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Abstract 

There have been numerous studies examining the influence of climate and climate 
change on ant biodiversity, and probably as many studies of how invasive ant species 
influence local ant species diversity. Very few, if any, studies have focused on 
understanding the effects of the interplay between climate and invasive species on 
biodiversity.  
In this thesis, I use a unique, global database (initiated in 2007 with contributions from 
many researchers) on ants (Formicidae) containing more than 48,000 observations of 
ants at ~4,000 local ant communities across the globe to examine the combined and 
relative effects of climate and invasive ant species on local ant species diversity.  
I found that mean species density, i.e. the number of species in a local community, was 
not significantly different between intact and invaded communities at global scales. 
Whether or not a community was invaded significantly influenced the relationship 
between species density and climate. Invaded communities showed a different 
relationship with mean annual temperature and annual precipitation than did intact, not 
invaded communities. Intact communities showed a clear increase in species density 
with temperature, while changes in precipitation did not influence species density 
significantly. In invaded communities, species density still increased with temperature, 
however not as significantly, but now species density increased markedly with even small 
changes in precipitation. This suggests that the interaction between climate and invasive 
species disrupts the relationship between climate and ant species richness, which should 
be taken into account when considering future biodiversity. 
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1. Introduction 

1.1 Global change drivers and biodiversity 
 

Many of the primary global change drivers of today such as the economy, greenhouse gas 
emissions and land use changes are human-induced and result in secondary drivers of 
global change, e.g. habitat fragmentation and loss, rapid climate change, and the 
introduction of invasive species (IPCC, 2002). Collectively, these drivers have such a 
large impact on the Earth that a new name has been suggested for our current epoch: the 
Anthropocene (Crutzen and Stoermer, 2000). This is also supported by recent findings of 
a new stratigraphic layer started in the mid 20th century, which it clearly distinguishable 
from the Holocene (Waters et al., 2016). 
Beginning with the Industrialisation in the 19th century, humans have put immense 
pressure on biodiversity and the services and functions it provides through an ever-
growing population that demands increasing amounts of space and resources (Ceballos et 
al., 2015, McGill et al., 2015, Steffen et al., 2011). This has contributed to a large 
increase in atmospheric CO2 resulting in humans accelerating climate change (IPCC, 
2014).  
 
Climate change is one of the biggest threats to biodiversity today (IPCC, 2014). In the 
past, rapid changes in climate have occurred numerous times with temperatures rising 
more quickly than they are today; around 14,700 BP, climate changed with increases in 

global average temperature between 2 - 4°C from one year to the next (Steffensen et al., 

2008). Today, we expect an added 4°C by 2100 compared to 1990 in the RCP8.5 
scenario (IPCC, 2014). Abrupt climate change is not always connected to major losses in 
biodiversity in all taxa; the species that went extinct seemed to be the slow dispersers 
(Hof et al., 2011).  
As the Earth warms, species will have to do one of three things: move, adapt or die out. 
That is, species ranges will expand towards the poles or to higher altitudes to stay within 
their preferred climate (IPCC, 2002), or they can evolve or express plastic traits that 
allow them to persist (Hoffmann and Sgro, 2011). At some point, though, certain species 
will not be able to keep up with the changes because of their dispersal rate, and some 
might simply run out of space, e.g. on the top of a mountain (Franco et al., 2006).  
 
Because species disperse at different rates (consider the example of birds vs. trees), the 
composition of species in any one location is expected to change, resulting in a different 
set of interactions than those seen today (IPCC, 2002, Dijkstra et al., 2011). Before 
humans, the constraints on the dispersal of species were predominantly geographic and 
topographic (Lockwood et al., 2013a), aside from competition and inherent traits that 
relate to dispersal. It resulted in a global pattern where species richness increases toward 
and peaks in the tropics; this pattern is called the latitudinal gradient. Many processes 
could be contributing to the development of this pattern, e.g. that climate has been stable 
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for longer in the tropics combined with the species-energy hypothesis stating that the 
more available resources, the higher the species richness becomes (Willig et al., 2003). 
  
Today species are met with additional man-made barriers such as habitat fragmentation 
and disturbance (Fahrig, 2003, Gibb et al., 2015). In light of rapid changes in climate and 
the need for quick dispersal, this seems like an insurmountable challenge for slowly 
dispersing species and specialist species that rely on particular interactions with other 
species (Hof et al., 2011, Preston et al., 2008, Schweiger et al., 2010). 
 
Just as humans put up obstacles for species, we also facilitate their spread in ways and at 
rates that were previously impossible. With human trade and travel, the introduction of 
alien species to otherwise unreachable areas has become an increasing concern from a 
conservation and economic standpoint, and as a result, the effects of the invaders on 
local biodiversity have received an increasing amount of attention over the past decades 
(Mack et al., 2000, Simberloff et al., 2013). Far from all introduced species become 
invasive, as there are many biotic and abiotic factors that the species have to overcome 
(Blackburn et al., 2011, Lockwood et al., 2013b). 
  
The International Union for Conservation of Nature (IUCN) define an introduced alien 
species as a species introduced outside its native range by humans where it becomes 
established and disperse, while being harmful to its new environment and the economy 
(Invasive Species Specialist Group under the Species Survival Commission (SSC) of the 
IUCN: ISSG, 2008). Numerous studies testify to the harmful impact of the newcomers 
on biodiversity (e.g. Bax et al. (2003), Molnar et al. (2008) & Berman et al. (2013)). 
 
As mentioned above, species can become invasive as an effect of human trade and travel, 
and it is unlikely that global trade and transport will diminish significantly anytime soon 
(Lockwood et al., 2013a). Since the 1500s, the number of introduced species has risen 
exponentially, although it seems that the number of mammal and plant introductions are 
declining (Figure 3.3. in Lockwood et al. (2013) referencing Hulme, 2009). Interestingly, 
the opposite is true for invertebrates; here the number increases from 6 introduced species 
per year between 1959-1975 to almost 14 introduced invertebrate species per year 
between 1975 and 2000. These numbers refer to introductions into Europe, but similar 
trends are found for plant introductions in the US (Hulme, 2009). 
 

1.2 Climate, invaders & biodiversity 

 
It is interesting, that we know so much about climate change, invasive species and biodi-
versity, but that we hardly know anything about the combined and interactive effects of 
invasions and climate on biodiversity, especially at global scales. A quick search on Web 
of Knowledge on a Tuesday morning (9 February 2016) revealed that combining the 
keywords “climate change” and “biodiversity” returned ~29,400 articles, whereas “biodi-
versity” and “invasive”, and “invasive” and “climate change” returned approximately 
14,000 and 6,000 articles, respectively. Searching for all three key words at once, how-
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ever, only returned about 700 articles out of which none actually focused on the com-
bined effects of the two global change drivers on biodiversity. 
 
Does climate interact with invasions to affect biodiversity? If so, what will happen as cli-
mate changes and invasions increase?  
These are important questions, and understanding the effect of climate and invasions 
together is necessary. Not far from now, global and local climate will look very different 
from today (IPCC, 2014), and the number of introduced invasive species will likely have 
increased (Hulme, 2009). If we do not understand the interplay between the two global 
change drivers, we will be poorly equipped at making the best regulations and 
management plans in preparation for the future. 
 

1.3 Why ants? 

 
There are approximately 12,500 species of ants, although the actual number might be 
higher than 25,000 (Ward et al., 2000). Out of these, ~150 ant species have established 
viable populations outside their native range (Sanders, 2011), but only 19 have become 
invasive (ISSG, no year). Five of these, Anoplolepis gracilipes (yellow crazy ant), Linepithe-
ma humile (Argentine ant), Pheidole megacephala (big-headed ant), Solenopsis invicta (red 
imported fire ant), and Wasmannia auropunctata (little fire ant) have even ended up on the 
list of 100 of the world’s worst invaders (Lowe et al., 2000). 
 
Much of the literature on invasive species has focused on ants with a special attention on 
S. invicta and L. humile (Sanders, 2011, Pysek et al., 2008, Lach and Hooper-Bùi, 2010). 
Invasive ants have been intensively studied because of their importance for ecosystems 
(Lach and Hooper-Bùi, 2010, Krushelnycky et al., 2010), and because they affect the 
economy through disruption of agriculture, as in the case of L. humile (Vaes-Petignat and 
Nentwig, 2014). In 2005, in the US alone, the annual cost of management and control of 
S. invicta amounted to 1 billion US dollars (Pimentel et al., 2005). However, surprisingly 
little attention has come from economists even though the costs to society are so high 
and even though the solution may lie in getting market prices to reflect these costs 
(Perrings, 2001). An immediate understanding from the public about ants being a 
nuisance makes the message that invasive ants are a problem an easy one to convey, 
compared to charismatic invasive species such as camels or rabbit that are invasive in 
Australia (Simberloff et al., 2013, Spencer et al., 2012).  
 
Many studies show that the presence of an invasive ant species outside its native range 
can, and usually will, have serious consequences for the receiving community both for 
non-ant species (Cooling et al., 2015, Hanna et al., 2015, Hansen and Muller, 2009) and 
for the native ant population (Sanders, 2011, Berman et al., 2013). In these instances the 
invader cause a decline in native ant diversity (Holway et al., 2002, Naumann and 
Higgins, 2015). Over time, the communities are sometimes repopulated with native ant 
species, but in other cases ant diversity remains low (Sanders, 2011). The whole 
community is restructured (Sanders et al., 2003).  
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Not all invasive ant species have the ability to spread much further than the human-
modified areas in which they were introduced and invade natural ecosystems, but species 
such as L. humile, S. invicta, P. megacephala, W. auropunctata and A. gracilipes do this fairly 
consistently (Krushelnycky et al., 2010). 
How do they do it? 
 
Invasive ants share different traits, which are thought to give them an edge compared to 
the native ants. Many invaders, including the most notorious ones, disperse by dependent 
colony foundation. This means that mated queens leave the nest with a number of 
workers to form a new colony close by. A network of these colonies is called a 
supercolony, or unicoloniality (Krushelnycky et al., 2010, Sanders, 2011). Most invasive 
ants (S. invicta being a notable exception) disperse by dependent dispersal or budding, 
meaning that they disperse on foot contrary to flight (Tsutsui and Suarez, 2003). Without 
human intervention, ants are surprisingly slow dispersers (Suarez et al., 2010). 
Another trait that gives invasive ants an edge is the competitive displacement, where 
invasive ants find ephemeral food sources quicker and manage to keep native ants away 
through aggressive behaviour (Garnas et al., 2014, Sanders, 2011). Non-invasive ants 
normally do not do both these things well; either they find food fast, or they dominate via 
numbers and aggression; this is called the discovery-dominance trade-off. Much of the 
invasive ants’ success is attested to breaking this trade-off (Bertelsmeier et al., 2015a, 
Sanders, 2011). 
 
