In comparing the projections for the two scenarios, eight taxa shifted from a pattern
of increase or no change under A2 to one of decrease under B2. The reverse was noted
in seven. For taxa that increased under both scenarios, that change was larger under the
B2 scenario.

A2 and B2 generally were both dry scenarios, with A2 indicating severe drying. There
appears to be sensitivity to the magnitude of drying, particularly among lizard taxa and
those taxa predicted by the lizards. The effect of increased temperatures is not entirely
evident from the models created.

4. Discussion

The assessment of the historical and future climate of the Hellshire Hills indicates a
warming and drying dry forest. Results of this study support the idea of climate sensitiv-
ity among the fauna of the site and provide indications of how that sensitivity is being
manifested. For example, (i) some of the strongest correlations were with seasonal totals
for rainfall and derived temperature indices rather than for annual totals; (ii) in general,
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covariation tended to be stronger with rainfall (especially for the lizard species), and (iii) not
all taxa exhibited a direct climate-species link but indirect climate linkages were suggested,
i.e., even though some species did not exhibit a strong correlation with climate, they were
significantly correlated with another species that did. The simple HH model offers insight
into the equilibrium among species as aspects of their habitat change over time.

The models produced predominantly used rainfall variables as predictors, but also
included temperature predictors for a number of taxa. Dry season rainfall was identified
as the predictor of Jamaican skinks (Spondylurus fulgidus, formerly Mabuya mabouya). This
can feasibly be linked to the strong wet-dry seasonality of skink reproduction, particularly
given that birth of young and peak testis size have been known to occur in at least three
other species of tropical skinks (Mabuya frenata, M. heathi and M. nigropunctata) in the late
dry season or early wet season [72]. Number of warm days was identified as a predictor
of common galliwasps (Celestus crusculus), indicating that warmer ambient temperatures
are preferable for maintaining optimal body temperature as has been seen in other actively
thermoregulating anguids [73].

Five arthropod taxa were predicted by gray anoles (Anolis lineatopus). These were of
the orders Solpugida (solpugids), Orthoptera (crickets), and Coleoptera (beetles). Whereas
crickets and beetles are known prey choices of regional anoles [22,74,75], solpugids may be
linked to anoles as prey or competition, as has been seen in previous studies of interactions
between anoles and arachnids [76,77]. Solpugids have been found to be consumed by
lizards such as side-blotched lizards and geckos [78,79] and are also known to prey on
lizards and larger prey [80], but no studies directly showing interaction between solpugids
and West Indian anoles were found during this study. Two additional likely predator-prey
interactions were noted, in which boxy-whip scorpions (Phrynus sp.) was predicted by
beetles (Tarpela mutabilis) and scorpions (Scorpiones) predicted silverfish (Lepismatidae).
Though these interactions have not been directly studied in the region, Phrynus sp. and
Scorpiones have been found to opportunistically prey on a wide range of arthropods (and
vertebrates), particularly under food stress [76,80–83]. In both instances, the predictor was
one that was modulated by rainfall.

While temperature is a contributing factor, seasonal rainfall and soil moisture have
been found in previous studies to be particularly critical to the survival of pill bugs (Ar-
madillidium vulgare) [84,85]. Prior studies assessing A. vulgare have noted desiccation during
periods of drought due to reduced moisture in leaf litter, and strong linkages between
population density and summer rainfall of the previous year [84].

Combinations of temperature and rainfall predictors were identified for red cotton
stainers and velvet ants (Dysdercus andreae and Dasymutilla militaris). The red cotton stainer,
Dysdercus andreae, was predicted by a negative association with number of warm nights
and a positive association with dry season rainfall. However, higher rainfall has been
linked to lower abundance in D. andreae [86] and higher temperature to greater growth and
reproduction in a similar species, D. fasciatus [87]. It should be noted, therefore, that the
climate influences found by the model were accurate, but in the opposite direction of those
previously identified. The velvet ant Dasymutilla militaris was predicted by rainfall during
the midsummer dry spell (JA) and number of warm days, both inverse linkages. This
temperature relationship is expected in species of Mutillidae, as they are most active during
the early morning and late afternoon when temperatures are cooler, and least active during
warmer hours, indicating that warming would be detrimental to feeding and reproduction
and may impact patterns of behavior [88]. Similarly, it has been argued that dry conditions
are more favorable to velvet ants, though this has not been proven [89].

