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Abstract

Aim: Red wood ants (Formica rufa group) mitigate invertebrate pest outbreaks, alter
invertebrate communities, and contribute to nutrient cycling. The IUCN lists these
insects as near threatened. We investigated whether disturbances of Red Wood Ant
(RWA) forest habitats related to recreation, infrastructure, and forest management
were associated with RWA occurrence. We also investigated the habitat associations
of this group.

Location: Switzerland.

Methods: We trained random forest models to predict RWA occurrence using data
from 6,341 plots distributed throughout Swiss forests. Our explanatory variables
included descriptions of vegetation, terrain, climate and human disturbance of the
forest. A model trained using all of these variables (Model 1) was compared to an-
other trained using all of these variables except those describing human disturbance
(Model 2). We compared the abilities of these models to differentiate between RWA
presences and absences using areas under receiver operator curves (AUC). The na-
ture of the associations between the probability of RWA occurrence predicted by
Model 1 and the explanatory variables that made the greatest contributions to the
AUC of this model were investigated using individual conditional expectation plots.
Results: No significant difference in AUC was detected between Models 1 and 2.
RWA occurrence was positively associated with elevation, conifers, canopy gaps,
ground cover vegetation and solar insolation while negatively associated with air
temperature and a soil wetness index.

Main conclusions: The distribution of RWA within Swiss forests appeared unassoci-
ated with the human disturbances we investigated. To conserve RWA in Switzerland,
we recommend the conservation of forests with high proportions of conifers, particu-
larly those at high elevations. We also recommend forest management that promotes
ground cover vegetation and open canopy structures. The negative associations be-
tween RWA occurrence and temperatures raise concerns for the prospects of RWA

in the context of predicted climate warming.
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1 | INTRODUCTION

Reductions in species interactions accompany the human-induced
decline in biodiversity and may reduce the capacity of ecosystems
to provide functions and services (Cardinale et al., 2012; Pimm
et al., 2014; Tilman et al., 2014; Valiente-Banuet et al., 2015).
Keystone species and ecosystem engineers interact with dispropor-
tionately large numbers of other species and are thus worthy of inclu-
sion in conservation strategies. Red wood ants (Formica rufa group)
occur throughout the forests of the northern hemisphere (Stockan
et al., 2016) and have been identified as keystone species (Stockan
et al., 2016) and ecosystem engineers (Sorvari, 2016). Red wood ants
(hereafter RWA): have mutualistic relationships with phloem-feed-
ing insects (Domisch et al., 2016); protect host trees from certain
invertebrate pests (Laine & Niemela, 1980; Manak et al., 2013); are
prey for several vertebrate species (Robinson et al., 2016); and sub-
stantially alter the invertebrate communities in the vicinity of their
mounds (Robinson et al., 2016). In addition, RWA mounds provide
habitats for a variety of species (Robinson et al., 2016). RWA also in-
fluence soil properties and ecosystem functions in and around their
mounds (Jurgensen et al., 2008).

Recognition of the positive roles RWA can play in forest eco-
systems and concern about their distribution, abundance and pros-
pects have motivated several European countries to create laws
protecting RWA and their mounds (Sorvari, 2016). As reviewed by
Sorvari (2016), threats to RWA include both habitat destruction
(e.g. conversion of forest to other land uses), and changes in climate
and microclimate. The RWA species F. aquilonia Yarrow, F. lugubris
Zettersted, F. polyctena Forster, F. pratensis Retzius, F. rufa Linnaeus
and F. uralensis Rutzsky have been included on the IUCN Red List as
near threatened species since the 1960s, though data on these spe-
cies remains insufficient to update the original listings (IUCN, 2019).
The absence of other RWA species from the IUCN Red List reflects
a lack of knowledge rather than confidence in the prospects of these
species (Sorvari, 2016).

Conservation of RWA can be aided by understanding the major
influences on the distribution of these insects. However, to our
knowledge, only three such studies have been conducted using
data collected across areas of 1,000 km? or greater. In the United
Kingdom, Procter et al. (2015) detected a gradual expansions of
F. lugubris from the edges of older forest into more recently refor-
ested areas. Using data describing the surroundings of RWA mounds
and pseudo-absences, Procter et al. (2015) detected a positive as-
sociation between F. lugubris occupancy and the proportion of co-
nifers in these surroundings and a negative association between
F. lugubris occupancy and the proportion of open ground in these
surroundings. Procter et al. (2015) concluded that plantations of

non-native conifers can provide suitable habitat for F. lugubris and

recommended that such plantations be established in areas adjoining
currently forested areas to create new habitat into which this spe-
cies may expand. Dekoninck et al. (2010) attributed extinctions of
RWA colonies (F. rufa and F. polyctena) in their study area in Belgium
to increased shading by vegetation, recreational use of forests and
pollution from nearby agriculture. Dekoninck et al. (2010) recom-
mended the conservation of existing RWA habitat as a first prior-
ity along with: increasing connectivity between patches of existing
habitat; promoting varied vegetation structures and gaps in the for-
est canopy; increasing the amount of sunlight that reaches the soil
at forest edges; and creating buffer zones between RWA colonies
and agricultural land. Vandegehuchte et al. (2017) found sixteen
explanatory variables that described vegetation, climate, aspect
and insolation to be useful predictors of RWA occurrence (mainly
F. lugubris and F. paralugubris) in Switzerland. Of these predictors,
canopy cover by conifers and climate continentality were assigned
the two largest magnitude coefficients in their model, followed by
eastness (aspect) and solar radiation in the month of July, all four of
which had positive associations with RWA occurrence. To conserve
RWA, Vandegehuchte et al. (2017) recommended the conservation
or establishment of coniferous forests with diverse structures, open
canopies and a high degree of cover by ground vegetation. Of these
three broad-scale studies, only Dekoninck et al. (2010) considered
some estimates of direct human impacts on the environment sur-
rounding the ant mounds. This study and others conducted over
smaller spatial scales (see below) provide us with material from
which to hypothesise about the potential influences human-related
disturbances may have on RWA.