Assigning an invasive species’ success solely to its inherent traits ignores the interplay 
between the characteristics of the environment and the native community (Sanders, 
2011). What do we know about ants and climate? 
 
Ant species richness follows the latitudinal gradient and thus increases toward the 
Equator (Ward et al., 2000). This suggests that ant species richness increases with 
temperature, which is backed by Dunn and colleagues (2009), who also found that ant 
species richness is negatively, although weakly, correlated with annual precipitation. 
They point out that contemporary climate cannot explain 100% of the richness pattern. 
Kaspari and colleagues (2000) tested the energy limitation hypothesis and found that ant 
species richness follows net primary production and net aboveground production. 
 
Because they are ectotherms, ants, like many other taxa, are restricted by certain thermal 
barriers (Bertelsmeier et al., 2015b). Still, they inhabit a wide range of climatic regions. 
Most invasive ants originate from the Tropics (Suarez et al., 2010), which might give 
them an advantage in light of a warming climate, as mentioned above.  
Some invaders, e.g. Myrmica rubra (European fire ant) and Paratrechina longicornis 
(longhorn crazy ant), might experience larger suitable areas on some continents but 
smaller suitable areas on other continents, while other species may experience a general 
decline in suitable habitat (e.g. the invader Technomyrmex albipes (whitefooted ant) 
(Bertelsmeier et al., 2015b). 
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1.4 Objectives 

 
The objective of this study is to examine the combined and relative effects of invasive 
ants and two climate variables (mean annual temperature and annual precipitation) on 
local ant biodiversity. I have chosen to do this by focusing on the following three 
questions. 
 

Question 1: Does ant species density differ between invaded and intact communities? 

We know (see section 1.3) that invasive ants have an effect on native ant communities, 
which is why I expect to see a difference in species density between invaded and intact 
communities. Since the invaders have adverse effects on the native communities, the 
direction of the response could be both negative and positive with regard to species 
density. 
 

Question 2: How do climate and invasive species interact to influence species density? 

Based on previous studies, I expect species density for intact communities to increase 
with rising temperatures and ditto precipitation. Invaded communities, however, will 
exhibit a similar response, but with a different level of species density. Both mean annual 
temperature and annual precipitation will be significantly correlated with species density 
for the entire dataset, but also for intact and invaded communities, separately. 
 

Question 3: Do the impacts on the communities differ among invasive species? 

On the one hand, the similarities between invasive ants (see section 1.3) could be an 
argument for uniformity. On the other hand, the adverse effects that the different species 
have, makes me expect a difference in species densities for the communities depending 
on which invasive species is present.  
 

2. Materials & Methods 

Species density is here defined as the number of ant species per community, where each 

community corresponds to one sampling site in the dataset. This is, in other words, a 
study of something between point diversity (the diversity of a subset of the community) 
and alpha diversity (diversity of the full extent of the community) (Willig et al., 2003), as 
we cannot know whether the full extent of the community was sampled for all 
communities in the dataset. This is due partly to the many different authors, and partly 
due to community barriers being an artificial construct (Where does a community start 
and end?). 
I did all the data analyses using R version 3.2.2 (2015-08-14) (R Core Team, 2015). 
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2.1 Data  

 
For this study, I used a unique database that comprises 48,829 observations of ants from 
more than 4,000 different sites across the world (in July 2015). The database itself was 
initiated by Nathan J. Sanders, Robert R. Dunn and colleagues in 2006, and has since 
had contributions from many other authors. Each row of the database contains 
information on a single species observation: genus, species, method of collecting, 
abundance, specific location (continent, political region, latitude and longitude), 
elevation, and contributor. The database spans the time between 1959 and the present 
with the majority of samples having been collected between the mid 1980’s and today 
(see Dunn et al. (2007) for more details). The database was supplemented with more 
observations with courtesy from Nathan J. Sanders and Israel Del Toro, Natural History 
Museum of Denmark, which contributed to an increased coverage of 96 communities in 
eastern Northern America and 15 communities in Northern Australia.  
 
Using Invasive Species Specialists Group (ISSG)’s online Global Invasive Species 
Database (accessed during August and September 2015) and cross-referencing with both 
antmaps (Guénard and Economo, 2015) and AntWeb (AntWeb, 2012-2016), every 
observed species was first labelled either “I” (invasive) or “N” (not invasive) depending 
on whether or not that particular species has been reported as invasive somewhere on 
Earth. For species where only the genus was known, and if the genus contained one or 
more invasive species, the observation was left out of the analyses. Next, the species 
labelled “I” were furthermore labelled “Invasive” or “Native” depending on whether it 
was found outside or within its native range. Observations where the native and alien 
species range could not be determined were left out of the analyses.  
This brought the number of observations down from 48,829 to 41,956. 
 
Next, the observations were pooled for each community (with the same location ID) and 
each community was given a status; intact for communities with no invasive species 

outside their native ranges, and invaded for communities with one or more invasive 

species outside their native ranges. The species of the invader(s) was noted for each 
community. 
The total number of communities used for this study then became 2,219, where 1,908 of 
these were intact and 311 were invaded by one or more invasive ant species. This 
“remaking” of the database is the dataset hereafter. 
 
The spread of the observations for this study spans both hemispheres. Mean annual tem-

peratures range from -24°C in Mongolia to 28.5°C in Australia. Annual precipitation 
ranges from 47 mm in Mongolia to 4406 mm in Costa Rica. These are not national 
means but local mean annual temperature and local annual precipitation. 
 
Figure 2.1 shows the location of the sampled communities from the dataset; this world 
map was produced using the ggmap (Kahle and Wickham, 2013) and ggplot2 packages 
(Wickham, 2009). 
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2.2 The ants 

 
According to a list of invasive invertebrates on the Invasive Species Specialist Group 
(ISSG)’s database on invasive species (ISSG, no year), there are currently 19 ant species 
that are characterised as invasive. 14 of these are represented in the dataset used here. 
However, only 11 were observed outside their native ranges (see Appendix III for 
overview); these are the ones presented in the subsequent analyses.  
 

2.3 Climatic variables 

 
Current climate data (~1950-2000) were downloaded from WorldClim.org at a 30-arcsec 
resolution so that communities situated close together could be distinguished from one 
another. The data was extracted in R using the raster (Hijmans, 2015), corrgram (Wright, 
2015) and Hmisc (Harrell Jr and others, 2015) packages. 
Looking at the correlograms and p-values for the 19 climate variables, I chose to focus on 
two climate variables that were correlated with an R2 of 0.36: mean annual temperature 
(WorldClim Bio1) and annual precipitation (WorldClim Bio12). This assured the 
statistical assumption on non-co-linearity between predictor variables. Another reason for 
using these climate variables is that they are closely correlated with ant species richness 
(Sanders et al., 2007, Dunn et al., 2009).  
The climate values for all sets of coordinates, each corresponding to a community in the 
dataset, were extracted, and the values were inserted into the dataset. 
 
As the data was not following a normal distribution (see Appendix IV), I log transformed 
it. This still did not make the data follow a normal distribution completely, but in the Q-
Q plot, the relationship between the sample quantiles and the theoretical quantiles was 
much more linear (see figure A4.1), so I decided to work with the log transformed data.  
 

2.4 Statistical analyses 

 
First, I produced a plot showing species density as a function of latitude (Figure 3.1) in 
order to get a sense of whether or not ant species density in this dataset follow the 
latitudinal gradient pattern. I used ggplot2 (Wickham, 2009) for this. I used the MASS 
package (Venables and Ripley, 2002) to determine the best-fit model for the regression 
lines. 

Question 1: Does species density differ between invaded and intact communities? 

To directly test this, I produced a box plot where each box described the species density 
of intact and invaded communities, respectively (Figure 3.2). To make the plot more 
intuitive, I used the normal data but with a logarithmic axis. 
I performed a Levene’s test from the car package (Fox and Weisberg, 2011) for equality 
of variances using the median, as this has been shown to be the more robust test (Schultz, 
1985). The test showed the variances to be unequal, and as this is the default setting of 
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the t-test in R there was no reason to change any parameters in the Student’s t-test, which 
I used to test the mean species density for invaded and intact communities.  

Question 2: How do climate and invasive species interact to influence species density? 

In order to examine the relationships between climate and species density and the 
influence of the invaders on the community, I produced two scatter plots with species 
density as the dependent variable (Figure 3.3); one plot showing annual precipitation and 
the other showing mean annual temperature as the independent variable. As in the box 
plot above, I used log scale on the y-axis instead of using the log-transformed data.  
 
Via the MASS package (Venables and Ripley, 2002), I used stepwise variable selection 
(Akaike Information Criterion) to test several models with and without quadratic 
regression to find the best-fit models for species density and temperature using mean 
annual temperature and mean annual temperature squared and for species density and 
precipitation using annual precipitation and annual precipitation squared. I tested the 
interactions between the climate variables in a similar fashion using the interactions 
between the two. For all communities, I included the additional variable Status and its 
interactions with the temperature and precipitation expressions.  
The quadratic expressions were included to test for a non-linear/polynomial relationship 
between the variables. When testing the entire dataset, I included Status (whether or not 
the community was invaded) to see if this had an effect. I looked at the AIC values and 
the adjusted R2 to determine which model was the best fit.  
The best-fit models for invaded and intact communities were used for the regression lines 
in the temperature and precipitation plots. 
 
Next, I produced three contour plots (Figure 3.4) using the rsm package (Lenth, 2009) to 
get a better sense of the relationship between species density, the climate variables and 
the community status (intact/invaded). For smoothing of the data, I first ran the best-fit 
model for the entire dataset (excluding Status here), intact and invaded communities 
through rsm, and then I ran the contour plot code. Because the initial contour plot for 
invaded communities showed a log species density of 12 (the highest in the dataset was 
5.08), I set the upper limit (zlim) to 5.5 for this plot. This unfortunately creates a sort of 
saw-like pattern where the upper limit is reached. Changing the zlim for all and intact 
communities did not make the plots show more for the higher values, so I used the 
default setting for these two plots.  
 

Question 3: Do the impacts on the communities differ among invasive species? 

I plotted the distribution of the invaders found in the dataset outside their native ranges 
on a map (Figure 3.5) using ggplot2 (Wickham, 2009) and ggmap (Kahle and Wickham, 
2013). 
An ANOVA analysis on the mean species density of the communities for each of the 
observed invasive species regardless of community status served to determine whether or 
not the variance of species densities varied for communities with different invaders. 
There was not enough data to distinguish between intact and invaded communities (see 
Appendix III). 
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Next, I used the TukeyHSD to find the pairwise comparisons of each species. This 
produced a series of p-values for each pair of invaders. On the basis of this, six invaders 
could be taken out where species densities of the communities they inhabited were 
significantly different from that of all other species.  
To visualise the difference in species density, I produced a plot resembling a box plot 
(Figure 3.7) using ggplot2 (Wickham, 2009) showing species density as a function of the 
six invaders. I chose not to display it as a traditional box plot because the distribution of 
the points gave an idea of both the variation in species density and the number of 
observations for each species. 
Lastly, I plotted species density for the 6 invasive ants against precipitation and 
temperature (Figure 3.7), disregarding whether or not the observation was made within 
or outside their native ranges, and fitted linear regression lines to the individual invaders. 

