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Abstract
1. Species distribution models (SDMs) have been widely used to create
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Within Great Britain, the National Vegetation Classification (NVC) is the
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currence data as inputs. Environmental policy is informed by knowledge
of community distributions, but there have been fewer attempts to utithese. Many countries have vegetation community classification systems which include phytosociological information on individual species.
primary standard for vegetation communities, and while maps have been
produced at regional scales, cost-e ffective techniques are required for
national scales.
2. Published NVC occurrence records of 22 upland NVC communities in England
and Wales were used as observed occurrences (presence-only data). Predictors
for the CDMs were enhanced vegetation index (EVI), elevation, slope, aspect,
temperature and rainfall. Five modelling methods were investigated: generalised
linear models (GLMs), support vector machines (SVMs), random forests (RFs),
maximum entropy (MaxEnt) and maximum likelihood (MaxLike). Model quality
was assessed via bootstrapping via area under the curve (AUC), true skill statistic (TSS) and Kappa index.
3. There were only small differences in the accuracy of the models (median TSS
model accuracy 0.742; range 0.280 to 0.873) with RF models the best overall CDM method. Across all NVC communities, summer and winter maximum
temperatures and annual rainfall were the most important predictor variables.
NVCs with spatially disjunct distributions in both lowlands and uplands, or that
responded to localised management or environmental conditions, were poorly
predicted.
4. Synthesis and applications. Vegetation communities can be reliably predicted at
large spatial scales using CDMs from extant datasets. Management practitioners
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can use community-level predictions to design targeted field surveys for individual species typically associated with specific communities. Most existing CS
survey schemes focus on species rather than communities. Hence future development of new CS schemes similar to the National Plant Monitoring Scheme
(NPMS), that aligns with the NVC, will enable CS data to generate up-to-date
maps of both communities and species.
KEYWORDS

citizen science, community distribution models, EVI, machine learning, remote sensing, SDM,
vegetation communities, vegetation mapping
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I NTRO D U C TI O N

require the same, or similar, environmental conditions (Chase, 2003).
Similarly, like individual species, individual communities also require

Vegetation ecologists and conservation scientists need large-scale

different ecological conditions, with some being very restricted in

maps of vegetation communities to aid planning, monitor long-term

their requirements while others able to tolerate a range of such

change and identify areas for management interventions (Hearn

environmental factors. Recent research, like that by Norberg

et al., 2011). Such maps are, however, in general labour-intensive,

et al. (2019), indicates that predicting each plant species individually,

time-consuming and therefore costly to produce, as they usually re-

rather than its community, might lead to overfitting of the model,

quire detailed field surveys on the ground. Progress has been made

as well as underperformance, since it will not be considering that

over the last decade to develop vegetation mapping techniques to

other species within the assemblage might be an additional cause

address these challenges, assisted by greater accessibility of spatial

of the community’s occurrence. These problems can be partially

data on environmental and habitat conditions. For example, Bradter

addressed via stacked SDMs and joint SDMs (SSDMs and JSDMs;

et al. (2011) utilised high spatial resolution aerial photographic data

Zurell et al., 2020), or community-level models (CLMs; Maguire

in combination with topographic and soil data to predict upland veg-

et al., 2016). The latter can be viewed as an ‘assemble and predict

etation communities in North Yorkshire, with 87%–92% accuracy.

together’ method (Ferrier & Guisan, 2006; Maguire et al., 2016) and

While this approach has high accuracy at local scales it is essential

is more generalisable to different communities, manageable in terms

for ecologists to access national-scale maps, particularly to guide or

of data requirements and predicts community habitat suitability

implement government policies.

even in cases where some species are absent, but the community

A complementary approach for regional- or national-scale maps

remains the same (Maguire et al., 2016).

