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Identifying the processes controlling the carbon balance in northern peatlands is crucial for their integra-
tion in global climate models. As a first step, current models of peatlands dynamics need to be adequately
evaluated to verify the consistency of processes before their integration in global models.

We compared here the sensitivity of the total carbon mass of a peatland simulated by the Holocene
Peat Model (HPM) derived from different sensitivity methods: a ‘classic’ local sensitivity analysis method
and a global approach with the screening method.

ﬁi)yr I;Oerrdrf:peatlan ds We observed that the conclusions drawn by the different methods are very different and, moreover,
Bog that it is not advisable to draw any general conclusion from a local one-at-a-time (OAT) experiment

because the model space represented is very limited. The results also stressed that the representation
of several processes, such as runoff or peat decomposition under different saturation conditions, lack
sufficient empirical data and knowledge to be adequately represented in the model. In addition to the
evaluation of the model per se, the exploration of its behaviour allowed us to observe simulations of two
fen-bog transition patterns.

This study showed that interactions between parameters should be taken into account when evaluating
peatland dynamics models. The results of the screening method are useful for model improvement and
simplification. Moreover, this method enables the exploration of model processes in detail, thus providing
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insight into peatland system dynamics.

© 2012 Elsevier B.V. All rights reserved.

1. Introduction

Northern peatlands accumulate large quantities of organic mat-
ter because their net production exceeds their total decomposition.
Northern peatlands sequester between 270 and 550 PgC (Gorham,
1991; Turunen et al., 2002; Yu et al., 2010), and they are thus iden-
tified as a major long-term sink of terrestrial carbon at the global
scale.

Processes underlying this sequestration ability are manifold and
interact with each other. Species growing in northern peatlands are
relatively decay resistant and their productivity is naturally limited
by cold temperatures, low photosynthetically active radiation and

Abbreviations: GSA, global sensitivity analysis; HPM, Holocene Peat Model; OAT,
one-at-a-time analysis; PFT, plant functional type.
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low nutrient availability. Additionally, acidity and permanent sat-
uration of the deeper peat layers account for a slow decomposition
rate of the plant-derived organic matter. Recently produced peat
layers are in an oxic zone above the water table and decompose
more rapidly. Thus water level and peat hydraulic properties are of
great importance and influence the overall carbon balance of the
peatland. Peat water content and peat saturation also affect the
amount of methane released by the peatland. Peat accumulation
and decomposition patterns vary depending on different criteria,
such as climate conditions, water level, nutrient availability, or
vegetation composition.

In global scale models, processes of peatland dynamics and their
interactions are often ignored for the sake of simplification, so that
northern peatlands are commonly replaced by boreal forest vege-
tation or tundra (Frolking et al., 2009). Only few modelling studies
aim to integrate peatlands and wetlands in global vegetation or car-
bon models (Kleinen et al., 2012; St-Hilaire et al., 2010; Wania et al.,
2009). The challenge resides in the quantification of the carbon bal-
ance. Indeed, peatlands sequester carbon through photosynthesis
but these wet ecosystems also release large amount of carbon in
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form of methane. Moreover, the balance between both processes
might lead to opposite feedbacks on climate (Frolking and Roulet,
2007). Identifying the processes of peatland dynamics controlling
the balance between sink and source is thus an essential question.

Modelling peat accumulation and peatland development and
dynamics was initiated with the model of peat bog growth (Clymo,
1984, 1992). Several models followed Clymo’s concepts of accu-
mulation and decomposition (Frolking et al., 2001; Heinemeyer
et al,, 2010; Hilbert et al., 2000; Yu et al., 2001). The Holocene Peat
Model (Frolking et al., 2010), which also relies on those accumula-
tion and decomposition concepts, aims at integrating dynamical
feedbacks between environmental, hydrological and ecological
processes. Several attempts have also been made to represent peat-
lands dynamics in a 3D model (Borren and Bleuten, 2006; Korhola
etal., 1996; Morris et al., 2012). In Baird et al. (2012), the new Digi-
Bog model includes a more complex representation of hydrological
processes. However, this model needs to be further improved and
tested for its reliability in its 3D version (Morris et al., 2012).

At this time, model evaluation appears to be essential to verify
the consistency of processes and to ensure that peatland models
adequately represent peatland dynamics. Commonly, evaluation
is made by comparing simulation results with field data and is
often limited to a small number of sites so that it is difficult to
infer their bioclimatological and biogeochemical representative-
ness. Additionally, observing reasonable results at the end of a
simulation does not insure that the processes of peatland dynamics
are properly reproduced. Thus, in order to evaluate the functioning
of a model, it is important to focus on understanding mechanisms
influencing the model results rather than only comparing model
results with field data.

Sensitivity analysis aims at identifying the factors or parame-
ters of a model that are responsible for variation in the output. The
model is tested with different parameter values, and changes in
behaviour associated with parameter changes are observed. Test-
ing all possible conditions and parameter configurations requires
a large number of model runs so that it is rarely feasible for com-
plex models having a large number of parameters. The numerous
runs needed take substantial computer time. A variety of sensi-
tivity methods are available (Saltelli et al., 2008). Sampling-based
methods rely on the assumption that the uncertainty of an out-
put depends on the uncertainty of the parameters. Each parameter
takes a number of different values, and the influence of each param-
eter on the variance of the output is quantified. The different
parameter values taken by the parameters are commonly chosen at
random (Monte-Carlo methods) or follow a pseudo-random samp-
ling method (Helton et al., 2006; Saltelli et al., 2008).

When the value of only one parameter changes between con-
secutive simulations, the method is called a ‘one-at a time’ (OAT)
method. This ‘local’ method determines the influence of the vari-
ation of one parameter on the output, while all other parameters
remain constant. This allows a quantification of the partial deriva-
tive of the output. On the other hand, ‘global’ sensitivity analyses
aim at quantifying the influence of several parameters simulta-
neously, thereby identifying which combinations of parameters
influence the output. In order to limit the number of runs of a sensi-
tivity analysis, it is possible to carry out a screening method, which
identifies the most influential parameters with limited computing
cost (Morris, 1991; Saltelli et al., 2004).