Four taxa were predicted solely by temperature variables. Diurnal temperature range
was identified as a predictor of the centipedes (Chilopoda), which thereby predicted a
known prey species of the group, cockroaches (Periplaneta sp.) [90,91]. Though centipedes
in some parts of the Caribbean region have been relatively well identified [92,93], the
interactions of centipedes with their environments are not generally well known. How-
ever, in a study of preferences of 12 species of Chilopoda in a river valley that varied in
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habitat types, xerothermic conditions were most frequently chosen over wetter and cooler
habitat types [94]. Given the highly significant importance of air and soil temperatures to
Chilopoda [95], it follows that diurnal temperature range is a reasonable influence of abun-
dance. In very cold conditions, it is typical of the burrowing stinkbug (Pangaeus bilineatus)
to occupy deeper layers of soil in suspended development [96]. The increase in temperature
associated with the transition from winter towards summer months, however, results in
individuals increasingly occupying soil closer to the surface and becoming reproductively
viable [96], indicating that an increase in the number of warm days as seasons change has
strong influence on activity of P. bilineatus. Assessments of a similar Cydnidae species,
Cyrtomenus bergi, found temperature to be a significant limiting factor to development [97].
In the study, a temperature of 26 ◦C was found to be optimal for growth, and immature
developmental stages were more resilient under extreme temperatures, provided that
temperatures did not exceed 31 ◦C [97]. Haemolymph composition and alkalinity of the
terrestrial hermit crab (Coenobita clypeatus) is temperature regulated [98]. A decrease in
temperature is associated with an increase in alkalinity and decrease in the partial pressure
of carbon dioxide of haemolymph, and also results in reduced activity, as is characteristic of
ectotherms [98], indicating that an increase in the number of cool nights can feasibly have a
negative effect on hermit crab abundance as the model suggests. Larval development of
tropical Coenobita sp. may also be affected by changes in temperature [99].

Bioclimatic modelling has been used minimally in the Caribbean to investigate climate
change impacts such as vegetative distribution in Trinidad [20], geographic range shifts of
orchids and vectors of parasites in Colombia [100,101], and climate suitability for coffee
in Puerto Rico [102]. The results of this study agree with previous studies, showing that
tropical organisms are vulnerable to climatic shifts, will vary in their responses depending
on taxon specific tolerance, and are likely to decrease in abundance or distribution due
to climate change. Notwithstanding their utility, bioclimatic modelling has not widely
been undertaken for small scales such as insular tropical dry forest ecosystems, but is more
frequently implemented for continental or large island scales. Accordingly, the application
of modelling techniques to smaller systems such as islands and small forested areas, which
are often centres of endemism and thus high conservation priorities, is urgently needed [20].

The species models’ individual abilities reflected varied performances using the met-
rics of validation, i.e., RSME, patterns of prediction for the training and independent period,
and explained variability. The validation process suggested that the models generally
captured magnitudes and patterns, particularly for the training period, with notable peaks
being represented in most cases. Magnitudes and trends in abundance during the inde-
pendent period tended, however, to be less reasonably captured by most models. Where
an indirect climate link was being captured by a model, the potential for divergence from
observed values increased due to the propagation of errors. Nonetheless, the presence
of some skill for each model suggested that the simple HH model can be used for the
indicative purpose of determining the influence of future climate on faunal abundance in
the Hellshire Hills and other dry forests on the small islands of the Caribbean region.

When future climate scenarios were used in the simple HH model, changes in end of
century faunal abundance were strongly dependent on the future climate scenario. Given
that many of the relationships identified were closely linked to seasonal rainfall totals, it
seems that there is a sensitivity in both arthropods and lizards to the magnitude of change
in rainfall, which was different (particularly for the dry season) under the two scenarios.