would be to predict vegetation communities from published re-

SDMs often utilise the MaxEnt (maximum entropy) algorithm

cords on community occurrence via community distribution mod-

(Phillips et al., 2004; Phillips & Dudík, 2008) although other sta-

els (CDMs). Ecologists have developed species distribution models

tistical and machine learning algorithms including generalised

(SDMs) to create predicted species maps from surveys of individ-

linear models (GLM; McCullagh & Nelder, 2019), maximum likeli-

ual species, for example from presence/absence or presence-only

hood (MaxLike; Royle et al., 2012), support vector machines (SVM;

records, the latter often collected via citizen science (CS) schemes,

Vapnik, 2013) and random forests (RF; Breiman et al., 1984) are

where the presence of a species is known, but not its absence

available. Well-established protocols now exist to develop repro-

(Elith et al., 2006, 2011; Franklin, 2010). While presence–absence

ducible data processing pipelines to evaluate and compare SDMs

data can be used in SDMs or CDMs (Horvath et al., 2019) such

created by different methods, for example, the sdm r package (Naimi

species or community datasets are often not available and, there-

& Araújo, 2016).

fore, presence-only data must be used (Maher et al., 2014; Manel

The National Vegetation Classification (NVC) describes the

et al., 2001). Models developed to analyse presence-only and pres-

major plant communities in Great Britain (Rodwell, 1991) with

ence/absence datasets have primarily been used to predict distribu-

vegetation divided into communities and sub-communities, and

tions of single species, but they can be readily adapted to inform our

species lists at each level. Other countries have similar vegeta-

understanding of potential distributions of vegetation communities.

tion community classifications to describe semi-natural and natu-

This stems from vegetation theories developed by Clements (1916)

ral vegetation communities or relevés (Butler & Sanderson, 2018)

and Gleason (1926), where the former suggested that vegetation

including, the European Vegetation Archive (EVA; European

should be viewed as holistic plant communities or assemblage level,

Vegetation Survey, 2018), Irish Vegetation Classification (IVC;

whereas the latter viewed it from an individualistic perspective with

Biodiversity Ireland, 2018), the United States National Vegetation

continuous interactions between each species. Therefore CDMs can

Classification (USNVC, 2016), the Canadian National Vegetation

be applied in a similar way to SDMs (Baselga & Araújo, 2010), if it

Classification (CNVC, 2013) and the New Zealand National

is assumed that the community being predicted comprises multiple

Vegetation Survey Databank (NVS; Landcare Research, 2016). The

co-occurring species, albeit at different levels of dominance, that

original printed NVC handbooks contain maps of Great Britain
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that indicate where field samples were collected for each (sub-)

|

3

are at a broader scale than vegetation communities, but given the

community during the development of the NVC at a resolution of

importance of the latter in defining the finer-grain structure of habi-

10 km squares. These maps have been re-p ublished in digital for-

tats (DEFRA, 2007) cross-t abulations have now been published to

mat (JNCC, 2009, 2016) utilising updated information by Averis

link UK BAP with NVC (JNCC, 2008). We used this information to

et al. (2004). The main aim of this research was to demonstrate the

identify upland (over 250 m elevation) NVC vegetation communi-

value of using these types of vegetation community occurrence

ties and selected the communities that are listed in the UK BAP for

data to predict vegetation communities at a national scale using

conservation importance under the following broad NVC headings:

five commonly utilised modelling techniques.

calcicolous grasslands (CG), heaths (H), mires (M), calcifugous and
montane grasslands (U), woodland and scrub (W) and mesotrophic

2
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grasslands (MG).

M ATE R I A L S A N D M E TH O DS

2.1 | Study region and input data

2.3 | Development and testing of NVC community
distribution models

We restricted our study to England and Wales, rather than the whole
of Great Britain. Borders of England and Wales were obtained as

A wide range of values have been suggested as the minimum num-

shapefiles from Ordnance Survey and imported using the r sf pack-

ber of observation records required to develop distribution models.

age (Pebesma, 2019) to provide a ‘clipping’ boundary for subsequent

These range from 10 per predictor for regression-based models

maps. The raster layers used in distribution models were (a) digital

(Harrell, 2015), 50 records in general (Kadmon et al., 2003), compared

elevation model (DEM; USGS, 2010) at 30 m spatial resolution, (b)