The objective of this study was to evaluate the Holocene
Peat Model (Frolking et al., 2010). This model includes several
sub-models and interactions between the sub-models, so that the
number of parameters is high. An earlier sensitivity experiment
with HPM was presented in Frolking et al. (2010). In their study,
as in other peatland/wetland modelling studies (e.g. Hilbert et al.,
2000; Li et al., 2010; St-Hilaire et al., 2010; Tang et al., 2010;
Wania et al., 2009; Yu et al., 2001), only a very limited number of

parameters were taken into account in a local sensitivity analysis.
We argue that an intuition-driven choice of parameters carried out
by the modeller or the ecologist is not necessarily representative
of the model behaviour and might lead to incorrect interpretation
of the results. We hypothesise that a low-cost sensitivity method
taking into account all the parameters of the model will reveal
additional and different results from those obtained after an
“intuitive” sensitivity analysis.

In this paper, we propose to compare the sensitivity of the total
carbon mass of a peatland simulated by the HPM model derived
from two different methods: a ‘classic’ local sensitivity analy-
sis, changing one parameter value at a time and, subsequently, a
global sensitivity analysis with the use of the parameter screening
approach.

2. Model description
2.1. General scope

HPM aims to reproduce the temporal development of a peat-
land in one dimension (vertical) over centuries to millennia, using
an annual time step. The model thus simulates the development of
a peatland at its centre and delivers a year by year reconstruction
of accumulation, decomposition, hydraulic properties and vegeta-
tion assemblages. Outputs are peat depth, peat composition, carbon
accumulation and water table depth; HPM keeps track of each
annual peat cohort. The main mechanisms of HPM are described in
the following section; a more detailed description can be found in
Frolking et al. (2010). HPM, in its original version, is parameterised
to represent peatlands located in northern latitudes, registering
a fen-bog transition, with negligible tree cover and soil mineral
effects. HPM is a semi-empirical model based on laboratory and
field data(e.g. decomposition rate of plant litter of different species)
as well as on numerical representations (e.g. hydraulic proper-
ties derived from known functions, see Frolking et al. (2010) for
details).

In HPM, besides the site-specific input parameters (e.g. annual
potential evapotranspiration), several categories of parameters
are used: initialisation parameters, curve fitting parameters and
descriptive parameters for a total of 127 parameters (Table 1 and
Table 2). These parameters concern the core equations of the model
(e.g. bulk density calculation, peat porosity) but also more ecologi-
cal descriptions of peat and vegetation (e.g. decay rates, water table
depth ranges for productivity).

2.2. Main mechanisms of peatland development

2.2.1. Vegetation representation

The model is based on the assumption that water table depth
influences vegetation composition. This premise takes into account
litter properties of each plant functional type and their respective
decomposability. HPM includes 12 plant functional types (PFTs) dif-
ferentiated through their ability to grow in different water table
depths and under different conditions of nutrient availability, with
the use of peat depth as a proxy for nutrient status (based on
Tuittila et al. (2007) and Viliranta et al. (2007)). For example,
very wet, minerotrophic species (such as herbaceous species or
brown mosses) have an optimal productivity when the water table
is shallow and peat height is low, i.e. high nutrient availability.
Ombrotrophic hummock species, on the other hand, have an opti-
mal productivity when water table is relatively deep (ca. 20cm
deep) and peat height is greater than ca. 1.5 m. These character-
istics are represented with PFT specific parameters, describing the
gradient of the optimum NPP (net primary productivity) on each
side of the optimal water table depth and optimal peat depth, along
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Table 1
Nominal values of plant functional type (PFT) parameters, after Frolking et al. (2010).

PFT PFTID [-] zor [m] Oy [M] ol m] hpP [m] O[] o [m] NPPe; [-] AGaci [ koi [yr']
Grass 1 0.40 0.40 0.40 0.01 1.00 1.00 0.75 0.50 0.20
Minerotrophic herb 2 0.10 0.30 0.30 0.30 1.00 1.00 0.75 0.50 0.30
Minerotrophic sedge 3 0.10 0.40 0.40 0.10 2.00 2.00 1.00 0.20 0.30
Minerotrophic shrub 4 0.20 0.20 1.00 1.00 2.00 2.00 0.50 0.50 0.20
Brown moss 5 0.01 0.20 0.05 0.10 1.50 1.50 0.50 1.00 0.10
Hollow Sphagnum 6 0.01 0.20 0.05 2.00 1.00 19.00 0.50 1.00 0.10
Lawn Sphagnum 7 0.10 0.30 0.40 2.00 1.00 19.00 0.50 1.00 0.07
Hummock Sphagnum 8 0.20 0.10 0.50 2.00 1.00 19.00 0.50 1.00 0.05
Feathermoss 9 0.40 0.40 0.60 4.00 6.00 19.00 0.25 1.00 0.10
Ombrotrophic herb 10 0.20 0.20 0.20 4.00 2.00 19.00 0.25 0.50 0.25
Ombrotrophic sedge 11 0.20 0.30 0.30 4.00 2.00 19.00 0.50 0.20 0.15
Ombrotrophic shrub 12 0.30 0.30 1.00 4.00 2.00 19.00 0.50 0.50 0.15

with a parameter specifying the belowground fraction of total NPP
(Table 1). Trees are not yet represented in the model set of PFTs.

2.2.2. Water balance

Water balance is expected to play an important role in the sys-
tem and thus in the model (Belyea and Baird, 2006; Waddington
et al., 2009). In HPM, the annual water balance is based on precipi-
tation, evapotranspiration, which is a function of water table depth,
and runoff. Three parameters control the runoff: Ry, a site-specific
base rate for an inundated peatland with shallow peat; cg, which
specifies the rate of increase of runoff with peat height (as a proxy
for land slope); and Ty, influencing runoff through peat effective
transmissivity (Table 2). The annual net water input resulting from
the net water balance calculation is added (subtracted) each year
and the water table depth is determined by consideration of peat
depth and bulk density.

