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Abstract. Primarily driven by concern about rising levels of atmospheric CO2, ecologists
and earth system scientists are collecting vast amounts of data related to the carbon cycle.
These measurements are generally time consuming and expensive to make, and, unfortunately,
we live in an era where research funding is increasingly hard to come by. Thus, important
questions are: ‘‘Which data streams provide the most valuable information?’’ and ‘‘How much
data do we need?’’ These questions are relevant not only for model developers, who need
observational data to improve, constrain, and test their models, but also for experimentalists
and those designing ecological observation networks.

Here we address these questions using a model–data fusion approach. We constrain a
process-oriented, forest ecosystem C cycle model with 17 different data streams from the
Harvard Forest (Massachusetts, USA). We iteratively rank each data source according to its
contribution to reducing model uncertainty. Results show the importance of some
measurements commonly unavailable to carbon-cycle modelers, such as estimates of turnover
times from different carbon pools. Surprisingly, many data sources are relatively redundant in
the presence of others and do not lead to a significant improvement in model performance. A
few select data sources lead to the largest reduction in parameter-based model uncertainty.
Projections of future carbon cycling were poorly constrained when only hourly net-ecosystem-
exchange measurements were used to inform the model. They were well constrained, however,
with only 5 of the 17 data streams, even though many individual parameters are not
constrained. The approach taken here should stimulate further cooperation between modelers
and measurement teams and may be useful in the context of setting research priorities and
allocating research funds.

Key words: biosphere–atmosphere interaction; carbon fluxes; carbon sequestration; climate change
research; data assimilation; Harvard Forest, Massachusetts, USA; process-based models.

INTRODUCTION

In recent years our ability to collect vast amounts of

data related to the structure and function of the

biosphere, at both high temporal and spatial frequency,

has greatly increased (Luo et al. 2008). New large-scale

monitoring through networks such as NEON (national

ecological observatory network), ICOS (integrated

carbon observation system), FLUXNET (a network of

regional networks integrating worldwide measurements

of CO2, water, and energy flux between terrestrial

systems and the atmosphere), and LTER (long-term

ecological research sites) along with the extended

satellite record, and data collation efforts such as TRY

(a plant trait database; Kattge et al. 2011), are amassing

tremendous amounts of data. However, the ultimate

value of the accumulating diverse data sources will

depend on the extent to which the data can be used to

improve our understanding of, and ability to model, the

earth system.

One of the main motivations for the increase in data

availability is the need to improve our understanding of

terrestrial carbon cycling (IPCC 2007). Much of the

anthropogenically emitted CO2 cycles through terrestrial

ecosystems. Current estimates of CO2 removed from the

atmosphere by global photosynthesis stand at around

120PgC (Beer et al. 2010). A slightly smaller amount is

respired back into the atmosphere, giving an estimated

net global carbon sink in terrestrial ecosystems of ;1–2

Pg C (Le Quéré et al. 2009, Pan et al. 2011). The main

biological processes of photosynthesis and respiration

that drive this cycle have long been identified. Large

uncertainty remains, however, as to the mechanisms

controlling the response of these processes to drivers at

different spatial and temporal scales. This uncertainty is

reflected in the broad range of model projections of the

future of global terrestrial carbon storage (Friedlingstein

et al. 2006, Heimann and Reichstein 2008), making the
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implementation of effective policy difficult at best (IPCC

2007).

New approaches that can combine models with

multiple data sources—‘‘model–data fusion’’—are

emerging as a means to better understand the dominant

processes controlling terrestrial carbon cycling. Such

techniques can be employed both to directly inform

carbon cycle models and as a tool to synthesize the

growing amounts of data. The basic philosophy is that

using data in a statistically rigorous manner to give the

best model possible (conditional on model structure) can

both highlight model deficiencies and integrate different

data sources. Recent efforts have used a diverse range of

data types with process-oriented models (e.g., Braswell

et al. 2005, Williams et al. 2005, Sacks et al. 2007, Moore

et al. 2008, Richardson et al. 2010, Weng and Luo 2011,

Keenan et al. 2012b). A strength of the approach is that

it can be used to assess the model against all

observations simultaneously. Using multiple constraints

goes beyond simple testing of a model against a single

measurement type—the approach uses data to both test

and inform model behavior for all aspects of the system

for which observations are available. The result is a

data-informed process-oriented model, which allows the

researcher to quantify the degree of uncertainty in model

projections.

Carbon-cycle modelers typically rely on experimental

and observational data that have been collected by

others. One of the most common questions asked of

modelers by experimentalists and (more recently) data

acquisition network designers is ‘‘What data are most

useful?’’ In response to such questions, however,

modelers generally do not have a better answer than

what is essentially an educated guess. Indeed, from a

modeling perspective using more data does not always

lead to a better-constrained model (Richardson et al.

2010). In an environment of increasingly organized data-

acquisition networks (Keller et al. 2008) and efforts that

seek to merge models with data (Wang et al. 2007,

Keenan et al. 2011a), it becomes imperative to develop

ways of quantifying the usefulness of different data

sources. By identifying the next measurement that

should be made, which maximizes the information

gained from all measurements together, the efficiency

and cost effectiveness of measurement campaigns can be

improved, along with model projections.

Here, we develop a framework to address the

question, ‘‘How useful is a particular measurement for

reducing uncertainty in a process-oriented model of

terrestrial carbon cycling?’’ We use multiple data sources

from long-term records at the Harvard Forest, in the

northeastern United States, in combination with a

model–data fusion framework. We rank the different

data streams according to the incremental information

that each data stream provides. We do this by iteratively

testing the reduction in model uncertainty achieved by

informing the model with each data source. At each step

in the process we assess the impact of a particular

measurement type on both short-term (diurnal, season-

al, annual) model projections, and long-term (decadal)
model responses to climate change.

MATERIALS AND METHODS

Site

Hourly model simulations were run for 12 complete

years (1992–2003) at the Harvard Forest Environmental
Measurement Site (HFEMS; information available on-

line),5 located in the northeastern United States (42.538

N, 72.178 W; elevation 340 m) (Wofsy et al. 1993,

Goulden et al. 1996, Barford et al. 2001, Urbanski et al.

2007). Measurements and simulations pertain to the area
within the HFEMS tower footprint, which is largely

comprised of deciduous trees. The area is dominated by
the deciduous species red oak (Quercus rubra, 52% basal

area), and red maple (Acer rubrum, 22% basal area), with
a small conifer component that includes eastern hemlock

(Tsuga Canadensis, 17% basal area), and occasional

white and red pine (Pinus strobus, Pinus resinosa).

