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1 Executive Summary

OBJECTIVES

1. Review the current knowledge base for atmospheric nitrogen pollution impacts on
biodiversity.

2. Further develop and test modelling techniques to help quantify the impacts of
atmospheric nitrogen deposition on biodiversity nationally.

3. Apply the modelling techniques to a sample of habitats and sites to examine current
and projected levels of the nitrogen threat (from atmospheric and other sources) to
habitats and sites of high nature conservation importance.

4. Provide a preliminary interpretation of the results with respect to achievement of: i) the
Public Service Agreement target for achieving favourable conditio n on SSSIs; and ii)
Biodiversity Action Plan targets for priority habitats and species and related indicators of
biodiversity (eg. Country Biodiversity Strategy indicators).

5. Develop proposals for Phase 2 of his work which should allow for a wider
geogrgphical application of the models.

METHODS

1. A program of research was undertaken to develop and test models for predicting the
impact of nitrogen deposition on plant species composition and biomass in UK Priority
Habitats. The ultimate goal was to produce a modelling capability that could test
scenarios of the impact of multiple drivers on Priority Habitat patches in terms of policy
relevant indicators especially change in Common Standards Monitoring attributes. The
core activity involved developing and testing predictions of habitat suitability for higher
and lower plants based on a dynamic soil model (MAGIC) whose outputs were used as
inputs to empirical species niche models (GBMOVE).

2. Empirical niche models were constructed for 971 higher plants, 233 bryophytes and 74
lichens. These took the form of a multiple logistic regression equation for each species.
Two sets of models were produced: A first generation had mean Ellenberg R, W, N and
cover-weighted canopy height as explanatory variables. A second generation additionally
included three climate variables (min Jan and max July temperatures and precipitation)
however these abiotic+climate models were not tested in this project.

3. The linkage of the species models to outputs from the dynamic soil model MAGIC was
based on MAGIC simulations of annual change in soil chemistry on eleven test sites
predicted for annual time steps between 1850 and 2050. At each of these test Sites,
predictions of historical and future atmospheric S and N deposition were used as input to
MAGIC. In addition MAGIC was paramaterised using present-day soil chemistry
measured in each Priority Habitat.

4. Additional testing focussed on the uncertainty contributed by a series of calibration
equations between mean Ellenberg R and N values and soil C/N and soil pH. These
equations allow soil model outputs to be input into the GBMOVE species models.

5. The emphasisin this project was primarily on the impacts of N deposition but in order
to develop a capacity for testing realistic scenarios of past and future ecological change
we sought to develop linked models and filters sensitive to other key drivers that could
constrain or exacerbate the effects of atmospheric nitrogen.. Hence, modelling biomass
accumulation was based on testing and modifying the Dutch SUMO model. Two separate
trait-based filters were also developed. The first was designed to allow ranking of



Common Standards Monitoring (CSM) species by their likely ease of dispersal into a
modelled Priority Habitat patch from the local species pool. The second was designed to
allow ranking of species by their expected ability to withstand or suffer from grazing by
large herbivores. In addition, two further statistical models were developed to predict
plant species-richness and probability of occurrence of rare species.

6. A parallel activity sought to complement the detailed modelling work by assessing the
extent to which a database of risk factors, each of which could constrain or exacerbate the
effects of increased atmospheric nitrogen deposition, could be assembled for all UK
ASSI/SSSI. The objective being to scope the potential for a UK-wide risk assessment
based on an integration of the information provided by risk factors coupled with
empirical CL exceedance for nitrogen.

RESULTS

1. Three sites — Moorhouse Hard Hills, Porton Down and Rothamsted Park Grass -
provided time-series long enough for testing predicted change in abundance of plant
species against observations.

2. On two sites, weak and very weak yet significant positive correlations were detected
between observed and predicted direction and rates of change. These results provide a
degree of support for the modelling approach yet particular model components were
associated with high levels of uncertainty and sensitivity that weaken the predictive
power of the models. For example, the robustness of predicted rates of change rather than
simply predicted direction of change was not well tested. At Rothamsted, predictions of
change in species suitability were the reverse of those observed. This was because
observed historical changes in soil C/N, which MAGIC finally reproduced, were actually
inconsistent with the known reduction in vegetation productivity and associated shiftsin
species biomass contributions to the hay crop.

3. GBMOVE species models were partially validated by comparing predicted
environmental optima with published Ellenberg numbers for higher plants and a new set
of Ellenbergstyle pH and fertility indices for bryophytes, constructed during this project.
Correlations varied but were all positive. R-squared values ranged from 0.7 (wetness for
higher plants) and 0.61 (soil pH for bryophytes) to lows of 0.33 (fertility for bryophytes)
and 0.43 (soil pH for higher plants).

4. The low explanatory power of the calibration equations between soil properties and
mean Ellenberg scores appeared to be the major influence on poor prediction of species
probabilities. The greatest uncertainty centred on application of the soil C/N versus mean
Ellenberg N relationship in fertile (ie. low soil C/N) vegetation types. The problem can be
addressed by further work creating within-vegetation type calibrations as well as testing
explanatory variables in addition to soil C/N ratio. However this will lengthen the time
required to utimately develop areliable link between species’ response to soil fertility
and changesin N availability output from MAGIC.

5. GBMOVE species models require further individual screening and validation. A
workable strategy would be to target CSM indicator species for habitat types in which the
models performed best; at present heath and bog.

6. In order to model management impacts on the vegetation, the Dutch soil and
succession models SMART/SUMO were tested on a number of UK sites and various
modifications made to adapt the SUMO mode to British conditions. Testing and



validation produced promising results, for example the time series of biomass production
in the Rothamsted Park Grass control plots was very well reproduced. Further testing is
highly desirable yet limited by available data.

7. The empirical models developed for predicting the probability of occurrence of rare
species showed promising results and more work is required to establish how many rare
species could be effectively modelled. Testing against observed data is also desirable.

8. The empirical model for predicting above-ground plant species richness was associated
with very high uncertainty around predicted values. So much so that the model is unlikely
to be areliable tool for predicting patch richness on designated sites.

9. Thetrait-based filters also varied in their reliability. The dispersal filter was considered
reliable however a number of CSM indicators did not have sufficient trait data to have an
index attributed. These need revisiting given the very recent availability of the Europe-
wide LEDA database of traits. The grazing index was unsatisfactory and different
analytical approaches are required.

10. Application of the MAGIC/GBMOVE and SMART/SUMO models to the prediction
of current and future impacts on test sites showed how predictions could be used to
estimate the likely impact of N deposition changes on CSM indicator species relative to
the impact of management change. Predictions appeared to have greater reliability at
peaty, acid and infertile sitesie. with soil C/N ratios greater than about 14. In these
habitats MAGIC appeared to calibrate better to measured soil chemistry and GBMOVE
estimates of habitat suitability were consistently high for species recorded at eachsite.
These case-study tests should be considered a crude first pass. A more sophisticated
capability for scenario testing will follow as models improve and are better integrated.
11. The relevance of the initial model tests to achievement of Habitat Action Plan targets
and expected change in UK and country-level indicators of biodiversity was limited by
the small number of test sites and the low reliability of model predictionsin raised bog
(Dead Island Bog), lowland meadow (Dromore Motte and Rothamsted Park Grass) and
lowland cal careous grassland (Porton Down) Priority Habitats. Model tests suggested
greater reliability in high soil C/N heath and bog habitats. Predictions of the impact of
nitrogen deposition to 2010 in upland heath and blanket bog suggested that characteristic
dominants would not see marked change in habitat suitability. Although predicted
reduction in soil C/N was expected to result in conditions more favourable for negative
CSM indicators such as Bracken, Agrostis stolonifera and Deschampsia flexuosa, the size
of these changes was always small. The implication of minor nitrogen deposition impacts
on site condition was supported by model test results at Moorhouse. Here, a reasonable
degree of correspondence between observed and predicted plant species changes
suggested that change in N and S deposition had indeed impacted the plant community
between 1973 and 2001. However observed changes were clearly not large enough to
have altered the currently favourable condition of the blanket bog unit whose
maintenance seemed more obvioudly linked to appropriately low grazing pressure and
long-rotation burning.

12. Thefinal phase of this project assessed the feasibility of assembling a comprehensive
database of external risk factors for UK designated sites. The aim was to characterise
ASSI/SSSI by values of risk factors that could potentially exacerbate or constrain the
responses of species and habitats to N deposition but that would be hard to quantify or
measure by local conservation staff in a consistent manner across all sites.



13. Therisk factors selected were site area and perimeter to arearatio, agricultural
intensification history, empirical N Critical Load exceedance by Priority Habitat, flood
risk, current growing season length (GSL) and recent change in GSL, and lastly the
extent of intensive versus less intensive semi- natural habitat types around each site.

14. It is currently feasible to assemble arisk database for all factors for al British sites
but time-series of agricultural cersus data and flood risk assessments do not appear to be
readily available for Northern Ireland. Generating a standard index of change in
agricultural productivity requires further research and input from agronomists.

15. Rather, than create a single integrated index of risk, variation in the values of risk
factors would be better used to generate a site classification. This could help stratify and
select sites for alocation of limited resources for monitoring and for testing scenarios of
potential change using the devel oping models.

16. Further work is required to produce linked soil and vegetation models that are fit for
the purpose of reliably testing scenarios of change on terrestrial Priority Habitats. The
results reported here provide a foundation for along-term campaign of model
improvement and building credibility for their practical application.



2 Development and testing of modelsto predict change in plant species
composition and biomassin UK terrestrial Priority Habitats

2.3 Introduction

231 Atmospheric N asadriver of ecological change

The negative impact of surplus N and P on ecosystems is arelatively recent problem
only emerging as a significant concern over the last 50 years (Daton & Brand-Hardy
2003). The main drivers of increased N cycling in Europe over this period have been the
use of artificial fertilizers, manufactured by fixing unreactive N from the atmosphere, and
the burning of fossil fuels (van Egmord et al 2002). At the present time there is evidence
that oxidised forms of N from fossil fuel combustion have recently declined, however
agricultural emissionsremain high (NEGTAP 2001). Inefficient utilisation of artificially
fixed N, resultsin a surplus such that 42% of total artificial N inputs end up emitted to
the atmosphere and deposited as reactive NOy and NH, or dispersed directly into
terrestrial and aguatic ecosystems (van Egmord et al 2002). Since significantly more
nutrients are applied than are removed in produce, surplus nutrients enrich soil s and
waters.