Forest management in its most destructive form of clearcutting
has detrimental effects on RWAs (Sorvari, 2016), similar to those
arising from the conversion of forest to other land uses. However,
clear cutting of Swiss forests is prohibited except under special
circumstances (Federal Forest Act, 1991). The environmental dis-
turbances accompanying urbanisation have been attributed as the
cause of decreased densities of RWA mounds in Espoo, Finland
(Vepsaldinen & Wuorenrinne, 1978; Wuorenrinne, 1989). However,
both of these studies lacked any statistical testing of this hypoth-
esis. Roadside verges in forested areas may provide suitable habi-
tat for some RWA species by functioning as artificial forest edges.
However, Freitag et al. (2008) observed that frequent mowing, pol-
lution, and low supplies of food decrease the suitability of roadside
verges as habitat for F. pratensis in south western Switzerland. In
contrast, Perron et al. (2019) claim to have detected positive associ-
ations between densities of F. rufa and F. polyctena and proximities
to roads or paths independent of the bias in their data introduced
by primarily conducting their sampling from these roads and paths.
The impacts of recreational use of forests on RWA colonies have not

been extensively studied to our knowledge. Bugrova and Reznikova



FITZPATRICK ET AL.

7L wiLey-

(1990) described increasing percentages of monodomous colonies
from the typically polydomous F. polyctena accompanying increasing
trampling of ground vegetation from increasing recreational pres-
sure in forest near an urban centre in Siberia. However, they also
described F. polyctena colonies occurring in plots where up to 50% of
the ground cover vegetation had been trampled. Furthermore, they
attempted no statistical analysis of the differences they reported
between plots with differing amounts of recreational pressure.
Dekoninck et al. (2010) documented the loss of thirty wood ant col-
onies in North Western Belgium and attributed the loss of seven of
these colonies to recreational pressure.

In this study, we have expanded upon previous modelling stud-
ies of the factors influencing RWA distributions across areas of
1,000 km? or greater by including among the explanatory variables
descriptions of human disturbance of the forest. We included data
on: forest management activities which involved disturbances of the
forest less severe than complete habitat destruction; recreational
use of the forest; and proximity to human structures such as roads
and buildings in addition to the more commonly used descriptions of
climate, terrain, and vegetation. We compared the predictive perfor-
mance of a model fitted using all of our explanatory variables (Model
1) to that of a model fitted using all of our explanatory variables ex-
cept for those that quantified direct human disturbance of the forest
(Model 2). We investigated the nature of the associations between
the most useful explanatory variables and the probability of RWA
occurrence predicted by Model 1 and searched for evidence of in-
teractions between these variables. Thus, in addition to considering
a more comprehensive set of explanatory variables than any previ-
ous broad-scale study of RWA habitat associations, we are the first
to examine potential interactions between explanatory variables.
Furthermore, following Procter et al. (2015), our study is the sec-
ond to consider the potential for non-linear effects of explanatory
variables in a broad-scale model of RWA distributions. We hypoth-
esised that habitat disturbance by humans would negatively affect
RWA. Specifically, we predicted that: more recent and destructive
forest management; higher recreational use by humans; and shorter
distances to buildings would be negatively associated with RWA oc-
currence. In contrast, we predicted that proximity to roads would be
positively associated with RWA occurrence. Overall, we predicted
that Model 1 would outperform Model 2.

2 | METHODS
2.1 | Data sources and preparation

We used data collected by the fourth Swiss National Forest
Inventory (hereafter NFI) which was conducted between 2009 and
2017. The NFl collected field data from 12.62 m radius (500 m?) plots
on the vertices of a 1.4 km grid that covered all forested areas of
Switzerland. In addition, an interview survey was conducted with
local forestry services concerning the forest management history

and recreational use of the forest management units that contained

each NFI plot. The NFI protocols are detailed in the NFI field man-
ual (Diiggelin & Keller, 2017) and the NFI interview survey manual
(Keller, 2013). The fourth NFI was the first NFIl in which each plot
was searched for RWA mounds. When an ant mound was detected,
approximately 10 ants were collected for species identification.
The species identification process is detailed in Vandegehuchte
et al. (2017). With these data, we were able to assert the presence
or absence of RWA mounds in 6,341 plots (see Appendix S1 in the
Supporting Information). There was a substantial class imbalance in
the RWA occurrence data with RWA mounds present in only 290
(4.57%) of these 6,341 plots.