to 14 records for narrowly ranged species and 25 for widespread

slope and (c) aspect, both of which were derived from the DEM data

ones (van Proosdij et al., 2016). More records are usually required

package (Hijmans et al., 2019), (d) mean monthly

for widespread or ubiquitous species, as their exact distributions are

minimum and maximum summer and winter temperatures (of warm-

likely to be harder to model. As we were limiting our CDMs to NVC

est and coldest months) at 1 km resolution from the WorldClim

vegetation communities that primarily, although not exclusively,

dataset (Fick & Hijmans, 2017), (e) mean annual rainfall at 1 km reso-

were recorded from the uplands, we set a cut-off for the number

lution from the WorldClim dataset (Fick & Hijmans, 2017) and f) en-

of records of 25. Vegetation community distribution presence data

hanced vegetation index (EVI) calculated from 1 km resolution mean

from the JNCC Excel interactive maps (JNCC, 2009) include UK

monthly MODIS satellite data from January 2000 to December

National Grid coordinates for all records. These were imported into

2010 (USGS MOD13A3; https://lpdaacsvc.cr.usgs.gov/appeears/).

R (R Core Team, 2020) and saved as spatial dataframe objects using

using the

r raster

WorldClim data are averages from 1970 to 2000. All feature and ras-

the sf package (Pebesma, 2019) and exported as shapefiles for future

ter data were converted from the original coordinate reference sys-

use. The NVC records were only recorded at a 10 km grid resolution

tem (CRS) to the British National Grid coordinate reference system

and therefore there is positional uncertainty in the exact location

(EPSG:27700). Feature data were manipulated with the

package

of the original data (Naimi et al., 2014). The points for these records

(Pebesma, 2019) and raster data with the

sf

package (Hijmans

were aligned with the centroids of the relevant 10 km raster cells in

et al., 2019) in R (R Core Team, 2020). All input maps were rescaled

the environmental predictor maps. Environmental predictors were

to the same spatial resolution of the vegetation community data of

stored as a ‘raster stack’ which is a set of multiple raster layers with

10 km (see below) as mean values within each 10 km grid cell. It is

the same spatial extent and resolution that can be conveniently han-

important to minimise collinearity between potential predictor vari-

dled as one raster object (Hijmans et al., 2019). The NVC vegetation

ables (Chatterjee & Hadi, 2015) for several of the modelling methods

community records were presence-only (occurrence) data therefore

and we calculated variance inflation factors (VIFs; Marquardt, 1970)

random pseudoabsence datapoints (or background data) were gen-

before running the models. Any explanatory variables with a VIF

erated for each community for each bootstrap (see below) of predic-

greater than 10 were excluded from all subsequent analyses to mini-

tions. Both Phillips and Dudík (2008) and Barbet-Massin et al. (2012)

mise collinearity (Chatterjee & Hadi, 2015).

recommend up to 10,000 pseudoabsences for a conventional SDM

raster

model. At the 10 km grid resolution of our raster maps there would

2.2 | Target NVC communities and distribution
maps

be insufficient pixels for this number of pseudoabsences to be
meaningful. However, Barbet-Massin et al. (2012) conducted a detailed simulation study of a variety of pseudoabsence and bootstrap
methods, and reported that 100 pseudoabsences in combination

The UK Biodiversity Action Plan (UK BAP; JNCC, 2016) was devel-

with as few as 10 bootstrap replications also gave robust results. We

oped in response to the 1992 Convention on Biological Diversity. It

therefore implemented this latter strategy, although we increased

describes the biological resources of the United Kingdom and pro-

the number of bootstrap replications (see below). After generation

vides measures for the most threatened species and habitats requir-

of the pseudoabsence records, these were combined with the ob-

ing higher levels of conservation protection. The UK BAP habitats

served records and the raster stack of environmental (predictors)
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data to create a ‘sdmData’ object, for use in the CDM itself. A flow-

all NVC community models. Importance of individual predictor

chart summarising the procedure is given in Figure 1.

variables followed the methods of the BIOMOD SDM (Thuiller

A convenient formula interface is used to define a SDM model

et al., 2009). This determines the Pearson correlation between the

using the ‘sdm’ function (Naimi & Araújo, 2016) as ‘community ~

fitted (predicted) values with the original environmental variables,

explanatory variables’. SDMs were fit using five methods, (a) gen-

in comparison with predictions made where the environmental

eralised linear models (GLMs), (b) random forest (RF) models, (c) sup-

variable of interest has been randomly permuted, with other envi-

port vector machine models (SVMs), (d) maximum entropy (MaxEnt)