3. Results 

Ant species density of intact communities ranged between 1 to 216 species per 
community. Species density of invaded communities ranged between 1 and 161 species 
per community. The number of intact and invaded communities were 1908 and 311, 
respectively. 
 
 

 
 
Figure 3.1: Species density as a function of latitude. Blue represents intact communities. Orange 
represents invaded communities. The best-fit models for the relationship between species density 
and latitude were used for the regression models. Grey areas denote the 95% confidence intervals 
of the models. 
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Both invaded and intact communities showed a hump-shaped relationship between 

species density and latitude (Figure 3.1). Below ~-25° and above ~35°, invaded commu-
nities have significantly fewer species than intact communities. In between, there is a 
narrow strip where the confidence intervals do not overlap, which suggests that there is a 

significant difference between invaded and intact communities between ~2-12°, where 
invaded communities have more species. 
 

3.1 Q1: Status of community & Species density 

 
The mean species density was 21.6 ± 1.48 species for intact and 23.7 ± 0.48 (mean ± SE) 
species per community for invaded communities.  
I found no significant difference in mean ant species density between intact and invaded 
communities (p = 0.348) although the variances were different (p < 0.001) (Figure 3.2).  
 

 

 
 

Figure 3.2: Species density by community Status, i.e. without an invasive species outside its 
native range (Intact, n = 1908) and with one or more invasive species outside their native range 
(Invaded, n = 311).  
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Figure 3.3: Plots showing species density as a function of a) mean annual temperature and b) 
annual precipitation. Blue circles signify intact communities while orange circles represent 
invaded communities. Regression lines in both plots are the best-fit models. Grey areas show 95 % 
confidence intervals. 
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3.2 Q2: Climate–invader relationship & Species density  

 
Figure 3.3 shows species density as a function of mean annual temperature (top) and 
annual precipitation (bottom).  

At temperatures between ~8 and 24°C, invaded communities experience significantly 
fewer species than intact communities (cp. the 95% confidence intervals, the grey bars, in 
Figure 3.3). Above this, species densities are not significantly different. There were no 

invaded communities in the dataset with mean annual temperatures below 7°C. Both 
invaded and intact communities show an increasing species density with increasing 
temperature (figure 3.3, top). 
The pattern created by species density and precipitation is significantly different between 
invaded and intact communities. Below ~800 mm, intact communities have markedly 
higher species density, but above ~1200 mm this is reversed, and invaded communities 
now experience a significantly higher species density. Between ~800 and 1200 mm and 
again above ~3400 mm, there is no significant difference between the two types of 
communities. 
 

Temperature models 

The first model including mean annual temperature and mean annual temperature 
squared predicts species density for intact and invaded communities (see Table 3.1). The 
best-fit model for intact communities was the global model, which explained 23 % of the 
variance (p < 0.001). The linear model was best for invaded communities (p < 0.001, R2 
= 0.072). 
For the entire dataset, the model also included the interactions between Status and 
temperature and temperature squared, separately. This model explained 27 % of the 
variance. The best-fit model included Status, temperature, temperature squared and the 
interaction between Status and temperature (p < 0.001, R2 = 0.267). The interaction 
between climate and the presence of an invader is significant (p < 0.001 for temperature 
and p = 0.022 for temperature squared) (see Table A4.3 for best-fit model coefficient 
values). 
 

Precipitation models 

The next set of models included annual precipitation and annual precipitation squared 
(see Table 3.1) The models including both precipitation and precipitation squared were 
the best fit for intact and invaded communities (p < 0.001). Whereas precipitation and 
precipitation squared only explained 4 % of the variance for intact communities, they 
explained 26 % for the invaded communities. 
As was the case for the temperature models, Status and the interactions of this with 
precipitation and precipitation squared were included for all communities. Here, the 
global model was again the best-fit model, explaining 8 % of the variance. The 
interactions Status*precipitation and Status*precipitation squared were both significant 
(p < 0.001 for both). 
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Temperature * Precipitation models 

In the last set of models, temperature, temperature squared, precipitation and 
precipitation squared, the interactions temperature*precipitation and temperature 
squares*precipitation squared and temperature*precipitation were included (see Table 
3.1). 
Intact communities were best explained using the global model, too (p < 0.001, R2 = 
0.314). For invaded communities, the best-fit model was a model with all variables 
except temperature squared. This model explained 31 % of the variance (p < 0.001).  
When looking at the model including the interaction between temperature and 
precipitation, the entire data set was best explained by a global model and Status (p < 
0.001, R2 = 0.273).   
For all communities, the global model also included Status and the interactions 
Status*precipitation, Status*precipitation squared, and Status*precipitation. The global 
model turned out to also be the best-fit model explaining 31 % of the variance (p < 
0.001). The interactions between Status and the climate variables were significant (see 
Table A4.3 for values). 
 

Contour plots 

In Figure 3.4, the interactions between temperature and precipitation are shown for all 
communities, intact communities, and invaded communities, respectively.  
For all communities (Figure 3.4, top), the interaction between mean annual temperature 
and annual precipitation was significant (p = 0.016). Whether or not a community was 
invaded played a large role in explaining the pattern (p < 0.001). Species density 
increased with increasing temperature and precipitation.  
 
Intact communities (Figure 3.4, middle) showed a similar pattern as described above; 
species richness increased with increasing temperature. However, the intact communities 
showed a lower species density at high precipitation that did all communities. 
 
Invaded communities, on the other hand (Figure 3.4, bottom), show a markedly different 
pattern. Here, the highest density is found at low temperatures and high precipitation. 
Temperature as the main predictor of species density is replaced by precipitation with 
dramatic increases in species density at even small increases in precipitation. 
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Figure 3.4: Contour plots showing the 
varying species density with annual 
precipitation  (y-axis) and mean annual 
temperature (x-axis) for the entire dataset 
(top), intact communities (middle), and 
invaded communities (bottom).  
The colours represent log trans-formed 
species density. Colours represent species 
density. White to yellow to red = low to 
medium to high species density. The 
values within the plot are log species 
density.  
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3.3 Q3: Invader identity & Species density 

 
Eleven invasive species were found outside their native ranges (Figure 3.5). Generally, 
only one invasive species was present in any one community. However, in eight of the 
communities, five in Western Australia, two in Eastern North America, and one in the 
southern part of Brazil, two invaders were found outside their native range.  
The ANOVA showed that species densities were significantly different depending on the 
identity of the invader (p < 0.001).  
Six of the eleven invasive species, Linepithema humile, Myrmica rubra, Paratrechina 
longicornis, Tapinoma melanocephalum, Techonomyrmex albipes and Wasmannia auropunctata, 
stood out compared to the other invaders in that the mean species densities in the 
communities they inhabited were significantly different from that of other communities 
(Figure 3.6). There was not enough data to distinguish between intact and invaded 
communities (cp. Figure A2.2). 
 

 

 
 
Figure 3.6: Box plot showing species density of the communities with the presence of either L. 
humile, M. rubra, P. longicornis, T. melanocephalum, T. albipes or W. auropunctata outside their native 
ranges. The species densities in the presence of one of these six invaders were significantly 
different from that of all other invasive ant species. Black line represents the mean of all 
communities. See Appendix II for figure without log transformation. 
 

 
Figure 3.7 shows a first attempt at graphically comparing the six invaders and their 
temperature and precipitation ranges. All the invaders show increasing species density 
with increasing temperature apart from Myrmica rubra, where species density decreases 
with temperature. The same holds when looking at precipitation, but here, the trend for 
M. rubra is less obvious, and the other invaders also respond with different levels of 
increase in species density with increasing precipitation. 
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Figure 3.7: Species density for the 6 invaders as a function of mean annual temperature (top) and 
annual precipitation (bottom). Grey areas show 95% confidence intervals. 
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4. Discussion 

In this study, I examined the impacts of climate and invasive ant species on local ant 
species density. I showed that climate and invaders do interact, and that species density 
increases with increasing temperature and precipitation. The most striking finding, 
though, was the significant effect of invader presence on the relationship between species 
density and climate. Whereas the main predictor of species density for intact 
communities is temperature, the main predictor of species density for invaded 
communities is precipitation. 
The large-scale macroecological pattern, the latitudinal gradient in species richness (in 
this case species density), formed by communities and climate, which has been reported 
by many others and for many other families than Formicidae, is enhanced by the 
presence of just one invasive ant species; the decrease in species density towards the poles 
is more pronounced in invaded communities, and the peak in the tropics shows a 
tendency to be higher in invaded compared to intact communities.  
 

Questions 1 and 2 

Intact communities follow the latitudinal gradient where species density increases with 
increasing temperature. Mean annual temperature explains 23 % of the variance for 
intact communities, whereas annual precipitation is of less importance, explaining just 4 
% of the variance.  
The roles of temperature and precipitation switch when an invader is present; 
temperature no longer explains much of the variance – just 8 %, and annual precipitation 
becomes the main predictor of species density, explaining 26 % of the variance. 
Backed by figure 3.1, this means that species density for invaded communities is higher 
in the tropics but much lower towards the poles compared to intact communities; 
another way of phrasing it would be to say that the incline and decline of the hump-
shaped pattern of species density as a function of latitude are steepened. Further analyses 
of the data could reveal a potential add-on effect of a second invader. 
 
What does all this actually mean? 
 
When we make predictions about the future of biodiversity and biodiversity loss, we 
assume that the relationship between climate and biodiversity remains the same through 
time and space. On a species level, this may be the case, but as I have shown here, global 
ant species density is strongly affected by the interactions between climate and invaders. 
Clearly, invasions are more important than previously acknowledged, as they interact 
with climate and reshape communities (at least for ants!). We need to take this into 
account on a global scale when we talk about and model future biodiversity. If we ignore 
the interaction, we may be underestimating the loss of biodiversity, especially for mean 

annual temperatures between 8 and 20°C where invaded communities have up to 7 
species fewer than the intact communities (cp. Figure 3.3). Interestingly, at annual 
precipitation levels between ~1100 and 3400 mm, the invaded communities have a larger 
species density than intact communities – up to 15 more species per community!  
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Now we know that invasive species, a major driver of global change, affects the 
relationship between ant species density and climate at global scale. Another major 
driver of global change is disturbance. Gibb and colleagues (2015) showed that 
disturbance (human-caused and natural) acts as a sort of filter for species richness, just as 
climate does, and that the biggest effect of disturbance happens at high temperatures and 
low precipitation. They conclude that disturbance has the biggest effect in low-
productivity systems. Many invasive ant species invade communities that are affected by 
disturbance such as flooding, removal of trees, and soil perturbation (Krushelnycky et al., 
2010), and Berman and colleagues (2013) showed that the recovery of species diversity 
after a disturbance event was significantly affected in the presence of invaders.  
Combined with the results from this study, it highlights the immense effect that human 
actions have on the ecosystems, and it suggests that areas with low annual precipitation 
are the most negatively affected by invasions and disturbance. 
 