The impact of elevated nutrient loads on semi- natural ecosystems varies. Surplus N
and P act as drivers of biological changes that can affect organisms at all trophic levels
and can also alter the rates of key processes such as N leaching, carbon storage and litter
decomposition (Achermann & Bobbink 2003). Unutilised nutrient surpluses can cause
undesirable changes to semi- natural ecosystems previously unaffected by direct
agricultural conversion but susceptible to hydrological or atmospheric inputs (Matson et
al 1997). Many of the typical species in semi-natural ecosystems are adapted to
inherently low nutrient supply and cannot respond rapidly to excess nutrients by greater
biomass production. This leaves such species vulnerable to the effects of superior
competitors that may have persisted at low abundance in the habitat or could invade from
nearby source populations. Shiftsin plant community composition and biomass can also
have knock-on effects; increasing the susceptibility of characteristic species to frost and
drought or attack by pests and pathogens. Resultant changes in characteristic species
diversity and composition are often interpreted as reductions in conservation value, yet a
major chalenge is to attribute past change and predict the amount of future ecological
change driven by atmospheric N depositionas opposed to other potential drivers.

Atmospheric N deposition may yield subtle but chronic effects that are difficult to
reverse (eg. Strengbom et a 2003; Dupouey et a 2002). Moreover, other drivers such as
climate change and reduced S deposition, may interact with N deposition and site
management to produce a net pattern of change that is a complex function of their
separate effects. Because N deposition effects may be subtle, cumulative yet hard to
reverse, attribution of change is challenging but sorely needed. Hence techniques and
toolsare required that can estimate the contribution and consequences of future
atmospheric pollutant deposition alongside other drivers as well as allowing tests of
options for remedial land management.



2.3.2 Devedopingtoolsfor modelling theimpact of N deposition on UK
Priority Habitats
We present the results of the initial phase of research into the development and testing
of models for quantifying the likely impact of changing N deposition on uncommon
plants and plant communities present in designated sites across the UK . The analytical
approach has been influenced by four considerations.

1 If realistic predictions are to be made then we must consider the effects of other
causes of vegetation change in parallel with changesin N deposition. These
include site management, the ecological potential for change given local soil
conditions and the availability of new colonists in the surrounding area.

2. If predictions are to be applicable to different, possibly new scenarios of
pollutant deposition, climate and management, models should be able to
express the consequences of synergistic and antagonistic interactions, and
hence possible trade- offs, between these drivers. Asfar as possible this means
modelling processes and not just repeat ing those ecological patterns that reflect
current environments.

3. If models are to be applied across many species and habitats, the requirement
for measured input data must be kept to a minimum. Data hungry models will
be more costly to apply and less likely to be widely used.

4.  New environments could lead to new plant communities. This coupled with the
requirements of Species Action Plans means that modelling is needed at the
individual species level and not at the coarser level of existing plant community
units or land-cover types.

We report the results of model development and model testing against independent
observations on 11 sites across the UK. Models were developed to predict changein
species composition and biomass of key plant functional types. The principal drivers of
change on each site were modelled estimates of N and S deposition(Box 1) and either
known management regimesfor model testing against historica site data or scenarios of
changing future management, such as stopping hay removal or dramatically increasing
sheep grazing pressure. The impact of such scenarios on future changes were explored
through a series of case-study applications on test sites to generate predicted annual
change from the present day to either 2050 or 2100.

In order to be relevant to the demands of current conservation policy, predictions
of change on test sites were conveyed in terms of Common Standards Monitoring (CSM)
attributes relevant to each Priority Habitat and NV C unit where applicable. Hence, the
objective was to predict change in specific CSM indicator species and in plant growth
forms also consistent with CSM attributes and targets, for example cover of dwarf shrubs,
trees and grass. The ultimate aimisto develop models that estimate the probable
consequences of adriver such as N deposition and then allow identification of
management strategies, such as changes in grazing regime, that could reduce the impact
of the driver on the Priority Habitat under consideration. While the results of the project
suggest we are some way off achieving this goal, significant and promising advances
have been made. The next section introduces the models developed in this project as a
first step toward this objective.



BOX 1- Modelling atmospheric N deposition — model summary
FRAME M odel

The FRAME (Fine Resolution Atmospheric M ulti-pollutant Exchange) model isa
Lagrangian atmospheric transport model operated by the Centre for Ecology and
Hydrology, Edinburgh, to assess the long-term annual mean deposition of acidifying
pollutants. The model simulates emission, transport, chemical transformation, and wet
and dry deposition, of reduced and oxidised nitrogen and sulphur on a5 km grid across
the United Kingdom. Present day deposition estimates are obtained by calibrating
FRAME to measurements of annual wet and dry deposition from the UK Acid Deposition
Network, with separate estimates provided in each grid square for deposition to moorland
and forest vegetation, reflecting the role of forestsin ‘filtering’ pollutants from the
atmosphere. The calibrated model is then re-run using current emissions predictions for
2010, to provide the deposition forecasts used in this study. In MAGIC applications,
deposition is assumed to decrease linearly from the present day to this 2010 value, and to
remain constant thereafter.

Further details of the FRAME model are available at http://www.frame.ceh.ac.uk/

Historic deposition Sequences

Since MAGIC smulates changes in soil chemistry from pre-industrial conditions, historic
sequences of Sand N deposition are required to drive the model. The shape of these
sequences is standard for all sites, with spatial variations in deposition amount
incorporated by scaling the sequence to fit FRAME-estimated present-day deposition for
that site. The sulphur deposition sequence was derived from published reconstructions of
historic emissions from 1850 through to 1980 (Bettelheim and Littler, 1979; Warren
Spring Laboratory, 1987; Simpson et al., 1997). For the period 1980 to present day,
deposition data from the longest available UK record at Eskdalemuir, SW Scotland
(Hayman et al., 2001) were used to refine deposition sequences. For oxidised and reduced
N, sequences were obtained from arecent study undertaken during the NERC GANE
thematic programme (Fowler et al., 2004).




Specification of the core models

In order to predict the details of vegetation change over a specified time interval,
aseries of linked models are required (Fig 1). The main components are a soil model
(MAGIC) that mimics the cycling of nutrients in the soil (Box 2) and a succession model
(SUMO) that takes nutrients (N and P) out of the soil as plants grow but returns nutrients
as plants die (Box 3). The Dutch SUMO model incorporates the effects of management
on vegetation growth and successiona stage because impacts such as grazing or mowing
remove nutrients and aso allow more light to be available for the growth of shorter types
of plants such as herbs or dwarf shrubs. Both models are called dynamic because they
mimic processes that operate over time such as biomass accumulation, decomposition
and N mineralisation. Hence, predictions can be made explicitly over a 10, 20 or 100 year
interval. A number of modifications to SUMO were implemented and tested to make the
model more applicable to British ecosystems.

Prediction of change in individual species relies on a series of multiple regression
equations that define the realized niche of each plant species. Regression coefficients
were derived for arange of environmental gradients, particular partsof which will favour
different species. For example, Cross-leaved heath (Ericatetralix) occupies the
moderately wet part of the soil moisture gradient, the more acidic end of the soil pH
gradient, the low fertility part of the soil fertility gradient and that part of the successional
gradient associated with medium canopy height. Collectively these models are called
GBMOVE. Changes in species composition in a particular place are modelled by firstly
simulating the effect of N and S deposition on the soil. Thisis done by the MAGIC soil
model. This model produces estimates of soil pH and C/N ratio for each yearly time step.
Soil pH and soil C/N ratio are then trandated into mean Ellenberg R and N values
respectively using calibration equations (Smart et a 2003). Since the latter are termsin
the GBMOVE regression equations, each equation for each relevant species can be
solved at each time step resulting in a changing predicted probability of species
occurrence as time passes. The initial set of GBMOVE eguations were generated using
extensive vegetation survey data representing the range of plant communities found in the
UK (Box 4).

A critical component in the model chain are the three calibration equations used
to convert soil C/N, pH and % soil moisture into mean unweighted Ellenberg fertility, pH
and wetness values (Box 5).

Additional model components

The development of a series of additional empirical models and filters was
necessary either to take account of further influences on vegetation species composition
or to increase the relevance of the modelling approach to established conservation policy
targets for rare species and indicator variables. These additiona model components are
described briefly below. The reader is referred to Boxes and Appendices for amore
detailed account of their development and testing.

Soecies-richness prediction

A statistical model was developed to predict plant species richness given values of
soil C/N, soil pH, % soil moisture and cover-weighted canopy height. Such a model was
needed firstly because species richness is a simple indicator variable used to describe



BOX 2- Modelling change in soil properties—model summary (MAGIC)

MAGIC (Model of Acidification of Groundwater In Catchments; Cosby et al., 1985;
Cosby et a., 2001) simulates changes in soil, soil solution and groundwater chemistry
resulting from acid and N deposition and land use. The model can simulate transfers
between severa different soil, wetland and stream compartments, but in the current
project has been used in its simplest form, with one soil and one soil solution
compartment. Soil properties are averaged over the soil column, and so the model can be
applied to a soil, catchment or region with a comparatively small set of input data. The
model has been widely applied and tested, and is one of those recommended by UN-ECE
for mapping critical loads.

MAGIC consists of a set of equations describing equilibrium soil processes, a set of mass
bal ance equations describing input-output relationships for base cations and strong acid
anions in precipitation and streamwater, and a set of definitions relating the variablesin
the equilibrium equations to the variables in the mass balance equations. Key parameters
include the input and output fluxes of base cations and strong acid anions, the soil cation
exchange capacity, and the fraction of this capacity that is occupied by Ca, Mg, Naand K
ions. Nitrogen dynamics are simulated in a simple way, by calculating net retention at
each time step according to the current C/N ratio in the soil. Plant uptake, and other sinks
and sources, can be included where necessary.

Cadlibration of the modd to a site involves fitting unknown terms, such as soil cation
weathering rates and base cation selectivity coefficients, so that they are consistent with
the measured soil and soil solution chemistry. The stream concentrations of SO, and Cl
ions are calibrated first, assuming that transport through the soil is conservative and so
output fluxes are equal to input fluxes. Next, N uptake functions are calibrated to match
observed stream NO3 and NH,4 concentrations. Finally, the base cation concentrations are
calibrated using an optimisation procedure. The calibrations are performed on simulations
run for 140 years to present day, based on historical deposition sequences. After each
historical simulation, the model variables are compared to present-day observed data, the
adjustable parameters are modified as necessary to improve the fit, and the historical
simulation is re-run. The procedure is repeated until no further improvement in the fit is
achieved. The resulting calibrated model can be used to forecast future changes in soil pH
and N status as aresult of changes to deposition and / or land management.




Figure 1. Modelling the acidification process a) and N dynamics b) using MAGIC.
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BOX 3 - M odéelling biomass growth — model summary (SUM O)

The SUMO (SUccession MOdel) has been developed by Wieger Wamelink at Alterra,
Netherlands. It is a process based model that simulates biomass growth under given soil,
climate and management conditions. The basis of the model is an exponential growth
equation consisting of a series of reduction factors that constrains maximum growth.
These factors convey the effect of changes in the availability of light, nitrogen,
phosphorous and water. Biomass growth is also a function of temperature and
management.

The process that is modelled is competition for light and nutrients by five functional
types of plant (climax trees, pioneer trees, shrubs, dwarf shrubs and herbs). The
competitive balance between functional types is governed by canopy height and biomass
of roots and leaves, which in turn reflect management and initial abiotic conditions.
However these conditions change during yearly time steps as a result of the growth and
death of functional types or by interventio nsin the form of changing pollutant deposition,
climate or management. Soil dynamics are modelled by alinked soil model called
SMART2. Thisis similar in many ways to the MAGIC mode.

