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[1] Stable isotopes in tree rings provide climatic information with annual resolution dating
back for centuries or even millennia. However, deriving spatially explicit climate models
from isotope networks remains challenging. Here we propose a methodology to model
regional precipitation from carbon isotope discrimination (Δ13C) in tree rings by (1)
building regional spatial models of Δ13C (isoscapes) and (2) deriving precipitation
maps from Δ13C-isoscapes, taking advantage of the response of Δ13C to precipitation in
seasonally dry climates. As a case study, we modeled the spatial distribution of mean
annual precipitation (MAP) in the northeastern Iberian Peninsula, a region with complex
topography and climate (MAP= 303–1086 mm). We compiled wood Δ13C data for two
Mediterranean species that exhibit complementary responses to seasonal precipitation
(Pinus halepensis Mill., N = 38; Quercus ilex L.; N= 44; pooling period: 1975–2008). By
combining multiple regression and geostatistical interpolation, we generated one
Δ13 C-isoscape for each species. A spatial model of MAP was then built as the sum of two
complementary maps of seasonal precipitation, each one derived from the corresponding
Δ13C-isoscape (September–November from Q. ilex; December–August from P.
halepensis). Our approach showed a predictive power for MAP (RMSE=84 mm) nearly
identical to that obtained by interpolating data directly from a similarly dense network of
meteorological stations (RMSE=80–83 mm, N= 65), being only outperformed when
using a much denser meteorological network (RMSE=56–57 mm, N=340). This method offers
new avenues for modeling spatial variability of past precipitation, exploiting the large
amount of information currently available from tree-ring networks.
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1. Introduction

[2] There is a current need to develop precipitation models
with high spatial resolution in order to understand past climate
and delineate future scenarios of global change [Brayshaw
et al., 2011; IPCC, 2007]. This, however, is particularly
challenging in drought-prone areas where precipitation
regimes are extremely complex and accurate predictions
usually require geographically dense networks of instrumental
observation [González-Hidalgo et al., 2011; New et al., 2001].
Since long-term coverage of instrumental meteorological
records (i.e. longer than a few decades) is often unavailable,
proxies for precipitation are required to complement or expand
instrumentally derived information.
[3] In this context, carbon isotope ratios (13C/12C) in dif-

ferent plant tissues can be used as a proxy for precipitation,
particularly in seasonally dry climates [Aguilera et al., 2009;

Diefendorf et al., 2010; Ferrio and Voltas, 2005; Klein
et al., 2005; Kohn, 2010; Leavitt et al., 2007; McCarroll
and Loader, 2004; Warren et al., 2001]. Specifically, stable
isotopes in tree rings provide climatic information with
annual or seasonal resolution dating back for centuries or
even millennia, and thus a growing interest in the spatial
and temporal dependence of climate processes has resulted
in a burst of tree-ring isotope networks worldwide [Kagawa
and Leavitt, 2010; Leavitt et al., 2007; 2010; Schubert and
Jahren, 2011; Sidorova et al., 2010; Treydte et al., 2007].
However, although preliminary attempts to infer climatic
trends using spatially explicit models of isotope distribution
(isoscapes) [Bowen, 2010; West et al., 2010] have provided
promising results [Aguilera et al., 2009; Leavitt et al.,
2007], the development of robust methodologies to interpo-
late existing data remains essential to derive accurate
regional estimates from tree-ring networks [Büntgen et al.,
2010; Frank et al., 2008; Leavitt et al., 2010; Treydte
et al., 2007]. Given that climate variables can be spatially
modeled using geographic variables in areas with complex
topography [Agnew and Palutikof, 2000; Ninyerola et al.,
2000; Perry and Hollis, 2005; Sánchez Palomares et al.,
1999], we argue that the same approach can be applied to
tree-ring isotope networks in order to reconstruct spatial
patterns of precipitation.
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[4] Therefore, the main goal of this paper is to propose a
methodology to develop precipitation maps from carbon
isotope discrimination (Δ13C) of tree rings by (1) producing
Δ13C-isoscapes with high spatial resolution using multiple
linear regression (MLR) analysis, which incorporates
geographical variables as predictors of isotopic records, com-
bined with geostatistical interpolation, and (2) applying causal
relationships between precipitation and Δ13C to convert Δ13C-
isoscapes into precipitation maps. As a case study, we mod-
eled the spatial distribution of mean annual precipitation
(MAP) in the northeastern Iberian Peninsula, a region with
strong spatial variability for this variable. Precipitation
maps were derived from isotope networks of two mostly
co-occurring Mediterranean tree species, P. halepensis and
Q. ilex, which are known to provide complementary
information on seasonal precipitation [Aguilera et al., 2012;
Ferrio et al., 2003]. After comparing the performance of
isoscape-derived spatial models with those derived from
meteorological records, the potential and limitations for
modeling spatial variability in precipitation from tree-ring
isotope networks are discussed.