As Gibb and colleagues (2015) partly used the same database as I did, so an interesting 
step forward would be to look at the combined effects of status (invaded/not invaded) 
and disturbance at global scales and examine the potential influence on the climate-
species density relationship. 
 

Question 3 

I also showed that species density varies depending on the identity of the invader. Many 
studies have focused on a single invasive ant species and its effects on the receiving 
community. From these studies it is clear that the different invaders have adverse effects. 
Here, I have shown graphically the difference in species densities for communities 
inhabited by six different invaders.  
Many things could cause this pattern, and more analyses have to be done in order to 
ascertain whether specific invaders shape the community or if the invader prefers areas 
with a certain climate profile. A large-scale, meaningful comparison between the species 
within and outside their native ranges was not possible as the number of samples from 
both ranges were not always available (cp. Figure A2.3). For L. humile, it looks as if 
species density is lower outside its native range, which fits well with previous studies on 
its effect on native ant species (Nygard et al., 2008, Schoeman and Samways, 2013). Also 
W. auropunctata show a decreased species density for communities it invades, which is 
supported by Berman et al. (2013) and Le Breton et al. (2003).  
 
The lower species densities for the invaded communities support the notion that the 
invaders have a competitive advantage in the new communities. Indeed, as mentioned in 
the introduction, some traits such as unicoloniality and the breaking of the discovery-
dominance trade-off have been shown to help make the invaders superior in some ways 
to the native ants (Bertelsmeier et al., 2015a, Sanders, 2011). 
 
Bertelsmeier and colleagues (2015b) investigated the possible future distributions (by 
2080) of some of the known invasive ant species. The six invaders that I have focused on 
here were among the ones they looked at. They found that the ranges of L. humile, one of 
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the most researched invasive ants, are predicted to become smaller everywhere apart 
from Europe, which is outside its native range. M. rubra will experience a small increase 
in suitable range within its native range (Europe) and outside its native range in North 
America.  P. longicornis will see a small increase in range outside its native range in Asia 
and within its native range in Africa. The ranges of T. albipes will decline significantly all 
across the planet, T. melanocephalum will not see a big difference, and W. auropunctata is 
predicted to get smaller suitable range.  
 
Assuming that the data used for the models actually represents the true range potential of 
the invaders (which assumes that the ants have been sampled in all the areas it can 
possibly exist), the effects of climate and the three invaders who might experience 
climatic range expansions (L. humile, M. rubra and P. longicornis) on species density would 
make for an interesting study. What it also suggests, in light of the results from this study, 
is that serious management and prevention schemes need to be set in place for these 
areas; especially for L. humile which has a drastically negative effect on native ants and is 
predicted to have increased future ranges in areas that, according to results in this thesis, 
are hit the hardest when it comes to invader effects on species density. 
 
Every seventh community in this dataset was invaded, and the majority of these were 
sampled after 2005. If some of these communities along with adjacent intact 
communities were sampled again, this would make for an interesting time-series study. 
 

Conclusion 

Mean global species densities between intact and invaded communities were not 
significantly different, but the invaded communities showed a markedly different 
relationship with mean annual temperature and annual precipitation. 
Invaders have a bigger effect on the receiving communities than previously expected. Not 
only do they alter biodiversity, but they also disrupt the climate-species density 
relationship and alter the pattern of the latitudinal gradient. Continuing to research what 
effects this has, and to incorporate it into biodiversity models, prevention regulations and 
management plans for invasive species is essential if we are to deal with the biodiversity 
landscape of tomorrow. 
To my knowledge, there are currently no other studies that compare intact and invaded 
communities globally for any other organisms but it is important to figure out if the same 
disruption of the climate-species density relationship exists for other taxa. 
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Appendix I: R script 

 
The R code below used for the data analyses along with the dataset can be made 
available upon request to Emilie Kann Elten at fgs218@alumni.ku.dk. 
 
 
 
 
##### EKE THESIS ON CLIMATE AND INVASIVE SPECIES ##### 
# The combined and interactive effects of global change drivers:  
# invasive ants disrupt climate-species density relationship 
 
# FOREWORD #### 
 
# I've chosen to submit this code as a pdf-file under Appendix I.  
# I could have used R Markdown, but I felt that this way would give you a better  
# insight into the actual code, I used, and not only the outputs. I have tried  
# to write it as user-friendly and transparent as I could. 
 
# Should you want to run the code yourself, send an e-mail to me at  
# fgs218@alumni.ku.dk and I'll provide you with the code and the files you'll need. 
 
# When running the code, make sure you run everything under the four hashtags. Otherwise 
# you might not have all the objects needed. 
 
#### CLIMATE VALUE EXTRACTION ##### 
rm(list=ls()) 
setwd() #to folder with the 30 arc-sec .bil files. 
 
#install.packages('raster') #Un-hash if you don't have raster installed already. 
library(raster) 
 
lst <- list.files(pattern='bil$') # List the name of files in working directory  
#that ends to bil. 
 
lst # this is the name of raster files we want to use as predictor variables 
preds <- stack(lst) # making a raster object 
preds # see the specification of the raster layers (e.g., cell size, extent, etc.) 
#plot(preds) 
 
#Read in lat/long data for observations (including status and number of species 
#per community) 
latlong <- read.csv('mixeddata.csv', header = TRUE, dec = ",", sep = ";",  
                    stringsAsFactors = F) 
 
#Subset coordinates to use for extracting climate data 
xy<- latlong[,5:6] 
head (xy) #Make sure that Longitude is before Latitude. 
str(latlong) 
 
#extract(x, y, method='simple', buffer=NULL, small=FALSE, cellnumbers=FALSE,  
#        fun=NULL, na.rm=TRUE, layer, nl, df=FALSE, factors=FALSE, ...) 
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#Extract data from all bio layers using the coordinates attributed to xy. 
sites_w_data <- extract(preds, xy) 
 
#Check that data looks ok. 
head(sites_w_data) 
str(sites_w_data) 
 
library(corrgram) 
corrgram(sites_w_data, upper.panel = panel.pts) 
 
#Use ggplot to plot data 
 
corr_mat <- cor(sites_w_data) 
corr_mat 
 
str(sites_w_data) 
 
library(Hmisc) 
sites_w_data <- as.matrix(sites_w_data) 
cor_mat <- rcorr(x=sites_w_data, y=sites_w_data) 
str(cor_mat) 
write.csv(cor_mat$r, file = 'cor_matrixMIXED.csv') 
write.csv(sites_w_data, file = 'sites_w_dataMIXED.csv') 
 
#### DATA CLEANING ##### 
#The values found through the climate value extraction above was copied 
#into the data file with ant observations. 
 
rm(list=ls()) #Remove all objects from memory. 
 
setwd() #Set working directory to folder with ant .csv file. 
 
ants2 <- read.csv('0213ALL.csv', header = TRUE, dec = ",", sep = ";",  
                 stringsAsFactors = F) #Read in ant data frame. 
 
#Convert the climate variables to numeric values as R reads them as integers. 
ants2$Ann_Mean_Temp_C <- as.numeric(ants2$Ann_Mean_Temp_C) 
ants2$Ann_Prec_mm <- as.numeric(ants2$Ann_Prec_mm) 
#Ignore Temperature range that is also in the data set - we won't use it 
        #for these analyses. 
 
#The two temp variables are degrees C*10 as R otherwise would have problems 
        #reading them. Divide by ten to get degree C. 
ants2$Ann_Mean_Temp_C <- ants2$Ann_Mean_Temp_C/10 
ants2$Temp_Ann_Range_C <- ants2$Temp_Ann_Range_C/10 
 
ants2$logsp_richness <- log(ants2$Number.of.species.per.community) #Adds a  
        #column with log values of Number of species per community. 
antsinv <- ants2[which(ants2$Status=='Invaded'),] #Creates new object with only  
        #invaded communities. 
antsint <- ants2[which(ants2$Status=='Intact'),] #Creates new object with only  
        #intact communities. 
 
#Check that the data frames look OK. 
str(ants2) 
str(antsint) 
str(antsinv) 
 
#### WORLD MAPS #### 
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thefew <- read.csv('0213ALL_allinv.csv', header = TRUE, dec = ",", sep = ";", stringsAsFactors = 
F) 
thefew_Y <- thefew[which(thefew$Outside_nat_rangeY.N=='Y'),] 
 
thefew_sp2 <- read.csv('0213ALL_invsp2.csv', header = TRUE, dec = ",", sep = ";", 
stringsAsFactors = F) 
 
library(ggmap) 
library(ggplot2) 
 
mp <- NULL 
mapWorld <- borders("world", colour="gray83", fill="gray60") # create a layer of borders 
mp <- ggplot() +   mapWorld 
#http://www.r-bloggers.com/r-beginners-plotting-locations-on-to-a-world-map/ 
 
# Figure 2.1: Map All obs #### 
#tiff("ggworldmap2.tif", width = 15, height = 8, units = 'in',res = 300) #Un-hash this line and 
dev.off() if you wish to print image. 
mp +  
        geom_point(aes(x=ants2$Longitude, y=ants2$Latitude), color = "black",  
                   size = 3, shape = 21, fill = "#1f78b4") + 
        geom_point(aes(x=antsinv$Longitude, y = antsinv$Latitude), shape = 21, 
                   fill = 'chocolate1', colour = "black", size = 3) + 
        theme(axis.title=element_blank(), 
              legend.position = "none", 
              axis.text = element_text(size = 20)) + 
        scale_x_continuous(breaks=c(-180, -100, 0, 100, 180)) + 
        scale_y_continuous(breaks=c(-90, -45, 0, 45, 90)) 
#dev.off() #Un-hash this line if you wish to print image. 
 