SUMO is not formally coupled to plant species niche models either in Britain or in the
Netherlands. It’ s testing and modification as part of this project reflected the fact that
SUMO could potentially predict biomass and hence cover of functional types that
correspond to structural attributes used in Common Standards Monitoring guidance, for
example cover of Dwarf Shrubs and trees.

BOX 4- Modelling change in habitat suitability for plant species —model summary
(GBMOVE).

Multiple logistic regression was used to construct empirical equatiors that could predict
habitat suitability for as many higher and lower plants as possible based on their
abundance along key environmental gradients as recorded by extensive botanical quadrat
data representative of British plant communities (eg. Roy et a 2000). Each equation
consists of regression coefficients that apply to either four explanatory variables or seven
if climate variables were included (Table 1). The data used to derive each equation was
assembled from a variety of sources so as to maximise the number of plant species
covered (Table 2). Each logistic regression was then based on presence/absence data for
each plant species in each plot paired with values of each of the explanatory variables.
Variable selection was carried out by first testing the explanatory power of each variable
separately and then entering those that were significant into a stepwise procedure. The
result is an equation that produces a probability of the plant species being present under
different sets of conditions specified by the values of the explanatory variables.

Modelled changes in environmental conditions are then driven by output from the
MAGIC soil model (Box 3), which in turn predicts changes in soil chemistry that follow
from changes in pollutant deposition or fertiliser application. Canopy height can be
changed arbitrarily using pre-existing knowledge of the pace of succession in a particular
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location, or on a more process- linked basis, by the SUMO succession model (Box 2).
Climate variables could be changed to mimic expectations under different climate change
scenarios. Likewise, soil moisture could also be change to mimic drainage or drought.

Table 1. Explanatory variables used in multiple logistic regression equations to define each
species reaised niche.

Driversof changeto which Explanatory variable Linked by

explanatory variables are calibration

responsive eguation to
measured...

Atmospheric N deposition, NPK  Mean unweighted Ellenberg fertility Soil C/N ratio
originating directly or indirectly
from agriculture

SOx deposition, liming Mean unweighted Ellenberg pH Soil pH
Drainage, drought, flooding Mean unweighted Ellenberg wetness % soil moisture
Succession and disturbance Cover-weighted mean canopy height n/a

Climate change Minimum January temperature n/a

“ Maximum July temperature n/a

“ Precipitation n/a

Table 2. Datasets and sample numbers used to build GBMOVE models for British higher and
lower plants. 1217 NV C quadrats had no grid reference and so were omitted from GBMOVE
models that included climate variables.

Dataset Number of quadrats
Key Habitats 1992 548
Countryside Survey 1998 7221
Broadleaved woods 1971 1648
National Vegetation Classification (various years) 31266

The resulting GBMOV E models constitute an empirical, statistical description of the
realized niche of each species. The final number of higher and lower plants having
models is shown below (Table 3).

Table 3. Number of species having GBMOVE regression models. The count is based on models
with no climate variables. Figures in brackets indicate the number of species that have models but
for which no optima and hence no maximum occurrences probability could be calculated (see
Appendix 5 and Box 3). Coastal species were defined by Hill et a (2003).

Bryophytes Higher plants Lichens

Coasta 75 (13)
Non-coastal 233 (72) 971 (182) 74 (28)
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BOX 5- Construction and application of calibration equations between soil
measur ements and mean Ellenberg values

Cdlibration equations (Fig 1- 3) were constructed to enable soil C/N ratio, soil pH and %
soil mosture to be estimated for quadrats in which no soil measurements were recorded.
The reason for thisis purely pragmatic. Only a subset of quadrats in the database used to
build GBMOVE models were associated with soil measurements. However, in order to
develop as many individual regression models as possible with maximum information on
the environmental preferences of each species, all the quadrat data available ought to
have been used to contribute species presence /absence data and estimates of species
abundance along each environmental gradient. To solve this problem, equations were
constructed that used mean Ellenberg scores to explain soil measurements. For this step,
only the quadrats with soil measurements could be used. GBMOVE regression models
were then constructed using all available quadrat data but with mean unweighted
Ellenberg values as explanatory variables plus climate variables and mean cover-
weighted canopy height. The calibration equations were then used to trandate soil C/N
and soil pH estimates from MAGIC into values of explanatory variables to solve each
GBMOVE equation.

While these calibration equations solve an important problem, they contribute
uncertainty related to the fact that soil pH, soil C/N and soil moisture do notexplain tota
variation in mean Ellenberg scores. The greater the scatter about each regression line the
more likely it is that predictions of mean Ellenberg values from soil measurements will
vary from actual observations. Hence, testing of the calibration equatiors is a key part of
the project. Calibration equations were all constructed using paired soil measurements
and mean Ellenberg values from the Countryside Survey 1998 database (Smart et a
2003).

Figure 1. R-sgrd=62%, In(C/N ratio) = 3.61 — 0.63 In(mean Ellenberg fertility).

C:Nratic

Ellenbergfertility
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Figure 2. R-sgrd = 72%, In(M%/100-M %) = 0.55 (mean Ellenberg wethess) — 3.27
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Figure 3. R-sgrd = 61%, soil pH = 2.5 + 0.61 (mean Ellenberg pH)
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sectoral changes in habitat types for the UK! and England (DEFRA 2003). Also, if
species richness could be reliably predicted, this would provide a useful means of
populating simulated quadrat data with predicted plant specieswithout having to interpret
probabilities output from GBMOVE as expectations of percentage frequency in plots
across amodelled site (see Box 6 for afull explanation of thisissue). Details of species-
richness model development are given in Appendix 1.

Grazing and dispersal filters

Trait-based indices of grazing and dispersal were devel oped so that predicted
species lists from MAGIC+GBMOVE could be filtered to highlight those species most
likely to benefit or suffer from changing grazing pressure, as well as those more or less
likely to disperse into atarget patch of Priority Habitat from the surrounding area The
development of these filtersis described in Appendices 2 and 3. The dispersal filter was
combined with an estimate of species abundance in the local species pool to derive an
empirical guide to the probability of different CSM indicators gppearing in a target
Priority Habitat patch (Box 7).

Rare and subordinate species prediction

By definition, rare species are recorded in few extant quadrat datasets hence niche
models of their environmental preferences could not be devised using GBMOVE
methods. A novel technique was therefore developed to estimate their probability of
occurrence based on the presence of more common species associated with the raritiesin
those few quadrats in which they did occur. Development of the method is described in
Appendix 4 and a summary and example application for two rare species at Moorhouse
NNRisgivenin Box8.

2.3.3 Testing the vegetation (GBMOVE) and soil (MAGIC) models

Site selection for model testing

The core activity of the project was to test predictions from the linked soil and
vegetation models against observations on a range of test sites. Three main criteria
governed the choice of sites Firstly, site-specific soil data wererequired for at least one
time point to enable the MAGIC soil model to be paramaterised. The following soil
variables need to have been measured for the Priority Habitat patch:

Soil solution; Ca, Mg, Na, K, Al, pH, Dissolved Organic Carbon
Soil exchangeable; Ca, Mg, Na, K, Cation Exchange Capacity
Soil pH and soil C/N over aslong atime series as possible.

Second, each site should support Priority Habitats associated with a high risk of threat

from N deposition as determined by habitat experts. Third, each Priority Habitat on each
site should be associated with long-term vegetation monitoring data and if possible but
even more uncommon, time-series of soil C/N and pH. Testing of dynamic model

1 \www.sustainable-devel opment.gov.uk/sustainable/quality99/sitemap.htm
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BOX 6 - Why do we need to determine species’ optima? The effect of
commonness and rarity on interpretation of GBMOVE probabilities.

Fig 1 below shows the abundance of four different plant species along asingle
environmental gradient (the x-axis). The vertical bars indicate how many times a
species was recorded in different positions along the entire length of the gradient. The
curved lineis alogistic regression curve fitted to each set of presence/absence data
The equation for this curve is the basis for each GBMOVE model for each species.
However in the actual models, there is not one x-axis but four (or seven if we consider
the models with three climate variables added in addition to soil pH, soil moisture,
soil C/N ratio and canopy height). The probability of occurrence of a species given
values of these explanatory variables is then the solution to each equation. This gives
avalue between 1 and O, depicted in the figures below on the right hand y-axis.

The interpretation of these probabilitiesis critical. Although they represent a
probability of occurrence, they do not translate directly into anindication of presence
or absence in a specific place. In order to produce generally applicable models, and
because of intractability of measurement, many factors which govern occurrence in a
patch of habitat are not included as explanatory variables. These factors include
accidents of dispersal in the past ie. a species which maybe a dominant may occupy
that position because it colonized early on in the history of the vegetation stand, or is
very abundant in the local area and so is always ‘rescued’ from local competitive
exclusion by dispersa from nearby populations. On the other hand a species maybe
absent from a particular place because of some past biogegraphical process or climatic
constraint that makes it rare or absent even though it would be expected to find loca
abiotic conditions favourable. These subtle factors would be extremely hard to
quantify in every patch. If we tried to do so we would end up with a model that was
too demanding to parameterise and would only apply in each specific place where
these additiona factors were measured, assuming we knew what they were in the first
place. Hence the cost of having general models that can be applied in most placesis
that they may not fully explain the species composition in any specific place.
Therefore the maximum occurrence of a speciesis likely to be an average that
conceals a much higher peak if only we had another explanatory variable that would
solve the riddle of why an apparently rare species — such as that in the lower right
graph — actually occurs on some sites and not others. The practical issue is that for any
specific patch, the estimated maximum probability at the species abiotic optimum (the
point where the horizontal arrows meet the right hand y-axis) will often turn out to be
an over or under-estimate. The probability becomes more reliable the more patches
we sample, but can be very unreliable if we use it as a prediction of occurrencein a
single stand. The implication for development of a modelling capability for specific
Priority Habitats on specific sites is that our general models may not accurately
predict the species composition in a single patch. What we desire is a way of
expressing the predicted probabilities in away that factors out these unexplained
differences in commonness and rarity while retaining the response curve and the
information it gives us about the abiotic conditions that should favour each species. A
solution to this problem is to rescale the predicted probabilities by the maximum
probability. Thus in each of the cases below if abiotic conditions coincide with the
peak of each curve the rescaled probabilities will al be 1 rather than all having
different values.

16




This approach requires an important difference in the way modelled probabilities are
interpreted. In essence, the rescaled values convey an estimate of habitat suitability if
the species was present in the patch or could disperseinto it and establish, rather than
a prediction that the speciesis or is not present. Although this would seem to restrict
the usefulness of the modelled probabilities, it all depends on the question being
asked. In the case where we wish to predict change among species we know are
present, we can still use predicted trends in the rescaled probabilities as a guide to
expected changes in abundance over time. Moreover, given a set of other indicators
that are known to be present nearby and could disperse into the monitored stand, we
could, also usefully interpret their predicted changes in habitat suitability even though
they are not present. Given their likelihood of reaching the stand, modelled changesin
habitat suitability measure changes in the risk of a negative indicator being able to
persist if it managed to colonize from a nearby source.