2.2.3. Hydraulic properties

Hydraulic properties of peat (effective transmissivity and water-
filled pore space in the unsaturated zone) depend on water table
depth and on peat bulk density, and thus, indirectly, on vegeta-
tion properties (particularly on decomposition properties). Bulk
density calculation includes four parameters (Table 2): two site
specific parameters - minimum bulk density (ppi,) and maximum
bulk density increase (Ap) - and two general parameters - c3
and c4 representing the value at which bulk density has increased
half way from minimum to maximum and the steepness of the
bulk density transition curve, respectively. The transition from
minimum to maximum bulk density is a function of the degree
of decomposition of the peat. Consequently, peat layers identi-
fied as well-decomposed have a higher bulk density and a lower
hydraulic conductivity than fresh peat layers. Bulk density results
from different interactions between productivity, accumulation,
decomposition and water balance, which are not sufficiently under-
stood to derive the calculation of bulk density from these processes.
Bulk density of the peat thus depends on the litter types and their
rates of decomposition.

2.2.4. Productivity

Productivity in HPM is based on two factors: annual water table
depth and peat depth, which is used as a proxy for the accessibil-
ity to nutrients. Total productivity depends on the assemblage of
plant functional types (each of which has specific water table depth
and peat depth values for optimum productivity and a specific rela-
tive productivity in order to represent vegetation composition, see
Table 1) and on the maximum potential NPP, which is a site spe-
cificvalue (Table 2). This value is central in the productivity of HPM,
since air temperature is not represented in the current version of
the model. Depending on water table depth and peat depth, differ-
ent PFTs dominate the vegetation assemblage. Peat accumulation

thus takes into account NPP and the litter properties of each PFT
with respect to its representation in the assemblage.

2.2.5. Peat decomposition

Peat decomposes year after year and follows different decom-
position rates depending on the PFT (k values in Table 1). As a result,
the accumulating peat includes a varying portion of decomposed
peat stemming from the different PFTs of the former vegetation
cover. Note that the influence of peat temperature on decompo-
sition is ignored in the current version of HPM. At the end of
each simulated year, a portion of the acrotelm peat moves to the
catotelm, the amount depending of the change in water table depth.
In HPM, the transition between these compartments is represented
by a gradient of anoxia (described by the anoxia scale length,
Table 2). Decomposition rates differ according to the position of
the layer in the peat column. In the unsaturated zone, there is a
maximum rate at an optimal water content (Wopt, Table 2), with
the rate declining for drier and wetter peat. At the water table, the
decomposition rate multiplier is set to Ws,¢, and below the water
table the multiplier declines exponentially, with a scale length of
¢, (Table 2).

2.3. Calibration and spin-up

Values used for calibration are for the Mer-Bleue bog (Roulet
et al., 2007), located in Ontario, for sake of comparison with the
previous study (Frolking et al., 2010). Inputs needed are maximum
potential net primary productivity (NPPpot), annual precipitation
for the simulation period (P) as well as minimum bulk density
(Pmin) and magnitude of the bulk density increase (A p) expected
at the site.

Initialisation is set up by constraining the model to accumulate
peat until peat depth reaches a certain level (here 15 cm accumu-
lated peat). During this period, water balance is not dynamic and
the water table depth is prescribed (here 7 cm). Once peat accumu-
lations reach this level, HPM calculates annual water and carbon
balances. The water table depth during initialisation is shallow
since peat height is limited to small amounts.

2.4. Evaluation

Up to now, evaluation of HPM has been achieved by a compari-
son with paleodata from the Mer-Bleue bog and sensitivity analysis
of certain parameters (Frolking et al., 2010) and by a comparison
with paleodata from several bogs and fens located in the eastern
coast of the Gulf of Bothnia, in Finland (Tuittila et al., 2012). The
results generally showed a good agreement with the observations,
except for very young peatlands. It is to be noted that the influence
of precipitation regime on the simulation was important and that a
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Table 2
Model parameters and associated range and distribution for the sensitivity analysis.
Parameter description Abbreviation Units Range PDF
Min Max
Annual precipitation P [myr] 0.30 1.20 Normal
Factor for annual potential evoptranspiration ET¢ [-] 0.10 1.00 Normal
WTD threshold for maximal ET Z1 [m] 0.01 0.40 Uniform
Factor for WTD threshold for minimal ET 43 [m] 0.04 0.69 Uniform
Potential ET/Minimal ET Ce [-] 1.20 1.70 Uniform
Annual runoff adjustment factor Ro [myr-1] -0.01 0.10 Uniform
Increase in runoff with peat height cs [m1] 0.05 0.30 Uniform
Minimum profile relative transmissivity To [-] 0.05 0.80 Normal
Maximum potential net primary productivity NPPpo¢ [kgm=2yr'] 0.50 5.00 Uniform
Maximum root depth for non-sedge vascular plants Rt; [m] 0.15 0.35 Uniform
Depth to 80% of the sedge roots Rt, [m] 0.20 0.40 Uniform
Maximum root depth for sedges Rt3 [m] 1.50 2.50 Uniform
Scale length for the anaerobic effect on decomposition rate [ [m] 0.10 2.00 Uniform
Optimal WFPS for decomposition Wopt [-] 0.30 0.50 Uniform
Decomposition rate multiplier at annual mean water table depth Wiat [-] 0.15 0.45 Uniform
Minimal decomposition rate multiplier Sfmin [-] 0.0001 0.01 Uniform
Minimum litter/peat degree of saturation Winin [-] 0.01 0.05 Uniform
Controls litter/peat unsaturated water content function Co [-] 0.35 0.65 Uniform
Controls litter/peat unsaturated water content function C1o [kgm—3] 10.00 30.00 Uniform
M/Mp at which bulk density reaches half of its amplitude c3 [-] 0.10 0.30 Uniform
Controls steepness of the bulk density curve C4 [-] 0.05 0.20 Uniform
Minimum peat bulk density Prmin [kgm—3] 20.00 70.00 Normal
Maximum potential increase in peat bulk density Ap [kgm=3] 55.00 140.00 Uniform
Organic matter particle bulk density Pom [kgm—3] 1000.00 1600.00 Uniform
For each PFT
Peat depth for optimum productivity h‘[’,‘[’; [m] +50% 150%? Normal
Productivity range around the optimum Oppi [m] +50% 150% Normal
DI [m] +50%? 150% Normal
Water table depth for optimum productivity Z\‘;}’Tt]. [m] +75% 125%?2 Normal
Productivity range around the optimum O [m] +75% 125%2 Normal
U\Xm [m] +75% 125%2 Normal
Relative net primary productivity NPP,ji [-] 50%? 200%?2 Uniform
Above-ground net primary productivity AGfraci [-] +75%0 125%2b Uniform
Decomposition rates Ko.i [yr1] +75%? 125%? Normal
N.B: examples of notation for PFT parameters: h]‘ig‘l is peat depth optimum productivity for PFT 1, oy,,. parameter is the productivity range below the optimum for PFT 8.