# Figure 3.4: Map Invaders found outside native range #### 
#tiff("map_invaders.tif", width = 15, height = 8, units='in', res = 600) #Un-hash this line if you 
wish to print image. 
mp +  
        geom_point(aes(x=thefew_Y$Longitude, y=thefew_Y$Latitude, colour = 
thefew_Y$Inv_Sp1),  
                   size = 3, shape = 17) + 
        geom_point(aes(x=thefew_sp2$Longitude, y = thefew_sp2$Latitude, colour = 
thefew_sp2$Inv_Sp2),  
                   shape = 1, size = 4) + 
        scale_colour_manual(values = c("green", "red", "lightcoral", "blue", "yellow", 
                                       "purple", "maroon3", "mediumseagreen", "orange4",  
                                       "lightskyblue", "olivedrab1")) + 
        guides(color=guide_legend(title="Invasive species")) + 
        theme(axis.text=element_text(size=20), 
              axis.title=element_blank(), 
              legend.text=element_text(size = 16), 
              legend.title=element_text(size = 18, face = 'bold')) + 
        scale_x_continuous(breaks=c(-180, -100, 0, 100, 180)) + 
        scale_y_continuous(breaks=c(-90, -45, 0, 45, 90)) 
#dev.off() #Un-hash this line if you wish to print image. 
 
#### Figure 3.1: BOX PLOT BY STATUS #### 
 
library(ggplot2) #Read in the ggplot2 package. 
 
tiff("box_status_final.tif", width = 8.5, height = 8, units='in', res = 300) #Un-hash this line if you 
wish to print image. 
ggplot(ants2, aes(x = Status, y = Number.of.species.per.community)) + 
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        #Creating the basis for a plot specifying which data to use. 
        geom_boxplot(fill = c("#1f78b4", "chocolate1")) + 
        #Create box plot using black and orange. 
        ylab("Species density (log scale)") + #Adding x- and y- labels. 
        xlab("Status of community") + 
        theme(axis.text.x=element_text(size=18), 
              axis.text.y=element_text(size=18), 
              axis.title=element_text(size=22), 
              axis.title.x=element_text(vjust=0.1), 
              axis.title.y=element_text(vjust=0.9)) + 
        ggtitle("Species density by status") + 
        theme(plot.title = element_text(size= 26, face = "italic", vjust=1))  + 
        scale_y_log10(breaks = c(1, 5, 10, 25, 50, 100, 200)) 
dev.off() #Un-hash this line if you wish to print image. 
 
#### TEST OF DISTRIBUTION #### 
#check for normality of data  
shapiro.test(ants2$Number.of.species.per.community) #significant p here suggest that data is not 
normally distributed  
hist (ants2$Number.of.species.per.community) 
qqnorm(ants2$Number.of.species.per.community); 
qqline(ants2$Number.of.species.per.community, col = 2) 
 
shapiro.test(ants2$logsp_richness) #even the log distribution is coming out as non-normally 
distributed data  
hist (ants2$logsp_richness) 
qqnorm(ants2$logsp_richness); qqline (ants2$logsp_richness, col=2) 
# but if we look at the distribution of the quantiles of the data the result approximates normallity 
much more  
 
#lets look at the distribution of the invasive species data only  
inv.sp.data<-ants2[which(ants2$Status=='Invaded'),c (2,15)] 
 
shapiro.test(inv.sp.data$Number.of.species.per.community) #clearly not a normally distributed 
dataset, also looks like a poission distribution  
hist (inv.sp.data$Number.of.species.per.community) 
qqnorm(inv.sp.data$Number.of.species.per.community); 
qqline(inv.sp.data$Number.of.species.per.community, col = 2) 
 
shapiro.test(inv.sp.data$logsp_richness) #even the log distribution of the invasive sp. data is 
coming out as non-normally distributed data  
hist (inv.sp.data$logsp_richness) 
qqnorm(inv.sp.data$logsp_richness); qqline (inv.sp.data$logsp_richness, col=2) 
 
#lets look at the distribution of the intact species data only  
int.sp.data<-ants2[which(ants2$Status=='Intact'),c (2,15)] 
 
shapiro.test(int.sp.data$Number.of.species.per.community) #clearly not a normally distributed 
dataset, also looks like a poission distribution  
hist (int.sp.data$Number.of.species.per.community) 
qqnorm(int.sp.data$Number.of.species.per.community); 
qqline(int.sp.data$Number.of.species.per.community, col = 2) 
 
shapiro.test(int.sp.data$logsp_richness) #even the log distribution of the invasive sp. data is 
coming out as non-normally distributed data  
hist (int.sp.data$logsp_richness) 
qqnorm(int.sp.data$logsp_richness); qqline (int.sp.data$logsp_richness, col=2) 
 
# Figure A4.1 #### 
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# Clear the plot window first. 
par(mfrow=c(2,2)) 
 
hist(ants2$Number.of.species.per.community) 
hist(ants2$logsp_richness) 
qqnorm(ants2$Number.of.species.per.community); 
qqline(ants2$Number.of.species.per.community, col = 2) 
qqnorm(ants2$logsp_richness); qqline (ants2$logsp_richness, col=2) 
 
#### T-TEST of mean number of species per community by status ##### 
 
#T-test of mean number of species in invaded/intact communities. 
#H0: Mean sp. per comm. in intact = mean sp. per comm. in invaded. 
#The function t.test assumes unequal variances and is a two-sided t-test. 
 
#First, test if variances are equal using the package "car": 
#Use following command to install the package if not already installed. 
#install.packages('car')  
 
library("car") 
 
?t.test 
?leveneTest 
 
leveneTest(ants2$logsp_richness~ants2$Status) 
#p-value = 1.776e-08, hence H0 is rejected. Variances are unequal,  
#so no need to change default settings in t.test! 
 
t.test(ants2$logsp_richness~ants2$Status)  
#p = 0.3478 - we cannot reject H0, which suggests no difference in mean. 
 
library(MASS) 
 
#### MODELS #### 
#install.packages('MASS') #Un-hash this and run code if you haven't got MASS installed already. 
library(MASS) 
int.data<-ants2[which(ants2$Status=="Intact"),] 
inv.data<-ants2[which(ants2$Status=="Invaded"),] 
 
# Species density and Latitude #### 
library(MASS) 
int.data<-ants2[which(ants2$Status=="Intact"),] 
inv.data<-ants2[which(ants2$Status=="Invaded"),] 
 
# Intact communities and Latitude 
lat.int <- lm(int.data$logsp_richness~int.data$Latitude + I(int.data$Latitude^2)) 
summary(lat.int) 
stepAIC(lat.int) #Suggests that the best-fit model for intact communities includes a polynomial 
component. 
best.latint <- lm(formula = int.data$logsp_richness ~ int.data$Latitude + I(int.data$Latitude^2)) 
summary(best.latint) 
 
# Invaded communities and Latitude 
lat.inv <- lm(inv.data$logsp_richness~inv.data$Latitude + I(inv.data$Latitude^2)) 
summary(lat.inv) 
stepAIC(lat.inv) #Suggests that invaded communities are explained by a strictly polynomial 
model. 
best.latinv <- lm(formula = inv.data$logsp_richness ~ I(inv.data$Latitude^2)) 
summary(best.latinv) 
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# These best-fit models were then used for the regression lines in figure 3.0 
 
# Figure A2.1 #### 
library(ggplot2) 
tiff("richness_lat.tif", width = 9.5, height = 8, units='in', res = 600)  #Un-hash this and dev.off() if 
you wish to print. 
ggplot(ants2, aes(x = Latitude, y = Number.of.species.per.community, colour = Status)) + 
        geom_point(shape = 21, size = 3) + 
        scale_colour_manual(values = c("#1f78b4", "chocolate1")) + 
        theme(axis.text.x=element_text(size=18), 
              axis.text.y=element_text(size=18), 
              axis.title=element_text(size=22), 
              axis.title.x=element_text(vjust=0.1), 
              axis.title.y=element_text(vjust=0.9), 
              legend.text=element_text(size = 18), 
              legend.title=element_text(size = 20)) + 
        theme(plot.title = element_text(size= 26, face = "italic", vjust=1)) + 
        ylab("Species density (log scale)") + 
        ggtitle("Species density and Latitude") + 
        stat_smooth(data = int.data, method = "lm", formula = y ~ x + I(x^2), size = 1) + 
        stat_smooth(data = inv.data, method = "lm", formula = y ~ I(x^2), size = 1) + 
        scale_y_log10(breaks = c(1, 5, 10, 25, 50, 100, 200)) + 
        annotate("text", x = 42, size = 6, y = 160, label = "Intact: r2 = 0.33, p < 0.001") + 
        annotate("text", x = 45, size = 6, y = 110, label = "Invaded: r2 = 0.17, p < 0.001") 
dev.off()  #Un-hash this if you wish to print. 
 
# Mean Annual Temperature #### 
library(MASS) 
int.data<-ants2[which(ants2$Status=="Intact"),] 
inv.data<-ants2[which(ants2$Status=="Invaded"),] 
ants2$Status <- as.factor(ants2$Status) 
 
# Temp & the entire data set 
# The lm function creates the global model that we wish to test. 
temp.all <- lm(ants2$logsp_richness~ants2$Ann_Mean_Temp_C*ants2$Status +  
                       I(ants2$Ann_Mean_Temp_C^2)*ants2$Status) 
summary(temp.all) # Shows how well the global model explains the data. 
stepAIC(temp.all) # Suggests that the best model for the entire dataset is a linear model 
        #including all the variables from the global model. The formula from the stepAIC 
        #is then assigned to a new object: 
best.temp.all <- lm(formula = ants2$logsp_richness ~ ants2$Ann_Mean_Temp_C + ants2$Status 
+  
                            I(ants2$Ann_Mean_Temp_C^2) + ants2$Ann_Mean_Temp_C:ants2$Status) 
summary (best.temp.all) # Shows how well the model explains the data. 
 