We prepared data from the NFI concerning vegetation and
human disturbance of the forest for use in our models. These data
included descriptions of the structure, composition, age and origin
of vegetation within plots. We also included the presence or absence
of standing or flowing water in plots along with descriptions of evi-
dence within plots of snowpack movement, avalanche, windthrows,
and other damage to the ground and vegetation. In addition, we in-
cluded estimates of lengths of time that had elapsed between the
most recent damage and the date when the plot was searched for
RWA mounds. Other NFI data we included described: forest usage;
forestry intervention types; the time elapsed since the most recent
forestry intervention; and transport access to plots. Our data on
human disturbance of forests describe disturbances less severe than
the complete habitat destruction that would accompany clearcut-
ting or the conversion of forest to alternative land uses. This is a con-
sequence of: NFI plots only being located within areas categorised
as forest (Duggelin & Keller, 2017); the prohibition of clear cutting
(Federal Forest Act, 1991); and the legal protection of both the area
and spatial distribution of Swiss forests (Federal Forest Act, 1991).
We also included descriptions of evidence of grazing and the pres-
ence of structures in plots along with estimates of the types and
intensities of recreational uses of the forest. The full set of NFI vari-
ables we selected and our preparation of these variables for use in
our models is presented in Appendices S2 and S3 in the Supporting
Information.

We prepared a collection of terrain attributes (TA) from a digital
elevation model (DEM) with a 5 m resolution that had been resam-
pled from a DEM with a 2m resolution (SwissAlti3D). We calculated
the Cell Balance, Flow Accumulation, Mass Balance Index, Melton
Ruggedness Number, Site Exposure, Slope, Topographic Wetness
Index, and Valley Depth with SAGA (Conrad et al., 2015). We cal-
culated the plan and profile curvature of the terrain with ArcGIS
(ESRI, 2010a). Using the Python Framework of ArcGIS 10.5, we cal-
culated the following TA: Topographic Position Index (Weiss, 2001),
Heatload (McCune & Keon, 2002), Integrated Moisture Index
(Iverson et al., 1997), Martonne's Modified Dissection (Evans, 1972),
Roughness, Eastness, Northness, and Global Potential Radiation (Fu
& Rich, 2002). We described the distributions of elevation and TA
pixel values within each NFI plot using sets of summary statistics.
For each NFI plot and each variable associated with DEM pixels, we
calculated the minimum, first quartile, mean, median, third quartile,

maximum, standard deviation, and Moran's | of the values of that
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variable associated with the DEM pixels which intersected the NFI
plot (see Appendix S4 in the Supporting Information).

We obtained daily climate interpolations from 1999 to 2016 at
a 100 m resolution across all of Switzerland. These were produced
by applying the Daymet method (Thornton et al., 1997) to daily cli-
mate observations from Swiss weather stations (MeteoSwiss) and
a 100 m DEM (SwissTopo). These data contained daily values for:
precipitation; average, minimum and maximum temperature; inso-
lation; and potential evapotranspiration. We calculated 19 BIOCLIM
(Busby, 1991; Nix, 1986) and 16 ANUCLIM (Xu & Hutchinson, 2011)
style statistics from these data. We also calculated BIOCLIM style
interval-based statistics for our estimates of the active and dormant
periods of RWA. We calculated the above set of climate summary
statistics at each plot for each of the 10 years that immediately pre-
ceded the year in which the plot was searched for RWA mounds. We
then reduced these sets of annual values to 10-year means of each
summary statistic at each plot (see Appendix S5 in the Supporting
Information). We focused on descriptions of the climate over periods
of 10 years because the establishment, persistence, and growth of a
RWA mound is a process that spans multiple years.

With the topographic landscape model of Switzerland (swis-
sTLM3D) and ArcMap (ESRI, 2010b) we calculated the Euclidean dis-
tances from the centre of each plot to the nearest small road, large
road and building. This involved grouping the roads in these data into
two categories. We defined small roads to range from unsealed trails
and 4WD tracks through to sealed country roads of less than 3 m in
width while large roads were defined to include all larger and better
developed roads, highways, and freeways (see Appendix S6 in the

Supporting Information).

2.2 | Dimension reduction

Using the R (R Core Team, 2018) package “ClustOfVar” (Chavent
et al., 2012), we identified strongly related groups of explanatory
variables and summarised each group with a single synthetic vari-
able. This produced the 129 synthetic explanatory variables we have
used in our analysis, reducing both the number of explanatory vari-
ables and the degree of collinearity among these variables. Further
details on this process are given in Appendix S7 in the Supporting

Information.

2.3 | Modelling RWA occurrence

To address our objectives, we sought a method for modelling RWA
occurrence that: had the potential to efficiently model linear, non-
linear and interacting effects of explanatory variables; was appropri-
ate for use with data that included correlated groups of explanatory
variables; and was appropriate for use with a response variable that
contained a class imbalance. In logistic regression models, non-linear
effects of explanatory variables may be approximated via polyno-

