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[1] A forward model of the oxygen isotopic composition (d 18O) of wood cellulose is parameterized for

time series prediction in tropical environments and driven with meteorological data observed at La Selva
Biological Research Station, Costa Rica, for 1985–2001. Monthly-resolution model results correlate
modestly (r = 0.34, p < 0.05) with observed isotopic data, with higher correlation (r = 0.45, p < 0.01) over
the earliest 10 years of comparison and nonsignificant correlation over the most recent 6 years of record.
Analysis of model output for La Selva suggests that isotopic variations are strongly controlled by rainfall
amount. The model simulates an analogous but stronger than observed negative isotopic anomaly
associated with positive July–September rainfall anomalies during El Niño–Southern Oscillation (ENSO)
warm phase event years. Simulated tree isotope data for the global tropics suggest that a network of wellreplicated data series from selected locations may resolve the large-scale precipitation anomaly pattern
associated with ENSO.
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1. Introduction
[2] The natural variability and response of the
tropical hydrological cycle to anthropogenic forcing is a key uncertainty in climate change prediction studies [Subcommittee on Global Change
Research, 2003]. In support of projects exploiting
tree rings as archives of hydrologic variations, J. S.
Roden and colleagues modeled the environmental
controls on the oxygen isotopic composition of the
a-cellulose component of wood [Roden et al.,
Copyright 2007 by the American Geophysical Union

2000]. Their model was recently modified and
summarized by Barbour et al. [2004] (hereafter
referred to as BRFE04) as
Dc ¼ Dl ð1  px pex Þ þ c

Here D refers to oxygen isotopic composition
measured relative to the oxygen isotopic composition of ‘‘source water’’ taken up by the plant,


Rcellulose
Dc ¼ 1000
1
Rs
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with R  16 O
O, subscript indicating the relevant
material, and is expressed in per mil (%) units. The
isotopic composition of the source water, d 18Os,
which itself can vary with meteorological and
environmental conditions, is referenced to the
isotopic composition of Standard Mean Ocean
Water (SMOW); hence the cellulose isotopic
composition relative to SMOW is
dc ¼ 1000

Dc
1000

þ 1ÞRs

RSMOW

!
:

[3] In essence, the isotopic composition of cellulose is determined by the oxygen isotopic composition of soil water, leaf evaporative processes, and
the equilibrium fractionation incurred during cellulose biosynthesis c. A fraction (1px pex) of the
source water is isotopically modified by evaporative processes at the leaf. The factor px pex reflects
re-equilibration of the exchangeable cellulose oxygen fraction pex with stem water, and the fraction
px of unenriched stem water at the site of cellulose
biosynthesis [BRFE04]. The equilibrium fractionation incurred during cellulose biosynthesis, due to
fractionation between carbonyl and water oxygen,
is c. Dl is calculated from the isotopic composition
of water at the evaporation site, De, and the Peclet
effect:
Dl ¼







es
1  e}
1 þ * 1 þ k þ ðDwva  k Þ
1
ei
}

Here, k and * are temperature-dependent kinetic
and equilibrium liquid-vapor fractionation factors,
Dwva is the isotopic composition of atmospheric
water vapor, and es and ei are the leaf surface and
leaf interstitial water vapor pressures, respectively.
LE
is
The dimensionless Peclet number } = CD
calculated from effective evaporative pathway
length L, evaporation rate E, molar density of
water C, and diffusivity of H18
2 O in water. The
formulation for Dl reflects dependence of leaf-level
evaporation on leaf temperature, isotopic composition of water vapor, leaf-air humidity gradient, and
both equilibrium and disequilibrium isotope effects
of transpiration. Using this model (made freely
available by BRFE04 for download from ftp://
ecophys.biology.utah.edu/tree_ring/), known
values of relative humidity, air temperature, leaf
temperature, source water and atmospheric water
vapor d 18O, and 9 biophysical variables and
parameters [Barbour et al., 2004], Dl and Dc can
be predicted.
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[4] We recently described [Evans and Schrag,
2004] (hereafter ES04) an application of this system to development of chronological and paleoclimatological estimates from tropical trees lacking
visible ring structure. A heuristic description of the
argument is given by ES04, but the fundamental
idea is this: the annual cycle of precipitation
amount should be recorded in intra-annual measurements of the d18O measured on the a-cellulose
component of tropical woods [Verheyden et al.,
2004; Poussart et al., 2004]. Potentially, replicated
multicentury proxy data series of precipitation
variations could be developed for regions of the
terrestrial tropics largely unobserved prior to the
mid-20th century. But can the model of Barbour et
al. [2004] be used to explicitly test whether actual
isotopic measurements from tropical trees are consistent with this interpretation? I address this question using a direct intercomparison of simulated
and observed oxygen isotope time series from a
well-observed site in Central America. The environment is quite different from that in which the
BRFE04 model was developed and tested, and
prior work at the site enables specification of many
model parameters based on previously published
data. The data-model intercomparison therefore
represents a rigorous test of the model. I will also
suggest more generally that the forward modeling
of proxy observations is an important approach for
linking the interpretation of paleoenvironmental
proxy data to the physical, chemical and biological
first principles underlying the proxy system.