2 Of the nominal values.
b Except for Sphagnum PFTs.

coarse precipitation reconstruction based on lake levels was used
in Frolking et al. (2010).

3. Methods

For the sake of comparison, we investigated three different
methodologies for the sensitivity study. All of them surveyed the
response of the model to changes in parameter values. In this paper,
is defined as a parameter, any value that can cause a variation in the
output of the model. The first two sets of experiments were local
sensitivity analyses. The results of the first local sensitivity anal-
ysis can be compared to the results of Frolking et al. (2010). The
second set of experiments aimed at comparing three different local
sensitivity analyses with different parameter settings: three precip-
itation scenarios were performed. The method used for the third set
of experiments was a screening method enabling the exploration
of multiple parameter settings.

3.1. Output of interest

HPM generates several outputs, including peat accumulation,
peat height, peat composition, water table depth. In this paper, we
focused on one output: the total quantity of carbon sequestered (in
kg) after 5000 years simulation. Carbon sequestration processes
are one of the most important issues bringing peatlands into
global change science. Carbon mass is the net result of productivity
and decomposition of the peat. Since it results from different

interactions, this output is a single measure of aggregate model
behaviour that is comparable to observations.

3.2. Local sensitivity analysis

Local sensitivity analysis owes its wide use to its great simplicity.
The method is characterised as ‘local’ because a very limited area
of the model space is represented.

3.2.1. ‘One-factor-at-a-time’ analysis

Within all possible combinations of parameters, each of which
canvary over arange, only one combination is represented and only
values of one parameter vary in the ‘one-factor-at a time’ or ‘one-at
atime’ design (OAT) method, while all others remain constant. This
method, chosen in Frolking et al. (2010), gives an insight into the
impact of changing parameter values on the output.

For sake of comparison with the subsequent sets of experi-
ments, we performed here a similar analysis to the one performed
by Frolking et al. (2010). The chosen parameters were based on
their study, where 11 parameters were analysed. These param-
eters were chosen because they intuitively represent important
elements of the model. We arbitrarily chose 4 of those parameters
- maximum potential NPP (NPPpot ), minimum bulk density (omin),
anoxia scale length (cy), and annual precipitation (P) - and exam-
ined their influence on the total carbon mass after 5000 simulation
years (see Table 2 for details). In Frolking et al. (2010), parameters
were varied using 2-5 different values. However, a wide range of
values needs to be analyzed for each parameter in order to observe
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possible shifts in the model response. Seven values for each param-
eter were chosen from a range (Table 2) that appeared realistic to
the modeller/ecologist to represent the potential natural variability
of the parameter. The total computing cost of the analysis was 28
model runs.

3.2.2. Two-parameter combinations

This second approach is very similar to the previous one and
aimed at identifying the influence of the combination of two param-
eters on the output. Thus, here again, only a limited portion of
the model space was explored. Three combinations of precipitation
and another parameter (maximum potential NPP, minimum bulk
density or anoxia scale length) were chosen, and for each com-
bination two additional precipitation scenarios were performed.
Precipitation was chosen because it gives a simple representation
of a change in environmental conditions. Overall, for this exercise,
three precipitation values were used: one equivalent to the ‘Mer
Bleue simulation’ (0.9 myr—1), a wetter and a dryer scenario (0.7
and 1.1 myr~1). This exercise shows how the sensitivity analysis
might be affected by interaction effects between parameters.

3.3. Screening method

Given the large number of parameters in HPM, it would be help-
ful to identify the parameters that have the greatest influence on
the model output, as well as those that are not influential, in order
to improve the model (e.g. by removing the non-influential param-
eters) and to conduct studies toward specific regions of model
parameter space. This can be achieved with help of a screening
method. The chosen screening method was the elementary effects
method from Morris (1991) as it provides an estimate of importance
of each parameter and yields the identification of non-influential
parameters. We chose not to group the PFT-related parameters in
order to highlight the differences among them, even if they might
individually have a limited influence (each of them influencing only
a small portion of the vegetation or peat composition).

In contrast to an OAT analysis, this method is composed of a
series of randomised OAT experiments, i.e. each parameter varies
one after the other. The accumulation of randomly chosen OAT
(i.e. local) experiments allows the exploration of the whole model
space at relatively low computer cost. For each parameter, a limited
number of values were chosen within a prescribed range and dis-
tribution. When the distribution of the parameter was unknown, a
uniform distribution was assumed (Table 2). The number of model
simulations (N) needed for this experiment is calculated as follows:

N=r(k+1) (1)

where r is the number of trajectories (i.e. number of randomly
sampled points for each parameter) and k the number of model
parameters (Morris, 1991). Here, 127 parameters were taken into
account and the number of trajectories was set to 10. Thus, 1280
model executions were needed. Each parameter was represented
by 8 levels (corresponding to quantiles of the parameter distribu-
tion).

3.3.1. Sampling

The choice of the sampling method is an important step for the
sensitivity analysis, since it does have a strong influence on the
results of the experiment (Beven, 2009; Saltelli et al., 2008). We
chose a sample that represents the model space in its best possible
way without requiring too many values (Beven, 2009). The classic
Monte-Carlo method requires choosing a lot of parameter values
to efficiently represent the model space, whereas a quasi-random
sample allows a better representation with a limited number of dis-
crete values. However, the variable spaces are not homogenously
represented and there are gaps in the sample distribution. As a

result, for a given parameter, some values might occur very often in
the sampling while other values might occur rarely and are repre-
sented in few simulations only. We used SimLab, version 3.2.6 (Joint
Research Centre of the European Commission, 2011), to generate a
quasi-random sample.

The experiment was designed so that each simulation had the
same initialisation period (i.e. spin-up). In the current setting, the
spin-up lasted 8 simulation years. Parameters values changed when
the simulation became dynamic, i.e. as soon as the accumulated
peat reached 15 cm thickness.