ronmental variables unchanged. High correlations between the pre-

and (e) maximum likelihood (MaxLike). Default settings were used

dictions made where the environment variable under investigation

for all five models, for example no polynomial or interaction terms

is in its original order, and predictions where it has been randomly

in the GLM, beta regularisation for MaxEnt, 1000 initial trees in ran-

permuted indicate that the environmental variable is unimportant,

dom forest: tuning and regularisation parameters may affect model

therefore the metric is usually reported as ‘1 – correlation’ so that

performance, and the full list used is shown in the Table S2. To assess

important variables have the highest score. The technique is inde-

model accuracy the most robust approach would be a completely

pendent of the underlying model being used (Thuiller et al., 2009).

independent dataset (Araújo et al., 2005), that is, an equivalent nationwide survey of NVC communities. As such data were not available, model evaluation was undertaken via bootstrapping (Hastie
et al., 2009): repeated samples were drawn from the original observation data, with replacement, repeating each bootstrapping repli-

3
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R E S U LT S

3.1 | Target NVC communities

cation 100 times (i.e. each model type used 100 pseudoabsences,
and was averaged across 100 bootstraps; Naimi & Araújo, 2016).

Forty-three NVC communities were selected from UK BAP habi-

Three model evaluators were used, (a) receiver operating charac-

tats (Table 1) of which 30 had more than 25 occurrence records.

teristic area under curve (AUC; Fielding & Bell, 1997), (b) true skill

The number of records ranged from 12 in the H9 Calluna vulgaris–

statistic (TSS; Allouche et al., 2006) and (c) Kappa (Cohen, 1960).

Deschampsia flexuosa heath community to 197 in the M25 Molinia

AUC is a measure of the area under the curve of a receiver oper-

caerulea–Potentilla erecta mire. Across all 43 communities there was

ating plot (ROC) which displays the true positive rate (sensitivity)

a total of 1,860 records (mean 43, median 28, per community).

against the false positive rate (1—specificity, where the specificity
is the proportion of negatives that can be correctly identified). It
provides a threshold-independent measure of model performance

3.2 | Model accuracy and importance of predictors

and has been widely used in ecology (Gogol-Prokurat, 2011; Manel
et al., 1999; McPherson et al., 2004). TSS is a more recent measure

Minimum winter temperature had a VIF score greater than 10 and

of model performance that aims to be relatively simple, while mini-

was excluded from subsequent analyses. All metrics (AUC, TSS and

mising any biases in the assessment of the model that may arise from

Kappa; Figure 2) showed very similar trends in accuracy between

species prevalence. TSS is calculated as sensitivity + specificity –1.

CDM model types with RF, followed by SVM and MaxEnt having

Cohen’s Kappa is a widely used measure to compare observations

the highest TSS accuracies, while MaxLike the lowest TSS. Across

and predictions, and varies from −1 to +1, with values of 0 or less no

all SDMs, RF models had highest performance for CG9 (TSS 0.843)

better than random, and values of +1 perfect agreement (Allouche

and the lowest was M27 (TSS 0.316). The median TSS for random

et al., 2006).

forest was 0.746.

After exclusion of highly collinear predictors based on VIF (see

The overall importance of each model predictor across all

above) the same set of environmental predictors were used across

communities is summarised in Figure 3, with summer and winter

Raster Stack
Randomise
Background
Absences

Combine

SDM package

Presence-only data

F I G U R E 1 Generating a sdmData object that contains vegetation community data and predictor information

Create

sdmData
Object

BUTLER and SANDERSON

TA B L E 1 Upland NVC vegetation
communities under their five broad
community types. The number of
occurrence records, in terms of unique
geometries (i.e. individual 10 km squares),
for each community in brackets. Note that
there can be multiple records for a single
10 km square. Communities with more
than 25 occurrences in bold. See Table S1
for full Latin names and descriptions of
each community

Journal of Applied Ecology

|

Calcicolous
grasslands (CG)

Heaths (H)

Mires (M)

Calcifugous and
montane (U)

Woodland and
scrub (W)

CG9 (37)

H8 (93)

M1 (18)

U7 (14)

W9 (124)

CG10 (90)

H10 (82)

M2 (71)

U10 (16)

W19 (13)

CG11 (8)

H13 (4)

M3 (52)

U13 (2)