2. Materials and Methods
2.1. Proxy Observations
[5] As the modeling target I chose an age-modeled
d 18O data series developed by ES04 from a 16year-old plantation Hyeronima alcorneides sampled in March 2001 at the La Selva Biological
Research Station of the Organization for Tropical
Studies, Puerto Viejo de Sarapiqui, Costa Rica
(10.4°N, 84°W, 40 m) [Butterfield and Espinosa,
1997]. Sample preparation, analysis, and isotopic
data are described by ES04; subsequent experiments indicate no significant difference in d18O
values obtained from the analytical chemistry used
in this work and more classical techniques for
cellulose extraction (K. J. Anchukaitis et al., Rapid
cellulose processing for high-resolution isotope
dendroclimatology, manuscript in preparation,
2007). Measurement precision is 0.3, estimated
from repeated measurements of a working standard
material. The data series was age modeled [ES04]
2 of 13
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by assigning isotopic minima to July of each year,
corresponding to climatologically maximum precipitation at La Selva’s meteorological stations
[Brenes, 2003] over the 1985–2001 period, and
working backward in time from the most recent
growth to the innermost material from the sample
core. Intra-annual sample ages were estimated for
each data point via continuous, piecewise linear
interpolation to monthly resolution; no seasonal or
annual growth hiatus was assigned. ES04 estimated
age model error in the resulting data series to be
±2 years.

2.2. Model Parameterization
[6] We seek a first-principles model of the link
between environmental conditions and the oxygen
isotopic composition of cellulose, d18Oc, which can
be driven by a small set of readily available meteorological data. In the tropics, several BRFE04
inputs and variables may be parameterized as functions of temperature, precipitation, and relative
humidity in the following manner.
[7] 1. Following Linacre [1964], and in the absence
of a species-specific equation, we estimate leaf
temperature as a linear function of air temperature:
Tleaf ¼ c1 þ c2 Tair

where c1 and c2 are empirically determined
constants. Note that this equation closely simulates
Linacre’s meta-analysis of 42 published studies on
a range of species and environments. It is intended
to parameterize the balance between leaf sensible
heating and evaporative cooling, which can result
in leaf temperature either higher than or lower than
air temperature.
[8] 2. Following Bowen and Wilkinson [2002, and
references therein] for the relationship between
amount and isotopic composition of rainfall, we
estimate d18Os as
d18 Os ¼ c3 þ c4 P

where c3 and c4 are empirically determined
constants, and P is precipitation. The parameterization mimics the observed tendency of tropical
rainfall to behave approximately as a Rayleigh
distillation process, in which increasing amounts of
convective rainfall are increasingly isotopically
depleted of the heavy isotope-labeled H18
2 O
molecule [Fairbanks et al., 1997]. It should be
noted that the slope and regression of the amount
effect relationship employed in this case study
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pertain to monthly resolution simulations. Using
the model with different resolution input data and
for different tropical locales may require different
choices for c3 and c4. However, it is encouraging
that Lachniet and Patterson [2006] found that the
amount effect observed in Panamanian precipitation was similar for monthly and annual timescales.
[9] 3. The calculation of Dl requires an estimate of
the oxygen isotopic composition of water vapor,
d 18Owva. We estimate the temperature of condensing precipitation Tc as
Tc ¼ c5 c6 þ 273:15

where Tc is in Kelvins, c5 is the condensation level
(Km) and c6 is the moist adiabatic lapse rate (c6 =
6K/Km [Wallace and Hobbs, 1977]). The condensation level c5 is chosen to place equilibration
of vapor and precipitation above the boundary
layer but not as high as the tropical tropopause
(about 200 mb [Peixoto and Oort, 1996]), to allow
for unmodeled effects of droplet re-evaporation on
the isotopic composition of precipitation and water
vapor. The temperature-dependent liquid-vapor
fractionation factor is calculated as (Majoube
[1971] referenced by Gonfiantini et al. [2001]):
aLV ¼