Data

All data used were gathered between 1992 and 2003.

We used hourly meteorological and eddy-covariance
(Wofsy et al. 1993, Urbanski et al. 2007) measurements

of net ecosystem exchange (NEE; available online).6

Gap-filled meteorological variables used include hourly
incident photosynthetically active radiation (PAR), air

temperature above the canopy, soil temperature at a
depth of 5 cm, vapor pressure deficit, and atmospheric

CO2 concentrations.

Quality-controlled hourly eddy-covariance observa-
tions (without gap-filling) of NEE were used to

constrain parameters of an ecosystem model. Gap-filled
data, or model-based partitioning of NEE to respiration

and photosynthesis components, were not used. For
ancillary data constraints we used 15 different data

sources, which included measurements of leaf-area

index, soil organic-carbon content, carbon in roots,
carbon in wood, wood carbon annual increment,

observer-based estimates of bud-burst and leaf senes-
cence, leaf litter, woody litter, soil carbon turnover

times, and three different measurement sets of soil
respiration that capture spatial and methodological

variability (Table 1). These data are freely available

from the Harvard Forest Data Archive (available
online)7 or the references in Table 1.

Measurement-based estimates of uncertainty were
used for each data stream in the optimization. Flux

uncertainty estimates were taken from Richardson et al.

(2006), where uncertainties were shown to follow a
double-exponential distribution, with the standard

deviation of the distribution specified as a linear

5 http://atmos.seas.harvard.edu/lab/hf/index.html
6 ftp://ftp.as.harvard.edu/pub/nigec/HU_Wofsy/hf_data/

Final
7 http://harvardforest.fas.harvard.edu/data-archive.html
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function of the flux. Soil respiration uncertainty

estimates were taken from Savage et al. (2009) and

Phillips et al. (2010), where measurement uncertainty

increased linearly with the magnitude of the flux.

Estimates of uncertainties for the remaining data

streams were based on either spatial variation or

standard deviations from repeat sampling. Full details

of uncertainty estimates are given in Keenan et al.

(2012b).

The FöBAAR Model

We used a forest carbon cycle model—FöBAAR

(Forest Biomass, Assimilation, Allocation and Respira-

tion; Keenan et al. 2012b)—that strikes a balance

between parsimony and detailed process representation.

Working on an hourly timescale, FöBAAR calculates

photosynthesis from two canopy layers, and respiration

from eight carbon pools (leaf, wood, roots, soil organic

matter [microbial, slow, and passive pools], leaf litter

and [during phenological events] mobile stored carbon).

Meteorological drivers considered are: canopy air

temperature (Ta), 5 cm soil temperature (Ts), photo-

synthetic active radiation (PAR), vapor pressure deficit

(VPD), and atmospheric CO2. Model parameters are

given in Table 1.

The canopy in FöBAAR is described in two

compartments representing sunlit and shaded leaves

(Sinclair et al. 1976, Wang and Leuning 1998). Canopy

light penetration depends on the position of the sun, and

the area of leaf exposed to the sun based on leaf angle

and the canopy’s ellipsoidal leaf distribution (Campbell

1986), assuming a spherical leaf angle distribution.

Assimilation rates are calculated via the Farquhar

approach (Farquhar et al. 1980, De Pury and Farquhar

1997). Stomatal conductance is calculated using the

Ball–Berry model (Ball et al. 1987), coupled to

photosynthetic rates through the analytical solution of

the Farquhar, Ball Berry coupling (Baldocchi 1994).

Maintenance respiration is calculated as a fraction of

assimilated carbon. The remaining assimilate is allocated

to different carbon pools (foliar, wood and root) on a

daily time step. Root respiration is calculated hourly and

coupled to photosynthesis through the direct allocation

to roots. Dynamics of soil organic matter is modeled

using a three-pool approach (microbial, slow, and passive

pools) (Knorr and Kattge 2005). Decomposition in each

pool is calculated hourly, with a pool-specific tempera-

ture dependency. Litter decomposition is also calculated

hourly, but on an air-temperature basis. Litter and root

carbon are transferred to the microbial pool, then to the

slow and finally to the passive pool. For further details on

model structure see Keenan et al. (2012b).

Model–data fusion

An adaptive multiple-constraints Markov-chain Mon-

te Carlo approach was used to optimize the process-

oriented model and explore model uncertainty. The

algorithm uses the Metropolis-Hastings (M-H) ap-

proach (Metropolis and Ulam 1949, Metropolis et al.

1953, Hastings 1970) combined with simulated anneal-

ing (Press et al. 2007). Prior distributions for each

parameter (Table 1) were assumed to be uniform (non-

informative, in a Bayesian context).

The optimization process uses a two-step approach.

(1) In the first stage the parameter space is explored for

100 000 iterations using the optimization algorithm. At

TABLE 1. Data sets used in this study.

Data set
no.

Model parameter
measurement Abbreviation� Frequency

No. data
points Data source

1 eddy-covariance NEE, net ecosystem
exchange

hourly 73 198 Urbanski et al. (2007)�

2 soil respiration 1 Rsoil hourly 26 430 Savage et al. (2009)
3 soil respiration 2 Rsoil hourly 19 030 Phillips et al. (2010)
4 soil respiration 3 Rsoil weekly 498 §
5 leaf-area index LAI monthly 51 Norman (1993),

Urbanski et al. (2007)�
6 leaf litterfall Lfleaf yearly 10 Urbanski et al. (2007)�
7 woody biomass Wood C yearly 15 Jenkins et al. (2004),

Urbanski et al. 2007�
8 woody litterfall Lfwood yearly 8 Urbanski et al. (2007)�
9 fine-root biomass Root C one year 1 DIRT project�
10 forest-floor carbon Lit C one year 1 Gaudinski et al. (2000)
11 budburst Budburst yearly 15 O’Keefe (2000)�
12 leaf drop Senescence yearly 14 O’Keefe (2000)�
13 soil carbon pools Soil C three years 3 Gaudinski et al. (2000),

Magill et al. (2000),
Bowden et al. (2009)

14 soil carbon turnover Soil C TO one 1 Gaudinski et al. (2000)
15 proportion of heterotrophic

respiration in soil
% Root Resp. one 1 Gaudinski et al. (2000)

Bowden et al. (1993)
16 litter turnover Litter TO one 1 Gaudinski et al. (2000)

� Please note that some of these data sets are recombined (e.g., the three soil respiration data sets) when constraining the model.
� http://harvardforest.fas.harvard.edu/data/archive.html
§ ftp://ftp.as.harvard.edu/pub/nigec/HU_Wofsy/hf_data/ecological_data/soilR/
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each iteration the current step size is used as the

standard deviation of random draws from a normal

distribution with mean 0, by which parameters are
varied around the previous accepted parameter set. This

stage identifies the optimum parameter set by minimiz-

ing the cost function (see next paragraph). (2) In the
second stage, the parameter space is again explored

using a Markov chain starting from the optimum

identified in step 1. Acceptance of a parameter set is
based on whether the cost function for each data stream

passes a v2 test (at 90% confidence) for acceptance/
rejection, after variance normalization (e.g., Franks et

al. 1999, Richardson et al. 2010).