3.3.2. Elementary effects (EE)

Sensitivity measures were also calculated with SimLab 3.2.6
(Joint Research Centre of the European Commission, 2011). Ele-
mentary effects of a parameter are defined as the ratio between
the output response change and the difference in parameter value.
A series of elementary effects was obtained for each parameter.
The sensitivity measures  and o describe the mean and standard
deviation of the distribution of the elementary effects of each
parameter. The p value describes the overall influence of a param-
eter on the output, whereas o assesses the influence on the output
of interactions and nonlinearity associated with this parameter.
Parameters having large i and o values have a stronger impact on
the variance of the output than parameters having i and o values
close to zero.

4. Results
4.1. Local sensitivity analysis

4.1.1. One-at-a time analysis

Relationships between parameter values and the output, i.e. the
total mass of carbon accumulated during 5000 simulation years,
are presented in Fig. 1. As the value of NPPyo: increased, the total
amount of carbon stored in the peatland after 5000 years of sim-
ulation increased, as expected (Fig. 13, filled circles). The shape of
the curve, however, was nonlinear. When NPPpo: lay between 0.5
and 2kgm~2yr~!, the slope of the response curve reached its max-
imum. Thus, the total mass of carbon was more sensitive to NPPpot
when its values are low. The results also suggest that the effect of
increasing NPPpo: was limited after a certain level: in the current
configuration of the model, beyond 3 kgm~2 yr—! other processes
limited carbon mass. Overall the influence of NPPpot was impor-
tant since the carbon mass varied nearly by a factor of 10 for values
between 0.5 and 2kg m—2 yr—1.

An increase in pyi, was expected to have a positive influence
on the total carbon mass since it contributes to decreased peat
porosity and thus slows the rate of peat height growth for a given
mass increment. This could cause the water table to be closer to the
peat surface, limiting decomposition (Fig. 1b, filled circles). Indeed,
the results showed an increase in total carbon mass. However, the
relationship between this parameter and total carbon mass was
not linear. The graph suggests that minimum bulk density had a
limited influence on total carbon mass since a large increase in its
value only led to a limited variation of the output (factor of 1.5).

A different behaviour can be seen in the graph relating the
anoxia scale length parameter to total carbon mass (Fig. 1c, filled
circles). As in Frolking et al. (2010) a decrease in total carbon mass
with an increase in anoxia scale length was expected. This expec-
tation came true in our experiment when anoxia scale length was
longer than 0.5 m but not when values lay between 0.1 and 0.5 m.
There was thus an optimal value for which the total carbon mass
was maximal. At first, this result seems questionable but a further
investigation provided a logical explanation for this behaviour. A
short anoxia scale length favoured high peat accumulation. This
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Fig. 1. Total carbon mass after 5000 simulation years for different parameter values of (a) maximum potential NPP (NPP}), (b) minimum bulk density (omin), (c) anoxia
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constant at nominal values. In (a)-(c), filled circles represent simulations with precipitation nominal value 0.9 myr-!, hollow squares and triangles represent simulations
with precipitation scenarios of 0.7 myr~—' and 1.1 myr~! respectively (all other parameters remain constant).

high peat accumulation led to a drop in the water table depth
and thus to a larger aerobic zone and more decomposition, which
slowed accumulation. Total carbon accumulation was thus limited.
In turn, when the anoxia scale was longer, the water table depth
remained at an intermediate level for a longer period of time; this
limited decomposition and allowed a greater peat accumulation. At
the end of the simulation, more carbon had accumulated and the
water table depth did not end up very deep. However, as the anoxia
scale length became greater than 0.5 m, decomposition increased
in the saturated zone, so water table depth had a diminished influ-
ence on total decomposition. This led to a decrease in total carbon
mass. Overall, anoxia scale length had an impact similar to the one
of minimum bulk density on total carbon mass, allowing carbon
mass to double when the value of anoxia scale length was optimal.

A change in annual precipitation (with constant precipitation
throughout the simulation) could lead to different responses of
the output (Fig. 1d). These responses did not follow the mod-
eller’s intuition. In order to understand the response of the
model to precipitation increase it is important to note that the
potential evapotranspiration parameter (which is site specific)
remained constant to a level of 0.55myr~!. Thus the different

precipitation regimes applied to the model actually acted as differ-
ent precipitation-evapotranspiration ratios (there is no run-on in
the simulations). Fig. 1d shows that for P<0.55 myr~! (the potential
evapotranspiration level), very little carbon accumulated. Above
this level though, total carbon mass increased as precipitation
increased. The slope of this increase was high and precipitation had
a strong influence on total carbon mass. However, for an amount
of precipitation of 1.2 myr~1, total carbon mass after 5000 years of
simulation was significantly smaller than for lower precipitation
regimes. Again, this result was not anticipated and corresponds to
afeedback effect in the model. Indeed, with 1.2 myr—! of precipita-
tion, the system obtained 0.65 m water in excess each year. In the
first fifty simulation years, the simulated water table was close to
the surface or even slightly above the surface. This allowed a close-
to-optimum productivity of minerotrophic PFTs and a very low
decomposition rate. Even though precipitation remained constant,
high peat accumulation was followed by a rapid water table drop
down, and an increase in decomposition causing a slower carbon
accumulation. Overall, a modification of the precipitation regime
induced a very wide range of responses in total carbon mass
(between essentially zero and 392 kg) and in different directions.
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4.1.2. Two-parameter combinations

A second part of the local sensitivity analysis was carried
out using the same parameters, with two of them varying
simultaneously. This allowed observing interactions between two
parameters and their common influence on the output. To illustrate
this phenomenon, we chose three different precipitation scenarios
that vary simultaneously with each of the three parameters studied
in the previous section (maximum potential NPP, minimum bulk
density and anoxia scale length).

Fig. 1a shows the plots of two other series of simulations with
varying NPPpoc. When the precipitation regime was low (here
0.7myr"!, represented by hollow squares), the shape drawn was
similar to the results with 0.9 myr~! of precipitation (filled cir-
cles). However, total carbon mass varied with less amplitude, i.e.
the parameter had less influence on total carbon mass than when
P=0.9myr-!.The response of total carbon mass when variations in
NPPpo: were associated with higher precipitation (1.1 myr~1, rep-
resented by hollow triangles) differed from the other responses.
When NPPp, increased from 0.5 to 2 kg m~2yr-!, total carbon mass
increased rapidly. With a further increase in NPP,o¢ however, total
carbon mass decreased. This pattern resembles Fig. 1d where only
precipitation varied. When NPPyo; was greater than 2 kgm=2 yr~!
total carbon mass was no longer limited by this parameter but by
the amount of precipitation. These results show that when a second
parameter varied (here precipitation), the responses of the output
to variation in another parameter could be manifold. Thus it is dif-
ficult to assess the influence of a parameter on an output with the
local OAT method.