1137 0:4156

 0:00207
Tc2
Tc

and isotopic composition of atmospheric water
vapor is


1
d18 Owva ¼ 1000
 1 þ d18 Os :
aLV

In practice the results are not sensitive to this
parameterized estimation of d 18Owva; the tropical
Rayleigh model result of d 18Owva = d 18Os  8
based on observed isotopes in tropical precipitation
[Fairbanks et al., 1997] gives quite similar results.
[10] 4. Following Lohammar et al. [1980] and
Aphalo and Jarvis [1991], leaf stomatal conductance (Gs) varies inversely with leaf–air saturation
vapor pressure deficit (Ds). Here, leaf saturation
vapor pressure eleaf,sat is estimated from leaf temperature [Bolton, 1980], and vapor pressure of
ambient air eair is estimated from saturation vapor
pressure of air at observed Tair and observed
relative humidity. Ds is then estimated as
Ds ¼ eleaf ;sat  eair
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Geochemistry
Geophysics
Geosystems

3

G

evans: forward modeling for signal calibration

and stomatal conductance Gs is estimated using the
relationship
Gs ¼

c7
þ c8
Ds

Monthly averages of measured stomatal conductance and vapor pressure deficit data for Hyeronima growing at La Selva [Bigelow, 2001;
Bigelow and Ewel, 2006] were used to estimate
parameters c7 and c8 (Table 2). We found that a
linear relationship between Gs and Ds [Aphalo and
Jarvis, 1991] produces very similar results over the
calibrated and observed ranges for Gs and Ds; here
we use the inverse relationship suggested by
Lohammar et al. [1980] which is perhaps more
realistic, and gives a slightly better fit (r2 = 0.73,
N = 7, F = 13.6, p < 0.01) to the observations
with the same number of regression parameters.
[ 11 ] Transpiration is calculated [Jarvis and
McNaughton, 1986] as
E ¼ Gs Ds =Patm

where Patm is monthly mean atmospheric pressure,
assumed to be constant at 1013 mb. Although
monthly average surface atmospheric pressure
could easily be added to the model as an input
variable, its specification as a constant in tropical
environments and on monthly timescales introduces negligible errors.
[12] 5. A two-component mixing model is assumed
to represent the simulated environmental variations
in the isotopic composition of tree a-cellulose,
superimposed on a background state dictated by
mean plant physiological and environmental characteristics. In this model, the time-average simulated d 18Oc is set to equal the time-averaged
observed d 18Oc,
d 18 Oc;model ¼ ð1  c10 Þc9 þ c10


 d 18 Oc;BRFE  hd 18 Oc;BRFE i  c9

where h. . .i indicates the time average, and the
subscripts model and BRFE refer to 2-componentmixing modeled cellulose and BRFE04-simulated
cellulose d 18O, respectively. Here the constant c9 is
interpreted as the observed mean of d 18Oc at the
study site, and c10 is the fraction of the root-meansquared (RMS) variance which can be ascribed to
environmental forcing as represented by precipitation, temperature and relative humidity variations.
The mixing model allows correction for environments and/or species for which the tree is
dependent upon both episodic precipitation and
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reliable soil or ground water, which together can
result in a different observed and simulated mean
cellulose d 18O. For example, as c10 approaches
zero, the tree gets little moisture instantaneously
from precipitation, the variance of d 18Oc,model
approaches zero, and the mean approaches the
observed mean c9, presumably reflecting the long
term soil moisture–evaporation balance. As c10
approaches one, the tree gets all of its moisture
from instantaneous precipitation, and the variance
of d 18Oc,model about the mean c9 approaches that of
d 18Oc,BRFE.
[13] 6. In the paleoclimatic context, many of the
BRFE04 variables and additional parameters will
be unmeasured. For this reason, all chosen variables and tunable parameters of BRFE04 were
treated as time-independent constants (Tables 1
and 2). A Monte Carlo approach to estimation of
uncertainty due to imperfect knowledge of all
parameters was implemented. The model was run
1000 times, with each simulation made using all
17 parameters simultaneously and randomly perturbed with uniform probability density function
from set values by up to a fixed percentage, c11.
The resulting estimates of the calculated variables
were sorted, and ±2 standard deviation values for
output model variables are reported. No attempt was
made to optimize parameters on the basis of the
Monte Carlo perturbation procedure. Instead, this
approach merely efficiently samples the range in the
17-dimensional parameter space for assessment of
sensitivity to the default parameter value choices.
[14] 7. For comparison with observations, which
typically are made at about monthly time resolution
and have an observational error of about 0.3 in
d 18O ES04, random Gaussian observational errors
with standard deviation 0.3 have been added to all
model results.
[ 15 ] The BRFE04 model thus parameterized
approaches the formulations of Saurer et al.
[1997], Anderson et al. [2002], and Waterhouse
et al. [2002], but allows variation due to additional
biologically mediated processes [Verheyden et al.,
2004]. It can be run with input precipitation,
temperature and relative humidity monthly resolution time series as independent variables. Model
parameters held constant over time, input variables,
and outputs are summarized in Tables 1–3. A
MATLAB compatible function, allowing for
manipulation of both input variables, parameters,
and parameters treated as constants, is available
from http://ic.ltrr.arizona.edu/Contrib.html or from
the author upon request.
4 of 13
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Table 1. BRFE04 Variables and Default Valuesa
Variable