The cost function quantifies the extent of model–data

mismatch using all available data (eddy-covariance,
biometric, and so forth). Individual data stream cost

functions, ji, are calculated as the total uncertainty-

weighted squared data–model mismatch, averaged by
the number of observations for each data stream (Ni ):

ji ¼

XNi

t¼1

yiðtÞ � piðtÞ
diðtÞ

� � !2

Ni
ð1Þ

where yi(t) is a data constraint at time t for data stream i

and pi(t) is the corresponding model predicted value.
di(t) is the measurement-specific uncertainty. For the

aggregate multi-objective cost function we use the

average of the individual cost functions, which can be
written as

J ¼

XM

i¼1

ji

 !

M
ð2Þ

where M is the number of data streams used.

Each individual cost function is averaged by the

number of observations for the relative data stream. The
average of the cost functions from all data streams is

taken as the total cost function. In this manner each

data stream is given equal importance in the optimiza-
tion (Franks et al. 1999, Barrett et al. 2005).

Experimental set-up

We used a simple three-step iterative algorithm for the

model experiment. The basic premise is to successively

add data streams as model constraints, according to
which data stream gives the best incremental reduction

in model uncertainty:

Step 1) For i¼ 1, perform model–data fusion with each

measurement type in Table 1 individually.
Step 2) Identify the single best measurement type, i.e.,

that which gives the minimum posterior distribu-

tion of model–data mismatch (see below).

Step 3) For i ¼ 2 . . . M, repeat steps 1 and 2 again to
identify the next best measurement type (in

addition to the data streams already selected). Do

this until no more data streams are available.

We calculate the reduction in model uncertainty

through the posterior distribution of model–data
mismatch (the difference between modeled and observed

variables, Eq. 2). At each iteration of Step 2 above, we
calculate the model uncertainty using the entropy of the

posterior distribution of model–data mismatch for each
data combination. Entropy is a measure of the

uncertainty associated with a random variable (Shannon
1948, Jaynes 1957, Kolmogorov 1968) and can be used
to quantify the information gained by the use of a

particular data source (e.g., Weng and Luo 2011). At
each Step 2 in the above algorithm, we identify the best

data combination as that which gives the lowest entropy
(and thus lowest model uncertainty) in the posterior

distribution of model–data mismatch. Running the
above algorithm took about three days on an 18-core

computational cluster.

Climate projections to 2100

We used the extracted posterior parameter distribu-

tions to project carbon cycling and stocks to 2100 for
each step in the above-outlined experiment. This served

as an additional means by which to quantify the
incremental benefit of each additional data stream. For

the future climate scenario, we used downscaled data
(Hayhoe et al. 2007) from the regionalized projection of

the GFDL-CM global coupled climate–land model
(Delworth et al. 2006) driven with socio-economic
change scenario A1fi (IPCC 2007). Mean annual

temperature at Harvard forest, using this projection, is
predicted to increase from 7.18 to 11.98C, with an

associated increase in atmospheric CO2 to 969 ppm by
2100.

RESULTS

What measurements are most important?

At each stage in the optimization process, we
identified the next-best measurement type by quantifying

how much each data stream reduced the uncertainty in
model projections (via Eq. 2). The most useful

measurements were those that quantified how carbon
flowed through the ecosystem at different time scales
(Fig. 1). In particular, the combination of measurements

on fast (net ecosystem exchange, soil respiration) and
slow (soil carbon turnover rates, monthly/annual

cumulative fluxes, litter from wood/leaves) carbon flows
in the ecosystem lead to the largest improvement in

model performance. Many measurements did not
inform the model in the presence of others. For example,

the use of data on the size of the soil carbon pool did not
lead to a large reduction in model uncertainty when soil

respiration data were available along with turnover rates
from the different soil carbon pools (Fig. 1). Estimates

of bud-burst dates did not lead to a large reduction in
model uncertainty, as they could be inferred by the

model from the eddy-covariance CO2 flux data. Obser-
vations of leaf senescence dates, on the other hand, were

highly ranked. Autumn shifts in carbon cycling are
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driven by gradual biotic changes in canopy status, and

co-occur with gradual abiotic changes in mean climate

forcings. The senescence data, being biotic in nature,

therefore improved the ability of the model to distin-

guish between autumn dynamics driven by biotic and

abiotic changes. In addition to bud-burst data, litter

turnover, and the proportion of autotrophic respiration

in soil respiration measurements were ranked low,

implying that the information contained in these

measurements is also available from the higher ranked

data (Fig. 1). The low ranking of nighttime net

ecosystem exchange (NEE) is a good example of a

situation where the information provided by a measure-

ment is already present in another, as both annual and

monthly NEE sums are constructed using nighttime

NEE data.

The extent to which measurements can identify

model parameters

When using all data, 26 of the 40 parameters included

could be effectively identified (parameters a to y, Table 2

and Fig. 2). Here, we consider a parameter identifiable if

FIG. 1. The frequency distribution of model–data mismatch, when constraining the model with different data combinations. At
each stage of the hierarchical optimization process (represented as rows in the graph), the model is constrained using a combination
of different data sources, and tested against all data available. Each shaded curve represents the distribution of model–data
mismatch for the model constrained using a particular data combination. The area under each curve represents the log distribution
of model–data mismatch (Error) for all available data, quantified using the cost function (Eqs. 1 and 2) and 100 000 model runs. A
value of 1 signifies that model estimates are on average within the error associated with the observations. Each row thus presents
the posterior distribution of model uncertainty for all simulations at that stage. The data combination that gave the best model
performance (shown in dark gray) is selected for use in the next stage. Suboptimal data combinations are shown in light gray. As an
example of the approach, in the first row, all data are tested together and daytime NEE (net ecosystem exchange) is selected as
giving the greatest reduction in model uncertainty. In the second row, the model is optimized again, this time with daytime NEE
plus each other data stream independently. By the last column, all data streams are being used to optimize the model. Please note
that the range is restricted for illustrative purposes. For the first few rows most distributions extend far beyond the right-hand
restricted range. Note the log scale of the x-axis. For an explanation of the abbreviations, see Table 1.
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the size of the posterior parameter distribution was half