Changes in ppi, caused a slow increase in total carbon mass
when precipitation regime was 0.9 myr~! (filled circles). Changes
in precipitation regimes (Fig. 1b) generated different responses
of the output. With a precipitation regime of 0.7 myr~! (hollow
squares), total carbon mass was optimal for p,;, values located
in the middle of the range. Indeed, bulk density influenced the
variation of the water table depth. If minimum bulk density and
precipitation were low, the water table, as well as the peat accumu-
lation, dropped rapidly and carbon accumulation was low. On the
other hand, if pn,j, was high and precipitation was low, peat accu-
mulation was very limited and carbon accumulation remained low.
Overall, pryin showed low influence on the outputin this case. When
precipitation was higher than the nominal value (in the 1.1 myr~!
scenario represented by hollow triangles), total carbon mass was
more influenced by pp,. Total carbon mass varied between 150
and more than 450 kg depending on the p.;, value. Interestingly,
when 0, was set at 20 kg m~3, total carbon mass was higher when
precipitation equalled 0.9 myr~! than when precipitation was set
to 1.1myr~!. Actually, at the beginning of the simulation, peat
accumulation was higher when precipitation was higher because
water table depth was at the surface and enhanced productivity.
Nevertheless, high productivity here again caused a rapid drop in
water table leading to less production and more decomposition.
This feedback effect did not occur when precipitation was lower
than 1.1 myr~!. In addition, there was a feedback effect between
bulk density and water table depth. When bulk density was high,
porosity was low and an excess in precipitation led the water table
depth at the surface of the peatland for a long time and, as a result,
productivity increased. For this reason total carbon mass was higher
when precipitation was higher.

The interaction between anoxia scale length and precipitation
was more straightforward. The general pattern of an increase in car-
bon mass when precipitation increases happened as expected here.
However, it was noticeable that the optimum pattern observed
when precipitation was 0.9 myr~"! (filled circles) was amplified for
precipitation of 1.1 myr~! (hollow triangles). A greater amount of
water available to system favoured higher water tables and thus
slower decomposition. Inversely, this pattern did not appear when

precipitation was 0.7 myr~! (hollow squares), because water tables
were lower and high decomposition in the thicker oxic zone limited
carbon accumulation.

4.2. Morris’ screening method

Similarly to the previous diagrams, Fig. 2 represents the rela-
tionship between the different parameters and total carbon mass.
In the first panel (Fig. 2a), a general increasing trend was observed.
Here again, as NPP)o increased, total carbon mass got higher. How-
ever, several simulations showed small carbon mass when NPPpot
was high. In those cases, other parameters constrained carbon accu-
mulation. Another interesting pattern of this panel is that response
ranges of total mass generally increased when NPPo; increased.
Moreover, the mean response of total carbon mass essentially
stopped increasing when NPPpoc was greater than 3kgm—2yr—1.
Above this level, NPPpot was no longer a limiting factor, while below
this level NPPpot could limit total peat accumulation.

The relationship between pp,i, and total carbon mass showed a
generally increasing trend (Fig. 2b). Very low values of p,i, limited
carbon mass and very high values, on the contrary, allowed the
accumulation of very high carbon masses. However, for a pnin
value of 60 kg m~3, we noted that the total carbon mass remained
low compared to the results of the previous experiment (compare
Figs. 1b and 2b). This is due to the random sampling distribution,
which did not include the combination of parameters chosen in the
first experiment.

The relationship between anoxia scale length and total car-
bon mass (Fig. 2¢) did not show any clear trend but showed wide
response ranges for specific values (e.g. 0.1 or 1.2 m). Thus, in those
cases, anoxia scale length was not a limiting factor. These values
described very different systems where anoxia scale length and
water table depth interact (see Section 4.1 for details on the inter-
action). Therefore, the wide range of response for one anoxia scale
length could be linked to the amount of water available to the
system (depending itself on precipitation and evapotranspiration
values).

The response pattern of total carbon mass to precipitation
was very different from what was observed in Fig. 1, where
higher precipitation tended to increase total carbon mass. Here,
in Fig. 2d, increasing precipitation caused an overall decrease in
carbon mass. It is important to remember that in the current
experiment, all parameters may take varying values. Thus evapo-
transpiration might have compensated for precipitation or, on the
contrary, might have been so limited that the simulated peat-
land was actually flooded. A very wide range of carbon masses
was obtained from simulations with very low precipitation (ca.
0.2myr~1). These results were partly due to an artefact of the samp-
ling method. When looking in more detail at the way samples (i.e.
combination of parameters) were distributed, we observed that a
very large number of the simulations with 0.2 myr~! of precipita-
tion had a precipitation-evaporation rate close to 1 and potential
maximum NPP around 5kgm~2yr—1. This led to several ‘optimal
simulations’ with very high carbon masses and represent extreme
conditions for a northern peatland. However, this result highlights
the non-intuitive fact that various responses can arise with low
precipitation values. On the other hand, Fig. 2d also shows that
high precipitation regimes constrained carbon mass. The balance
of water availability had a strong influence on the result, and both
high and low precipitation could limit carbon mass.