Description

Value

s
b
c

diffusive fractionation through stomata (%)
diffusive fractionation through boundary layer (%)
equilibrium fractionation between carbonyl oxygen and water (%)
leaf boundary layer conductance (mmol/m2s)
effective length for the Peclet effect (m)
mean proportion of exchangeable oxygen in cellulose (unitless)
proportion of xylem water in meristem (unitless)

32
21
27
2100
0.018
0.42
1

gbl
L
pex
px
a

Variables described in detail by Barbour et al. [2004]. Note

} (section 1) is determined by E and L.

2.3. Meteorological Data
[16] Meteorological data have been recorded at
La Selva Biological Research Station since the late
1950s, and daily data are available from an automated weather station for maximum temperature,
minimum temperature, and precipitation since
1982. Relative humidity, maximum temperature,
minimum temperature and precipitation have been
monitored hourly and semi-hourly since 1992. All
of these data were downloaded via anonymous ftp
from OTS/OET and are gratefully acknowledged
here [Brenes, 2003]. The semi-hourly data was
filtered to remove outlier temperatures greater than
40°C, relative humidities above 100%, and data
points for which all three variables were not
measured simultaneously. Hourly temperature
observations for 1982–2005 are used to relate
daily minimum and maximum temperatures to
mean daily temperatures:
Tdaily ¼ 3:56

0:32 þ 1:13

0:012hThourly i

with h. . .i indicating the time average of hourly
data from midnight to midnight. Note this regression is different in slope and intercept than
obtained by taking the average of daily minimum
and maximum values. Squared correlation of the
variables is r2 = 0.90 (p < 0.0001 with 11 effective
degrees of freedom) and RMS error = 0.64°C. The
regression has been used to estimate daily average
temperature from the daily minimum and maximum temperature data for 1982–2001.
[17] For our purposes, daily temperature and precipitation data have been averaged to monthly
resolution, first removing >±4s outliers from the
daily data. A multiple linear regression of relative
humidity on temperature and precipitation for
monthly averages over the 1992 – 2005 period
gives the relation
RH ð%Þ ¼ 102:98ð 8:50Þ þ 0:012ð 0:0037ÞPðmmÞ  0:69
 ð 0:30ÞT ð C Þ

which was used to reconstruct RH for the 1982–
1992 and 1994–1995 periods of missing RH data,

Table 2. Model Variables, Parameters, and Default Values for BRFE04 Time Series Extensiona
Variable

Description

Value

Tair
P
RH
c1
c2
c3
c4
c5
c6
c7
c8
c9
c10
c11

monthly average air temperature (°C)
monthly average precipitation (mm)
monthly average relative humidity (%)
y-intercept of d 18Os versus monthly average precipitation amount relationship (%)
slope of d 18Os versus monthly average precipitation amount relationship (%/mm)
y-intercept of leaf temperature versus air temperature relationship (°C)
slope of leaf temperature versus air temperature relationship (dimensionless)
height at which precipitation reaching ground is condensing (Km)
moist adiabatic lapse rate (K/Km)
first constant in regression of Gs on Ds (mb mmol/m2/s)
second constant in regression of Gs on Ds (mmol/m2/s)
mean observed d 18Oc for baseline correction (%)
fraction RMS variance due to environmental forcing (dimensionless)
percent uncertainty in model parameters for Monte Carlo error estimation (%)

input variable
input variable
input variable
0.74
0.0285
10
23/33
3
6
4290
43
27.17
0.45
20

a
Parameters c1 and c2 from Lachniet and Patterson [2006]; c3 and c4 from Linacre [1964]; c5 and c6 as described in text; c7 and c8 from Bigelow
[2001] and Bigelow and Ewel [2006]. Parameters c9 and c10 chosen by analysis of La Selva isotopic observations from ES04.