that of the prior distribution. In general, posterior

parameter distributions were gradually reduced as more

data streams were added to the system. Using all data

together reduced the posterior parameter distributions

by ;60% over all parameters (Fig. 3), when compared

to the priors. The majority of the reduction in the range

of posterior parameter distributions, however, was

achieved with the use of relatively few data streams

(Fig. 3). For example, 14 parameters were well

constrained with the use of only six different data

sources (Fig. 2). The top 10 parameters that were most

informed by the data related to the respiration rates of

the different soil carbon pools, phenology, and litterfall.

Fourteen parameters were not constrained, even when

using all data together (parameters z to k2). These were

predominantly related to canopy processes (e.g., leaf

mass per area, dark respiration, photosynthetic poten-

tial, and the fraction of photosynthesis used for

maintenance respiration), and rates of transfer between

soil organic-matter carbon pools.

Equifinality and parameter interactions

When analyzing parameter posterior distributions in

terms of parameter correlations, using additional data

constraints increased the number of correlated param-

eters for the six data constraints that gave the largest

reduction in model uncertainty (Fig. 4a). Using more

data streams, in addition to these six, did not

significantly change parameter correlations. Eight of

the 40 parameters optimized were strongly correlated (r2

� 0.3) when using all data to constrain the model. For

example, the extracted values for photosynthetic poten-

tial (Vcmax, Table 2; l2, Fig. 4b) were highly correlated

with the proportion of photosynthate lost as mainte-

nance respiration (parameter 8, Table 2 and Fig. 4b).

TABLE 2. Parameters and pools used in our study are from the FöBAAR (Forest Biomass, Assimilation, Allocation, and
Respiration) model (Keenan et al. 2012b).

Parameter
identification Parameter name Definition Min Max

a SOMCPd passive SOMC respiration rate (log) �10 �1
b SOMCSdT fast-cycling SOMC temperature dependence 0.01 0.1
c SOMcFd fast-cycling SOMC respiration rate (log) �6 �1
d AirTs leaf senescence onset mean air temperature (8C) 0 15
e Lff litterfall from foliage (log) �6 �1
f SOMCSd slow- cycling SOMC respiration rate (log) �6 �1
g Lfw litterfall from wood (log) �6 �1
h Fc fraction of Cf not transferred to mobile carbon 0.4 0.7
i GDD0 day of year for growing degree day initiation 50 150
j Lit2SOM litter to fast SOMC transfer rate (log) �6 �1
k Lfr litterfall from roots (Log) �6 �1
l Af fraction of GPP allocated to foliage 0.5 1
m LitdT litter respiration temperature dependence 0.01 0.1
n LitC carbon in litter 10 1 000
o RC carbon in roots 20 500
p Litd litter respiration rate (log) �6 �1
q Rrootd root respiration rate (log) �6 �1
r MobCTr fraction of mobile transfers respired 0 0.01
s Rsoil1 soil respiration scaling co-efficient (data set 1) 0.5 1.5
t WC carbon in wood 8 000 14 000
u Ar fraction of NPP allocated to roots 0.5 1
v Lit2SOMT litter to fast SOMC temperature dependence 0.03 0.5
w Rsoil2 soil respiration scaling co-efficient (data set 2) 0.5 1.5
x SOMCP carbon in passive cycling SOM layer 2 000 12 000
y SOMCS carbon in slow cycling SOM layer 2 000 12 000
z MobCR mobile stored carbon respiration rate (log) �6 �1
1 GDD1 growing degree days for spring onset 150 300
2 SOMCF2SOMCS fast SOMC to slow SOMC rate 0.03 0.5
3 SOMCS carbon in slow-cycling SOM layer 2 000 12 000
4 SOMCS2SOMCP transfer rate from slow to passive SOM 0.001 0.4
5 SOMCS2SOMCPT fast SOMC to slow SOMC temp. dependence 0.03 0.5
6 RrootdT root respiration rate temperature dependence 0.01 0.2
7 GDD2 spring photosynthetic GDD maximum 500 1 000
8 MaintR fraction of GPP respired for maintenance 0.1 0.4
9 LMA leaf mass per area (g C/m2) 50 90
i2 Rd rate of dark respiration 0.001 0.1
j2 Vcmax velocity of carboxylation (umol/mol) 60 150
l2 MobC mobile carbon 75 200
f2 Q10Rd temperature dependence of Rd 0.5 2.5
k2 Rsoil3 soil respiration scaling co-efficient (data set 3) 0.5 1.5

Notes: Both parameters and initial pool sizes were optimized conditional on the data constraints. Parameters are arranged in
descending order of constraint (i.e., best-constrained parameters first to worst-constrained parameters last) to relate to Fig. 2.

Abbreviations: SOM, soil organic matter; Lf, litterfall.
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The strongest parameter correlations were between the

basal rate and temperature dependence of root respira-
tion (parameters 6 and q, Table 2 and Fig. 4b) and

between different parameters governing spring phenol-
ogy (parameters I and 1, Table 2 and Fig. 4b).

Parameters that were poorly constrained (z–K2, Fig.
4b) did not tend to show a better-defined correlation

structure than parameters that were well constrained.
This suggests that reducing correlations in the posterior

parameter distributions does not imply a better-con-
strained model. The same is not true for parameter

covariance, which was steadily reduced with the addition
of each new data stream (Fig. 4c). Covariance scales the

correlation by the standard deviation of the parameters,
thus lowering the weight of parameters that have well-

constrained posterior distributions. Parameters that
were not well constrained when using all available data

tended to show a strong covariance structure (Fig. 4d).

Well-constrained parameters had limited covariance,

even though some were highly correlated, reflecting the
narrow range of variability for those parameters. This

implies that using data relevant to these parameters
could lead to a better-constrained model.