2. Materials and Methods

2.1. Study Area and Data Compilation

[5] The study focused on the northeast area of the Iberian
Peninsula, in the western Mediterranean basin (Figure 1).
The area is characterized by a complex topography and the
interaction of African subtropical, North Atlantic, and

Mediterranean climate systems [Gimeno et al., 2010; Rodó
et al., 1997]. MAP in the area ranges from approximately
300 to over 1000 mm. MAP at the sampling sites ranged
from 391 to 965 mm. Precipitation generally show a bimodal
seasonal distribution, with two maxima located in spring and
autumn (see Figure S1).
[6] Data on carbon isotope composition (d13C) in

whole wood from Holm oak (Q. ilex L.) and Aleppo pine
(P. halepensis Mill.) were compiled from previous studies
[Aguilera et al., 2009; 2012; Ferrio et al., 2003; Ferrio
and Voltas, 2005]. Altogether, we used 44 sampling loca-
tions for Q. ilex and 38 for P. halepensis, respectively, with
15 locations being common to both species (Figure 1b).
Since our study focused on spatial variability, data compila-
tion aimed at maximizing spatial resolution, being relatively
flexible with temporal accuracy, as suggested in previous
works when dealing with a limited number of continuous in-
strumental records [AEMET-IM, 2011; Ninyerola et al.,
2000; 2007]. Hence, in most cases compiled d13C data were
determined from wood cores in which tree rings from sev-
eral years were pooled together for analysis (24� 2.0 years
for Q. ilex, 17� 2.8 years for P. halepensis) and covering
different (yet widely overlapping) temporal ranges for the
period 1975–2008. Precipitation data for the sampling sites
were obtained from the Digital Climatic Atlas of the Iberian
Peninsula, which provides a 200 m gridded reference precip-
itation, representative of monthly averages for the period
1950–1999 (data available at http://www.opengis.uab.es/
wms/iberia/mms/index.htm); for details on the methodology
used to generate the Atlas, see Ninyerola et al. [2007].
[7] Carbon isotope discrimination (Δ13C) was calculated

from the d13C of samples and the d13C of the atmospheric
CO2 (d

13Catm) [Farquhar and Richards, 1984]:

Δ13C ¼ d13Catm � d13C
� �

= 1þ d13C=1000
� �

: (1)

[8] d13Catm was inferred by interpolating a range of data
from Antarctic ice-core records [Francey et al., 1999;
Indermühle et al., 1999; Leuenberger et al., 1992], together
with modern data from two Antarctic stations (Halley Bay
and Palmer Station) of the CU-INSTAAR/NOAA-CMDL
network for atmospheric CO2 measurements, as first
described in Ferrio et al. [2005] (smoothed d13Catm curve
from 16100 BCE to present, available at http://web.udl.es/
usuaris/x3845331/AIRCO2_LOESS.xls). Estimated d13Catm

for the time period represented in each sample ranged from
�7.7 to �8.0%.

2.2. Generation of Multiple Linear Regression Models
to Describe Δ13C from Geographic Variables

[9] Stepwise regression analysis was used to determine the
best-fit model describing the spatial variability of Δ13C based
on geographic data consisting of 28 predictor variables (see
section 2.3 for details). A forward selection procedure was
used by which variables were progressively added provided
they made a significant contribution to the model based on
F-statistic values. Threshold F-statistics required for a variable
to enter or stay in the model were set to 0.10 (F-to-enter) and
0.15 (F-to-remove), respectively. In this way, a multiple linear
regression (MLR) model was built for each species predict-
ing Δ13C from geographic variables.