CG12 (1)

H14 (4)

M4 (89)

U15 (5)

CG14 (2)

H15 (2)

M5 (22)

U16 (49)

H16 (1)

M8 (7)

U17 (28)
U21 (33)

H18 (148)

M9 (23)

H19 (12)

M11 (17)

H21 (54)

M16 (75)

H22 (1)

M17 (39)

5

M18 (82)
M20 (141)
M21 (57)
M25 (197)
M26 (3)
M27 (50)
M29 (48)
M37 (41)
M38 (4)

maximum temperatures followed by annual rainfall being the most

community distributions, providing examples for NVC communi-

important predictors that CDMs use for NVC vegetation community

ties where model performance (for all metrics) was relatively high,

distribution modelling. This was the typical pattern across the ma-

around the median or relatively poor. Note that the predicted val-

jority of NVC communities, although there were some such as H8

ues in Figures 4–6 should not interpreted as simple probabilities of

Calluna vulgaris-Ulex gallii heath where elevation and EVI were most

occurrence of each community, due to differences in model type,

important or H21 Calluna vulgaris–Vaccinium myrtillus–Sphagnum

for example MaxLike versus MaxEnt (Merow et al., 2013) and due

capillifolium heath where slope and annual rainfall were key predic-

to the use of pseudo-absence data for other models and thus may

tors, (see Supporting Information for individual variable importance

not reflect the true prevalence of NVC communities (also see

graphs for each NVC community).

Discussion),
The U17 Luzula sylvatica–G eum rivale tall-h erb community

3.3 | NVC vegetation community maps for England
and Wales

(Figure 4) had relatively high AUC, TSS and Kappa scores for all
models; it is an upland acid grassland community with records
mainly restricted to the Lake District and North Pennines in
North West England and parts of Wales. U17 was predicted best

The spatial patterns displayed in the predicted maps across

by MaxEnt and SVM (TSS of 0.836 and 0.834 respectively) while

England and Wales for the 22 NVC communities were extremely

MaxLike (TSS 0.790) performed least well. Annual rainfall and

variable (see maps in Supporting Information), reflecting both the

summer maximum temperatures were the most important pre-

ecological requirements of individual communities and differences

dictors of the U17 community, and CDM maps closely aligned

in the CDM model used. Note that only one set of NVC observa-

with observations for all except MaxLike (Figure 4). The H18

tion records were available, which were used to construct these

Vaccinium myrtillus–
D eschampsia flexuosa heath community

CDM maps (via bootstrap validation). Ideally, an additional inde-

(Figure 5) is a wet heath, often with abundant growth of mosses,

pendent dataset of NVC communities across the whole of England

and is common throughout many upland areas in Wales and

and Wales would be required for a more robust quantitative evalu-

England, including parts of upland areas in South West England

ation and validation of the models (Araújo et al., 2005; Vaughan &

(Dartmoor and Exmoor) and on the North Yorkshire Moors in

Ormerod, 2005). Furthermore, while we undertook a qualitative

North East England. CDM performance (TSS 0.777 with MaxEnt)

visual comparison of predictions and observations, no information

was around the median for all the NVC communities, and was

on sampling intensity was available, which may have spatially bi-

poorest for MaxLike (TSS 0.735). Winter maximum temperature

ased the number of NVC occurrence records across England and

was the most important predictor and, for all models except

Wales. By way of illustration, Figures 4–6 summarise predicted

MaxLike, the CDM predictions appeared to have a reasonably

6
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F I G U R E 2 Boxplots of overall model performance for the five model types, for (a) AUC, (b) TSS and (c) Kappa across all 22 NVC
communities with more than 25 sets of occurrence sites
F I G U R E 3 Overall mean predictor
importance (1 –Pearson correlation) for
all CDMs across all NVC communities
±95% CI

good spatial match with observations across England and Wales.