4.2.1. Morris elementary effects (EE)

Fig. 3 presents the Morris elementary effects for the total carbon
mass after 5000 simulation years. i and o, respectively, describe
the mean and standard deviation of the distribution of the elemen-
tary effects of each of the 127 parameters. u gives an insight of
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Fig. 3. Mean (1) and standard deviation (o) of the distribution of elementary effects
of each model parameter for total carbon mass after 5000 simulation years. Trian-
gles, squares and hollow circles represent groups of parameters related to water
outflows, bulk density and PFTs, respectively. All other parameters are represented
by filled circles. u is an indicator of the overall influence of a parameter on the total
carbon mass. o is an indicator of nonlinearity in response and of interactions with
other parameters.

the overall influence of a parameter on the total carbon mass. o
is an indicator of nonlinearity and interactions. Parameters show-
ing large w values but low o have a direct influence on the output,
whereas parameters showing both large u and o values have a
significant effect involving interactions or nonlinearity. On the con-
trary, when p and o values are low, the associated parameters have
no significant effect on the output. Here NPPpoc and the decom-
position rate multiplier at the water table (Ws,:) both had large
 values, indicating that they had a particularly strong influence
on total carbon mass. However, Wsat's @ value was negative. This
parameter thus had a negative influence on total carbon mass:
when Wg,¢ value increased, total carbon mass decreased. Wgy¢ is
a parameter linked to the calculation of the decomposition rate, so
that this result was not unexpected. NPPpot, on the other hand, had
a positive influence on total carbon mass. This result suggests that
the model would benefit from an accurate representation of the
decomposition factor and of potential maximum NPP.

Several parameters having lower p values could be identi-
fied as groups of parameters associated to common processes.
The evapotranspiration factor ET¢, the water table depth threshold
for minimal evapotranspiration z{, the runoff increase with peat
height cg, the annual runoff adjustment factor Rg, and the mini-
mum relative transmissivity Ty are parameters related to the water
outflow in the system by the mean of runoff or evapotranspiration
(triangles in Fig. 3). With the exception of z; showing a slightly
positive influence, all of these parameters had a negative influence



38 A. Quillet et al. / Ecological Modelling 248 (2013) 30-40

on total carbon mass. They affected the water balance and there-
fore favoured deeper water table depths, which in turn, favoured
decomposition. However, evapotranspiration, and even more so
runoff, depend on site specific conditions and are usually poorly
described by field data.

A second group of parameters included pp,i,, maximum poten-
tial increase in bulk density (A p) and another parameter affecting
the shape of the bulk density curve (c3, squares in Fig. 3). u val-
ues for these parameters were relatively low (especially for pomin
and c3) indicating that the overall influence of the parameters was
limited. However their o values were relatively high. Their influ-
ence on total carbon mass might thus be related to interactions
between parameters or associated to nonlinear behaviours in the
model.

A third group of PFT specific parameters was identified, includ-
ing hggt7 (peat depth for optimal productivity of lawn Sphagnum),
NPP.e;7 and NPP.j5 (maximum relative NPP of lawn Sphagnum
and brown mosses, hollow circles in Fig. 3). These parameters are
related to major changes in the system. The conditions under which
PFTs occurred influenced the equilibrium of the system by control-
ling the accumulation and decomposition rate of the peat layers.

Precipitation (P) was expected to have a strong impact on the
result. Even though P appears influential in Fig. 3, it could not be
considered as one of the most influential parameter because its
@ and o values were low compared to the groups of influential
parameters.

It is also important to note that many parameters had limited
influence on the variance of the model outputs. Among them were
parameters describing: root input, the above-ground fraction of
NPP, and the water level for optimal productivity of each PFT (with
exception of oy,). Constant values could thus be attributed to
these parameters, with minimal impact on the results when HPM
is used to simulate carbon mass.

Fig. 3 also shows a large variability in o values. Parameters with
high o values have high interactions with other parameters or have
a nonlinear influence on total carbon mass. Thus, it is difficult to
summarize, in a simple way, how those parameters influenced the
output.

5. Discussion

Sensitivity analysis explores the manner in which parameters
influence the results of a simulation. However, when working with
a complex model taking feedbacks into account, and depending on
the sensitivity analysis method chosen, the results can be extremely
diverse and thus their interpretation uncertain.

For example, the results of the local OAT experiments on
selected parameters show that some parameters have more influ-
ence than others on the output and that the response of the model
is nonlinear and cannot always be intuitively foreseen. When using
this method, local optima and threshold effects might show up
under specific circumstances but are not necessarily representative
of the model behaviour. Among the tested parameters, precipita-
tion and NPPpo; had the strongest impact on total carbon mass.

However, the relationship between carbon mass and the dif-
ferent parameters, presented in the two-parameter combinations
sets of experiments, were obviously different from the patterns
observed in the OAT experiments. Looking at a large variety of
possible combinations of parameters gives more insight into the
behaviour of the model, but also introduces extreme conditions sce-
narios or parameter combinations. The amplitude of the responses
in carbon mass for a single parameter value indicated that inter-
actions between parameters play an important role in model
dynamics and thus on the model results. As an example, very high
values of carbon mass seemed to be caused by the combination

of high NPPpt, low precipitation, high pp,;, and Ap, as well as an
optimal anoxia scale length, though this combination might be rare
in nature. Though sampling is expected not to be homogeneously
distributed in the screening experiment, this can also lead to a shift
in the general trends of the results because of the large number of
simulations having extreme conditions, as this is the case in the
precipitation experiment (Fig. 2d, with 0.2 myr~! precipitation, a
precipitation-evaporation rate close to 1 and potential maximum
NPP around 5kgm—2yr-1).

A screening method is helpful to perform a first exploration of
the model behaviour with limited computational costs, particularly
when the number of parameters is high. This method gives a first
approximation of the sensitivity of the model to its parameters.
Though it also gives an insight into the degree of interaction in
which the parameters are involved, it does not allow any further
conclusions on how these interactions operate. When the parame-
ter ranks do not match with the modeller’s intuition, as in our case,
it is recommended to further explore the model behaviour by the
means of a global sensitivity analysis allowing the identification of
the influence of parameter interactions on the outputs. This is the
purpose of a subsequent study analysing the role of interactions on
carbon accumulation in HPM by the calculation of Sobol’ indices
(Quillet et al., accepted for publication).

The elementary effects highlighted the role of several param-
eters that were not considered as important (e.g. Wsat, Cg, 21,
ET;, Tp, etc.). The influential parameters should be better con-
strained in order to improve the model. The potential maximum
NPP (expressed with NPPpo:) formulation could, for example,
include a more detailed description of temperature and sunlight,
which, along with water availability, influence NPP (Churkina and
Running, 1998; Nemani et al., 2003). Nevertheless, this model
component is site specific and needs to be estimated from global
datasets or data from the studied site.