Figure 1. Study area and sampling sites. (a) Location of the
study area. (b) Mean annual precipitation (MAP) in the area
(source: Ninyerola et al. [2007]) and location of sampling
sites. Circles, Quercus ilex; triangles, Pinus halepensis.
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2.3. Candidate Variables for MLR Models

[10] A set of 28 independent predictor variables with known
climatic relevance in the area was selected. Altitude, latitude,
terrain curvature, and aspect were directly derived or calcu-
lated from a 90 m resolution Digital Elevation Model (http://
opengis.uab.es/wms/world/) using ArcGIS 10.0 (ESRI, Red-
lands, USA). Distances to different water bodies (Atlantic
Ocean, Cantabrian Sea and Mediterranean Sea) and also the
minimum distance to all seas were computed as indicators of
continentality. We calculated both Euclidian (linear) and cost
distances (i.e., the “cost” of traveling from one point to an-
other, considering geographic barriers), which in turn were
transformed into logarithmic and quadratic distances. Cost dis-
tance was calculated by (1) reclassifying a Digital Elevation
Model (DEM) into a simple raster (also known as cost surface)
by giving a subjective weight to different intervals of altitude
(see below) and (2) calculating, for each cell, the least accumu-
lative cost distance over a cost surface to the water bodies. In
this way, we generated a raster with the lowest total distance
from a target cell to the nearest sea. Although we created sev-
eral cost distance rasters with different weights, we opted for
the one that provided the best correlation with Δ13C in both
species. DEM reclassification into a cost surface was done as
follows: every 100 m until 2000 m (starting at 0 m) a linear in-
crement of 1 m. However, from 2000 to 3500 m, we provided a
greater weight ([2000–2500=30 m] and [2500–3500=50 m]).
This was done in order to take into account a likely strong rain-
shadow effect of highmountain peaks overmaritime air masses.
All of the above were calculated with the Cost Distance Tool of
ArcGIS 10.0.

2.4. Generation of Δ13C-Isoscapes From MLR and
Residual Interpolation

[11] The b coefficients of the regression equations and
the raster matrices of the independent (geographic) vari-
ables were implemented in a raster calculator tool in or-
der to produce a 90 m resolution raster layer of Δ13C
for each species. The Δ13C-isoscapes derived from
MLR models (hereafter, MLR-isoscapes) may yield bi-
ased estimates in areas underrepresented by sampling,
as these have less weight in the regression model. To
overcome this potential limitation, we applied an error in-
terpolation method, which has been widely used in com-
bination with MLR to model spatial patterns in climate
from meteorological networks [Agnew and Palutikof,
2000; Ninyerola et al., 2000; 2007; Perry and Hollis,
2005]. Briefly, the residuals (observed-predicted) from
the MLR-isoscapes were spatially interpolated using the
inverse distance weighting method to generate a residual
layer (see Figure S2). By adding this layer to the
corresponding MLR-isoscapes, we ended up with a resid-
ual-interpolated Δ13C-isoscapes for each species (hereaf-
ter, RI-isoscapes). The addition of the residual layer
was intended to correct for spatial trends, not originally
accounted for by the MLR model, which potentially
could have originated from the existence of spatial corre-
lation in the distribution of errors. Finally, maps were
imported to the Miramon V6.1 package (http://www.
creaf.uab.es/miramon/index.htm) in order to add a mask
of the areas not suitable for the studied species (topo-climatic
suitability index <0.2; http://www.opengis.uab.cat/IdoneitatPI/).

2.5. Validation of Δ13C-Isoscapes

[12] The predictive capability of theMLR- and RI-isoscapes
was tested through a leave-one-out cross-validation process.
Briefly, we fixed the selected input variables according to the
best stepwise regression model and generated a series of
models (as many as samples) using all samples except one
used for validation. The cross-validated root mean square error
(RMSE) was calculated as

RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiX

Ymeas � Ymodð Þ2= N � 1ð Þ
q

(2)

[13] where Ymeas and Ymod are, respectively, the measured
and modeled Δ13C values of the test samples not included in
calibration during each iteration, and N is the number of
samples. For each test sample, predictive error was deter-
mined before and after applying residual interpolation.