The implications of these results are not only evident for the Hellshire Hills, but can
be extrapolated to other small dry forests in the region. Firstly, there is an indisputable
link between Caribbean dry forest fauna and climatic change, whether through direct
modulation by rainfall and temperature, or through indirect effects among predators and
prey. These linkages are expected to be non-linear, and driven by patterns of change rather
than magnitude. Secondly, studies on these climatic influences must be specific to these
forests and the taxa that occupy them. In providing a simple methodology, the HH model il-
lustrates that this is entirely achievable once there are ecological and climatological datasets
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available. It allows for expansion of the pool of climate predictors used to determine with
even greater clarity the exact nature of the climate influence in any area. It also emphasizes
the value of existing ecological and climatological datasets across the insular Caribbean,
and the necessity of improving our understanding of terrestrial and marine ecosystems
through ongoing field assessments. Thirdly, climate conservation will become critical to
small islands as climate change continues to progress. Evaluation of extinction risks due to
climate change will be a necessary component of any ecological conservation program in
the Caribbean, as will climate change mitigation and adaptation measures.

This study has demonstrated that, even where they are well preserved, dry forest
ecosystems are not immune to the influence of climate change. There is, therefore, a clear
need for mainstreaming biodiversity monitoring and implementing local targeted climate
mitigation and adaptation measures. The creation and enforcement of protected areas
and conservation zones become even more relevant for vulnerable areas like the Hellshire
Hills [44]. Additionally, there is a need for greater research into dry forest carbon storage
capacity and ecosystem services, as well as identification of appropriate management tools
and strategies based on unique characteristics of particular dry forests [19].

To improve the techniques developed here, knowledge gaps must be filled and data
acquired for both relatively undisturbed and degraded habitats. This will facilitate an
evaluation of the future climate risks to the fauna of these ecosystems, and will require the
collaboration of environmental organisations and climate scientists across the region.

5. Conclusions

This study has shown that a simple model can be used to assess climate impacts on
fauna in the Hellshire Hills and other Caribbean dry forests despite the small scale relative
to areas assessed in previous bioclimatic studies. This allows for estimation of conservation
needs in these climate sensitive ecosystems.
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Appendix A

Table A1. Climate predictors used in model creation.

Variable Definition Unit

prcptot Annual total wet-day precipitation Annual total PRCP in wet days (RR ≥
1 mm) mm

cdd Consecutive dry days Maximum number of consecutive days
with RR < 1 mm Days

cwd Consecutive wet days Maximum number of consecutive days
with RR ≥ 1 mm Days

R10 Number of heavy precipitation days Annual count of days when PRCP ≥
10 mm Days

R20 Number of very heavy precipitation days Annual count of days when PRCP ≥
20 mm Days

r95p Very wet days Annual total PRCP when RR >
95th percentile mm

r99p Extremely wet days Annual total PRCP when RR >
99th percentile mm

sdii Simple daily intensity index
Annual total precipitation divided by the

number of wet days (defined as PRCP
≥ 1.0 mm) in the year

mm/day

dtr Diurnal temperature range Monthly mean difference between TX
and TN

◦C

tmax Maximum Tmax Monthly maximum value of daily
maximum temp

◦C

tmin Minimum Tmin Monthly minimum value of daily
minimum temp

◦C

tmean Mean Temperature Monthly mean value of daily mean temp ◦C

tn10p Cool nights Percentage of days when TN <
10th percentile Days

tn90p Warm nights Percentage of days when TN >
90th percentile Days

tx10p Cool days Percentage of days when TX <
10th percentile Days

tx90p Warm days Percentage of days when TX >
90th percentile Days

MJJ Annual rainfall anomalies for the season
May–June–July mm

JA Annual rainfall anomalies for the season
July–August (mid-summer drought) mm

SON Annual rainfall anomalies for the season
September–October–November mm

DJF Annual rainfall anomalies for the season
December–January–February mm
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