The same constraints apply to the representation of evapo-
transpiration (z;, ETf) or runoff (cg, Tp, Rg). Whereas an
evapotranspiration estimate could be obtained from global data
sets, the water table depth threshold for maximal evapotranspi-
ration is likely to be site-specific. Regarding runoff, Ry could be
roughly estimated from a global land surface model, but minimum
profile relative transmissivity, for example, requires on-site mea-
surements to be better constrained.

For some parameters, however, improvement would not be
straightforward. For example, improving the way Ws,: (decom-
position rate multiplier at annual mean water table depth) or cg
(increase in runoff with peat height) are represented in the model
would be challenging as it would require more depth-resolved
knowledge and data on decomposition and ecohydrological pro-
cesses in peat.

Overall, an improvement of the HPM NPP formulation is
expected to greatly reduce uncertainty in the model results. More-
over, linking HPM to global climate or Earth system models
would lead to a linkage between climatic variables and peatland
productivity. Thus, we suggest enhancing the representation of
productivity by including several climatic variables such as tem-
perature or sunlight, which are available in global models. Likewise,
baseline evapotranspiration and runoff estimates could also be
taken from the global model outputs. Regarding decomposition,
one could use simulated soil temperature from global models to
improve its representation. Some hydraulic properties or runoff
parameters, however, remain a source of uncertainty, suggesting
that further research is needed in these areas.

The different experiments also point out that a complex model
accounting for interactions between the sub-models has nonlinear
behaviour and its simulations can migrate from one equilibrium
to another depending on the parameter setting. The reaction of
the model to a difference in precipitation or in anoxia scale length
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is one example of this behaviour. Both parameters interact with
water table depth so that two different equilibria are possible. In
one case, peat accumulates rapidly after initiation. However, this
rapid accumulation induces a water table decline, which is respon-
sible for the following decrease in accumulation and increase in
decomposition. As a result, the simulation final peat profile has a
thick layer of minerotrophic species at the base of the peat column
followed by a sharp transition to an ombrotrophic PFTs-dominated
assemblage — an abrupt fen-bog transition. Once the ombrotrophic
vegetation is in place, low accumulation lasts until the end of the
simulation. In a second case, the simulation begins with a slow peat
accumulation and the water table deepens slowly. The water table
depth stays within ranges where plant productivity is maintained.
Peat accumulation remains slow until the end of the simulation.
In this case, ombrotrophic species NPP (and especially lawn Sphag-
num) arise in more gradually — a gradual fen-bog transition. Overall,
the total mass of accumulated carbon can be equivalent in both
cases, depending on the parameter setting. HPM’s processes and
interactions are able to produce different scenarios of peatland
development and dynamics that are plausible in nature. This sug-
gests that, under specific conditions, (e.g. high water availability,
low porosity of the peat) the minerotrophic phase (or fen phase)
can be very wet and productive or, on the contrary, relatively dry
and influenced by Sphagnum species. An additional sensitivity anal-
ysis accounting for interactions between parameters, needed to
explore the causes of this behaviour, is presented in Quillet et al.
(accepted for publication). Yet, observations corroborate the empir-
ical results of Hughes and Dumayne-Peaty (2002) and Hughes and
Barber (2004). Their studies focused on the paleoecological analy-
sis of several raised bogs in Ireland and in UK during the Holocene.
Both studies aimed at identifying the different pathways of fen-bog
transition in different sites (Hughes and Barber, 2004) and within a
site (Hughes and Dumayne-Peaty, 2002). They showed that similar
climatic conditions can lead to at least two different pathways to
ombrotrophy: one wet and a drier one relying on the presence of
Sphagnum species. Moreover, our experiment results concur with
Hughes and Dumayne-Peaty’s statement that both allogenic and
autogenic processes can control fen-bog transition patterns.

Overall, the screening method allowed, by the exploration of dif-
ferent model responses, the assessment of the peatland processes
dynamics, that cannot be achieved by a local sensitivity analysis or
by the comparison between results and observations.

In general, if the role of some processes in the development of
peatlands is counterintuitive or unknown, some processes may not
be incorporated into a model, e.g. the a priori idea that they will
not be important, but they may indeed have a significant influence
(direct or indirect) on the system. Not representing them might be
an important omission. In HPM, several processes are ignored, such
as microtopography, trees or permafrost, though these processes
might have a greater influence on the system than expected. This
kind of limitations represents an additional source of uncertainty
that cannot be assessed. It is thus advised to take these limitations
into account when drawing conclusions on the dynamic model
results. Moreover, results showed that the evaluation methodology
impacts the assessment of model outputs from dynamic models.
Nonlinearity, interactions and feedbacks between processes impact
outputs in an unanticipated manner. We thus suggest that sys-
tem dynamics models evaluation should always take all parameters
into account in order to avoid misinterpretation of the influence of
certain parameters.

6. Conclusions

With help of three different sensitivity experiments, we aimed
at identifying the influence of the a priori choice of parameters

when evaluating a model. We observed that the conclusions drawn
by the different methods are very different and moreover that it is
not advised to draw any general conclusion from a local OAT exper-
iment because the model space represented is very limited. This
limitation raises the question of how the modeled parameters and
processes are chosen.

The screening method appears to be efficient to investigate sys-
tem behaviour at relatively low computational costs. This method
leads the model toward its limits by imposing extreme scenarios.
Nonetheless, we observed that response patterns can follow field
data. It gives us confidence that HPM represents processes of car-
bon mass accumulation in a plausible manner. For the purpose of
its integration in global climate models, the results showed that,
in particular, parameters controlling decomposition, water balance
and hydraulic properties strongly influence carbon mass accumula-
tion and should be carefully incorporated into a global version. We
think it is likely that globally generalisable rules of peat decompo-
sition peat hydraulic properties can be developed, but that water
balance will always be strongly dependent on the local setting.

The exploration of different scenarios performed here also high-
lighted the potentiality of the model to arrive at different equilibria.
Different minerotrophic phase and fen-bog transitions pathways
were identified, however both led to ombrotrophic raised bogs
after five millennia. HPM thus is an efficient tool for examination
of processes dynamics of northern peatlands.

Moreover, the calculation of the elementary effects allowed us to
identify the parameters that have a strong influence on the total car-
bon mass. This information is important for further improvement
and simplification of the model. These results also indicate that
some parameters strongly interact with each other; it would thus
be useful to further investigate the interactions between parame-
ters to capture the behaviour of the model.
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