2.6. Deriving a Map of Annual Precipitation From
Δ13C-Isoscapes

[14] To take advantage of the differential seasonal
responses of Δ13C to precipitation in P. halepensis and
Q. ilex [Aguilera et al., 2012; Ferrio et al., 2003], layers
of MAP were generated by combining Δ13C-isoscapes
from both species. We built a family of 12 bi-specific
models in which precipitation was predicted for subsets
of consecutive months from Δ13C in one species and
for the remaining months in the other. Adding the predic-
tions from each species provided an estimate of MAP for
each sampling point. Since P. halepensis offered the best
mono-specific model to estimate annual precipitation
from carbon isotope discrimination, this model served
as starting point for a process aimed at identifying the
optimal bi-specific annual precipitation model by predict-
ing two complementary sets of consecutive months from
each of the two species. In the first instance, we used the
best monthly precipitation model (highest R2, October) of
Q. ilex to provide a monthly estimate of precipitation to
complement the estimate for the rest of the year obtained
from P. halepensis. A leave-one-out cross-validation pro-
cess was applied to this particular month combination us-
ing those sampling sites (15) in which both species were
present as validation data (Figure 2). The cross-validation
RMSE was calculated as described for Δ13C-isoscape
models (equation (2)). Progressively, additional months
predicted by Q. ilex instead of P. halepensis were added,
either the previous or the following to the one initially
included, retaining the month combination with lowest
RMSE. We ended up with 12 annual models, the last
one being an annual precipitation model where only Q.
ilex was used. Out of the 12 models built, we decided
which combination of months using carbon isotope dis-
crimination of both species provided the lowest RMSE
value, and thus the best predictive annual precipitation
model. To avoid confusions, RMSE values at the model
selection step will be referred to hereafter as RMSEreg.
Finally, to generate a spatial model of MAP, the regres-
sion coefficients for each species relating reference
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precipitation to Δ13C were applied to the corresponding
Δ13C-isoscapes using a raster calculator tool.

2.7. Validation of Spatial Models of Precipitation

[15] We evaluated the strength of our model predictions
by direct comparison with an independent dataset of
long-term averages of MAP from 573 climatic stations,
available for the period 1971–2000 (MAP= 303–1086
mm) [AEMET-IM, 2011]. To this end, observed and
predicted data were compared and the coefficient of de-
termination (R2), slope, and RMSE were calculated. To
avoid confusions, RMSE values determined to validate
MAP predictions will be referred to hereafter as RMSEmap.
The coefficient of variation (CV, expressed in %) of model
predictions was then calculated as the quotient between
RMSE and the mean of the set of meteorological stations
used for validation. Spatial patterns in model performance
were assessed by interpolating relative errors (% of
observed values) using the inverse distance weighting
method. As a reference for our model statistics, we applied
the same procedure used to generate Δ13C-isoscapes to
model annual precipitation directly from the aforementioned
network of climatic stations. We generated a family of
models to assess the potential role of seasonal precipitation
distribution and sampling density in defining model perfor-
mance. Thus, we modeled annual precipitation either di-
rectly or as the sum of two seasonal models (as done in
Δ13C-isoscapes), and compared models generated with a
high sampling density (60% of randomly selected stations,
following Ninyerola et al. [2007]; N=340) with models
with low sampling density, generated with a subset of 65
weather stations having the lowest Euclidian distance to
the corresponding tree-ring sampling sites.

3. Results

3.1. Isoscape Modeling of Δ13C

[16] Species-specific multiple linear models predicting
Δ13C from geographic variables showed a similar linear fit,
with R2 = 0.56 (N= 44) for Q. ilex and R2 = 0.48 (N= 38)
for P. halepensis. For Q. ilex, variables entering the model
were (1) logarithmic cost distance to all seas, (2) latitude,
and (3) altitude, in that order of significance (Figure 3a).
For P. halepensis, selected variables were (1) latitude, (2)
Euclidian distance to all seas, and (3) altitude, in that order
of significance (Figure 3b). Further details of the fitted
models are given in Table 1.
[17] Modeled values for Q. ilex ranged from 16.9% to

21.2% (range of calibration samples: 16.8–19.9%), having
the highest values in the coastal strip (MLR-isoscape,
Figure 3c), which highlights the strong influence of conti-
nentality (distance to all seas) in the model (Table 1). A lat-
itudinal trend was also observed, with lower values to the
south, and the effect of altitude was particularly visible in
the abrupt northern river valleys of the Pyrenees. Overall, a
similar pattern was observed in the P. halepensis model
(MLR-isoscape, Figure 3d); however, since the weights of
each variable in this model were similar (Table 1), the effect
of continentality was not as strong as for Q. ilex, and the
latitudinal gradient was clearer. Predicted values of Δ13C
for P. halepensis ranged from 15.0% to 18.9% (range of
calibration samples: 15.4–18.0%). Validation statistics for
Δ13 C-isoscape models are provided in Table 2.