# Temp & Intact communities 
temp.lm.inta <- lm(int.data$logsp_richness~int.data$Ann_Mean_Temp_C +  
                           I(int.data$Ann_Mean_Temp_C^2)) 
summary(temp.lm.inta) 
stepAIC(temp.lm.inta)  
best.temp.lm.inta <- lm(formula = int.data$logsp_richness ~ int.data$Ann_Mean_Temp_C +  
                                I(int.data$Ann_Mean_Temp_C^2)) 
summary(best.temp.lm.inta) 
 
# Temp & Invaded communities 
temp.lm.inva <- lm(inv.data$logsp_richness~inv.data$Ann_Mean_Temp_C +  
                           I(inv.data$Ann_Mean_Temp_C^2)) 
summary(temp.lm.inva) 
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stepAIC(temp.lm.inva) 
 
best.temp.lm.inva<-lm(formula = inv.data$logsp_richness ~ inv.data$Ann_Mean_Temp_C) 
summary(best.temp.lm.inva) 
 
# Annual Precipitation #### 
library(MASS) 
int.data<-ants2[which(ants2$Status=="Intact"),] 
inv.data<-ants2[which(ants2$Status=="Invaded"),] 
 
# Prec & Entire data set 
precip.lma <- lm(ants2$logsp_richness~ants2$Ann_Prec_mm*ants2$Status +  
                         I(ants2$Ann_Prec_mm^2)*ants2$Status) 
summary(precip.lma) 
stepAIC(precip.lma) 
best.precip.lma <- lm(formula = ants2$logsp_richness ~ ants2$Ann_Prec_mm * ants2$Status +  
                              I(ants2$Ann_Prec_mm^2) * ants2$Status) 
summary (best.precip.lma) 
 
# Prec & Intact communities 
prec.int <- lm(int.data$logsp_richness~int.data$Ann_Prec_mm + I(int.data$Ann_Prec_mm^2)) 
summary(prec.int) 
stepAIC(prec.int) 
best.precip.int <- lm(formula = int.data$logsp_richness ~ int.data$Ann_Prec_mm +  
                              I(int.data$Ann_Prec_mm^2)) 
summary(best.precip.int) 
 
# Prec  & Invaded communities  
precip.lm.inva <- lm(inv.data$logsp_richness~inv.data$Ann_Prec_mm +  
                             I(inv.data$Ann_Prec_mm^2)) 
summary(precip.lm.inva) 
stepAIC(precip.lm.inva) 
best.precip.lm.inva <- lm(formula = inv.data$logsp_richness ~ inv.data$Ann_Prec_mm +  
                                  I(inv.data$Ann_Prec_mm^2)) 
summary (best.precip.lm.inva) 
 
# Interactions between temperature and precipitation #### 
library(MASS) 
int.data<-ants2[which(ants2$Status=="Intact"),] 
inv.data<-ants2[which(ants2$Status=="Invaded"),] 
 
# AP*TEMP & the entire data set 
pretemp.all <- lm(ants2$logsp_richness~ants2$Ann_Mean_Temp_C*ants2$Status +  
                          ants2$Status*I(ants2$Ann_Mean_Temp_C^2) +  
                          ants2$Ann_Prec_mm*ants2$Status + 
                          ants2$Status*I(ants2$Ann_Prec_mm^2) + 
ants2$Ann_Prec_mm*ants2$Ann_Mean_Temp_C) 
summary(pretemp.all) 
stepAIC(pretemp.all) 
best.pretemp.all <- lm(formula = ants2$logsp_richness ~ ants2$Ann_Mean_Temp_C * 
ants2$Status +  
                               ants2$Status * I(ants2$Ann_Mean_Temp_C^2) + ants2$Ann_Prec_mm *  
                               ants2$Status + ants2$Status * I(ants2$Ann_Prec_mm^2) + 
ants2$Ann_Prec_mm *  
                               ants2$Ann_Mean_Temp_C) 
summary(best.pretemp.all) 
 
# AP*TEMP & Intact communities 
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pretemp.lm.inta <- lm(int.data$logsp_richness~int.data$Ann_Prec_mm * 
int.data$Ann_Mean_Temp_C +  
                              I(int.data$Ann_Mean_Temp_C^2)*I(int.data$Ann_Prec_mm^2)) 
summary(pretemp.lm.inta) 
stepAIC(pretemp.lm.inta) 
best.pretemp.lm.inta <- lm(formula = int.data$logsp_richness ~ int.data$Ann_Prec_mm *  
                                   int.data$Ann_Mean_Temp_C + I(int.data$Ann_Mean_Temp_C^2) +  
                                   I(int.data$Ann_Prec_mm^2)) 
summary(best.pretemp.lm.inta) 
 
# AP*TEMP & Invaded communities 
pretemp.lm.inva <- lm(inv.data$logsp_richness~inv.data$Ann_Prec_mm * 
inv.data$Ann_Mean_Temp_C +  
                              I(inv.data$Ann_Mean_Temp_C^2) + I(inv.data$Ann_Prec_mm^2)) 
summary(pretemp.lm.inva) 
stepAIC(pretemp.lm.inva) 
best.pretemp.lm.inva <- lm(formula = inv.data$logsp_richness ~ inv.data$Ann_Prec_mm +  
                                   inv.data$Ann_Mean_Temp_C + I(inv.data$Ann_Prec_mm^2) +  
                                   inv.data$Ann_Prec_mm:inv.data$Ann_Mean_Temp_C) 
summary(best.pretemp.lm.inva) 
 
# Figure 3.5: Temp and Prec plots #### 
library(ggplot2) 
int.data<-ants2[which(ants2$Status=="Intact"),] 
inv.data<-ants2[which(ants2$Status=="Invaded"),] 
 
# Mean Annual Temperature 
tiff("MATscatter.tif", width = 11.5, height = 8, units='in', res = 600) #Un-hash this and dev.off() if 
you wish to print. 
ggplot(ants2, aes(x=Ann_Mean_Temp_C, y=Number.of.species.per.community,  
                  colour=Status)) +  
        xlab("Mean Annual Temperature (C) ") + 
        ylab("Species density (log scale)") + 
        ggtitle("Temperature") + 
        geom_point(shape=21) + 
        scale_colour_manual(values=c("#1f78b4", "#fc8d62")) + 
        theme(axis.text.x=element_text(size=18), 
              axis.text.y=element_text(size=18), 
              axis.title=element_text(size=22), 
              axis.title.x=element_text(vjust=0.1), 
              axis.title.y=element_text(vjust=0.9), 
              plot.title = element_text(size= 26, face = "italic", vjust=1), 
              legend.title = element_text(size = 20), 
              legend.text = element_text(size = 18)) + 
        stat_smooth(method= "lm", data = inv.data, size = 1) + 
        stat_smooth(method = "lm", formula = y ~ x + I(x^2), data = int.data, size = 1) + 
        scale_y_log10(breaks = c(1, 5, 10, 25, 50, 100, 200)) + 
        annotate("text", x = 5, size = 6.5, y = 160, label = "Intact: r2 = 0.227, p < 0.001") + 
        annotate("text", x = 5.65, size = 6.5, y = 110, label = "Invaded: r2 = 0.072, p < 0.001") 
dev.off() #Un-hash this if you wish to print. 
 
# Annual Precipitation 
#tiff("AP_scatter.tif", width = 11.5, height = 8, units='in', res = 600) #Un-hash this and dev.off() 
if you wish to print. 
ggplot(ants2, aes(x=Ann_Prec_mm, y=Number.of.species.per.community,  
                  colour=Status)) +  
        xlab("Annual Precipitation (mm)") + 
        ylab("Species density (log scale)") + 
        ggtitle("Precipitation") + 
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        geom_point(shape=21) + 
        stat_smooth(method = "lm", formula = y ~ x + I(x^2), size = 1) + 
        scale_colour_manual(values=c("#1f78b4", "#fc8d62")) + 
        theme(axis.text.x=element_text(size=18), 
              axis.text.y=element_text(size=18), 
              axis.title=element_text(size=22), 
              axis.title.x=element_text(vjust=0.1), 
              axis.title.y=element_text(vjust=0.9)) + 
        theme(plot.title = element_text(size= 26, face = "italic", vjust=1), 
              legend.title = element_text(size = 20), 
              legend.text = element_text(size = 18)) + 
        scale_y_log10(breaks = c(1, 5, 10, 25, 50, 100, 200)) + 
        annotate("text", x = 3300, size = 6.5, y = 1.5, label = "Intact: r2 = 0.039, p < 0.001") + 
        annotate("text", x = 3330, size = 6.5, y = 1.1, label = "Invaded: r2 = 0.259, p < 0.001") 
#dev.off() #Un-hash this if you wish to print. 
 
#### Figure 3.3: CONTOUR PLOTS #### 
#Response surface analyses for the temperature X precip X species density plots.  
#install.packages("rsm") 
library(rsm) 
 
antsINV <- ants2[which(ants2$Status=='Invaded'),] 
antsINT <- ants2[which(ants2$Status=='Intact'),] 
 
# rsm & contour plot for entire dataset best-fit model #### 
rsm.lm.best <- rsm(logsp_richness ~ Ann_Prec_mm * Ann_Mean_Temp_C +  
        I(Ann_Mean_Temp_C^2) + I(Ann_Prec_mm^2), data = ants2) #Don't worry about the 
error. 
summary(rsm.lm.best) #Summary. 
 
# The next few lines creates the actual contour plot. Un-hash tiff and dev.off for printing. 
#tiff("contour_all.tif", width = 8, height = 8, units='in', res = 500) 
contour(rsm.lm.best, ~ Ann_Mean_Temp_C * Ann_Prec_mm,  
        image= T, img.col=rev(heat.colors (50)),  
        lwd=2, main="All communities best") 
#dev.off() 
 
# rsm & contour plot for Intact best-fit #### 
rsm.lm2.best <- rsm(logsp_richness ~ Ann_Prec_mm *  
                            Ann_Mean_Temp_C + I(Ann_Mean_Temp_C^2) +  
                            I(Ann_Prec_mm^2), data = int.data) 
summary(rsm.lm2.best) 
 
#tiff("contour_intact.tif", width = 8, height = 8, units='in', res = 500) 
contour(rsm.lm2.best, ~ Ann_Mean_Temp_C * Ann_Prec_mm,  
        image= T, img.col=rev(heat.colors (50)),  
        lwd=2, main="Intact communities best") 
#dev.off() 
 
# rsm & contour plot for Invaded best-fit #### 
rsm.lm3.best <- rsm(logsp_richness ~ Ann_Prec_mm +  
                            Ann_Mean_Temp_C + I(Ann_Prec_mm^2) +  
                            Ann_Prec_mm:Ann_Mean_Temp_C, data = inv.data) 
summary(rsm.lm3.best) 
 
#tiff("contour_invaded.tif", width = 8, height = 8, units='in', res = 500) 
contour(rsm.lm3.best, ~ Ann_Mean_Temp_C * Ann_Prec_mm,  
        image= T, img.col=rev(heat.colors (50)),  
        lwd=2, main="Invaded communities best", zlim = c(0,5.5)) 
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#dev.off() 
 
#### Invader identity: ANOVA #### 
#Analysis of variance. H0: The mean number of species is the same across all 
#species. 
allinvants <- read.csv('0213ALL_allinv.csv', header = TRUE, dec = ",", sep = ";",  
                       stringsAsFactors = F) 
allinvants$logsp_richness <- log(allinvants$Number.of.species.per.community) 
allinvantsY <- allinvants[which(allinvants$Outside_nat_rangeY.N == 'Y'),] 
 
aov1 <- aov(allinvants$logsp_richness~allinvants$Inv_Sp1) 
 
summary (aov1) #With a p-value of <2e-16, we reject H0. 
 
TukeyHSD(aov1) #Look through pairwise values and find out which  
#species are consistently different from others. 
 
#From this, six species that are significantly different from other species 
#were chosen: L. humile, M. rubra, P. longicornis, T. melanocephalum, 
#T. albipes and W. auropunctata. A new Excel sheet was created only showing  
        #these 6 species: 0213ALL_6inv.csv. 
 