mial terms and interactions between groups of explanatory variables

Coversiy s irinuions EOVITRSVER

may be approximated by terms for products of these groups of vari-
ables. However, as the number of potential explanatory variables
and the complexity of interactions and non-linear effects consid-
ered increase, the number of potential terms from which such logis-
tic regression models may be constructed increases combinatorially.
Model selection by exhaustive search with such large sets of poten-
tial terms can be very computationally demanding. Stepwise variable
selection procedures, popular alternatives to exhaustive searches,
are best avoided in situations where substantial correlations exist
among potential explanatory variables, as is frequently the case with
environmental data (Dormann et al., 2013). Furthermore, correla-
tions between explanatory variables cause instability in the maxi-
mum likelihood estimates of coefficients in multiple linear regression
models (Dormann et al., 2013). The penalized likelihood technique
LASSO (Tibshirani, 1996, 2011) efficiently fits parsimonious multiple
regression models when supplied with large sets of potential explan-
atory variables. However, the identities of the variables selected by
LASSO from groups of strongly correlated explanatory variables are
not meaningful (Zou & Hastie, 2005). In contrast, random forests
(Breiman, 2001) are computationally efficient and have the poten-
tial to approximate complex non-linear relationships and interac-
tions (Cutler et al., 2007) without additional computational cost.
Furthermore, methods have been designed for random forests to
rank the relative importance of correlated explanatory variables (see
Section 2.5) and address class imbalances within response variables
(see below).

We used random forests composed of conditional inference
trees (Hothorn, Hornik et al., 2006) as implemented in the R package
“party” (Hothorn, Biihimann et al., 2006) to model RWA occurrence
using our 129 synthetic explanatory variables. We used an option
provided by the “party” package to substitute a sampling-without-re-
placement step for the bootstrap sampling step involved in fitting a
random forest. This substitution mitigated the bias in variable selec-
tion that traditional random forests would have otherwise displayed
towards explanatory variables with many unique values (Strobl
et al.,, 2007). This substitution also made the variable importance
scores we calculated appropriate for ranking the relative importance
of explanatory variables that contained varying numbers of unique
values (Strobl et al., 2007) as were present among our data.

We also made use of other features of the “party” package to
adjust the model fitting procedure to be appropriate for data in
which the response variable displayed a substantial class imbal-
ance. We used the weights option of the “cforest” command to
ensure that the expected number of in-bag RWA mound presences
was equal to the expected number of in-bag RWA mound ab-
sences. Each tree of a random forest is fitted to a set of in-bag ob-
servations. Consequently, equal expected numbers of presences
and absences in-bag ensure that presences and absences have
equal influence on the model fitting process. The replacement of
bootstrapping with sampling without replacement in the random
forest fitting process (see above) necessitated consideration of
the size of the samples drawn without replacement to constitute

the in-bag samples. In particular, due to the trees being fitted to
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the in-bag observations and the variable importance scores being
calculated using the out-of-bag observations it was necessary to
ensure that both the in-bag and out-of-bag samples contained
presences. We chose an in-bag sample size and sampling weights
that combined lead us to expect half of the presences to be in-bag
and half of the presences to be out-of-bag in any sample of points
drawn prior to fitting a tree of the random forest. The relatively
small size of the in-bag samples this required was one of our moti-
vations for seeking to optimize the number of trees in the random
forest by cross-validation and considering larger numbers of trees

than the common choice of 500 trees (see Section 2.4).

2.4 | Cross-validation informed by spatial
dependence structure

We sought to optimise two tuning parameters and the number of
trees in our random forests via cross-validation. The first of these
tuning parameters was the number of explanatory variables se-
lected at random from the full set each time a partition in a tree
was defined. The second of these tuning parameters functions as
a stopping criterion in the tree growing process. This parameter is
the critical p-value for the tests of association between explanatory
variables and the response conducted when seeking to partition a
node. If none of the tests return a p-value below this critical value,
no further partitions of the node are attempted.

We examined the RWA occurrence (response) data for spatial
dependence and used this information when partitioning our data
for cross-validation (Roberts et al., 2017). We applied join count
tests (Bivand et al., 2013) to regions of different densities of pres-
ences to determine the maximum range of spatial dependence
among response observations throughout our study area. We used
the following three neighbourhood definitions: (a) binary neighbours
defined with a distance threshold; (b) inverse distance-based neigh-
bourhood weights; and (c) inverse distance squared-based neigh-
bourhood weights. Having identified a distance beyond which we no
longer detected spatial dependence between response observations
anywhere in the study area, we defined subsets of the data to serve
as validation sets. We mitigated any spatial dependence between
observations in associated pairs of training and validation sets by es-
tablishing spatial exclusion buffers around the regions that defined
validation sets. Any observations that intersected such an exclusion
buffer were excluded from both the training and validation sets for
that particular partitioning of the data. We set these exclusion buf-
fers to be slightly wider than the maximum range of spatial depen-
dence detected. We defined validation sets using convex regions in
space to minimise the loss of observations to exclusion buffers. We
defined these regions to contain approximately 20% of the data so
that the data outside the exclusion buffers that encompassed these
regions could serve as training sets containing approximately 80%
of the data. In addition, we defined each validation set to contain
a ratio of presences to absences that was similar to that in the full

data set. In this manner, the class imbalance in the full data set was

represented in both the training sets and the validation sets. For fur-
ther detail on the process described above see Appendix S8 in the
Supporting Information. We selected tuning parameter values on
the basis of the areas under receiver operator curves (AUC values)
associated with predicting the response observations from the vali-
dation sets in the cross-validation procedure. Our choice of AUC for
this purpose was motivated by the class imbalance in our response
variable. AUC was suitable for this purpose because it measures the
accuracy with which a model can differentiate between presences
and absences where other estimates of prediction accuracy would

favour models that more accurately predicted the majority class.