3.2. Predicting MAP From Δ13C-Isoscapes Using a
Bi-Specific Model

[18] The lowest RMSEreg (78.3 mm) in predicting MAP
from Δ13C was found using Q. ilex to infer precipitation
from September to October, and P. halepensis for December
to August (Figure 2). However, the next best fitting month
combination provided almost identical quality (i.e., accuracy
and precision; RMSEreg = 78.6 mm) by predicting the whole
autumn season (September–November) from Q. ilex and the
rest of year from P. halepensis. From a climatological point
of view, it seemed sensible to have the final combination of
months grouped by seasons, so the latter model was finally
adopted, as follows:

Psept�nov ¼ 46:4� Δ13CQuercus � 640

R2 ¼ 0:41;N ¼ 44;P < 0:001
(3)

Pdec�aug ¼ 106:7� Δ13CPinus � 1402

R2 ¼ 0:63;N ¼ 38;P < 0:001
(4)

MAP ¼ Psept�nov þ Pdec�aug (5)

[19] Comparing predicted MAP with observed precipitation
(Table 2), we found higher predictive ability using the RI-
isoscapes (RMSEmap = 84 mm) than the MLR-isoscapes
(RMSEmap = 102 mm) (Table 2). Before applying a residual
correction, models calibrated with instrumental data
performed similarly to the MLR-isoscapes, regardless of
sampling density (RMSEmap = 97–111 mm) (Table 2).
After residual correction, models based on meteorological
data showed similar results to RI-isoscapes when station

Figure 2. Root mean square error (RMSE) of a leave-one-
out cross-validation procedure aimed at selecting the best
combination of months estimating mean annual precipitation
from carbon isotope discrimination of Pinus halepensis and
Quercus ilex. RMSE was determined using a subset of sam-
pling sites (15) common to both species as validation data
(see section 2.3 for details).
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density was comparable to that of the tree-ring network
(N= 65, RMSEmap = 80–83 mm), but showed higher predic-
tive ability when using a high-density sampling network
(N = 340, RMSEmap = 56–57 mm) (Table 2). In all cases,
modeling spatial patterns in MAP from annual climatic data
or as the sum of two seasonal values (i.e., emulating Δ13C-
derived models) gave almost identical results. The predicted
distribution of MAP generally agreed with the observed
precipitation patterns in the area (Figure 4a, as compared to
Figure 1b). Nevertheless, the spatial patterns of predictive

errors revealed some areas with substantial overestimations
(>20%) (Figure 4b).

4. Discussion

4.1. How Good Is a Δ13C-Isoscape Model at
Predicting MAP?

[20] Multiple linear models based on geographic variables
explained about 50% of Δ13C in tree-rings, an outcome com-
parable to that reported when modeling Δ13C directly from

Table 1. Calibration Statistics of Stepwise Multiple Regression Models of Spatial Distribution of Carbon Isotope Discrimination, and for
Spatial Models of Precipitation Generated From Instrumental Recordsa

Calibration Network
Modeled
Variable

Regression Coefficients, Order of Entry and Increase in R2

Total
R2N Y0 Latitude Altitude lcDa eDm eDc eDa cDc

Tree-ring sampling sites Δ13CQuercus 44 5.1 4.16E-06 1.25E-03 �1.35 0.56
(2) 0.05 (3) 0.07 (1) 0.44

Δ13CPinus 38 �23.5 8.76E-06 1.63E-03 �1.15E-05 0.46
(1) 0.18 (3) 0.12 (2) 0.16

Weather stations (low-density) Psept-nov 65 �2202 5.21E-04 5.78E-02 �7.81E-04 0.52
(2) 0.28 (3) 0.03 (1) 0.20

Pdec-aug 65 �6606 1.44E-03 1.66E-01 9.20E-04 0.61
(1) 0.33 (3) 0.08 (2) 0.19

MAP 65 �8704 1.91E-03 1.75E-01 1.33E-03 0.57
(1) 0.28 (2) 0.25 (3) 0.05

Weather stations (high-density) Psept-nov 340 �539 1.69E-04 6.68E-02 �7.27E-04 �4.89E-05 0.56
(2) 0.08 (3) 0.06 (1) 0.39 (4) 0.027

Pdec-aug 340 �2199 5.97E-04 2.93E-01 �1.10E-03 �2.12E-04 0.53
(1) 0.07 (3) 0.23 (2) 0.12 (4) 0.11

MAP 340 �2533 7.30E-04 3.77E-01 �1.69E-03 �3.13E-04 0.54
(2) 0.25 (3) 0.16 (1) 0.11 (4) 0.12

aΔ13CQuercus and Δ13CPinus, carbon isotope discrimination in wood of Quercus ilex and Pinus halepensis, respectively; lcDa, logarithmic cost distance to
all seas; eDa; Euclidian distance to all seas; eDm, Euclidian distance to Mediterranean Sea; eDa, Euclidian distance to Atlantic Ocean; cDc, cost distance to
Cantabric Sea; MAP, mean annual precipitation; Psept-nov, precipitation during autumn months; Pdec-aug, precipitation during the rest of the year.