The rationale described above is exemplified in the case studies we have presented
where MAGIC+GBMOVE has been used to explicitly target the fate of named CSM
indicators for each Priority Habitat. Thus the key question is not which species from
the entire flora or the entire local species pool could grow in this place. Rather the key
guestions are; what is likely to happen to the indicator species known to already be
present given a particular deposition and management scenario, and secondly, how
will expected changes in habitat suitability affect the chances of other indicators
persisting if they could reach the target patch.
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Figure 1. Species maximum probabilities influenced by differences in the abundance of a plant species in the training data used to

construct GBMOVE regression models.
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BOX 7 - Estimating immigration potential based on dispersal traits, species broad
habitat preferences and local broad habitat composition

STEPS:

1. Determine 10knt species pool using BRC dataor use site species listswhere available.

2. Determine broad habitat extent in site (s), in 1500m buffer (b1) around site and in further 1500m
buffer (b2). This step uses LCM 2000 and therefore assumesit is accurate at least in the identity
and rank abundance of Broad Habitats.

3. Derive an approximate abundance weighting for each speciesin each zone (s, bl and b2) using its

preference index for each broad habitat as published by Hill et al (2003) in combination with the

abundance of each broad habitat ie. high indices will reflect alarge extent of the broad habitat with
which each speciesis most associated. The index is worked out for speciesj as the sum of the
products of multiplying each broad habitat proportion (a value between 0 and 1) by the preference
index for the species and the broad habitat. This gives a maximum value of 4. So theindex is

rescaled by dividing this sum by 4.

Multiply the pool abundance index from 3 by the species’ dispersal index.

Sort the CSM indicator table in descending order of the index in 4.

Interpret the table on the assumption that each component of the above index is reliable and

realistic at the particular site, and that the dispersal ranking is an accurate reflection of real

dispersal potential if appropriate vectors are in place.

7. Hence, species with high indices areexpected to be most likely to disperse into the monitored
patch. Establishment is then hypothesised to be favoured by increased habitat suitability, measured
by change in Pi/Pmax (described in Box 6).

IR

Diagram of index construction for Purple Moor-grass at Budworth common

Broad Habitat composition in site
with preferenceindicesin brackets

Bog 3% (4)

Dwarf Shrub Heath 80% (2)

Acid grassland 5% (1)

Sum of proportions* preference
=(0.03x4) +(0.8x2) +(0.05x 1)
=177

Index =1.77/ 4=0.44

Then multiply by dispersal index (high
=more easily dispersed)

0.44x0.43=0.19

Repeat for all CSM indicators NOT recorded in the monitored vegetation, then order table by index in
descending order.
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BOX 8 — Development and application of a method for predicting changesin
probability of occurrence of rare and subordinate species

The logistic regression techniques used to develop the GBMOV E models cannot be
readily applied to the problem of predicting rare species because there are usually too few
samples available in which species have been recorded. In addition the reasons for
species rarity may have more to do with factors other than those included as GBMOVE
explanatory variables. This must be so because many rare species are absent from
apparently favourable patches (eg. Piggot & Walters 1954). This observation suggests
that application of rare species models is only likely to be useful in places where a
species population is present or where there is reason to believe it could establish
following re-introduction or invasion if the rare species is a nornative casual for
example.

A method for predicting probability of occurrence of rare species was developed for this
project and is fully described in Appendix 4. Rare and subordinate species were selected
based on their scarcity in the training datasets used to build the GBMOVE models (Figs 1
and 2). 13 of these species were selected for model development. The method uses the
pattern of association between rare species and other more common neighbouring plants
to define a mix of species with which the rarity tends mostly to be found. The method
assumes that the other common associates are to some extent indicators of appropriate
ecologica conditions but thisis not explicit in the models; in essence the only
explanatory variables are neighbouring species. The accuracy with which a rare species
optimum floristic context is modelled depends greatly on the availability of quadrat data
in which each rare species has been recorded. Thus Trifolium ochroleucon and Gentiana
pneumonanthe, only occurred in one plot each in the training data, so that the
applicability of the estimated suitable mixture of associates maybe severely limited if its
patterns of association are more varied. Although models were constructed for these
speciesthey may convey anarrower pattern of optimum species associations than
actually occurs.

The method uses a species list for a quadrat as its only input. Therefore applying the
method to predictions of change in habitat suitability generated by MAGIC+GBMOVE,
will require habitat suitability index changes to be applied as weightings to initial species
lists thus generating simulated changes in the composition of species lists over time.
Further development is required to test options for applying habitat suitability indicesin
this way. The rare species model could still be readily applied to monitoring data without
this further development work.
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Figure 1. Histogram of al higher plant species abundance in the training dataset
(n=43000) used to build GBMOVE models (see Box 1).
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Figure 2. Histogram of rare higher plant species abundance in the training dataset used to
build GBMOVE models.
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Example application

To illustrate model application, changes in probability of occurrence for two rare species
was cal culated from the species composition of the Hard Hills control plots at
Moorhouse. Although both species are associated with upland heath and blanket bog,
neither have been recorded at Moorhouse.

Figure 3. Change in the mean probability of occurrence (+/- se, n=9) of two rare species,
Arctostaphylos alpinusand Loisleuria procumbens, in the nine control plots of the
Moorhouse Hard Hills bur ning and grazing experiment between 1973 and 2001.
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The high probability generated for A.alpinus reflects the fact that the species present in
the control plots form an assemblage typically found in places where the species occurs.
For both species, their rarity means they will generally be absent even if an apparently
favourable assemblage is present. This again emphasises that model application is only
likely to be of interest as an aid to monitoring on sites where a rare species occurs or on
potentially favourable recipient sites in the region in which the species occurs.

Further developments

The rare species modelling approach appears promising. The next step ought to be
publication to secure scientific credibility. Generating models for the remaining 447
species would be arelatively straightforward task but there is no guarantee of model
convergence for each of these species. In addition a further search is recommended for
presence data for those species with very few records in the current training dataset.

Further technical modifications could see climate variables or distributional data included
so that predictions are sensitive to the localised distributions of rare species. However, in
reality most users are only likely to use rare species models in a general cross-site
application when the focus is on assessing indirect changes in habitat suitability for native
or non-native species likely to be undergoing range expansion and infilling.
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components was carried out on the elevensitesidentified in table 1. All but two are non
woodland Priority Habitats in which atmospheric N deposition was highlighted as a
significant obstacle to progress in the 2002 Biodiversity Action Plan (BAP) progress
report®. The importance of including management impacts within each site and habitat
patch, in addition to N deposition, is borne out by the fact that other drivers of habitat
loss and degradation were rated as the most important obstacles to Habitat and Species

Action Pl

delivery in the 2002 progressreport.

Fig 1. Road map to the project- model components and dependencies on input data for model
testing and application. The reader is referred to relevant Boxes, Appendices and sections
covering treatment of each component.
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and lower plants plant species model
(BOXES4 & 5 (BOXES4 & 6\
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l
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N deposition (BOX 1)
management data
(APPENDIX 11)
MAGIC soil model

(Sect 2.3. BOX 2)

SMART/SUMO
soil-succession model
(Sect 2.4.10. BOX 3)

MODEL TESTING - inputs required

Time series of quadrat data
(Sect 239)

Pii/Pmax BOX 6)

Species richness model
(APPENDIX 1)
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(APPENDIX 11)
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biomass measurements
mean annual temperature
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2 See www.ukbap.org.uk/asp/2002_main.asp
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Table 1. Experimental and ECN sites supporting those UK Priority Habitats for which atmospheric N deposition was highlighted as a factor causing loss or
decline in the 2002 BAP progress report.

Priority Habitat Site name and type ASSI/ Rank for N Highest threat to PH (italics

SSSI deposition threat indicate that impacts can be
(1=highest risk) modelled)

Blanket bog Moorhouse ECN site Y 5 Overgrazing

Upland heath Climoor experimental site Y 2 Overgrazing / fire

Upland heath Ruabon experimental site N 2 “

Upland heath Cairngorm ECN site Y 2 “

Not PH (Upland Plynlimon experimental site N n/a n/a

acid grassand)

Not PH (Upland Pwllpeiran experimental site N n/a n/a

acid grassand)

Lowland heath Budworth Common experimental Y 3 Invasive aliens/ scrub

gte encroachment

Lowland meadows  Dromore Motte (NI) Y 5 Agricultural intensification

Lowland meadows  Rothamsted Park Grass N 5 “

Lowland raised bog Dead Island Bog (NI) Y 4 Peat extraction / drainage

Lowland calcareous Porton Down ECN site Y - Neglect

grassland
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The top-ranking threats to each Priority Habitat are also listed in table 1 with an
indication of whether their impacts can be modelled within the proposed work
programme. Because, sites with both vegetation data and the soil chemistry data
required to run MAGIC and SMART were so scarce, we added two non-Priority
Habitat upland acid grassland sites. They provide additional opportunities for model
testing, although in conservation terms they do not represent target community types.

Table 2. Time series of vegetation monitoring data available for testing model predictions of
changeintime.

Site Years with vegetation data available
Moorhouse Hard Hills control plots 1973, 1982, 1992, 2001

Cairngorm ECN site 1998, 2002

Porton Down ECN (fine-grained annual) 1997-2000

T.C.E. Wdllsbasdline 1975
ECN basdline 1991
ECN coarse 1994

Ruabon experiment Pre-burn 1995-1999
Post-burn 2001-2004
Rothamsted Park Grass control plots Plot 3; 1914, 1919, 1921-26, 1936-40,

1947-48, 1975-76

Plot 2; 1862, 1867, 1872, 1877, 1914,
1919, 1949

Plot 12; 1862, 1867, 1872, 1877, 1914,
1919, 1949

Time series differences

The signal of N deposition is expected to be of low magnitude in terrestrial
vegetation (Smart et al 2004). Hence, long time series of vegetation data stand the
best chance of capturing the chronic, low level effect of often small resultant changes
in soil C/N ratio and soil pH. Of the test sites selected, Rothamsted, M oorhouse and
Porton Down provided the greatest scope for long-term signal detection (Table 2).
Other test sites with short or single observations were still utilised but the test was
restricted to comparisons of observed versus predicted species composition, species
richness and soil variables at specific time points rather than testing for consistent
trends over time.