The effect of improved parameterization on future
projections

Reduced model uncertainty under current climate

conditions (Fig. 1) translated to reduced uncertainty in
modeled future projections (Fig. 5). However, uncer-

tainty in future projections of net ecosystem exchange
was most reduced by the use of the few data streams that

had the largest impact on model uncertainty under
current climate conditions. Parameter-based uncertainty

(i.e., without consideration of process-based uncertain-
ty) as to whether the system could be projected to be a

source or a sink for atmospheric carbon for the next 100

FIG. 2. The posterior parameter distributions for the best data combination at each stage in the hierarchical optimization
process. Rows directly relate to the rows in Fig. 1. Parameter identifiers and initial ranges are given in Table 1. Numbers on the
right-hand side are the number of parameters well constrained at each iteration. Parameters are deemed to be well constrained if
their posterior distribution occupies at most half the range of the prior distribution. Solid gray circles represent the optimum
parameter value; black areas represent mirrored posterior probability distributions for each parameter.
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years was reduced to near zero with the use of only 5 of

the 17 data streams available. The use of additional data

streams led to only a minor reduction in parameter-

based prediction uncertainty for net ecosystem exchange

(Fig. 5). This was despite the fact that 14 model

parameters remained unconstrained (Fig. 2).

DISCUSSION

By iteratively testing the reduction in model uncer-

tainty gained by the use of 17 different data streams, we

have quantified the relative value of different data for

informing a carbon-cycle model. By running simulations

to 2100 under a climate change scenario we also assess

the value of each data stream for informing future model

projections. The results show that that:

1) If the appropriate data are used, relatively few data

sources are needed to give a large reduction in

uncertainty in both short- and long-term projections

of carbon cycling.

2) The data streams that proved most effective are those

that characterize the flow of carbon through the

system at different time scales. In particular, turnover

times from different pools, in combination with flux

data, led to the largest reduction in uncertainty.

3) Parameter uncertainty was similarly reduced by the

addition of a few appropriate data streams. The use

of additional data streams did not lead to a

significant further reduction in parameter uncertain-

ty, though parameter covariance was reduced with

each data stream added.

Short vs. long-term data needs

Terrestrial carbon-cycle models are usually designed

and tested using data representing diurnal or seasonal
time scales (e.g., Kramer et al. 2002, Morales et al. 2005,
Schwalm et al. 2010, Richardson et al. 2012, Schaefer et

al., in press), and occasionally interannual scales (e.g.,
Siqueira et al. 2006, Desai 2010, Keenan et al. 2012a).

Model sensitivity and uncertainty analysis is commonly
performed with a focus on short-term processes (e.g.,

Knorr and Kattge 2005). On the other hand, such
models are widely used for long-term projections (e.g.,

Friedlingstein et al. 2006, Sitch et al. 2008). It has
previously been shown that, when using only high-

frequency net ecosystem exchange data, parameter sets
that give comparable fits to the observations under

current climatic conditions can lead to disparate
projections of future carbon cycling (Keenan et al.

2012b). Here we show that the selection of a few key
data constraints, which represent both short- and long-

term processes, can substantially reduce parameter-
based uncertainty in future projections.

Future projections and model uncertainty

Model projections are subject to two types of

uncertainty: that due to parameter misspecification,
and that due to process misrepresentation (Keenan et

al. 2011a). In our approach we only evaluate the affect
of uncertainty stemming from model parameterization,

which represents an underestimate of the true uncer-
tainty due to factors not included in the model system

(e.g., Richardson et al. 2007, Keenan et al. 2012b). Thus,
the fact that long-term projections from the process-

oriented model were subject to low uncertainty does not
imply that we should be confident about modeled future

projections. Processes that are not considered in this
model (e.g., disturbances, adaptation, community dy-

namics, carbon–nitrogen interactions) may also affect
the long-term state of the ecosystem. The relatively low

uncertainty in future projections (when using adequate
data constraints), however, suggests that uncertainty

due to parameter misspecification can be effectively
eliminated, leaving process representation as the re-

maining source of uncertainty. This is highly beneficial
in that a model with well-constrained parameters and
narrow confidence intervals is much easier to falsify (or

prove wrong) than one with poorly constrained param-
eters and large uncertainties. The evaluation of process

error in long-term model projections is nontrivial
(Keenan et al. 2011b, 2012b, Medlyn et al. 2011,

Migliavacca et al. 2012), and may require observations
of long-term ecosystem processes (Luo et al. 2011) in

combination with manipulation experiments (Leuzinger
and Thomas 2011, Templer and Reinmann 2011).

Parameter uncertainty

One predominant goal of studies that aim to inform
models with data is to identify model parameters. Early

attempts in the field of terrestrial carbon cycling

FIG. 3. The extent of the improvement in parameter
constraint with the inclusion of additional data. Iteration
numbers relate to the rows in Fig. 1. The normalized parameter
constraint is the mean standard deviation of all posterior
parameter distributions, normalized by the standard deviation
of a uniform distribution from 0 to 1 (i.e., 0.289). If all posterior
parameter distributions were uniform (i.e., uninformed by the
data) the normalized parameter constraint would have a value
of 1. A value of 0 signifies that all parameters are fully
constrained.

TREVOR F. KEENAN ET AL.280 Ecological Applications
Vol. 23, No. 1



reported a limited number of parameters could be

identified when using only eddy-covariance data (Wang

et al. 2001, 2007, Knorr and Kattge 2005). Recent

efforts using multiple constraints (Rayner 2010) report a

much larger proportion of identifiable parameters.

Richardson et al. (2010) reported 11 out of 12

parameters were well constrained when using six

different data constraints with a simple model, while

two studies (Weng and Luo 2011, Keenan et al. 2012b)

constrained roughly half of the model parameters with

comparatively more complex models. Here we show that

improving parameter constraint is not solely a matter of

using more data, but of selecting the correct data to use.

Four of the available data sets (net ecosystem exchange,

soil carbon turnover, soil respiration, woody litterfall)

constrained 16 (64%) of the total parameters con-

strained (Fig. 2). Many parameters remained uncon-

strained even when using all data streams together. The

fact that these parameters were not identifiable, while

model projections were well constrained, may suggest

that they are redundant in the current model structure

(when accounting for parameter covariance; see next

pararaph). Simplifying process representation for model

aspects that cannot be parameterized could aid in

FIG. 4. (a) The number of posterior parameter distributions that show significant (P , 0.01) correlations for different levels of
correlation and different numbers of constraining data sets. Data sets 1–18 are those depicted in Figs. 1, 2, and 4. (b) The
correlation matrix of model parameters for the model constrained by all available data sets. The color scale represents the r2

correlation between each pair of parameters. Parameters are as listed in Table 2. (c) The posterior parameter covariance (dots) for
different numbers of constraining data sets, normalized to the maximum total covariance observed. The line represents a
polynomial fit to the data. (d) The covariance matrix for the model parameters for the model constrained by all available data sets.
The color code represents the covariance normalized to the maximum observed covariance value.