2.5 | Model interpretation: Variable importance,
model comparisons and ICE plots

We used the “party” package to calculate variable importance scores
for the explanatory variables in the random forests we fitted. We
used two features of the “party” package when calculating these
scores. The first feature enabled us to calculate conditional vari-
able importance (hereafter CVI) scores suitable for determining the
relative importance of explanatory variables among which correla-
tions exist (Strobl et al., 2008), as was the case with some of our
synthetic explanatory variables. The second feature enabled us to
base these CVI scores on AUC (Janitza et al., 2013) which was ap-
propriate in the context of the class imbalance we expected among
the out-of-bag samples (see Section 2.3). We examined the stability
of the CVI scores by refitting random forests to our data 50 times
using the tuning parameter values selected by cross-validation and
setting a different random seed each time. We calculated CVI scores
for each of these random forests and ranked our explanatory vari-
ables in order of decreasing mean CVI. While CVI scores provide a
useful ranking of explanatory variable importance, we are not aware
of a method for testing the null hypothesis that the CVI score of an
explanatory variable is equal to zero. Consequently, we tested our
hypothesis regarding the association between human disturbance of
the forest and RWA occurrence by comparing the AUC of a model
fitted using all 129 of our explanatory variables (Model 1) to the AUC
of a model fitted using all of our explanatory variables except for
the twelve variables that quantified direct human disturbance of the
forest (Model 2). We used the permutational test provided by the
R package pROC (Robin et al., 2011) to compare the AUC values of
the different models. We then sought a more parsimonious model
and fitted a random forest (Model 3) using only the six explanatory
variables that had mean CVI scores from Model 1 greater than 10%
of the maximum mean CVI score from this model. A random for-
est (Model 4) that used only the four explanatory variables with
the highest mean CVI scores from Model 1 had a very similar AUC
value to that of Model 3. Further reductions in the set of explana-
tory variables used to fit random forests resulted in more substan-
tial decreases in the AUC associated with these simpler models. We
compared Models 2, 3 and 4 to Model 1 via permutational tests of

differences in AUC values.
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TABLE 1 The 10 explanatory variables
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with the highest mean conditional variable . . Mean CVI Std. Dev. CVI
X Variable Description (Rescaled) (Rescaled)
importance (CVI) scores from Model 1
Clim.Terr.C62 Positively correlated with elevation and 100.00 4.37
negatively correlated with temperatures.
NFI1.S1.C2 A description of forest composition with 27.87 1.75
low values corresponding to dominance by
conifers and high values corresponding to
dominance by broadleaf trees.
Clim.Terr.C69 Positively correlated with the 10 year mean 24.37 1.84
of the mean temperatures during the driest
quarters.
NFI1.51.C13 Positively correlated with the presence of 16.84 1.04
gaps in the forest and cover by ground
cover vegetation and negatively correlated
with canopy cover.
Clim.Terr.C64 Negatively correlated with global potential 14.95 0.94
radiation.
Clim.Terr.C25 Positively correlated with the integrated 10.43 0.90
moisture index (a soil wetness index)
Clim.Terr.C28 Positively correlated with northness 5.06 0.69
(aspect) and negatively correlated with site
exposure.
Clim.Terr.C68 Positively correlated with the 10 year mean 4.85 0.67
of mean temperatures during the wettest
quarters.
Clim.Terr.C18 Negatively correlated with eastness (aspect) 3.93 0.52
Clim.Terr.C70 Positively correlated with precipitation. 3.74 0.45

Note: The mean CVI scores have been expressed as percentages of the highest mean CVI score.
The standard deviations of the CVI scores have been expressed on the same scale.

We examined the nature of the associations between explan-
atory variables and the probability of RWA occurrence predicted
by Model 1 using individual conditional expectation (ICE) plots
(Goldstein et al., 2015). We produced ICE plots for each of the six
explanatory variables with the highest mean CVI scores from Model
1. Where grouping was apparent among the curves of an ICE plot,
we investigated whether this grouping was associated with another
explanatory variable. In this manner, we investigated potential inter-
actions among the explanatory variables. This process is detailed in
Appendix S9 in the Supporting Information.

The R code written to perform the data preparation, analysis
and interpretation is available from the repository located at https://
github.com/brfitzpatrick/rwaha. This repository includes a ma-
chine-readable list of all R packages used.

3 | RESULTS

We detected RWA mounds in 290 NFI plots, which corresponds to
approximately 4.57 % of the plots for which we had occurrence data.
RWA were more common in the Alps and Jura mountains than in the
Swiss lowlands (see Appendix S1). The majority of the RWA mounds

detected were inhabited by F. lugubris or F. paralugubris, though we
also detected mounds inhabited by F. aquilonia, F. polyctena, F. prat-
ensis and F. rufa (see Appendix S1).