The effect of differencesin plot size

Differences in the size and numbers of plots from which species composition
was recorded, are also liable to affect the match between observed and predicted
variables. Large plots will tend to be more species rich while large plots are aso
likely to include species at low abundance that are less typical of the vegetation type
and hence have atypica Ellenberg numbers that could be influential on unweighted
means. The training datasets used to build the GBMOVE models, generally employed
large quadrats that ranged from 4 to 200nT while most plots on test sites were
relatively small (Table 3). Where possible, change in percentage frequency between
replicates of the largest plot size were used as the response variable for comparison
with predictions. Numbers of test plots also varied considerably from site to site
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(Table 3). Because sample size affects standard errors but not standard deviation, we
plot the latter as a measure of variation in observed data where possible.

Observed vegetation time-series for model testing

At Rothamsted, predicted trends were compared with 100 years of
observations. However, the response variable on this site was biomass recorded in the
annua hay crop. A large body of published evidence has demonstrated the operation
of other constraints on biomass trends at this site including rainfall (Silvertown et a
1994), trait-based predisposition to external factors (Dodd et al 1995), species
richness (Dodd et a 1994a) and other community-level phenomena grouped under the
term assembly rules (Wilson et al 1996, Silvertown 1987). Since we have no way of
co-varying out these additional effects, they are likely to contribute to unexplained
variation. Conversely, Hill & Carey (1997) found that mean abundance weighted
Ellenberg fertility values explained over 80% of the annual variation in biomass.
However, changes in more productive species’ biomass between years could still
covary with rainfall since wet and warm Summers terd to favour more competitive
species (Dunnett et al 1998). Hence, the eutrophication signal carried by observed
mean Ellenberg fertility values may actually be driven by a complex of factors. A
conseguence is that the explanatory power of N and S deposition effects may be low
even though attribution of a fraction of the ecological signal is possible.

At Porton Down, the first series of observations were taken from the published
transect data of Wells et a (1976). We used the published location maps and aso
more detailed copies, kindly provided by Kevin Walker (CEH Monkswood), to locate
atransect closest to the ECN baseline and coarse sampling plots with an additional
criteriathat al plots should have sampled the same vegetation type. Despite these
efforts to ensure locational and floristic comparability, the original Wells plots may
have been up to 200m from the ECN samples with which they were paired in the tests
presented here. Hence, we cannot rule out differences in species abundance being
confounded with plot location error.

At Moorhouse, observations were taken from the unburnt and ungrazed
control plots of the Hard Hills experiment established in 1954. See Marrs et a (1989)
for further details.

Table 3. Numbers of plots and plot sizes for test data sets.

Site & year N Sze
Rothamsted Park Grass 1-3 c¢.100nr
PortonDown ‘75 to ‘94 12 4nf
Cairngorm ECN baseline and coarse

sampling 17 4nt
Budworth 4 0.25n7
PwlIpeiran 24 4x12nf
Climoor 9 05n?
Moorhouse, Hard Hills 3 100n?
Plynlimon 15 3x05n?
Dromore Motte 1 4n?

Dead Island Bog 1 4t
Ruabon 15 1n?
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Testing strategy — key questions and their relevance to users

Predictions are based on, at mogt, five linked models, FRAME/GANE
predictions of N and S deposition + soil models (MAGIC) + calibration equations +
species richness model + species probability models (GBMOVE). Each mode
contributes uncertainty to the fina prediction The testing strategy aimed to estimate
the uncertainty attributable to each model component by testing them separately and
then when linked together. Such comparative tests could then suggest components
responsible for contributing the greatest lack of fit to observed data. For example, the
uncertainty contributed by the calibration equations (Box 5) was assessed by
comparing observed mean Ellenberg values of N and R for test plots against the
Ellenberg values predicted from measured soil data. At Rothamsted it was aso
possible to test the dynamic soil models MAGIC and SMART (the soil model that
drives SUMO) by comparing observed soil C/N and pH at three time points with
model predictions.

Two additional tests were carried out using other datasets. A test of the
calibration equation for soil pH versus mean Ellenberg R was carried out by
comparing observed soil pH with predictions based on the species composition of 244
guadrats recorded from English Environmentally Sensitive Areas (Critchley et a
2001). Also, the accuracy of the GBMOVE regression models was tested by
comparing published Ellenberg numbers for higher plants and a newly generated
series of numbers for lower plants against the mean Ellenberg numbers calculated at
the environmental location where each species’ probability of occurrence was
maximum.

The initial matrix of model testing questions by model components is shown
below (Table 4). Model test results are also considered in terms of how varying
performance is likely to affect their application to assessment of species and habitat
targets and indicators; in particular in contributing to prediction and scenario testing
of changesin CSM attributes and the achievement or maintenance of changing
conditionon SSSI.
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Table 4. Testing strategy based on comparing outputs of combinations of model components
with observations on test sites. Pij/Pmax refers to the rescaling of a predicted probability for a
species from GBMOVE by the maximum probability estimated at its niche optimum (see Box

6 and Appendix 5).
MODEL MODIFICATIONS AND FILTERS
Speciesrichness Grazing Dispersal Selection from
MODELS QUESTION Pij/Pmax model filter filter species pools
la GB_MOVE Are species present in
observed plots predicted Y Use observed N N Y
to be present at times 1..n? richness
2a.MAGIC+  Arespeciespresent in
GB_MOVE observed plots predicted Y Y N N Y
to be present at times 1..n?
2b. MAGIC +  Are predicted directions
GB_MOVE of changeinintial species Y Not applicable asfocusison
consistent with observed species present at time 1
data?
2c.MAGIC+  Are predicted patterns of
GB_MOVE species compositional change Y Y N N Y
consistent with observed
datain terms of NV C match?
and mean Ellenberg scores?
3. SMART+ Are predictions of biomass
SUMO accumulation of five plant Not applicable since all these filters operate on species
functional typesaccurately composition not biomass.
predicted.
4. MAGIC Are predictions of soil C:N
and pH consistent with Not applicable asfocusis on soil variables.
obesrvations and prediction
from observed species
composition?
5. SPECIES I's predicted speciesrichness
RICHNESS from soil measurements, species Not applicable astest is against observed species

composition and MAGIC
consistent with observations?

richness at time 1..n.
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2.4 Model testing results

24.1 Uncertainty and reliability of N and Sdeposition estimates

Sources of uncertainty surrounding N deposition estimates are well known. Large
amounts of sub-grid square variation are attributable to topography and the location of
high emitting agricultural sources such as pig and poultry units (Sutton et al 1993). In
addition, difficulties in the measurement of dry deposition relate to uncertainty in the
estimation of deposition velocities to different vegetation surfaces (Smith et al. 2000).
While the importance of dry versus wet deposition varies across Britain (NEGTAP
2001), difficulties in measuring dry deposition mean that time-series of accurate
observations usually do not exist. This makes assessment of the contribution of
uncertainty in the deposition model estimates impossible to test rigorously for our
sites. An important consequence is that modelled predictions can indicate empirical
Critical Load exceedance for N whereas the real deposition may indicate otherwise or
presumably vice versa. Again though, the difficulty of measuring dry deposition
makes validation difficult. At Rothamsted, Goulding et al (1998) gave the measured
deposition history in precipitation for Rothamsted (Figs 2,3), which indicates a
maximum total wet N deposition of 16.5 kg N hayr in 1980 falling to 8 kg N hayr in
1995. However, the FRAME/GANE prediction isfor total N deposition of 24.7 in
1980 and 23.4 in 2002. Therefore the model predicts empirical critical load
exceedance (20-30 kg N hayr for low and medium altitude hay meadows; Achermann
& Bobbink 2003) for at least 20 years whereas wet deposition measurements indicate
no exceedance in the same period. However, a problem with this comparison arises
because the Rothamsted observations do not take account of dry deposited N hence
this missing component could bring real deposition much closer to the model
prediction. CEH Edinburgh provided model estimates of dry deposition at
Rothamsted, which were added to measured data for the site to produce the best
possible deposition history. Thus in model testing at Rothamsted, observed data were
used (red linesin Figs 2 and 3) plus estimated dry deposition. This requirement was
particularly important at this site because initial modelled deposition coupled with hay
N content and biomass resulted in more N being removed from the system than was
deposited, hence the soil was predicted to be much more fertile at the start of the
experiment than was observed. Using site measurements of deposition substantially
improved MAGIC performance (see section 2.11).

Figure 2. Oxidised N deposition at Rothamsted based on FRAME/GANE modelled estimates
and actua site measurements of wet, oxidised N deposition.

NOx-N deposition
>
= 15
2 10 /A FRAME model
KA .
S estimate
2 —&— Measured wet +
o 54 - .
=% estimated dry
S
Z o0
0 T T T
2 1845 1895 1945 1995

29



Figure 3. Reduced N deposition at Rothamsted based on FRAME/GANE modelled estimates
and site measurements of wet, reduced N deposition.
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In the absence of measured time series for test sites other than Rothamsted, we
have used model predictions of wet and dry deposition to test linked soil and
vegetation models and to construct predictions of species compositional change. The
FRAME model and sources of historical deposition sequences are described in Box 1.
Crucialy, our tests hinge on the assumption that real deposition history corresponds
sufficiently with modelled change that differences can be ruled out as an underlying
reason for mismatches between observed and model driven changes in soil properties
and species composition. Thus, where predicted species changes correspond well with
those observed, there is a good chance that we will have detected asignal of N and S
deposition impact as well as having tested the developing models.

Conclusion: While much faith is placed in modelled predictions of N deposition

in other policy applications, the predictions are proneto error in both magnitude
and direction of change. However validating hindcasts at grid or sub-grid scales
isusually impossible because of an absence of corresponding observations.

24.2 Validation and uncertainty of MAGIC smulations

Modelling acidity

The MAGIC model was first developed during the 1980s (Cosby et al., 1985),
and has been revised and updated on several occasions since, most recently to include
a more detailed representation of N dynamics (Cosby et a., 2001). The model has
been widely applied to smulate soil and surface water chemistry in forests and semi-
natural ecosystems across much of Europe and North America. The model is normally
calibrated to present-day measurements of soil, surface water and/or soil water
chemistry, and the accuracy of the model simulation can be tested against long-term
monitoring records, where available. In general, surface water (rather than soil or soil-
water) records are most widely obtainable, and have the longest duration. A range of
previous studies have demonstrated a generally good fit between MAGIC-simulated
and observed water chemistry for acidity-related variables including pH and Acid
Neutralising Capacity (ANC). These include model applications to sites which have
undergone major chemical changes in central Europe (Hruska et al., 2002; Mger et
al., 2003; Kopacek et a., 2003), lakes in Norway (Wright and Cosby, 2003), and
upland lakes and streams in the UK Acid Waters Monitoring Network Jenkins and
Cullen, 2001). It has aso proved successful in reproducing observed recovery from
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acidification at small-catchment ‘clean rain’ experiments in Norway and Sweden
(Beier et a., 1995). Fewer long-term data are available to validate soil chemistry
simulations, but given the close linkage between soil solution and surface water
chemistry, these observations suggest that the model should generally give an
effective ssimulation of soil solution pH.