4
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DISCUSSION

Figure 6 shows observations and predictions for M27 Filipendula
ulmaria–A ngelica sylvestris mire which was relatively poorly pre-

This is one of the first attempts to predict upland vegetation commu-

dicted by all the CDMs (highest TSS 0.332 MaxEnt). This com-

nities from published data at a national scale using CDMs, and while

munity is relatively widely distributed, with occurrence records

the results were not as accurate as previous regional-scale studies

in parts of the lowlands as well as the uplands. Summer maximum

(Bradter et al., 2011) the technique nevertheless has considerable

temperature, annual rainfall and EVI were the most important

potential. The technique developed is generalisable in that it could

predictors.

be used in any country where maps of vegetation communities have

BUTLER and SANDERSON
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F I G U R E 4 U17 Luzula sylvatica–Geum rivale tall-herb community and predicted CDM maps. Black crosses are the 10 km observations.
Values between 0 and 1 should not be interpreted as simple occurrence probabilities (see text)

been created as part of their national vegetation community schema

within a single 10 km square. Thus, one approach to improve

(e.g. IVC, USNVC). Some of the CDM methods we utilise are similar

the accuracy of the CDMs might be to weight the 10 km occur-

to those already in widespread use by applied ecologists in to predict

rence data by the number of occurrence records of within each

species distributions, and thus both their strengths and weaknesses

10 km square. It would, however, be difficult to create a single

are already well documented and understood (Franklin, 2010). In

multi-class model to predict all communities, given that multiple

addition, the models created use a relatively small number of envi-

communities co-o ccur within 10 km squares. Uncertainty in the

ronment variables as predictors, many of which are either publicly

location of observation records can have a negative effect on

available or can be obtained through calculations of freely available

the accuracy of model predictions (Naimi et al., 2014), therefore

datasets, increasing generalisability of the methods. While these

future community vegetation surveys should ensure that pub-

types of models are more traditionally applied to individual spe-

lic records are available at the finest spatial resolution possible,

cies rather than communities, they appear to have been effective

for example, from hand-h eld GPS. Second, we did not incorpo-

to predict the latter in our study. Nevertheless, the approach used

rate a predictor for management, such as livestock grazing or

has several key limitations, which need to be considered both in in-

rotational burning, the latter being a common practice in parts

terpretation of our results, and prior to its implementation in other

of the British uplands, especially on heather moorland (Milligan

contexts.

et al., 2018). Management is known to have major effects on veg-

First, the published NVC maps are only available at 10 km spa-

etation communities (Ewald, 2003), with human interventions

tial resolution, and while the original maps from Rodwell (1991)

being essential for maintenance or existence of a community in

have since been updated and used in this study, the resolution is

some contexts (Rodwell, 1991; Sanderson et al., 1995). Within

still relatively coarse. Thus, even where predictor variables are

England and Wales, a stratified sample of farms is surveyed by the

available at higher spatial resolution, as was the case in this study,

UK Government via online questionnaires each year (sometimes

the reliability of the final predictions was constrained by the po-

referred to as the ‘June Census’), which includes measures such as

sitions in geographic space of the original NVC community occur-

the numbers of livestock holdings. These have been converted to

rence data. Note that the data used in the creation of the NVC

raster maps of different resolutions that include numbers of sheep

sometimes include multiple occurrence records of a community

and cattle, based on extrapolations for non-surveyed farms from

8
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F I G U R E 5 H18 Vaccinium myrtillus–Deschampsia flexuosa heath community predicted CDM maps. Black crosses are the 10 km
observations. Values between 0 and 1 should not be interpreted as simple occurrence probabilities (see text)