#### Invader box plots #### 
invants <- read.csv('0213ALL_6inv.csv', header = TRUE, dec = ",", sep = ";",  
                    stringsAsFactors = F) 
invants$logsp_richness <- log(invants$Number.of.species.per.community) 
invantsY <- invants[which(invants$Outside_nat_rangeY.N == 'Y'),] 
invantsN <- invants[which(invants$Outside_nat_rangeY.N == 'N'),] 
 
library(ggplot2) #Read in the ggplot2 package. 
 
# Figure 3.4: 6 Invaders OUTSIDE NATIVE RANGE: log scale #### 
#tiff("6invaders.tif", width = 12, height = 8, units='in', res = 600) #Un-hash this and dev.off() if 
you wish to print. 
ggplot(invantsY, aes(x = Inv_Sp1, y = Number.of.species.per.community)) + 
        ggtitle("Species density in invaded commmunities") + 
        ylab("Species density (log scale)") + #Adding y- label. 
        theme(axis.text.x=element_text(size=18, angle = 40, face = "italic"), 
              axis.text.y=element_text(size=18), 
              axis.title=element_text(size=22), 
              axis.title.x=element_blank(), #Removing x-axis title. 
              axis.title.y=element_text(vjust=0.9), 
              plot.title = element_text(size= 26, face = "italic", vjust=1)) + 
        geom_jitter(position=position_jitter(width=0.1), alpha=0.5, col = "chocolate1", 
                    size = 4) +  
        stat_summary(fun.y=mean, shape="-", col='black', geom='point', size = 20) + 
        scale_y_log10(breaks = c(1, 5, 10, 25, 50, 100, 175)) 
#dev.off() 
 
# Figure 3.5: INVADERS AND CLIMATE #### 
thefew <- read.csv('0213ALL_6inv.csv', header = TRUE, dec = ",", sep = ";", stringsAsFactors = 
F) 
thefew$Ann_Mean_Temp_C <- as.numeric(thefew$Ann_Mean_Temp_C) 
thefew$Ann_Prec_mm <- as.numeric(thefew$Ann_Prec_mm) 
thefew$Ann_Mean_Temp_C <- thefew$Ann_Mean_Temp_C/10 
 
lhumile <- thefew[which(thefew$Inv_Sp1=='Linepithema humile'),] 
mrubra <- thefew[which(thefew$Inv_Sp1=='Myrmica rubra'),] 
plong <- thefew[which(thefew$Inv_Sp1=='Paratrechina longicornis'),] 
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tmelano <- thefew[which(thefew$Inv_Sp1=='Tapinoma melanocephalum'),] 
talbi <- thefew[which(thefew$Inv_Sp1=='Technomyrmex albipes'),] 
wasmann <- thefew[which(thefew$Inv_Sp1=='Wasmannia auropunctata'),] 
 
# TEMPERATURE 
library(ggplot2) 
 
#tiff("inv_mat.tif", width = 11.5, height = 8, units='in', res = 600) #Un-hash this line if you wish 
to print image. 
ggplot(thefew, aes(x=Ann_Mean_Temp_C, y=Number.of.species.per.community,  
                   colour=Inv_Sp1)) +  
        xlab("Mean Annual Temperature (C) ") + 
        ylab("Species density (log scale)") + 
        ggtitle("Invaders and Temperature") + 
        geom_point(shape = 20, size = 3) + 
        guides(color=guide_legend(title="Invasive species")) + 
        theme(axis.text.x=element_text(size=18), 
              axis.text.y=element_text(size=18), 
              axis.title=element_text(size=22), 
              axis.title.x=element_text(vjust=0.1), 
              axis.title.y=element_text(vjust=0.9), 
              plot.title = element_text(size= 26, face = "italic", vjust=1), 
              legend.title = element_text(size = 20), 
              legend.text = element_text(size = 18)) + 
        scale_y_log10(breaks = c(1, 5, 10, 25, 50, 100, 200)) + 
        stat_smooth(method= "lm", data = lhumile, size = 1) + 
        stat_smooth(method= "lm", data = mrubra, size = 1) + 
        stat_smooth(method= "lm", data = plong, size = 1) + 
        stat_smooth(method= "lm", data = tmelano, size = 1) + 
        stat_smooth(method= "lm", data = talbi, size = 1) + 
        stat_smooth(method= "lm", data = wasmann, size = 1) 
#dev.off() 
 
# PRECIPITATION 
library(ggplot2) 
#tiff("inv_ap.tif", width = 11.5, height = 8, units='in', res = 600) #Un-hash this line if you wish to 
print image. 
ggplot(thefew, aes(x=Ann_Prec_mm, y=Number.of.species.per.community,  
                   colour=Inv_Sp1)) +  
        xlab("Annual Precipitation (mm) ") + 
        ylab("Species density (log scale)") + 
        ggtitle("Invaders and Precipitation") + 
        geom_point(shape = 20, size = 3) + 
        guides(color=guide_legend(title="Invasive species")) + 
        theme(axis.text.x=element_text(size=18), 
              axis.text.y=element_text(size=18), 
              axis.title=element_text(size=22), 
              axis.title.x=element_text(vjust=0.1), 
              axis.title.y=element_text(vjust=0.9), 
              plot.title = element_text(size= 26, face = "italic", vjust=1), 
              legend.title = element_text(size = 20), 
              legend.text = element_text(size = 18)) + 
        scale_y_log10(breaks = c(1, 5, 10, 25, 50, 100, 200)) + 
        stat_smooth(method= "lm", data = lhumile, size = 1) + 
        stat_smooth(method= "lm", data = mrubra, size = 1) + 
        stat_smooth(method= "lm", data = plong, size = 1) + 
        stat_smooth(method= "lm", data = tmelano, size = 1) + 
        stat_smooth(method= "lm", data = talbi, size = 1) + 
        stat_smooth(method= "lm", data = wasmann, size = 1) 
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#dev.off() 
 
# Figure A2.3: 6 invaders, within/outside native range compared #### 
#tiff("6invadersYN.tif", width = 12, height = 8, units='in', res = 600) 
ggplot(invants, aes(x = Inv_Sp1, y = Number.of.species.per.community, fill = 
Outside_nat_rangeY.N)) + 
        #Creating the basis for a plot specifying which data to use. 
        geom_boxplot() + 
        scale_colour_manual(values=c("#1f78b4", "chocolate1")) + 
        #Create box plot using black and orange. 
        ylab("Species density") + #Adding x- and y- labels. 
        xlab("Invasive species") + 
        ggtitle("Species density: invasive species within/outside native range") + 
        theme(axis.text.x=element_text(size=18, angle = 40, face = "italic"), 
              axis.text.y=element_text(size=18), 
              axis.title=element_text(size=22), 
              axis.title.x=element_blank(), #Removing x-axis title. 
              axis.title.y=element_text(vjust=0.9), 
              plot.title = element_text(size= 26, face = "italic", vjust=1)) + 
        scale_y_log10(breaks = c(1, 5, 10, 25, 50, 100)) 
#dev.off() 
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Appendix II: Extra figures 

These next few pages contain figures that we chose to not include in the paper. However, 
they still give an idea about the process and what other things we looked at besides what 
actually made it to the paper. 
 
 

 

 
 
Figure A2.1: Figure 3.1 before log transformation of data. 
 

 

 
 
Figure A2.2: Species density with presence of invasive species within (N) and outside (Y) 
their native range. 
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Figure A2.3: Species density for the communities invaded by one of the six invaders 
outside their native range. In this figure, contrary to the one used in the thesis, data has 
not been log transformed. 
 
 
 
The 3D plots were an alternative to the contour plots, but as 3D plots are harder to wrap 
your head around, and since R kept crashing (after having spent 7 hours on smoothing 
the data), we decided to go with the contour plots. 
 
 

 
Figure A2.4: 3D plot of all community data. 
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3D plot of intact communities 
 

 
3D plot of invaded communities 
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Appendix III: The Invaders 

 
Table A3 showing which invasive species exist (according to ISSG), which were found to be 
outside their native ranges in the dataset, and which species were significantly different from 
others. 
 

 INVASIVE SPECIES 

 
Invasive ant species according 
to the Invasive Species 
Specialist Group’s database 
(19) 
 
In bold: not found in dataset. 

 
Acromyrmex octospinosus 
Anoplolepis gracilipes 
Lasius neglectus 
Linepithema humile 
Monomorium destructor (Trichomyrmex destructor) 
Monomorium floricola 
Monomorium pharaonis 
Myrmica rubra 
Paratrechina pubens 
Pachycondyla chinensis 
Paratrechina longicornis 
Pheidole megacephala 
Solenopsis geminata 
Solenopsis invicta 
Solenopsis papuana 
Solenopsis richteri 
Tapinoma melanocephalm 
Technomyrmex albipes 
Wasmannia auropunctata 
 

 Number of communities for Intact comm. Invaded comm. 

 
Invasive ants from the dataset 
(13).  
Found outside native range 
(11) 
 
In bold: the invaders that were 
statistically different from 
others when comparing species 
density of the community they 
were found in (regardless of 
invaded/intact) (6) 

 
Acromyrmex octospinosus 
Anoplolepis gracilipes 
Linepithema humile 
Monomorium floricola 
Myrmica rubra 
Paratrechina longicornis 
Pheidole megacephala 
Solenopsis geminata 
Solenopsis invicta  
Solenopsis richteri 
Tapinoma melanocephalum 
Technomyrmex albipes 
Trichomyrmex destructor 
Wasmannia auropunctata 
 

 
4 
4 
2 

15 
62 

1 
69 
47 

5 
2 
0 

22 
1 

123 

 
0 

15 
72 

0 
3 

32 
25 

0 
82 

1 
31 
50 

2 
6 
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Appendix IV: Stats 

 
 

 

 
 
Figure A4.1: Q-Q plot and histogram for the raw entire dataset (left half of the panel) and 
for the log-transformed data (right half of the panel). 
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Table A4.1: AIC values for tested models. Temperature, MAT = mean annual temperature (C). 
Precipitation, AP = annual precipitation. Whole model = no variables removed = AICmin. The 
dependent variable in the models is log species density. For each community subset (all data, 
intact, invaded) the models are listed with descending quality, meaning that the model listed at the 
top is the best one. Compare with table A4.2 for significance values. 
 