A detailled uncertainty analysis of MAGIC was undertaken by Page et a.
(2003), based on a model application to the Afon Gwy, a moorland stream in mid-
Wales. A Monte Carlo approach was used to generate a large set of simulations for
which a set of smulated soil and stream chemical variables were within a specified
range of observed values. They concluded that the greatest sources of uncertainty
were the initial conditions of the simulation (weathering rates and initial base
saturation), and the shape of the deposition sequences. However, since they observed
that pH simulations were ‘quasi-parallel’ once the initial conditions were set, and
since initial conditions are normally calibrated when applying MAGIC, their findings
suggest that if the model can be accurately calibrated to reproduce observed pH, then
the range of possible pH forecasts should be fairly narrow. Larssen et al. (2004)
obtained similar results from an uncertainty assessment for a Norwegian stream with a
long monitoring record, and showed also that prediction uncertainty could be further
reduced by constraining the calibration to fit observations from more than one period
in the monitoring record.

Overal, assessments of model performance in simulating acidity suggest that
the greatest uncertainties are associated with the input data, rather than the model
structure itself. One important source of input data uncertainty appears to be the
historic deposition sequernces. Model calibration to observations is essential, and the
quality of the model simulation is thus highly dependent on the quality of the input
and calibration data used.

Modelling nitrogen

The treatment of N immobilisation and leaching within MAGIC & based on
simple principles. Available N is calculated from additions of ammonium and nitrate
in fertiliser or deposition, after subtraction of denitrification and plant uptake (Cosby
et a, 2001). As long as the C/N ratio in soil organic matter is above an upper
threshold, available N is subject to immobilisation and thus decreases the C/N ratio of
the soil organic matter. If C/N is below a lower threshold, there is no immobilisation.
Between the upper and lower thresholds the percentage of available N thet is
immobilised declines linearly from 100 % to 0 % (Fig 4). The N that is not
immobilised is assumed to be leached.
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Figure 4. MAGIC smulation of N immobilisation and leaching. After subtraction of plant
uptake and denitrification, immobilisation of the remaining inorganic N is a function of the
CIN ratio of the soil organic pool. Upper and lower thresholds vary according to vegetation
and/or soil type.

The N component of MAGIC and other similar models has been added
relatively recently, and validation studies are limited by a number of factors. These
include the large short-term climatic variability of surface water NO3z concentrations,
which make the underlying trends (as modelled by MAGIC) difficult to detect; the
general paucity of long-term data on changes in C/N ratio at individual sites; and the
difficulty of accurately quantifying changes in soil C and N pools, even where these
are measured. However, rising trends in NOs; concentrations since the 1980s in
Northern Italian rivers, believed to be a consequence of terrestrial N saturation, were
successfully reproduced based on an organic soil C/N ratio control (Rogora et al.,
2003). Kopacek et al. (2004) have aso shown that dramatic changes in lake NOs
concentrations in the Tatra Mountains (Slovakia-Poland) since the 1950s can be
satisfactorily explained in terms of changesin N deposition and declining terrestrial N
retention as a function of declining C/N ratio. In the UK, few monitored surface
waters show clear NOj3 trends, although Jenkins et al. (2001) used MAGIC to simulate
NOs increases a Lochnagar, NE Scotland. Apart from the Rothamsted example
(discussed below) there are few UK sites at which C/N has been repeatedly sampled
over time, and therefore testing model predictions of C/N is problematic. However,
data from plot-scale N manipulation studies have been used to test the ability of
MAGIC to predict changes in observed N leaching and soil C/N under different
addition levels (Evans et a., in prep.). For two sites with high quality soil C ard N
data Fig 9, the model successfully reproduced observed decreases in C/N under
three treatment levels. It should be noted that these simulations incorporated an
(observed) increase in C storage as a consequence of N deposition, which slowed
down the m|te of C/N change. This was hypothesised to reflect additional liiter
incorporation. This effect is being incorporated in MAGIC as part of the DEFRA
‘Critical Loads and Dynamic Modelling’ contract (www.ukreate.ceh.ac.uk).
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Figure 5. Smulated and observed organic soil C/N ratio under ambient N deposition and three
levels of long-term NH4NO; addition at two heathland experimental sites. Vertica line
indicates start of experiment.
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Although a forma uncertainty analysis has yet to be undertaken for the N
component of MAGIC, the key sources of uncertainty have been identified during
extensive model development and testing. In a typical UK semi-natural ecosystem, N
leaching forms a relatively small component of the overall N budget, and
denitrification is negligible. Apart from intensvely managed systems such as
Rothamsted, N offtake (due to mowing, grazing etc) is also likely to be minor, and
most of the N added must therefore be stored within the system. Ingeneral, vegetation
provides a relatively small sink, so most of the N storage must occur within the soil.
The calculation of change in soil C/N is therefore a relatively simple budgeting
exercise, in which the major uncertainties are the amount of N deposition, the
magnitude of current C and N pools (Evans et d., in press), and the extent of C
accumulation as noted above. Soil C and N pools are difficult to quantify at large-
landscape (e.g. catchment) scales, but may be measured relatively accurately at
smaller scales. Consequently, the greatest uncertainty in the prediction of future C/N
change in small-scale studies is considered to be the magnitude of current and future
N deposition.

Because of the mismatch between MAGIC simulations of past C/N ratio on
the Rothamsted Park Grass control plots and early measurements, the sensitivity of
MAGIC predictions of C/N to uncertainty about the historic N offtake sequence was
examined. Park Grass N offtake was calculated by multiplying hay offtake, for which
accurate measurements based on decadal averages are available (Dodd et al 1994), by
the proportion of N in hay biomass. For N proportion a weighted average from three
measurement periods (1920-23,1940-43 and 1956-59) was used (Warren & Johnston
1964). This calculation method is subject to uncertainty, since N availability during
these periods may have differed from that in the earlier and later years of the
experiment, leading to differences in N concentration in hay. This uncertainty has a
large effect on the net addition (deposition minus offtake) and thus on the accurate
simulation of the historic C/N trajectory (Figure 6). Note that raising N deposition
would have the same effect as reducing N offtake on the smulation.
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Figure 6. @) measured N offtake and deposition history, and comparison of MAGIC-simulated
and measured C/N; b) as a) but with N offtake halved.

Simulated C/N in the early years of the model run was strongly affected by
uncertainty in net N addition (Fig 7a). However, the projected C/N for 2020 was
much less sensitive to uncertainty in this parameter (Fig 7b). This shows that while
uncertain historic parameters can cause mismatches to historic measurements,
projections are more robust than this mismatch would suggest. Accurate projections
depend more strongly on accurate present-day measurements.

Fig 7. @) Past and b) future projection of soil C/N ratio at Rothamsted Park Grass.
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Sensitivity analyses can be used to assess the uncertainty that should be
attached to model outputs. A full uncertainty analysis of MAGIC'’s nitrogen module
would be useful to determine which drivers are most important to measure in order to
accurately predict future C/N, and to identify areas where the module could be
improved to make better use of available data.



Conclusion: MAGIC has been widely used and validated although mor e testing
of the N cycle component would be desirable. Uncertainty analyses can be used
to locate possible errorsin the input data when historical C/N trajectoriesare
not well reproduced. Thereliability of future projections depend largely on the
accuracy of present-day soil measurements.

243 Testing calibration equations between soil and mean Ellenberg values

In an analysis of error propagation in Dutch soil and vegetation model chains, the
residual variation about the calibration equations contributed the greatest uncertainty
to predictions of change in species composition (Schouwenberg et al 2001, Van
Dobben et al 2004). Calibration equations developed for British soils and plant
communities have higher r-sgrd values than their Dutch equivalents. For example
Ertsen et a (1998) found an r-sgrd of 54% for Ellenberg fertility and standing crop
(62% for British calibration between soil C/N and mean Ellenberg fertility), 51% for
soil moisture (72% for British calibration) and 54% for soil pH (61% for British
calibration). Even so much unexplained variation is still evident in both nation’s
calibration results (see Box 5).

Global or vegetation-type specific calibrations?

Wamelink et al. (2002) showed that the variation explained in calibration
eguations could be improved dramatically if equations were developed separately for
each vegetation type. The reasons why ‘globa’ cross-community calibrations should
perform less well relates to the fact that additional explanatory variables that are
correlated with vegetation type are not included in each calibration (Smart and Scott
2004; Wamelink et al 2002). Differences can be a function of shade and moisture
(Schaffers 2000) and can also reflect the subtle correlations between Ellenberg
numbers. For example in Scandinavian forest plots, mean Ellenberg R values are
negatively correlated with mean Ellenberg light values because in these species pools
increased shade tends to filter out the more acidophilous species that favour more
open conditions (Diekmann 2003). The reverse pattern occurs in British broadleaved
woodlands since species of more open woodland conditions tend to be more circum-
neutral in their affinities and hence have higher Ellenberg R and N numbers (Kirby et
al 2005). The fact that woodland tends to be shaded will therefore affect the overall
pool of Ellenberg numbers from which means are drawn. Thus shade will ultimately
impact the calibration between soil C/N or pH and mean Ellenberg N and R values.
Such vegetation-type specific phenomena support the use of vegetationtype specific
calibration equations (Wamelink et al. 2002). The problem they create is that change
between vegetation types is no longer conveyed by one equation.

The desirability of within-vegetation type calibrations in our model tests arose
when trandating initial MAGIC predictions for Rothamsted into predicted species
composition. The exponential form of the British calibration between mean Ellenberg
N and soil C/N resulted in very large increases in mean Ellenberg value with only
very small reductionsin soil C/N . This must partly reflect the redlity of the
relationship but also reflected shortcomingsin the early MAGIC runs at the site. A
new calibration was developed for just infertile neutral and cal careous grasslands. It
performed better and was adopted in further model tests yet residual variation was
still very high (Fig 8) such that many of the plots in the dataset used to build the
calibration apparently have soil C/N and pH values that deviate markedly from
expectation given above-ground plant species composition. An obvious conclusion is
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that soil C/N on itsown is a poor predictor of mean Ellenberg N and this lack of
explanatory power isworst toward the lower end of the soil CN range, which
includes neutral grasslands. Hill & Carey (1997) concluded that Ellenberg N values
are better treated as overall indices of fertility rather than explicitly N availability.

In certain situations, the apparent disequilibrium between soil C/N and above-
ground species composition can be understood. A good example being drained, peaty,
high- grade soils under cultivation or supporting sown improved grassland, yet
associated with rapid mineralization (eg. Grootjans et al 1985).