3.1 | Model comparisons

Model 1, which included all of our explanatory variables, had an AUC
of 0.89853. Model 2 lacked variables describing direct human distur-
bance of the forest yet had a very similar AUC (0.89847). The differ-
ence between these two AUC values was not significantly different
from zero (p = 0.926). Thus, the inclusion of descriptions of direct
human disturbance of the forest did not improve the predictive ac-
curacy of a model that used only descriptions of climate, vegetation
and terrain. Model 3, which included only the six explanatory vari-
ables with the highest mean CVI scores from Model 1, had an AUC
of 0.868101. Model 4, which used only the four explanatory vari-
ables with the highest mean CVI scores from Model 1, had an AUC
of 0.8505975. The AUC values of both Model 3 and Model 4 dif-
fered significantly from that of Model 1 (p < 0.0001 in both cases),
however, the magnitudes of these differences in AUC were relatively
small.
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3.2 | Variable importance and associations with
predicted values

Of the variables used in Model 1, Clim.Terr.C62 had the highest
mean CVI (Table 1) and was positively associated with RWA occur-
rence (Figure 1a). Clim.Terr.C62 is positively associated with eleva-
tion and negatively associated with temperature. This suggests a
higher probability of RWA occurrence at higher elevations, where
temperatures are lower. The variable with the second highest mean
CVI was NFI.51.C2, which described the species composition of the
trees in a plot. Low values of NFI.51.C2 corresponded to plots domi-
nated by conifers whereas high values of NFI.51.C2 corresponded
to plots dominated by broadleaf trees. RWA occurrence was neg-
atively associated with the degree to which broadleaf trees domi-
nated a plot (Figure 1b) and consequently positively associated with
the degree to which conifers dominated a plot. The variable with
the third highest mean CVI, Clim.Terr.Cé9, represents the 10-year
mean of temperatures during the driest quarter of the year and was
negatively associated with RWA occurrence (Figure 1c). At most NFI
plots the driest quarter of the year occurred at least partially dur-
ing winter (see Appendix S9). This suggests a trend of RWA either

avoiding, failing to colonize or failing to persist in areas with a period
of comparatively warm temperatures during their dormant period.
Clim.Terr.C69 also displayed a strong negative correlation with Clim.
Terr.C62 (r = -0.87), which suggests that periods of warmer tem-
peratures during the dormant period are predominantly a character-
istic of lower elevations where the overall mean temperatures are
higher. The positive association between NFI.51.C13, which had the
fourth highest mean CVI, and RWA occurrence suggests that gaps
in the forest, openness in the upper layer of the forest and the den-
sity of ground cover vegetation are important for RWA (Figure 1d).
The negative association between Clim.Terr.Cé4, which had the fifth
highest mean CVI, and RWA mound occurrence (Figure 1e) suggests
a positive effect of solar insolation on RWA mounds. RWA occur-
rence was negatively associated Clim.Terr.C25 (Figure 1f) which rep-
resented a soil wetness index and had the sixth highest mean CVI.
We also found evidence for interactions between Clim.Terr.C62 and
the associations of both Clim.Terr.Cé64 and Clim.Terr.C25 with RWA
occurrence (Figure 2). More specifically, we discovered that the two
groups of curves in each of the associated ICE plots could be effec-
tively separated using the values of Clim.Terr.C62 associated with

each curve. In the case of Clim.Terr.Cé4, this separation suggests
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FIGURE 1 Individual conditional expectation plots depicting the nature of the associations between each of the six most important

explanatory variables in Model 1 and probability of RWA occurrence predicted by this model. Each line represents predictions obtained by
evaluating the model at a sequence of values of the explanatory variable on the horizontal axis of the plot while holding all other explanatory
variables constant at the combination of values they took at one of the observations in the data. The opacity of a segment of a line is
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that insolation was more important for RWA at higher elevations
where temperatures were lower (Figure 2). Similarly, this separation
of the ICE curves for Clim.Terr.C25 by Clim.Terr.C62 suggests that
the property being measured by the soil wetness index had a more
extreme negative influence on RWA mound occurrence at higher el-

evations (Figure 2).

4 | DISCUSSION
4.1 | Anthropogenic habitat disturbances and RWA

The main goal of this paper was to assess whether models that in-
cluded variables describing human disturbance of the forest would
more accurately predict the occurrence of RWA than models fitted
to data that lacked these variables. Against our expectations, the
variables describing human disturbances we investigated did not
significantly improve the accuracy of models for RWA mound occur-
rence that contained descriptions of vegetation, terrain and climate.
It is possible that some or all of these disturbances have affected
RWA abundance rather than occurrence. However, negative effects

of disturbances that have not resulted in colony extinctions will not

be apparent from the results of our analysis of presence-absence
data and reliable abundance data for RWA in Switzerland are not
currently available.

Our finding that the forest management-related disturbances we
investigated did not appear to have a negative effect on RWA occur-
rence could be a consequence of forest management in Switzerland
having less severe impacts on RWA than those reported in other
countries (Sorvari, 2016). For example, clear cutting of Swiss forests
is generally prohibited with the exception of special circumstances
and both the area and spatial distribution of Swiss forests are pro-
tected (Federal Forest Act, 1991). The apparent lack of influence
of the recreational activities we investigated on RWA occurrence
in Swiss forests was also contrary to the expectations we formed
from Bugrova and Reznikova (1990) and Dekoninck et al. (2010).
This could be a result of the intensities of recreational activities in
Swiss forests all being below some critical thresholds the existence
of which are suggested by the persistence of RWA in the disturbed
plots of Vepsaldginen and Wuorenrinne (1978) and Bugrova and
Reznikova (1990). Alternatively, such activities may be less disrup-
tive to RWA than we originally considered. Similarly, the apparent
lack of influence of proximities to roads and buildings was contrary

to the expectations we formed regarding: proximity to roads from
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Perron et al. (2019); and proximity to buildings from Wuorenrinne
(1989) and Vepsaldinen and Wuorenrinne (1978). However, the re-
sults of Perron et al. (2019) concern the species F. rufa and F. polyc-
tena which collectively comprised less than 7% of the observations
of RWA mounds in our data. Given that all our data were collected
within forests, it is also possible that any positive or negative ef-
fects of roads and buildings on RWA did not extend far enough into
forests to be detectable at the locations from which our data were
collected.