5 of 13

Geochemistry
Geophysics
Geosystems

3

G

evans: forward modeling for signal calibration

Table 3. Model Outputs
Output

Description

d 18Oe
d 18Ol
d 18Os
d 18Oc,BRFE
d 18Oc,model
mcerr

d 18O of water at evaporation sites (%)
d 18O of leaf water (%)
d 18O of sucrose (%)
d 18O of cellulose (%)
d 18O of cellulose with soil water correction (%)
Monte Carlo estimated 5th and 95th percentile
levels due to parameter uncertainty (%)

on the basis of observed monthly averaged
temperature and precipitation. Squared correlation
of the variables is r2 = 0.47 (p < 0.05 with
11 effective degrees of freedom) and RMS error =
2.5%. The reconstructed RH estimates have been
adjusted to have the same mean and variance as the

10.1029/2006GC001406

direct RH measurements, and the full time series is
adjusted (4.5%) to have the same mean as the La
Selva grid point in the New et al. [2000]–based
relative humidity product (Figure 4). Split period
calibration and verification exercises for estimates
of RH (results not shown) indicate the regression
coefficients are stable to within error taking either
1992–2000 or 2000–2005 as calibration interval.
However, squared verification correlations for
these two calibration/verification exercises were
r2 = 0.27 and r2 = 0.61, respectively, indicating a
moderate degree of uncertainty in the RH estimates. The 1985–2001 monthly values for precipitation, temperature and relative humidity inputs
to the model are shown in Figure 1. Note that the
more poorly defined annual cycles in precipitation
for 1995–2001 are apparently a replicated phe-

Figure 1. Monthly estimates of meteorological variables at La Selva Biological Research Station. (a) Monthly mean
precipitation. (b) Monthly mean temperature. (c) Monthly mean relative humidity, based on multiple linear regression
of relative humidity on temperature and precipitation for 1992 – 2005 period (estimated portion shown as dashed line;
see text for details).
6 of 13
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Figure 2. (a) Simulation of La Selva cellulose d 18Oc (black line), and 5%95% range in model results from Monte
Carlo simulation of sensitivity to ±20% uncertainty in parameter choices (yellow area). The mean errors estimated
due to parameter uncertainty (height of yellow coloration on plot) is 1.2. (b) Scatterplot of model results with
temperature or relative humidity held constant at its mean 1985 – 2001 value versus full model simulation. Gray lines
indicate results from relative humidity and temperature data with variances artificially inflated to 4 times observed or
estimated variances. (c) Plot of model results with precipitation held constant at mean 1985– 2001 value versus full
model simulation.

nomenon; they are reproduced in meteorological
data located 1Km from La Selva Station [Bigelow,
2001; Bigelow and Ewel, 2006] and in the 0.5° 
0.5° gridded precipitation data set of New et al.
[2000]. The annual cycle of precipitation in 2.5° 
2.5° gridded data [Xie and Arkin, 1997] is more
regular and suggests that the high intermonthly
variations observed at La Selva for this period are
probably a localized phenomenon.

3. Results
[18] The La Selva simulation of d 18Oc is plotted in
Figure 2a (black line). The difference between
observed and simulated mean cellulose d 18O values, prior to two-component mixing model calculations, was +5.1%. The best fit of simulated to
observed variance was with 45% (c10 = 0.45) of
source water from precipitation; simulated and
observed means and variances are stable to within
about ±10% between the first and second halves of
the data series. The Monte Carlo–estimated 2s
uncertainty range (vertical yellow bars), derived

from 1000 model runs with simultaneous, random
±20% perturbations with uniform probability to
all 17 model parameters, is about 1.2%. The ±2s
range in values of d 18Oc,model is 10.2%
[19] Modeled ranges of leaf-air vapor pressure
deficit (7.8–11 mb), stomatal conductance (350–
510 mmol m2 s1) and evapotranspiration (3.7–
3.9 mmol m2 s1) are in general agreement with
ranges in published observations and model results
[Bigelow, 2001; Reich et al., 2004; Bigelow and
Ewel, 2006; Barbour et al., 2004]. Relative to
model results produced holding these variables
constant, variance introduced by these components
of the model was less than 1% or 0.02%. Variance
of the term pex px from 0.3 – 0.7 resulted in a
damping of d 18Oc,model by about 0.05 in amplitude
(results not shown). A similar experiment inflating
relative humidity variance by a factor of four also
resulted in a negligible effect on the resulting
d 18Oc,model (Figure 2b).
[20] In Figure 2b, temperature and relative humidity
are individually held constant at their 1985–2001
7 of 13
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Figure 3. (a) Simulation of La Selva cellulose d 18Oc,model (red line) and actual proxy observations from La Selva
(blue line). Series correlation coefficient r is 0.34 (p < 0.05, 63 effective degrees of freedom). (b) Climatological
annual cycle for non-ENSO (closed circles) and ENSO (open circles) years from observations. (c) As in Figure 3b,
except for model output.