Fig 8. Calibration relationship between mean Ellenberg N score and soil C/N based on
Countryside Survey plots in the infertile grassland aggregate class only. Upper and lower
95% prediction intervals are also shown.
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Calibration eguations and the impact of their uncertainty on predicted soil and
vegetation measurements

The objective here was to assess the impact of uncertainty about the calibrated
relationship between soil variables and mean Ellenberg values. The first step was to
estimate soil CN and pH values from the species composition of the vegetation on
each test Site using the calibration equations described above and in Box 5.
Uncertainty about the predicted soil C/N and pH values was represented by 95%
confidence intervals for each point. These intervals were derived from the parametric
uncertainty in the coefficients of the calibration equation ie. based on the standard
errors of each equation term. When soil variables estimated fromeach calibration
equation were plotted against observed measurements for the same plot locations, all
observed values except those in the unimproved grasslands at Porton Down (soil
C/N), Rothamsted Park Grass (soil C/N and pH) and Moorhouse (pH), fell outside the
confidence interval of each prediction (Fig 9). This was despite the fact that observed
and predicted values were positively correlated. One possible hypothesisis that soil
C/N and pH in the other largely acidic and peaty habitats are to some extent out of
equilibrium with above- ground species compositionbecause species compositional
changes lag behind soil changes induced by pollutant deposition or climate change.
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The Rothamsted Park Grass control vegetation, on the other hand, has been
considered a stable equilibrium community (Silvertown 1987).

The apparent disequilibrium between soil and vegetation goesin both
directions; some plots had soil values less than would be expected while others had
higher C/N and pH (Fig 9, Table 5). These mismatches could however smply be a
matter of sampling scale effects. For example asingle C/N measurement based on the
top 10-15cm of soil minus litter inevitably paints a homogenous picture that will
deviate to some extent from the C/N variation experienced by plant species with
different below ground foraging strategies and hence rooting depth (eg. Fitter 1994,
Ettema & Wardle 2002). Soil developments at Rothamsted provide another example.
Measured C/N ratios in later years in experimental addition plots have carefully
avoided athin mat of persistent litter that has developed in the O horizon over the
course of the experiment (Paul Poulton pers.comm. and Warren & Johnston 1964).
Thiswould result in C/N measurements indicating a higher fertility rooting zone than
that encountered by at least some of the more shallow rooting species present. Small
scale heterogeneity will be most marked in vegetation types well known for their
micro-topographic variation in turn associated with variation in pH and nutrient
availability. Examples include blanket bog, topogenous and soligenous base-rich fens
(eg. Giller & Wheeler 1988, Clapham 1940, Bellamy & Rieley 1967). Such variation
isunlikely to be properly conveyed by one or two soil samples targeted on a standard
horizon depth. Another scale-dependent source of discrepancy is that the plot area
over which species are censused is dways larger than the point location of soil
samples. While the benefit of mean Ellenberg values is that they integrate the abiotic
environment over a certain quadrat size, this averaging effect islikely to result in
differences between mean Ellenberg values predicted from soil samples versus above-
ground vegetation. The problem is that such unexplained system variation will be
very demanding, if not impossible to measure from place to place (van Dobben et a
2004).

The comparison of observed versus predicted pH values revealed an apparent
systematic under-prediction(Fig 9b). Thisis almost certainly explained by the fact
that the calibration equation was built on the relationship between mean Ellenberg R
and soil durry pH while observations and MAGIC predictions relate to soil water pH,
which tends to be higher. Further research should focus on deriving a correction factor
to address this problem.
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Fig 9. Comparison of observed soil C/N (&) and soil pH (b) versus soil C/N and pH
predicted by back-transforming from mean observed Ellenberg N and R scores.
Empty sgquares indicate locations where the observed value fell inside the 95% CI for
the predicted value.
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Table 5. Data table for figure 9.

Predicted Observed Predicted Observed

Site & year C/N C/N pH pH

Roth PG 1877/76 12.54 12.77 5.87 5.40
Porton 2000 12.55 11.39 6.48 7.96
Cairngorm 2000 25.03 29.69 3.87 5.32
Pwllpeiran 2003 21.33 14.30 4.18 492
Climoor 1998 25.98 36.70 373 4.20
Moorhouse 2000 30.49 26.97 3.87 4.24
Budworth 1998 19.91 29.10 3.93 4,72
Plynlimon 2002 21.70 17.60 455 4,98
Ruabon 2005 23.89 32.90 373 421
Dead Island Bog 2005 17.31 28.89 5.49 6.30
Dromore Motte 2005 12.71 10.34 5.40 6.10

Testing the pH calibration equation against independent data

Soil pH has been measured in a sample of monitoring plots located in English
Environmentally Sensitive Areas (Critchley et a 2001). Tests of both the global
calibration equation and the grassland-only calibration equation were carried out by
generating a predicted soil pH from the mean Ellenberg R score calculated from the
species composition, and comparing this with measured soil pH(Fig 10). The r-
squared values differed by a negligible amount. Results showed that only half the
variation in pH predicted from the species composition was explained by measured
pH. The scatter of points suggests however, that the plots fall into two groups defined
by two different relationships. Quadrats with higher pH values had alower range of
predicted pH values. Thisis an inevitable consequence of the fact that average
Ellenberg values are likely to fall short of actual maximum and minimum Ellenberg
numbers because of averaging effects and the fact that Ellenberg numbers cannot be
more or less extreme than their upper and lower limits. For example a plot associated
with high pH might contain 15 species but among these 15 there will be a range of
Ellenberg R values presert because species differ in the width of their tolerance about
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their Ellenberg optimum. However none of these species will have values higher than
the highest possible value. Thus the average Ellenberg value in the plot will reflect
this variation in Ellerberg values and fall short of the Ellenberg maximum even if soil
pH is high.

It seems likely that further subdivision by vegetation type of the training
datasets used to build the calibration equations could generate better fitting within-
vegetation type relationships. Thisis an areaof much needed further research because
of the unacceptably high uncertainties in the current equations.

Figure 10. Soil pH in monitoring plots from English Environmentally Sensitive Areas
predicted by calibration equation relating observed mean Ellenberg R to soil pH (see
Box 5)
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Conclusion: After taking into account uncertainty in calibration equations,
resultsimply that some plant communities have above-ground vegetation whose
composition isat odds with predictions derived from calibration equations. This
isto be expected for a variety of reasons. Quantifying such sour ces of residual
error at the plot level will be too resour ce-demanding if the general applicability
of models acr oss many species and vegetation typesisto beretained. A
systematic bias due to differences between soil water versus soil slurry pH should
be easier to address by constructing an empirical correction factor. Better
calibration curves arelikely to be derived from finer subdivisions of quadr at
data into different vegetation types. Thisisalso an area of promising further
research.

24.4 Comparison of observed versus predicted mean Ellenberg values

In this section observed mean Ellenberg values calculated from the plant species
composition of test quadrats are compared with mean values predicted from observed
soil data and MAGIC generated soil C/N and pH. On al sites, even Rothamsted,
paired soil measurements and species composition were only available for asingle
occasion, usualy a recent measurement to which MAGIC calibrates its hindcast. All
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sites are therefore plotted together (Figs 11aand b). Again, correlations were positive
and r-sguared values high. However, the high values for MAGIC-derived versus
observed Ellenberg scores are partly a consequence of the fact that MAGIC
predictions calibrate to current soil C/N and pH. Over-prediction of Ellenberg N wasa
particular feature of plots with higher observed Ellenberg N values — the neutral and
calcareous grasslands at Rothamsted and Porton respectively — and is indicated by the
fitted dopes being much steeper than the y=x line (Fig 11a). This reflects the form of
the calibration curve explored in the previous section. Whether ‘global’ or within-
vegetation type, at low soil C/N values, a small reduction resultsin alarge increase in
mean Ellenberg N. Mean Ellenberg R values were better predicted by both soil
measurements and MAGI C estimates. The largest discrepancy was at Porton Down
(Fig 11b and Table 6) where the observed mean Ellenberg R was substantially lower
than both predictions; in fact MAGIC did not calibrate well to the present-day soil pH
measurement at the site. Overall the positive correlations and high r-sgrd values
between observations and predictions give adegree of confidence in the calibration
equations. Y et the critical sensitivity of concern, is the over-prediction of mean
Ellenberg N in more fertile semi- natural habitats.

Figure 11. Comparison between mean unweighted Ellenberg N (@) and R (b) based on
observed species composition scores versus scores predicted by using calibration equations to
transform soil C/N and soil pH values measured on each site and values predicted by
MAGIC.
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Table 6. Data table for figure 11 above. Note that predicted mean Ellenberg N and R values

4 5

6
Observed mean Ellenberg R

were derived by back-transformation from the calibration equations between Ellenberg scores

and soil variables (see Box 5).

Mean Ellenberg N

Mean Ellenberg N derived from

Observed mean predicted from MAGIC C/Nratio
Site & year Ellenberg N measured soil C/N  prediction
Rothamsted Park Grass 1877/76 4.57 4.15 7.96
Porton Down2000 4.55 6.64 5.29
Cairngorm 2000 1.86 142 1.38
Pwllpeiran 2001 239 452 355
Climoor 1998 175 101 119
Moorhouse 2001 1.36 1.65 1.65
Budworth 1998 267 1.46 127
Plynlimon 2002 233 325 3.26
Ruabon 2005 2.00 1.20 119
Mean Ellenberg R Mean Ellenberg R
Observed mean predicted from derived from

Site & year Ellenberg R measur ed soil pH MAGIC pH
Rothamsted Park Grass 1877/76 591 5.38 6.24
Porton Down 2000 6.60 8.26 7.50
Cairngorm 2000 223 461 472
Pwllpeiran 2001 274 395 3.62
Climoor 1998 2.00 277 2.61
Moorhouse 2001 223 2.84 2.86
Budworth 1998 233 3.62 3.70
Plynlimon 2002 334 4.05 3.99
Ruabon 2005 2.00 2.79 2.61
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Conclusion: Positive correlations between mean Ellenber g scores derived from
soil measur ements ver sus means based on obser ved species composition, offer a
general validation of the calibration equations between soil and mean Ellenberg
values. Discrepanciesare more likely in neutral and calcar eous grassland
Priority Habitats because a wider range of mean Ellenberg N values are possible
over avery narrow range of soil C/N. However, calibration equations are also
typified by large unexplained variation that isignored when soil C/N, pH and %
soil moisture are transformed into mean Ellenber g values.

245 Modelled versus observed speciesrichness

A test of observed versus predicted plant species richness was carried out in the
same way as for mean Ellenberg values in the previous section. The test aimed to
assess the performance of the statistical model of species richness devel oped for
terrestrial plant communitiesin Britain, where species richness is predicted by the
explanatory variables cover-weighted canopy height, soil C/N, soil pH and soil
moi sture content.

Model uncertainty was high (Appendix 1) hence predictions would have large
prediction intervals, reducing the precision of the model for forecasting or testing
scenarios of change. Results confirmed this (Fig 12) but also showed that observed
species richness on test sites was much more variable than predictions based on
MAGIC estimates of soil CN and pH. Thus, while a positive correlation was seen
between observed and predicted values, the slope of the relationship deviated
considerably from the y=x line (Fig 12). In addition, considerable variability attached
to both observed and predicted values. Since speciesrichnessistypically a
logarithmic function of area sampled, the natural log of test plot size was graphed
against observed richness to identify any area-related bias. None was apparent (Fig
13).