previous years, by Edina Digimap (Edinburgh University; https://

Bradter et al. (2011) also reported random forest as an effective

digima p.edina.ac.uk/agcensus). Unfortunately, the authors did

method to predict NVC distributions albeit, in their case, at a much

not have access to these datasets as they are not Open Access,

finer spatial resolution (5 m), in combination with remote-sensed

although classified satellite data might provide a coarse surro-

information from air photography that utilised pixel radiances from

gate variable for some aspects of management. Third, we utilised

red, green and blue reflectance bands, but for a relatively small geo-

presence-o nly data and presence-b ackground models, rather than

graphic area (Yorkshire Dales National Park, UK). As the aim of our

presence–a bsence models, and while the former models dominate

study was to make NVC predictions at national scale (England and

the literature, because of data availability, the latter can be more

Wales) we did not have access to equivalent data, and therefore re-

accurate. See Elith et al. (2020) for a recent review. Fourth, our

lied on surrogates, in the form of the MODIS EVI. Temperature (sum-

assessments of CDM performance have been via bootstrap resa-

mer and winter maxima) and annual rainfall proved to be the most

mpling rather than using independent maps of national surveys of

important three predictors overall, probably reflecting the predom-

plant communities, and therefore may result in inflated estimates

inantly upland and western distribution of most of the communities

of model accuracy (via AUC, TSS or Kappa); this inflation in model

considered. EVI is considered a good indicator of the phenology of

accuracy can be greater in RF than GLM approaches (Wenger &

land cover types (Gao et al., 2009; Zhang et al., 2003) and it was

Olden, 2012). Finally, while we did not detect any relationship

the most important predictor variable in upland communities with

between the number of records and model accuracy metrics, we

high vegetation biomass, for example W9 Fraxinus excelsior–Sorbus

used the default settings for all five models. Distribution models

aucuparia–Mercurialis perennis woodland (Figure S22). A preliminary

are often sensitive to the exact settings used, especially the regu-

analysis (not shown) indicated that soil type, as measured via Soil

larisation parameter β in MaxEnt (Merow et al., 2013) and MaxLike

Survey of England and Wales, was a poor predictor of community

(Fitzpatrick et al., 2013; Royle et al., 2012). Model accuracy could

type and it is likely that this may have been due to the relatively

probably have been improved if these had been fine-t uned, al-

coarse 10 km resolution used in this study.

though Phillips and Dudík (2008) suggest that the defaults are

It was noticeable that our models performed poorly on NVC com-

generally acceptable if there are a large number of records being

munities that had relatively wide distributions such as M27 Filipendula

analysed.

ulmaria–Angelica sylvestris mire (Figure 6), or disjunct distributions in
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F I G U R E 6 M27 Filipendula ulmaria–Angelica sylvestris mire community predicted CDM maps. Black crosses are the 10 km observations.
Values between 0 and 1 should not be interpreted as simple occurrence probabilities (see text)

restricted lowland regions, as well as upland areas, such H8 Calluna

varying dataset sizes and are robust against over-fitting (Belgiu &

vulgaris–Ulex gallii heath (Figure S3). This may reflect the environmen-

Drăguţ, 2016; Kampichler et al., 2010). Overall results demonstrated

tal and management requirements of these communities, and the lim-

that RF models had the highest accuracy while MaxLike gave the low-

itations imposed by the available predictor data used in this study, but

est accuracy across all models, although differences in model perfor-

has also been evident in some SDMs of single species if widely distrib-

mance between the five methods were relatively small. MaxLike is

uted (Ranc et al., 2017). While M27 Filipendula ulmaria–Angelica sylves-

less effective with presence-background than presence-only data,

tris mire is geographically widespread, its occurrence is relatively local,

especially with low number of records (Merow & Silander Jr, 2014).

often found in wet flushes, protected from grazing (Rodwell, 1991)

MaxEnt is generally more widely used among ecologists, but the ac-

which could not be located from the coarser spatial predictors used

tual values produced by the model are better considered as a ‘suit-

in this study. Likewise, H8 Calluna vulgaris–Ulex gallii heath which

ability index’ in contrast to a ‘probability of occurrence’ from MaxLike

was relatively poorly predicted (TSS RF = 0.603, SVM = 0.602). This

(Royle et al., 2012). RFs build numerous independent hierarchical

community occurs on acidic, often grazed but relatively free-draining

trees and averages the final output, with each tree is built on a sub-

soils, and is found both in upland areas as well as parts of lowland East

sample of training data and uses the predictor variables to increase

Anglia. Habitat management varies according to both conservation

the resulting tree to maximum size (Evans et al., 2011). Both random

status as well as their agricultural importance (Miller & Hobbs, 2007;

forests and SVMs are sometimes considered as machine learning

Thompson et al., 1995; Tscharntke et al., 2005). While environmental

methods. SVMs assume that variable data are linearly correlated and

management was not available as a predictor variable, the conser-

separated in space (or hyperplane; Mountrakis et al., 2011; Pouteau

vation and management practices are an important component of

et al., 2012), whereas RFs are not constrained by this assumption.

the UK Biodiversity Action Plan (BAP). The selection of target NVCs

It might be that this greater flexibility of RF methods explains their

within BAP Priority Habitats then becomes an important aspect for

slightly better overall model predictions of NVCs.