MODEL AIC VALUES  

Data Coefficients AICi Relative likelihood 
exp((AICmin − AICi)/2) 

TEMPERATURE: linear model with MAT and MAT^2 (and Status for All data)  

All data Whole model 
- MAT*Status 
- MAT^2 

-951.52 
-948.22 
-931.81 

- 
0.192 

5.25e-05 

Intact Whole model 
- MAT^2 
- MAT 

-1050.97 
-1030.59 

-928.78 

- 
3.75e-05 
2.92e-27 

Invaded - MAT ^2 
Whole model 
- MAT 

33.96 
34.07 
36.04 

1.056 
- 

0.373 

PRECIPITATION: linear model with AP and AP^2 (and Status for All data)   

All data Whole model 
- AP^2*Status 
- AP*Status 

-456.59 
-440.42 
-415.85 

- 
0.0003 

1.42e-09 

Intact Whole model 
- AP 
- AP^2 

-432.96 
-424.80 
-404.16 

- 
0.017 

5.57e-07 

Invaded Whole model 
- AP^2 
- AP 

-25.93 
-24.86 

0.47 

- 
0.586 

1.85e-06 

TEMPERATURE * PRECIPITATION:  
AP * MAT + MAT^2 + AP^2 (and Status for All data) 

All data Whole model 
- MAT*Status  
- MAT^2*Status 
- AP^2*Status 
- AP*Status 

-1064.7 
-1061.5 
-1059.8 
-1053.5 
-1015.5 

- 
0.202 
0.086 
0.004 

2.07e-11 

Intact Whole model 
- AP*MAT 
- MAT^2 
- AP^2 

-1060.8 
-1060.7 
-1052.6 
-1048.8 

- 
0.951 
0.016 
0.002 

Invaded - MAT^2 
Whole model 
- AP^2 
- AP*MAT 

-47.4 
-45.6 
-44.6 
-31.7 

2.459 
- 

0.606 
0.001 
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Table A4.2: Values for global models. MAT = mean annual temperature (C). AP = annual 
precipitation (mm). The dependent variable in the models is log species density. Compare with 
table A4.1 for AIC values. 
 

GLOBAL MODEL FIT for SPECIES DENSITY 

Data Coefficients Std. Error t-value p-value adj. R2 

TEMPERATURE  

All data 
(df = 2174) 
 
 
 
 
Model fit 

(Intercept) 
MAT  
Status 
MAT^2 
MAT*Status 
AP^2*Status 

0.0831 
0.0111 
0.9970 
0.0003 
0.0991 
0.0024 

14.616 
10.643 
-1.911 
-4.456 
1.401 

-1.143 

< 0.001 *** 
< 0.001 *** 

0.0561 . 
< 0.001 *** 

0.1614 
0.2432 

< 0.001 

 
 
 
 
 
 

0.269 

Intact 
(df  = 1868) 
 
Model fit 

(Intercept) 
MAT 
MAT^2 
 

0.0781 
0.0104 
0.0003 

15.549 
11.322 
-4.471 

< 0.001 *** 
< 0.001 *** 
< 0.001 *** 

< 0.001 

 
 
 

0.309 

Invaded 
(df = 303) 
 
Model fit 

(Intercept) 
MAT 
MAT^2 

1.3022 
0.1290 
0.0030 

 

-0.531 
1.988 

-1.369 

0.596 
0.0477 * 

0.172 
< 0.001 

 
 
 

0.099 

PRECIPITATION  

All data 
(df = 2171) 
 
 
Model fit 

(Intercept) 
AP 
Status 
AP^2 
AP*Status 
AP^2*Status 

6.33e-02 
9.57e-05 
1.57e-01 
2.89e-08 
2.17e-04 
6.05e-08 

43.511 
-3.157 
-7.574 
5.511 
6.561 

-4.265 

< 0.001 *** 
0.002 ** 

< 0.001 *** 
< 0.001 *** 
< 0.001 *** 
< 0.001 *** 

< 0.001 

 
 
 
 
 
 

0.082 

Intact 
(df = 1868) 
 
Model fit 

(Intercept) 
AP 
AP^2 

6.270e-02 
9.472e-05 
2.864e-08 

 

43.960 
-3.190 
5.568 

< 0.001 *** 
0.0014 ** 

< 0.001 *** 
< 0.001 

 
 
 

0.039 

Invaded 
(df = 303) 
 
Model fit 

(Intercept) 
AP 
AP*2 

1.524e-01 
2.071e-04 
5.632e-08 

10.279 
5.429 

-1.748 

< 0.001*** 
< 0.001 *** 

0.0816 
< 0.001 

 
 
 

0.259 

TEMPERATURE * PRECIPITATION 

All data 
(df = 2171) 
 
 
 
 
 
 
 
 
 
Model fit 

(Intercept)  
MAT 
Status 
MAT^2 
AP 
AP^2 
MAT*Status 
MAT^2*Status 
AP*Status 
AP^2*Status 
MAT*AP 
 

1.165e-01 
1.086e-02 
9.945e-01 
3.749e-04 
1.200e-04 
2.872e-08 
9.722e-02 
2-348e-03 
1.975e-04 
5.314e-08 
6.050e-06 

10.8866 
10.699 
-3.224 
-2.666 
-0.758 
4.073 
2.130 

-2.497 
7.258 

-3.724 
-2.391 

< 0.001 *** 
< 0.001 *** 

0.001 ** 
0.007 ** 

< 0.001 *** 
< 0.001 *** 

0.033 * 
0.013 * 

< 0.001 *** 
< 0.001 *** 

0.016 * 
< 0.001 

 
 
 
 
 
 
 
 
 
 
 

0.309 

Intact 
(df = 1865) 

(Intercept) 
AP 

1.130e-01 
1.171e-04 

11.720 
-1.474 

< 0.001 *** 
0.140 
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Model fit 

MAT 
MAT^2 
AP^2 
AP*MAT 
 

1.046e-02 
3.629e-04 
2.782e-08 
5.969e-06 

11.045 
-3.189 
3.741 

-1.464 

< 0.001 *** 
0.0014 ** 

< 0.001 *** 
0.143 

< 0.001 

 
 
 
 

0.314 

Invaded 
(df = 300) 
 
 
 
 
Model fit 

(Intercept) 
AP 
MAT 
MAT^2 
AP^2 
AP*MAT 

1.166e+00 
5.494e-04 
1.162e-01 
3.146e-03 
8.356e-08 
3.312e-05 

-1.846 
5.731 
2.046 

-0.421 
1.711 

-3.997 

0.0659 . 
< 0.001 *** 

0.0416 * 
0.6740 

< 0.0881 . 
< 0.001 *** 

< 0.001 

 
 
 
 
 
 

0.312 
 

 
 
 
 
 
Table A4.3: Values for best-fit models. MAT = mean annual temperature (C). AP = annual 
precipitation (mm). The dependent variable in the models is log species density. Compare with 
table A4.1 for AIC values. 
 

BEST-FIT MODELS for SPECIES DENSITY 

Data Coefficients Std. Error t-value p-value adj. R2 

TEMPERATURE  

All data 
(df = 2172) 
 
 
 
Model fit 

(Intercept) 
MAT  
Status 
MAT^2 
MAT*Status 
 

0.0825 
0.0110 
0.2300 
0.0003 
0.0114 

 

14.581 
10.904 
-3.470 
-4.666 
2.300 

 

< 0.001 *** 
< 0.001 *** 
< 0.001 *** 
< 0.001 *** 

0.022 * 
< 0.001 

 
 
 
 
 

0.269 

Intact 
(df  = 1868) 
 
Model fit 

(Intercept) 
MAT 
MAT^2 
 

0.0781 
0.0104 
0.0003 

15.549 
11.322 
-4.471 

< 0.001 *** 
< 0.001 *** 
< 0.001 *** 

< 0.001 

 
 
 

0.309 

Invaded 
(df = 304) 
Model fit 

(Intercept) 
MAT 

0.2798 
0.0139 

 

3.753 
5.790 

< 0.001 *** 
< 0.001 *** 

< 0.001 

 
 

0.096 

PRECIPITATION  

All data 
(df = 2171) 
 
 
 
 
Model fit 

(Intercept) 
AP 
Status 
AP^2 
AP*Status 
AP^2*Status 

6.33e-02 
9.57e-05 
1.57e-01 
2.89e-08 
2.17e-04 
6.05e-08 

43.511 
-3.157 
-7.574 
5.511 
6.561 

-4.265 

< 0.001 *** 
0.002 ** 

< 0.001 *** 
< 0.001 *** 
< 0.001 *** 
< 0.001 *** 

< 0.001 

 
 
 
 
 
 

0.082 

Intact 
(df = 1868) 
 
Model fit 

(Intercept) 
AP 
AP^2 

6.270e-02 
9.472e-05 
2.864e-08 

 

43.960 
-3.190 
5.568 

< 0.001 *** 
0.0014 ** 

< 0.001 *** 
< 0.001 

 
 
 

0.039 

Invaded 
(df = 303) 
 
Model fit 

(Intercept) 
AP 
AP^2 

1.524e-01 
2.071e-04 
5.632e-08 

10.279 
5.429 

-1.748 

< 0.001*** 
< 0.001 *** 

0.0816 
< 0.001 

 
 
 

0.259 
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TEMPERATURE * PRECIPITATION 

All data 
(df = 2171) 
 
 
 
 
 
 
 
 
Model fit 

(Intercept)  
MAT 
Status 
MAT^2 
AP 
AP^2 
MAT*Status 
MAT^2*Status 
AP*Status 
AP^2*Status 
MAT*AP 
 

1.165e-01 
1.086e-02 
9.945e-01 
3.749e-04 
1.200e-04 
2.872e-08 
9.722e-02 
2-348e-03 
1.975e-04 
5.314e-08 
6.050e-06 

10.8866 
10.699 
-3.224 
-2.666 
-0.758 
4.073 
2.130 

-2.497 
7.258 

-3.724 
-2.391 

< 0.001 *** 
< 0.001 *** 

0.001 ** 
0.007 ** 

< 0.001 *** 
< 0.001 *** 

0.033 * 
0.013 * 

< 0.001 *** 
< 0.001 *** 

0.016 * 
< 0.001 

 
 
 
 
 
 
 
 
 
 
 

0.309 

Intact 
(df = 1865) 
 
 
 
 
Model fit 

(Intercept) 
AP 
MAT 
MAT^2 
AP^2 
AP*MAT 
 

1.130e-01 
1.171e-04 
1.046e-02 
3.629e-04 
2.782e-08 
5.969e-06 

11.720 
-1.474 
11.045 
-3.189 
3.741 

-1.464 

< 0.001 *** 
0.140 

< 0.001 *** 
0.0014 ** 

< 0.001 *** 
0.143 

< 0.001 

 
 
 
 
 
 

0.314 

Invaded 
(df = 301) 
 
 
 
Model fit 

(Intercept) 
AP 
MAT 
AP^2 
AP*MAT 

6.65e-01 
5.02e-04 
3.75e-02 
7.48e-08 
2.87e-05 

-2.628 
6.459 
5.102 
2.122 

-4.845 

0.009 ** 
< 0.001 *** 
< 0.001 *** 

0.035 * 
< 0.001 *** 

< 0.001 

 
 
 
 
 

0.314 
 

 
 
 