Figure 12. Comparison of observed species richness versus species richness predicted from
MAGIC soil C/N and soil pH predictions (+/- standard deviation).
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Figure 13. Observed species richness (+/-sdev) versus plot size on model testing sites.
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246 Speciesrichnessthroughtime

A comparison of observed versus predicted species richness over time was carried
out using the Moorhouse Hard Hills control plots; this being the site with the greatest
number of time intervals and where MAGIC performed well (Fig 14). As expected,
variation about observed and predicted values was large yet similar trgjectories of
change were seen. Species richness was predicted to increase between 1981 and 2001
to a greater extent than observed.

Figure 14. Predicted and observed changes in species richness (+/-sdev) in the Moorhouse
Hard Hills control plots with fitted polynomial regression lines. Predictions were based on
MAGIC smulations of C/N ratio and soil pH with %soil moisture and canopy height held
constant.
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Conclusion: Observed values of speciesrichnesswill generally be poorly
predicted from the best statistical model. However thereisweak evidence that
thedirection of changein richness given change in soil conditions and



successional stage can be correctly predicted albeit with high levels of
uncertainty surrounding each estimate. Because of thisvariability, modelled
speciesrichness values will over-populate predicted pseudo-quadr ats. Further
testing isrequired to confirm the ability of the model to correctly predict
direction and rates of change in speciesrichness.

24.7 Validating GBMOVE regression models

While each individual species model could, in theory, be validated against
independent test data, such an exercise would be extremely time consuming athough
probably desirable if credibility is to be properly won for the majority of species
models. This activity is best seen as along-term campaign involving the gradual
accumulation of other datasets for testing against GBMOVE. CSM indicators could
be prioritised in this way, which would give a manageable subset of species to focus
on.

An overall assessment of the accuracy of the GBMOVE niche models can
however be gained by correlating species Ellenberg numbers for fertility (N), soil pH
(R) and soil wetness (W) with the estimated optimum position of each species along
each gradient derived algebraically from each GBMOVE equation (see Appendix 5
and Box 6). While this approach does not validate the predictive accuracy of the
entire response surface, it does verify that a critical attribute of the GBMOVE models
IS consistent with independent data.

Initial correlations were disappointing but r-squared values improved substantially
when certain groups of models were excluded (Fig 15). Species were excluded for
which no algebraic optimum existed or where a saddle point, ie. a minima, was
estimated rather than a maximum (Appendix 5). Next, only species were included that
had significant quadratic terms for every gradient. Finally, species were excluded for
which Ellenberg did not give numbersin his original publication because they ranged
widely across environmental gradients (Schaffers & Sykora 2000; ter Braak &
Barendregt 1986).

Figure 15. Change in r-squared val ues between optima predicted by GBMOVE
models and published Ellenberg numbers for higher plants. R-squared values
increased as certain groups of species were progressively excluded
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Figure 16. Scatter plots of predicted optimum Ellenberg values from GBMOVE

models (x-axis) versus published Ellenberg numbers (y-axis) for higher plants. a)
Fertility, b) soil pH, c) Wetness.
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Figure 17. Scatter plots of predicted optimum Ellenberg values from GBMOVE
models (x-axis) versus newly generated Ellenberg numbers (y-axis) for bryophytes. a)
Fertility, b) soil pH.
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y = 1.1795x - 0.9393
R? = 0.6107

Results showed that higher plants were on average better correlated with
published Ellenberg numbers than bryophytes. Also no substantial bias was evident in
that dopes were all near to one and intercepts between zero and one (Fig 16a-c).
Bryophyte optima for fertility were poorly correlated with the newly produced
Ellenberg N values with a bias toward lower GBMOVE optima at the more fertile end
of the gradient. Oddly, soil pH optima were reasonably well correlated (Fig 17b) and
in fact faired much better than soil pH optima for higher plants (Fig 16b). The results
for bryophytes are encouraging. Models were constructed for bryophytes and lichens
in exactly the same way as for vascular plants on the basis that different species
exhibit preference for different community types and hence for different ranges of
abiotic variables including soil pH and C/N. Although their interaction with their
abiotic environment will be different from rooting plants, the empirical basis of the
models alows for the fact that the match between species and environment remains
correlative rather than mechanistic. The fact that Ellenberg R, N and L values have
been newly computed for bryophytes as part of this project indicates that soil pH,
substrate fertility and shade are indeed significant constraints on species occurrence
despite the clear importance of substrate type and other factors.

Conclusions: GBMOVE optima showed variable correlations with Ellenberg
numbers. The results are encouraging and suggest that a core subset of reliable
GBMOVE models have been developed but some models warrant closer
examination astheir optima deviate strongly from their Ellenberg values.
Examination of individual species modelswould be the only way of further
selecting the best species. Focussing on CSM indicator s would be a user-oriented
and convenient criteria for selecting modelsfor closer inspection.

24.8 Modelled versusobserved speciescomposition

The objective in this section was to determine how successfully
MAGIC+GBMOVE could reproduce the observed species composition in test plots.
Results were compared with predictions based on mean Ellenberg values and species
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richness taken from observed plot data. Hence, the comparison is against predictions
generated without calibration equations, species richness prediction or MAGIC
predictions of soil C/N and pH and therefore with the least uncertainty. The goal must
be near conplete prediction of all species present, arbitrarily over 90%, if the models
are to be used to reliably predict community assembly.

The prediction of species composition involved the most complicated
manipulation of predicted outputs of all the model tests. This is because the goal was
to assemble a set of simulated quadrats each populated with an expected species
composition. Because predicted probabilities from each GBMOV E model cannot be
directly interpreted as expectations of occurrence in a stand (see Box 6) we used
species richness along with GBMOVE output to build pseudo-quadrats in the
following stages.

1. MAGIC predictiors of soil C/N and pH were used in combination with fixed
soil moisture and canopy height to generate GBM OV E probabilities of
occurrence for all species present in the 10km square species pool.

2. These input data were also used to generate a mean species richness and an
associated variance of richness values which were assumed to be normally
distributed about the mean.

3. A set of simulated richness values was generated conditioned on this
distribution.

4. Richness values were drawn at random from this distribution up to the number
of observed quadrats available on each site. Hence each pseudo-quadrat had an
assigned predicted species richness.

5. Pseudo-quadrats were then populated by drawing a number of species up to
the predicted richness for that pseudo-quadrat from the list of predicted
GBMOVE probabilities sorted in descending order.

6. Having generated a set of simulated quadrats, the predicted frequency table
was matched against the National Vegetation Classification so that community
level affinities could be assessed in addition to the key comparison of how
many species present in the observed data were actually present in pseudo-
quadrats.

Rothamsted Park Grass

At Rothamsted, predictions were possible for the entire time-series. When
observed mean Ellenberg scores were used to predict species composition, an average
of 67% of all species observed were actually predicted (Fig 18). When predictions
were based on MAGIC estimates of soil C/N and pH as input to GBMOVE, the
percentage correctly predicted decreased substantially (Fig 18).



Figure 18. Percentage of species correctly predicted in the three Park Grass control plots
based on pseudo-quadrats whose richness and composition were predicted by
MAGIC+GBMOVE based on FRAME N and S deposition versus predictions based on
observed mean Ellenberg scores only as input to GBMOVE.
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Over the 150 years of the experiment at Rothamsted, a modest but significant
reduction in yield and a shift toward less fertile assemblages has been seen in control
plots reflecting continuous hay offtake with no N addition except from the
atmosphere. In the last 30 years there has been a tendency for increasing yield
(Silvertown et a 1994) that may reflect N deposition athough this was not reflected
in the botanical data transcribed from Williams (1978) since the time series stopped at
1976. Consistent with the moderate but long-term reduction in yield in control plots
through most of the time period, Dodd et al (1994b) reported a best fit to MG5a
Centaurea nigra — Cynosurus cristatus grassland, Lathyrus pratensis sub-community
throughout the time period but with an increase in similarity to the somewhat less
fertile and more calcicolous MG5b Galium verum sub-community from the early
1900s onward.

When predicted species composition derived from observed soil pH, C/N ratio
and canopy height were matched against the NV C, plots recorded in 1876 were
predicted to be either the more fertile MG6 Lolium perenne — Cynosurus cristatus
grassand or MG5 (plots 2 and 12) or CG2 Festuca ovina —Avenula pratensis
grassland (plot 3 in 1876) with no obvious indication of any change in trophic status
throughout the period, consistent with negligible change in C/N ratio. In plot 3 a
consistent change was predicted with a shift from CG2 to MG6. Only in this plot did
measured soil C/N decrease appreciably from 13.2 in 1876 to 12.6 in 2000. When
pseudo-quadrats were generated from the best current MAGIC run, the best fit at the
start of the experiment was with MG5 changing to the more fertile, semi-improved
MG6 by 1976.

The results for Rothamsted indicated that even when mean Ellenberg scores
were used as input to GBMOVE based on observed species composition, substantially
less than 90% of species present were predicted to be present. Although the NVC
community type was correctly predicted by MAGIC+GBMOVE at the start, the
observed and modelled decline in soil C/N resulted in a shift to a more fertile
community type, which is the reverse of the exenstifying trend observed in the control
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plots (Williams 1978; Dodd et al 1995). Therefore the main reason for poor
performance of MAGIC+GBMOVE appears to be that observed soil changes were
actually inconsistent with observed vegetation change.

Moorhouse

The same testing strategy was adopted as for Rothamsted. A comparison was
made between the proportion of gpecies present in each year that were correctly
predicted using observed mean Elllenberg values and observed species richness,
versus predictions from MAGIC linked to GBMOVE and a statistical model of above-
ground species richness (Fig 19).

Fig 19. Percent of speciesin control plots that were correctly predicted to be present based on
observed Ellenberg values (+/-sdev) ie GBMOVE only, versus the percentage correctly
predicted in pseudo-quadrats generated by MAGIC+GBMOVE.
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When predicted species lists for both GBMOVE and MAGIC+GBMOVE
were examined, key absences included a range of bryophytes. However, the key
dominants in the vegetation were predicted to be present in both model runs. These
included Calluna vulgaris, Eriophorum vaginatum, E.angustifolium,the liverwort
Cephalozia connivens and Sphagnum capillifolium. Both predictions lacked the
important diagnostic species Rubus chamaemorus but this was because this species
has no GBMOVE model. Predictions generated by MAGIC+GBMOVE also included
diagnostic species for the lowland valley mire community M21 such as Narthecium
ossifragum with Erica tetralix, Molinia caerulea and occasiona Vaccinium
oxycoccus. The result was that predicted and observed quadrats were assigned to
different NV C communities (Fig 20). MAGIC+GBMOVE predictions tended to be
most similar to M21 Narthecium ossifragum — Sohagnum papillosum lowland valley
mire and the Western oceanic lowland M 17 Scirpus cespitosus — Eriophorum
vaginatum blanket mire. Observed control plot data tended, as expected, to be most
similar to M19 Calluna vulgaris - Eriophorum vaginatum and M20 Eriophorum
vaginatum blanket mires (Fig 20).
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Figure 20. Change in matching coefficients with the top two best-fitting NV