mean levels, and the results are plotted versus the
results using variable temperature and relative
humidity. The scatter falls about a 1:1 line on the
plot, indicating that the result is sensitive to neither
temperature nor relative humidity variations. Grey
lines, barely distinguishable from the results just
described, show model output driven with mean
precipitation but with relative humidity and temperature inputs whose variance is inflated by a factor of
four. The corresponding plot, in which precipitation
was held at mean 1985–2001 levels is shown in
Figure 2c. In contrast with Figure 2b, the simulated
variation is much reduced, suggesting that the result
is quite sensitive to input precipitation variations.
[21] A comparison of simulated and observed
d 18Oc,model is in Figure 3a. Monthly-timescale
correlation between simulated and observed time
series is 0.34, significant for an estimated 63
effective degrees of freedom at the p < 0.05
significance level. Although the age model for
the observed isotopic data was built from the most
recent period back in time [ES04], agreement
seems to be best in the earliest portion of the
comparison time interval: correlation for the first
10 years is 0.45 (p < 0.01); and worst for the most
recent 6 years (r = 0.18; p = 0.78). Figure 3b shows
the average annual isotopic cycle in the isotopic

observations [ES04, Figure 7c] for both normal and
ENSO warm phase years (1986, 1991, 1997)
within the comparison interval. As pointed out by
ES04 there is a statistically insignificant tendency
toward lower isotopic values in July–August oxygen isotopic composition of cellulose during
ENSO warm phase years. Figure 3c shows the
same climatological isotopic values, for ENSO and
non-ENSO years, but calculated from the model
simulation shown in Figure 3a. The same but
clearer result for ENSO warm phase versus normal
years is found for the model: a two-sided t-test
finds July–August average d 18Oc values for ENSO
and normal years significantly different (t = 3.457;
p < 0.01), with most of the difference due to
August values. I also note that simulated isotopic
data for all years are enriched with respect to
observations from January–April, and lighter with
respect to observations from October–December
(compare Figures 3b and 3c).

4. Discussion
4.1. Model Performance
[22] Despite a number of simplifying assumptions,
parameterizations, fixed environmental and biological variables, and estimated quantities, the param8 of 13
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eterized BRFE04 model supports the ES04 hypothesis for the environmental controls on the oxygen
isotopic composition of tree-ring cellulose in tropical environments. Although large intramonthly
variations in temperature and relative humidity
are observed in the tropics [Brenes, 2003; Lawrence et al., 2004], they are not readily evident on
longer timescales in the boundary layer in the deep
tropics [Peixoto and Oort, 1996]. In the absence of
large variations in temperature and relative humidity at La Selva, the parameterized BRFE04 system
predicts cellulose isotopic variations dominated by
a precipitation-induced amount effect, consistent
with the hypothesis of ES04 (Figures 2 and 3).
Consequently, the simulated and observed annual
cycles in the isotopic composition of wood cellulose at La Selva are similar (Figure 3), with annual
variation in precipitation amount effect and evaporation [ES04] dominating the isotopic signal
(Figure 2), especially for the earliest 10 years of
record. Significant correlation of the time series is
dominated by agreement of the annual cycle, which
is partially guaranteed by the definition of the age
model for the actual isotopic data [ES04] as a linear
interpolation of isotopic measurements between
minima observed in July climatological rainfall
levels. However, the timing of isotopic maxima is
not guaranteed by age model formulation, but was
found to be similar and occurring during the dry
season, roughly November–March (Figures 1 and 3).
Further, the small and statistically nonsignificant
ENSO warm phase isotopic anomaly (Figure 3c)
was reproduced in the model simulations as a
significantly lighter isotopic composition associated
with higher average rainfall anomalies in July and
August. These results suggest that the adaptation of
BRFE04 presented here is a fair description of the
proxy system and its environmental controls, in
particular the annual cycle of net precipitation and
evaporation. On the basis of comparison of the
simulated and observed isotopic data series, age
model error in the particular observations studied
here may be better than estimated by ES04,
approaching ±1 year or less (Figure 3).
[23] There are also a number of important differences between model results and observations.
First, correlation between time series (Figure 3) is
higher in the earliest 10 years of the comparison
interval (0.45; p < 0.01) than in the most recent 6
years (0.18; p = 0.78). This is surprising, as the age
model for the observations was built from the most
recent period backward in time, and integrated age
model uncertainty is expected to increase back in
time; but it clearly derives from the real and
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relatively weakly defined annual cycles of precipitation observed in the last few years of meteorological data (Figure 1). Unusual intermonthly
variability in the La Selva precipitation data set
for 1995–2001 is replicated in independent station
data [Bigelow and Ewel, 2006] and in high resolution gridded precipitation data [New et al., 2000];
a more regular annual cycle is observed in coarserresolution gridded precipitation analyses [Xie and
Arkin, 1997]. The reasons for these discrepancies
are unknown. It is most likely that disagreement
between simulations and observations is due to
limitations of the isotopic observations, for example, the potential for missing years in the unreplicated record. If the model is indeed a fair
description of the system, then replication (as used
by Treydte et al. [2006]) ought to improve the fit
between observations and simulations. Second, if
biosynthetic fractionation c is constant at 27%, the
+5.1% enrichment implied by fitting the twocomponent mixing model suggests that mean leaf
or soil water evaporative enrichment may be underestimated in the simulations. Measurements of the
isotopic composition of leaf and soil water and of
precipitation are needed to constrain partitioning
between mean leaf and soil water evaporative
influences. Third, the observations are more highly
autocorrelated than the simulations: lag-1 autocorrelations are 0.73 and 0.30, respectively. This
suggests that in the real world, oxygen isotopic
composition of cellulose is partially set on timescales longer than 1 month, possibly due to slow
mixing of precipitation into soil moisture or storage
of plant photosynthates. Both of these ideas are
testable with soil water d 18 O measurements.
Fourth, the model climatology systematically predicts higher d 18O from January–March, and somewhat lower d 18O values in September–December.
The early and late period differences may be due to
an unobserved growth hiatus during this period,
which corresponds to the dry season at La Selva.
Band dendrometer measurements might be used to
resolve this possibility. Alternatively, it might be
due to biochemical effects at the intramolecular
level which have recently been hypothesized to
limit evaporative enrichment effects when source
water d 18O is heavier than about 10% [Sternberg
et al., 2006]. Parameterized source water d 18O
estimates (section 2.2) exceed this value during
the early and late months of the year.