January 2013 281QUANTIFYING THE VALUE OF ECOLOGICAL DATA



reducing the complexity of current models. Invoking

‘‘Occam’s razor’’ in this fashion (making models only as

complex as justified by the data) would minimize the

common problem of model over-fitting, and could be

considered a necessary step to avoid the development of

excessively complex models.

Equifinality and parameter covariance

‘‘Equifinality’’ is defined as the situation where

different parameter combinations or model structures

can yield similar model performance (Beven 2006). In

the case of parameters, equifinality can be detected by

assessing correlation and covariance in posterior pa-

rameter distributions. Here we find that the level of

equifinality depends on the number of different mea-

surement types used to constrain the model. When using

few data constraints, large equifinality allowed for

divergent future projections of carbon cycling (Fig. 5).

When using sufficient constraints, however, a lower level

of equifinality was reached that did not prove detrimen-

tal to model performance and did not necessarily lead to

an increase in model uncertainty over time. The model

parameters that were least constrained tended to be

those that had higher covariance (Fig. 4d). This implies

that trade-offs between these parameters allowed the

model to get equivalent results with varied parameter

values.

Strong parameter correlations were observed for both

well and poorly constrained parameters. For example,

despite being very well constrained, parameters govern-

ing the basal respiration rates and temperature sensitiv-

ity of different soil organic matter layers were highly

correlated (parameters a–c, Fig. 4b). Similarly, param-

eters controlling the rate of root turnover, and the size of

the root carbon pool were correlated, with higher values

of one compensated for by lower values in the other

(parameters o and k, Fig. 4b). Eight out of 14

parameters that were poorly constrained showed strong

correlation with other parameters. The majority of these

correlative pairs were with other parameters that were

already relatively well constrained (i.e., all except

pairings photosynthetic potential ( j2) with the fraction

FIG. 5. The range of equally plausible modeled annual net ecosystem exchange from 2000 to 2100 for the best data-constraint
combination at each stage of the hierarchical optimization process. Rows directly correspond to those of Figs. 1 and 2. The dashed
horizontal line is the 0 line, indicating whether the ecosystem is predicted to be either a source (.0) or a sink (,0) for CO2. Shaded
areas represent the 95% confidence interval for model projections.
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of photosynthesis respired for maintenance (8, Fig. 4b).

Some poorly constrained parameters were not correlated

with other parameters (e.g., the soil respiration scaling

parameter, k2). In our analysis, the introduction of

additional data constraints increased parameter corre-

lations, implying that apparently uncorrelated parame-

ters may have high-dimensional parameter relationships

that are not detected by simple 1:1 correlative analysis

(Richardson and Hollinger 2006, Trudinger et al. 2009,

Ricciuto et al. 2011). Strong posterior parameter

correlation is often interpreted as an indicator that the

constraining data were not sufficient to distinguish

between counteracting processes in the model (e.g.,

Ricciuto et al. 2011). Here we show that strong, non-

detrimental correlations can persist even in a well-

constrained model, and may be an inevitable conse-

quence of model structure. This correlation is not

necessarily reduced by the use of additional data.

Parameter covariance, however, was continuously re-

duced with the use of additional data.

What data are most useful?

Previous studies have demonstrated the success of

using additional data streams in conjunction with eddy-

covariance flux data to improve estimates of ecosystem

carbon exchange at different time scales (e.g., Williams

et al. 2005, Xu et al. 2006, Moore et al. 2008,

Richardson et al. 2010, Ricciuto et al. 2011, Weng and

Luo 2011, Keenan et al. 2012b). The majority of studies

emphasized the combination of stocks with fluxes,

though no guidance is available as to what is the most

appropriate or informative data to use. Our results show

highly informative measurements at both ends of the

cost-of-acquisition spectrum (e.g., senescence dates or

leaf litterfall vs. eddy covariance or soil carbon turnover

times). Coarse (woody) litterfall and leaf litterfall are

often-overlooked measurements, but are ranked highly

here. The results also show that some measurements,

which have been the focus of much interest, are of low

relative importance for modeling the carbon cycle. It

should be kept in mind that we have not included all

measurements that can possibly be made. Other

measurements could include, for example, nonstructural

carbohydrate reserves, nutrient stoichiometry, leaf-angle

distributions, transfer rates between carbon pools, bole

respiration, and so forth. All data sources are almost

never available at the same site, but studies using

synthetic data could be performed by those interested in

quantifying the relative value of different data (e.g., for

proposed measurement campaigns).

The weight assigned to each measurement potentially

has a large impact on the ranking of different data. In

our optimization framework, we chose to weight each

data stream equally, independent of the number of

observations, to ensure that the optimization did not

favor model performance for one aspect of the

ecosystem over another. We also weight each data

stream by its associated uncertainty to account for the

quality of the information contained therein. This

choice, however, could affect the ranking of data

streams. Other alternatives include giving each measure-

ment equal weight, instead of each data stream. The

problem boils down to information content: theoreti-

cally, an observation should be given weight relative to

the information it contributes to the optimization. When

using multiple constraints, the problem of quantifying

the relative information is well exemplified by, say,

quantifying the contribution of one estimate of soil

carbon, compared to one half-hourly measurement of

net ecosystem carbon exchange. This is particularly

relevant when using high-frequency measurements of net

ecosystem exchange – given 10 000 estimates of net

ecosystem exchange, one additional NEE estimate does

not necessarily contribute new information, while one

estimate of the soil carbon stock does. Our chosen

approach is in keeping with the philosophy that a model

should predict all observations within measurement

uncertainty, independent of the number of measure-

ments available. Clearly, a detailed assessment of the

real information content of observations, and an

associated scheme for adequately weighting different

data streams is an area in need of much research.

Turnover times of soil carbon pools have been

suggested to be of utmost importance for accurately

modeling the carbon cycle (Matamala et al. 2003, Strand

et al. 2008, Gaudinski et al. 2010, Richardson et al.

2010). They have been inferred by model inversion

approaches (Barrett 2002, Luo et al. 2003, Xu et al.