CDM modelling especially for communities of statutory conservation
value (Pywell et al., 2011; Tscharntke et al., 2005).

Ferrier (2002) outlined three broad approaches to community-
level modelling: (a) assemble species into communities first, predict

This research tested five methods for CDM generation: GLMs,

later, (b) predict species first, assemble into communities later, (c)

SVM, RF, MaxEnt and MaxLike. Random forests can fit models against

assemble and predict species and communities simultaneously. All
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three approaches have their strengths and weaknesses (Ferrier &

stratified by region and habitats (through the Land Cover Map and

Guisan, 2006) and our approach for CDMs aligns most closely with

Biodiversity Action Plan Priority Habitats). Of key importance is that

the first of these alternatives. The second is sometimes considered

the plant species that volunteers are asked to focus on were derived

a ‘stacked’ SDM (SSDM) as it weights multiple SDM models from

from the weighted occurrence of species within the NVC system, so

various methods together (Schmitt et al., 2017), while the third typ-

as to be representative of each community, while at the same time

ically utilises simultaneous multivariate analysis of species and en-

avoiding species that would be taxonomically challenging for ama-

vironment, for example, through constrained ordination (Dirnböck

teur botanists. This is termed the ‘wildflower level’ of participation

et al., 2003). More complex approaches for distribution modelling

to minimise identification errors (Pescott et al., 2015). As data from

such as hybrid-SDMs (H-SDMs) include both correlative and mech-

the NPMS align with NVC communities, it will be straightforward to

anistic components, but requires good understanding of species

adapt the distribution modelling methods we describe to make use

functional traits/niche requirements (Kearney & Porter, 2009). A

of this CS resource as its database expands (https://www.npms.org.

major advantage of our CDM approach is its relative simplicity, and

uk). The NPMS is also designed to monitor trends with environmen-

the ease with which it can be generalised.

tal conditions, and as such is likely to be more flexible in detecting

Distribution models based on community-level data are likely to

long-term change in species distributions.

be useful to identify potential distributions of rarer species through
‘pooling’ of data (Ferrier & Guisan, 2006). By ‘pooling’, Ferrier and
Guisan (2006) indicate that the distribution of those communities

5
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known to contain rare species can be predicted more accurately
than the distribution individual rare species themselves, as SDMs of

Our results indicate that predictive maps of vegetation communities

the latter are likely to be less accurate due to insufficient species ob-

can be readily constructed via CDMs. Most key predictor variables

servation records. The ability to generate predicted distributions of

needed for such models can be relatively easily obtained from open

plant communities therefore has practical management advantages

data sources, including publicly available remote-sensed EVI data, to

for field ecologists, in that they can be used to guide future sampling

predict community distributions at national scale. The main barrier

efforts to determine the occurrences of rarities. For example, CG9

to the wider adoption of these techniques is lack of observational

Sesleria albicans–Galium sterneri calcarious grassland (Figure S1),

data on vegetation community distributions. We recommend de-

U17 Luzula sylvatica–Geum rivale tall-herb community (Figure 4) and

velopment of co-participatory CS volunteer schemes that integrate

M17 Scirpus cespitosus–Eriophorum vaginatum blanket mire (Figure

ease of use, and hence long-term uptake, within the framework of

S11) were all predicted with relatively high accuracy (TSS 0.820

existing national vegetation community classifications. National

or above). All three contain plant species included in the national

vegetation community data also need to be available at relatively

Red Data List for vascular plants (Stroh et al., 2014) using the IUCN

high spatial resolution for maximum value. This will allow ongoing

Guidelines (IUCN, 2012), namely Carex ericetorum (CG9; vulnerable),

rapid updates to plant community maps, and aid research practition-

Parnassia palustris (U17; vulnerable) and Drosera anglicans (M17; en-

ers wishing to locate potential hotspots of rarer communities and/or

dangered). All three species are reported as occurring in approx-

species of higher conservation value. This approach will help inform

imately 1 in 5 (20%) of the published NVC community quadrats

development of conservation strategies by national policymakers.

surveyed, and thus the inclusion of CDMs in the ‘toolkit’ available
to field ecologists may help them target additional field surveys and
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