4.2 | Habitat associations of RWA

We found that RWA occurrence was positively associated with ele-
vation and negatively associated with temperatures. This could be of
concern in the context of predicted climate warming in Switzerland,
particularly given the more extreme warming predicted for alpine
regions (National Centre for Climate Services, 2018). If the lower
temperatures of higher elevations are the main environmental char-
acteristic that is favourable to RWA at such elevations, more ex-
treme alpine warming would require range shifts by RWA to even
higher elevations than would otherwise be necessary to find suit-
able habitats in a warmer climate. The potential requirement for such
range shifts is of concern for two main reasons. Firstly, such range
shifts would only be possible if the forest and invertebrate com-
munities RWA rely on successfully make the same shifts. Secondly,
there is uncertainty regarding both the rate at which alpine environ-
ments will warm and the rate at which RWA could colonise suitable
habitat were it to become available. Consequently, there is a risk that
RWA undergo local extinctions in Switzerland due to either RWA or
the communities on which they rely failing to make the range shifts
to higher elevations with sufficient speed to keep pace with climate
warming. The NFI provides a good coverage of observations within
the elevation range of 400 m to 2,000 m above sea level. Thus, our
findings support the expectation that, in the parts of Europe outside
Scandinavia, our two numerically dominant species (F. lugubris and
F. paralugubris) are typically detected at locations with elevations
greater than 1500m above sea level (Risch et al., 2016). While the
final model from Vandegehuchte et al. (2017) for RWA occurrence
did not include elevation or temperature as explanatory variables,
it did include climate continentality which was assigned a positive
coefficient. This was interpreted as an indirect effect of elevation
because higher elevations in Switzerland are characterized by more
continental climates. The variable selection procedure used by
Vandegehuchte et al. (2017) included a LASSO regularization step.
Supplied with a group of strongly correlated explanatory variables,
LASSO regularization will typically assign only one of these variables
a non-zero coefficient and the identity the variable thus selected
from the group is not meaningful (Zou & Hastie, 2005). In contrast,
we summarised each group of strongly correlated explanatory vari-
ables with a single synthetic variable. Considered in this context, we
gain similar information about RWA associations with temperature

and elevation from our models as we do from the selected model of

Vandegehuchte et al. (2017). In each of our studies, it seems that a
group of correlated variables that included elevation, temperature
and (where present) climate continentality were useful for predicting
RWA occurrence. The LASSO step in the analysis of Vandegehuchte
et al. (2017) appears to have resulted in climate continentality serv-
ing the purpose of this group in their selected model with other
strongly correlated variables being assigned coefficients of zero.
Our approach instead summarised the group containing elevation
and temperature statistics with a single synthetic variable and this
synthetic variable was found to be useful for predicting RWA oc-
currence. Both other broad spatial scale studies of RWA habitat
associations did not consider the influence of elevation or tempera-
ture directly (Dekoninck et al., 2010; Procter et al., 2015). However,
Sorvari(2016) identified climate warming as a key threat facing RWA.

Our finding of a positive association between RWA mound
occurrence and conifers is supported by other broad spatial scale
studies (Procter et al., 2015; Vandegehuchte et al., 2017) and the
review of Risch et al. (2016) who report that RWA are typically found
in forests either dominated by conifers or composed of a mixture
of conifer and broad leaf trees. The association between RWA and
conifers has multiple components: RWA incorporate conifer nee-
dles into their mounds when available (Domisch et al., 2008; Lenoir
et al., 2001; Ohashi et al., 2007); conifers continue to provide sap for
the phloem feeding mutualists of RWA when sap flow decreases in
broadleaf trees after leaf-fall; and RWA benefit from the antifungal
and antimicrobial properties of conifer resin which they incorpo-
rate into their mounds when available (Brutsch et al., 2017; Castella
et al., 2008; Christe et al., 2003).