2006, Zhou and Luo 2008, Zhang et al. 2010), though

measurements are rarely available to test different model

structures and parameterizations (but see Gaudinski et

al. 2009, Riley et al. 2009). Here we show that, after net

ecosystem carbon exchange, turnover rates of the

different soil carbon pools have the largest impact for

improving model performance. Turnover times of

different soil carbon pools (e.g., Gaudinski et al. 2010)

and non-structural carbohydrate reserves (Richardson

et al., in press), are not commonly available for model

testing and should greatly aid in generating better-

informed models in the future.

Conclusions

Financial resources in the field of earth system science

are highly limited, and field campaigns expensive, so it is

imperative to identify what measurements are of most

use for a specific question. Here we presented results

using a method by which to quantify the value of a

diverse range of ecological data for improving models of

the terrestrial carbon cycle. Using a hierarchical

framework, we showed that relatively few data streams

contribute to the largest reduction in uncertainty in

model performance. In the presence of these data

streams, which are distributed across the cost-of-

acquisition spectrum, other measurement sources be-

come redundant. For example, bud-burst dates, and

carbon stock sizes, were of relatively little value for
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constraining model performance in the presence of more

informative measurements. Our results highlight the

importance of estimates of carbon-stock turnover times,

in conjunction with soil respiration and net ecosystem

carbon-exchange measurements. These data sources

should be given priority in future efforts. Using this

framework together with information on the cost of

measurement acquisition would help project managers

to develop more efficient and effective measurement

campaigns.
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Matamala, R., M. A. Gonzàlez-Meler, J. D. Jastrow, R. J.
Norby, and W. H. Schlesinger. 2003. Impacts of fine root
turnover on forest NPP and soil C sequestration potential.
Science 302:1385–1387.

Medlyn, B. E., R. A. Duursma, and M. J. B. Zeppel. 2011.
Forest productivity under climate change: a checklist for
evaluating model studies. Wiley Interdisciplinary Reviews:
Climate Change 2(3):332–355.

Metropolis, N., A. W. Rosenbluth, M. N. Rosenbluth, A. H.
Teller, and E. Teller. 1953. Equation of state calculations by
fast computing machines. Journal of Chemical Physics
21:1087–1092.

Metropolis, N., and S. Ulam. 1949. The Monte Carlo method.
Journal of the American Statistical Association 44:351–341.

Migliavacca, M., O. Sonnentag, T. F. Keenan, A. Cescatti, J.
O’Keefe, and A. D. Richardson. 2012. On the uncertainty of
phenological responses to climate change, and implications
for a terrestrial biosphere model. Biogeosciences 9(6):2063–
2083.

Moore, D. J. P., J. Hu, W. J. Sacks, D. S. Schimel, and R. K.
Monson. 2008. Estimating transpiration and the sensitivity of
carbon uptake to water availability in a subalpine forest
using a simple ecosystem process model informed by
measured net CO2 and H2O fluxes. Agricultural and Forest
Meteorology 148(10):1467–1477.

Morales, P., et al. 2005. Comparing and evaluating process-
based ecosystem model predictions of carbon and water
fluxes in major European forest biomes. Global Change
Biology 11(12):2211–2233.

Pan, Y., et al. 2011. A large and persistent carbon sink in the
world’s forests. Science 333:988–993.

Papale, D., and R. Valentini. 2003. A new assessment of
European forests carbon exchanges by eddy fluxes and
artificial neural network spatialization. Global Change
Biology 9(4):525–535.

Phillips, S. C., R. K. Varner, S. Frolking, J. W. Munger, J. L.
Bubier, S. C. Wofsy, and P. M. Crill. 2010. Interannual,
seasonal, and diel variation in soil respiration relative to
ecosystem respiration at a wetland to upland slope at
Harvard Forest. Journal of Geophysical Research-Biogeo-
sciences 115(G2):1–18.

Press, W. H., S. A. Teukolsky, W. T. Vetterling, and B. P.
Flannery. 2007. Numerical receipes: the art of scientific
computing. Cambridge University Press, Cambridge, UK.

Rayner, P. J. 2010. The current state of carbon-cycle data
assimilation. Current Opinion in Environmental Sustainabil-
ity 2:289–296.

Rayner, P. J., E. Koffi, M. Scholze, T. Kaminski, and J.-L.
Dufresne. 2011. Constraining predictions of the carbon cycle
using data. Philosophical transactions of the Royal Society A
369(1943):1955–1966.

Ricciuto, D. M., A. W. King, D. Dragoni, and W. M. Post.
2011. Parameter and prediction uncertainty in an optimized
terrestrial carbon cycle model: effects of constraining
variables and data record length. Journal of Geophysical
Research 116(G1):1–17.

Richardson, A. D., D. Y. Hollinger, J. D. Aber, S. V. Ollinger,
and B. H. Braswell. 2007. Environmental variation is directly
responsible for short- but not long-term variation in forest–
atmosphere carbon exchange. Global Change Biology
13(4):788–803.

Richardson, A. D., D. Y. Hollinger, G. G. Burba, K. J. Davis,
L. B. Flanagan, G. G. Katul, J. W. Munger, D. M. Ricciuto,
P. C. Stoy, A. E. Suyker, S. B. Verma, and S. C. Wofsy. 2006.
A multi-site analysis of random error in tower-based
measurements of carbon and energy fluxes. Agricultural
and Forest Meteorology 136(1–2):1–18.

Richardson, A. D., M. Williams, D. Y. Hollinger, D. J. P.
Moore, D. B. Dail, E. A. Davidson, N. A. Scott, R. S. Evans,
H. Hughes, J. T. Lee, C. Rodrigues, and K. Savage. 2010.
Estimating parameters of a forest ecosystem C model with
measurements of stocks and fluxes as joint constraints.
Oecologia 164:25–40.

Richardson, A. D., et al. 2012. Terrestrial biosphere models
need better representation of vegetation phenology: results
from the North American Carbon Program Site Synthesis.
Global Change Biology 18(2):566–584.

Richardson, A. D., et al. In press. Seasonal dynamics and age of
stemwood nonstructural carbohydrates in temperate forest
trees. New Phytologist.

Riley, W. J., J. B. Gaudinski, M. S. Torn, J. D. Joslin, and P. J.
Hanson. 2009. Fine-root mortality rates in a temperate
forest: estimates using radiocarbon data and numerical
modeling. New Phytologist 184(2):387–398.

Sacks, W. J., D. S. Schimel, and R. K. Monsoon. 2007.
Coupling between carbon cycling and climate in a high-
elevation, subalpine forest: a model–data fusion analysis.
Oecologia 151:54–68.