4.2. Model Sensitivity
[24] Simulations of annual and interannual variations in cellulose isotopic composition are relatively
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insensitive to parameter values (Tables 1 and 2 and
Figure 2a) as estimated by the 1000-member
Monte Carlo sampling of the 17-dimensional
parameter space. The signal to parameter noise
ratio is about 8.7 (Figure 2a; section 3). The
importance of source water isotopic variations is
again evident from a comparison of simulated d
and D values for water vapor, evaporation site
water, leaf water (which includes evaporation site
and Peclet effects), and cellulose components
(results not shown). The D values, which do not
include simulated source water isotopic variations
(section 1), are an order of magnitude smaller than
the d values, and cannot explain the variation
observed in the actual isotopic data from La Selva.
Experiments magnifying the observed amplitude of
relative humidity and temperature variations by a
factor of 4 while holding precipitation fixed also
indicate that the simulated isotopic variations are
not sensitive to uncertainties in observations and
estimation of relative humidity and temperature
(section 2 and Figures 1 and 2b). Additional
experiments, in which stomatal conductance, transpiration rate, boundary layer diffusive fractionation, total diffusive fractionation, and leaf
temperature were varied for artificially large amplitudes were together able to explain only about 20%
of the observed variance (results not shown).
Overall, sensitivity experiments suggest that the
analysis of variance in the simulations is not
sensitive to model formulation, choice of fixed
parameters, and observed temperature and estimated
relative humidity variations. The only parameters to
which the modeled mean and variance were sensitive were the amount effect and leaf temperature
parameters c14 (results not shown). Hence, if
strong inferences are to be made concerning the
mean value of the isotopic record, these parameterizations should be more tightly constrained with
direct observations.

10.1029/2006GC001406

4.3. Applications
[25] A more general modeling experiment illustrates the potential of forward modeling for objective identification and extraction of unbiased,
climatically forced features in proxy paleoclimatic
observations. For the specific case of stable isotopes in tropical trees, prediction of the amplitude
of the annual cycle and interannual variation in
precipitation represents a testable hypothesis for
interpretation of proxy observations, and can inform paleoclimatic sampling network design and
replication strategies for reconstruction of largescale phenomena such as ENSO. In Figure 4 the
BRFE04 model has been run using as input gridded
precipitation, temperature, and vapor pressure
[New et al., 2000; Bolton, 1980] for the past
century. At each grid point, the annual cycle has
been removed from the results to form climatological anomalies, and the anomalies annually averaged, prior to correlation analysis. Figure 4a shows
in colors the correlation of the first principal
component of annually averaged tropical (30°N–
30°S) sea surface temperature anomalies with
model d 18O; contours show the correlation of the
first principal component of the d 18O model with
tropical SST anomaly. Here the leading pattern in
the isotope model output is associated with ENSO,
and the leading pattern in tropical SST is associated
with isotope model variability across broad regions
of the terrestrial tropics. Figure 4b shows the same
results except that the isotope model output has
been replaced by gridded precipitation data; the
patterns are similar to those in Figure 4a. Figure 4c
gives results for the period 1951–2002, and Figure
4d gives results in which the EOF patterns derived
in Figure 4c have been projected on the data for
1901–1950; in both of these cases, correlations not
significant at the 95% level have been masked out.
Vuille and Werner [2005] and Hoffman et al.
[1998] showed broadly similar results based on