We detected a positive association between the amount of in-
coming solar radiation and RWA occurrence. This supports similar
findings by Vandegehuchte et al. (2017) and those summarised in
Risch et al. (2016). Risch et al. (2016) also emphasized the particular
importance of insolation to smaller mounds, which may be more de-
pendent upon direct warming by the sun in the cooler months during
which ants are active. In addition, we found that increases inincoming
solar radiation were generally associated with larger increases in the
predicted probability of RWA occurrence at cooler, higher elevations
than at warmer, lower elevations. RWA thermoregulate their mounds
during their active periods (Jilkova et al., 2015; Risch et al., 2016).
Consequently, larger amounts of sunlight at higher elevations likely
lead to lower energetic costs of thermoregulation for RWA mounds
at such elevations. The positive association we detected between
RWA occurrence and both gaps in the forest and openness in the
forest canopy also supports the interpretation that warming by sun-
light is important to RWA mounds. Gaps in the forest, described in
terms of crown closure and canopy openness, were also found to be
associated with RWA occurrence by Vandegehuchte et al. (2017) and
F. lugubris occurrence by Punttila and Kilpeldinen (2009). The nega-
tive association between the proportion of open ground in units of
habitat and F. lugubris occupancy detected by Procter et al. (2015)
contrast with both these and our findings. However, this should not
be extrapolated to a preference for continuous, completely closed

canopy structures because the proportion of open ground had a
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minimum value of 15% in the data collected by Procter et al. (2015).
Similarly, our results should not be extrapolated to a preference for
unvegetated, open ground because all our data came from habitats
with sufficient vegetation to meet the NFI classifications of forest
or shrub forest. Thus, there is agreement between our findings
and those of Procter et al. (2015) in so far as RWA were detected
in areas of vegetation with some openness even if the direction of
the associations we detected with openness contrast. Furthermore,
as reviewed by Risch et al. (2016), there is considerable variation
among RWA species in apparent preferences for canopy closure.
Canopy gaps also encourage the growth of ground cover vegeta-
tion, which can provide favourable habitat for RWA (Vandegehuchte
et al., 2017). This association was strong enough in our data that
gaps in the forest, canopy cover and cover by ground cover vege-
tation were grouped and summarised by a single synthetic variable
during our dimension reduction step. This synthetic variable, NFI.
51.C13, was moderately correlated with elevation (r = 0.56), but only
weakly correlated with any of our synthetic variables that described
direct human disturbance of the forest (|r| < 0.3). This suggests that
the forest characteristics described by NFI.S1.C13 were associated
with elevation rather than forest management.

We found RWA occurrence to be negatively associated with
temperatures during the driest 3 months of the year. In our data,
these months typically intersected the period from late autumn to
early spring during which RWA are dormant. Warmer temperatures
during the dormant period disadvantage poikilothermic animals,
such as RWA, by raising their metabolic rates and thereby forcing
them to consume more of their winter energy stores (Sorvari, 2016).
Thus, our results support concerns for the prospects of RWA in
Switzerland in the context of the predicted warming of Swiss winters
(National Centre for Climate Services, 2018).

Our results suggest an association between RWA mounds and
soils with a lower potential wetness given rainfall as estimated by a
soil wetness index. RWA excavate a system of chambers below their
mounds which help to aerate the mound and serve as winter quar-
ters (Frouz et al., 2016). Consequently, RWA would be disadvantaged
by soils in which such chambers have the potential to be flooded.
This could also explain the results of Punttila and Kilpeldinen (2009)
who found F. aquilonia to be more frequent on mineral soils than in
mires in Finland. In this study only F. uralensis was more frequently
detected in mires than on mineral soils and this species was not pres-
ent in our data. Thus, our results could be interpreted to be in accor-
dance with those of Punttila and Kilpeldinen (2009) if interpreted
in terms of indicators of the potential for below ground chambers
to flood.

5 | CONCLUSIONS

Wedid not find evidence that RWA occurrencein Swiss forests wasin-
fluenced by: forest management actions that produced disturbances
less severe than complete habitat destruction; recreational use of

the forest; proximity to roads; or proximity to buildings. However, we
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lacked observations from the same sites both before and after such
human-related disturbances commenced. Nevertheless, the RWA
data used in this study provide a baseline for comparison to the data
that will be collected in future NFls. Such comparisons will be impor-
tant to investigate whether human-related disturbances are associ-
ated with RWA gains or losses over time across a broad spatial scale
in Switzerland. This information will be highly valuable for RWA con-
servation and is currently absent from the literature. In the interim,
we recommend the following strategies to aid the conservation of
RWA in Switzerland: forests with high proportions of conifers should
be conserved with priority given to those at higher elevations; and
forests should be managed to remain open enough that sunlight can
reach the level of ground cover vegetation with minimal disturbance
to such vegetation. Our recommendations generally align with those
of the other three broad spatial scale studies of RWA habitat associa-
tions. Dekoninck et al. (2010) recommended the conservation of ex-
isting RWA habitat and Vandegehuchte et al. (2017) recommended
the conservation and establishment of coniferous forests. Procter
et al. (2015) even found that plantations of non-native conifers can
provide suitable additional habitat for F. lugubris. However, the es-
tablishment of additional native coniferous forests would be more
conducive to the promotion of biodiversity. Both Vandegehuchte
et al. (2017) and Dekoninck et al. (2010) recommended forest man-
agement that promotes varied vegetation structures and open
canopies. Our recommendation regarding ground cover vegetation
supports that of Vandegehuchte et al. (2017) but contrasts with that
of Dekoninck et al. (2010). However, this contrasting recommenda-
tion is specific to forest edges in Belgium while our recommenda-
tions and those of Vandegehuchte et al. (2017) concern all forested
areas of Switzerland. Finally, the negative associations we detected
between RWA occurrence and temperatures raise concerns for the
prospects of RWA in Switzerland in the context of the warmer win-
ters predicted for all of Switzerland in coming decades and the more

extreme climate warming predicted for alpine regions.
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