Savage, K., E. A. Davidson, A. D. Richardson, and D. Y.
Hollinger. 2009. Three scales of temporal resolution from
automated soil respiration measurements. Agricultural and
Forest Meteorology 149(11):2012–2021.

Schaefer, K.M., et al. In press. Amodel–data comparison of gross
primary productivity: results from the North American Carbon
Program site synthesis. Journal of Geophysical Research.
http://www.agu.org/pubs/crossref/pip/2012JG001960.shtml

Schwalm, C. R., et al. 2010. A model–data intercomparison of
CO2 exchange across North America: results from the North
American Carbon Program site synthesis. Journal of
Geophysical Research 115:G00H05.

Shannon, C. E. 1948. A mathematical theory of communica-
tion. Bell System Technical Journal 27:379–423.

Sinclair. T. R., C. E. Murphy, and K. R. Knoerr. 1998.
Development and evaluation of simplified models for
simulating canopy photosynthesis and transpiration. Journal
of Applied Ecology 13:813–829.

January 2013 285QUANTIFYING THE VALUE OF ECOLOGICAL DATA



Siqueira, M. B., G. G. Katul, D. A. Sampson, P. C. Stoy, J.-Y.
Juang, H. R. McCarthy, and R. Oren. 2006. Multiscale
model intercomparisons of CO2 and H2O exchange rates in a
maturing southeastern US pine forest. Global Change
Biology 12(7):1189–1207.

Sitch, S., et al. 2008. Evaluation of the terrestrial carbon cycle,
future plant geography and climate-carbon cycle feedbacks
using five dynamic global vegetation models (DGVMs).
Global Change Biology 14(9):2015–2039.

Strand, A. E., S. G. Pritchard, M. L. McCormack, M. A.
Davis, and R. Oren. 2008. Irreconcilable differences: fine-
root life spans and soil carbon persistence. Science 319:456–
458.

Templer, P., and A. Reinmann. 2011. Multi-factor global
change experiments: What have we learned about terrestrial
carbon storage and exchange? New Phytologist 192:797–800.

Trudinger, C. M., et al. 2007. OptIC project: an intercompar-
ison of optimization techniques for parameter estimation in
terrestrial biogeochemical models. Journal of Geophysical
Research—Biogeosciences 112:G02027.

Urbanski, S., C. Barford, S. Wofsy, C. Kucharik, E. Pyle, J.
Budney, K. McKain, D. Fitzjarrald, M. Czikowsky, and
J. W. Munger. 2007. Factors controlling CO2 exchange on
timescales from hourly to decadal at Harvard Forest. Journal
of Geophysical Research 112:G02020.

Wang, Y. P., D. Baldocchi, R. Leuning, E. Falge, and T.
Vesala. 2007. Estimating parameters in a land-surface model
by applying nonlinear inversion to eddy covariance flux
measurements from eight FLUXNET sites. Global Change
Biology 13(3):652–670.

Wang, Y., and R. Leuning. 1998. A two-leaf model for canopy
conductance, photosynthesis and partitioning of available
energy. I. Model description and comparison with a multi-
layered model. Agricultural and Forest Meteorology 91: 89–
111.

Wang, Y.-P., R. Leuning, H. A. Cleugh, and P. A. Coppin.
2001. Parameter estimation in surface exchange models using

nonlinear inversion: How many parameters can we estimate
and which measurements are most useful? Global Change
Biology 7(5):495–510.

Wang, Y.-P. P., C. M. Trudinger, and I. G. Enting. 2009. A
review of applications of model–data fusion to studies of
terrestrial carbon fluxes at different scales. Agricultural and
Forest Meteorology 149(11):1829–1842.

Weng, E., and Y. Luo. 2011. Relative information contribu-
tions of model vs. data to short- and long-term forecasts of
forest carbon dynamics. Ecological Applications 21:1490–
1505.

Williams, M., P. A. Schwarz, B. E. Law, J. Irvine, and M. R.
Kurpius. 2005. An improved analysis of forest carbon
dynamics using data assimilation. Global Change Biology
11(1):89–105.

Wofsy, S. C., M. L. Goulden, J. W. Munger, S. M. Fan, P. S.
Bakwin, B. C. Daube, S. L. Bassow, and F. A. Bazzaz. 1993.
Net exchange of CO2 in a mid-latitude forest. Science
260:1314–1317.

Xiao, J., J. Chen, K. J. Davis, and M. Reichstein. 2012.
Advances in upscaling of eddy covariance measurements of
carbon and water fluxes. Journal of Geophysical Research
117:G00J01.

Xu, T., L. White, D. Hui, and Y. Luo. 2006. Probabilistic
inversion of a terrestrial ecosystem model: analysis of
uncertainty in parameter estimation and model prediction.
Global Biogeochemical Cycles 20(2):1–15.

Zhang, L. L., Y. Luo, and G. Yu. 2010. Estimated carbon
residence times in three forest ecosystems of eastern China:
Applications of probabilistic inversion. Journal of Geophys-
ical Research 115:G01010.

Zhou, T., and Y. Luo. 2008. Spatial patterns of ecosystem
carbon residence time and NPP-driven carbon uptake in the
conterminous United States. Global Biogeochemical Cycles
22(3):1–15.

TREVOR F. KEENAN ET AL.286 Ecological Applications
Vol. 23, No. 1



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages false
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth 8
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /FlateEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth 8
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /FlateEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Average
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (U.S. Web Coated \050SWOP\051 v2)
  /PDFXOutputConditionIdentifier (CGATS TR 001)
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org)
  /PDFXTrapped /Unknown

  /Description <<
    /ENU ([Based on 'AP_Press'] Use these settings to create PDF documents with higher image resolution for high quality pre-press printing. The PDF documents can be opened with Acrobat and Reader 5.0 and later. These settings require font embedding.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /BleedOffset [
        9
        9
        9
        9
      ]
      /ConvertColors /NoConversion
      /DestinationProfileName (U.S. Web Coated \(SWOP\) v2)
      /DestinationProfileSelector /UseName
      /Downsample16BitImages true
      /FlattenerPreset <<
        /ClipComplexRegions true
        /ConvertStrokesToOutlines false
        /ConvertTextToOutlines false
        /GradientResolution 300
        /LineArtTextResolution 1200
        /PresetName ([High Resolution])
        /PresetSelector /HighResolution
        /RasterVectorBalance 1
      >>
      /FormElements true
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MarksOffset 6
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /UseName
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
  /SyntheticBoldness 1.000000
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