Figure 4. Simulations of isotopes in trees for the global tropics, 30N –30S, 1901– 2002, April – March annually
averaged anomalies, based on gridded precipitation, temperature, and vapor pressure [New et al., 2000], using relative
humidity calculated from vapor pressure and temperature following Bolton [1980], and isotope model parameters
listed in Tables 1 and 2. (a) Correlation (colors) of simulated isotope records with first principal component of tropical
(30N-30S) SST [Kaplan et al., 1998]; correlation (contours) of first principal component of simulated isotope records
with gridded SST. Correlations of >j0.3j are significant at the p < 0.05 level assuming 45 effective degrees of
freedom. (b) As in Figure 4a, except replacing modeled isotope records with 1*precipitation from New et al. [2000].
Simulations are dominated by precipitation amount; their leading pattern of variation is associated with ENSO. (c) As
in Figure 4a, except for EOF analyses performed over the 1951– 2002 period, and showing only significant
correlations (r > j0.4j; p < 0.05) (‘‘Calibration’’). (d) As in Figure 4c, except with SST and isotope model correlations
calculated for the 1901 – 1950 period on the basis of principal components calculated by projection of the calibration
period 1st EOF patterns on the 1901– 1950 data (‘‘Verification’’). Figures 4c and 4d suggest that precipitation
variability associated with ENSO may be retrieved from a sampling of a limited set of regions within the global
tropics, and represent a hypothesis testable with observations. (e) Color scale used to plot Figures 4a – 4d.
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the IAEA database of isotopes in precipitation
(http://isohis.iaea.org) and atmospheric circulation
modeling experiments over shorter timescales.
[26] Comparison of Figures 4c and 4d suggests that
if the isotope model is a fair description of reality,
then a network of tropical tree isotope series from
tropical South America, and Australasia may resolve variability in precipitation associated with
ENSO. Of course, this result assumes, for instance,
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that the amount effect in precipitation is similar
across the global tropics, and this is not true.
However, the model can be run with parameters
adjusted to represent specific locales for which
paleoenvironmental reconstructions based on oxygen isotopes in tree-rings are being considered.
Modeling exercises can suggest to what extent,
for example, temperature, humidity and precipitation influences compete to determine the observed
stable isotope records. Alternatively, if we assume

Figure 4
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the simulations are a good description of the proxy
system, they may be used to test calibration period
age modeling [Anderson et al., 2002; Treydte et al.,
2006]. As an example of the latter approach, a
composite from two Samanea Saman d 18O data
series [Poussart et al., 2004, Figure 5a] is significantly (p < 0.05) correlated with d 18O simulations
(Figure 4) from East Java and Borneo and with
NINO34 SST anomaly, if the earliest 8 years of the
composite age model are linearly stretched to 10
years (results not shown). More generally, spatial,
temporal and spectral forward model–proxy data
intercomparisons can be used as an important complement to inverse modeling for ground-truthing the
strengths and limitations of proxy-based paleoclimatic reconstructions [Schmidt, 1999]. For example, the simplified empirical calculation of water
vapor and precipitation d 18O could be replaced by
the output of general circulation models of the
atmosphere fitted with stable isotope modules
[Joussame et al., 1994]; the coupled climate-proxy
model could then be used to compare climate model
integrations to proxy precipitation series.

5. Conclusions
[27] A mechanistic model of the oxygen isotopic
composition of tree cellulose, parameterized as a
time series function of monthly precipitation, air
temperature, and relative humidity, is employed to
simulate the primary features observed in actual
oxygen isotopic data from a wet tropical environment. The simulations are crudely consistent with a
system in which the isotopic composition of cellulose is determined predominantly by tropical
precipitation amount. A modeling exercise for the
global tropics supports the eventual recovery of
interannual rainfall variability associated with
ENSO from replicated stable isotope measurements
from trees located in selected tropical environments
worldwide, and represents a hypothesis testable
with actual isotopic data. The time series extension
of the isotope model is freely available. It is hoped
that this tool will permit more quantitative integration of forward models into paleoclimatological data
interpretation, and potentially to identify opportunities for continued modeling studies.
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