Figure 3. Main steps in the generation of Δ13C-isoscapes. (a and b) Raster images of the geographical
variables chosen in the stepwise multiple regression, in order of significance (1–3), for Quercus ilex
and Pinus halepensis, respectively (lcDa, logarithmic cost distance to all seas; eDa; Euclidian distance
to all seas; Lat, latitude; Alt, altitude). (c and d) Δ13C-isoscapes of Q. ilex and P. halepensis, respectively,
derived after implementing the b coefficients into a raster calculator. Areas not suitable for each species
(topoclimatic suitability index <0.2; http://www.opengis.uab.cat/IdoneitatPI/index.html) are masked in
black. Further details on the models are provided in Table 1.

DEL CASTILLO ET AL.: TREE-RING ISOSCAPES AND REGIONAL CLIMATE

356

http://www.opengis.uab.cat/IdoneitatPI/index.html


climatic variables [e.g., Aguilera et al., 2009; Ferrio et al.,
2003; Sidorova et al., 2010; Treydte et al., 2007; Warren
et al., 2001]. This supports our initial assumption that
Δ13C can be spatially modeled in the same way as the
climate variables that have a strong influence on it (e.g.,
precipitation). Furthermore, applying a transfer function
to derive mean annual precipitation from bi-specific Δ13C,
we were able to generate spatial maps of annual precipita-
tion, which in turn were validated with independent data
from meteorological stations. At this step, we tested two
kinds of isoscapes: those derived exclusively from the
multiple linear models represented in Figure 1 (MLR-
isoscapes) and those in which an additional residual correc-
tion was applied (RI-isoscapes). Despite having a relatively
sparse tree-ring network (0.5� 10�3 sites km�2), the pre-
dictive ability obtained with the RI-isoscape (RMSE=84
mm; CV=16.4%, see Table 2) is comparable to that of
other studies modeling precipitation from much denser
meteorological networks e.g. for the whole Iberian
Peninsula (3.5� 10�3 stations km�2; RMSE=137 mm;
[Ninyerola et al., 2007]; CV> 19.5%, calculated for an
average MAP< 700 mm, according to Spanish Meteorolo-
gical Agency [AEMET-IM, 2011]), or for the different
river basins included in the study region (5.8� 10�3

stations km�2; RMSE=67–147 mm [Sánchez Palomares
et al., 1999]). Similarly, the performance of isoscape-
derived models was nearly identical to that found for
models based on a meteorological network with a spatial
distribution resembling that of our sampling sites (low-
density meteorological network; 0.8� 10�3 stations
km�2; CV = 15.9-16.5%, see Table 2). Only our reference
models calibrated with a high-density network of weather
stations (4.3� 10�3 stations km�2) performed better than
the RI-isoscapes in predicting MAP, and this only after
applying residual interpolation (33% lower RMSE, CV=
11.1%). It should be noted here that the slight differences
between the temporal range covered by Δ13C samples
(1975–2008) and the meteorological data used for
validation (1971–2000, [AEMET-IM, 2011]) might have
artificially decreased the predictive accuracy of the isoscape
models. Despite this, our results indicate that it is possible

to obtain reasonable spatial predictions of precipitation from
tree-ring Δ13C networks, with comparable accuracy to that
reached using meteorological networks, thus providing a
unique opportunity to validate global climate models, well
beyond the oldest instrumental records.

4.2. Combined Use of Pines and Oaks to
Reconstruct MAP

[21] One of the advantages of this approach is that it relies
on well known physiological responses of different species,
taking advantage of their different behavior to build more
precise regional spatial models. In our case, for instance, the
two species showed a complementary response to seasonal
precipitation, in agreement with previous works [Aguilera
et al., 2012; Ferrio et al., 2003]. This was observed not only
in the relationship between Δ13C and monthly precipitation
(Figure 2), but also in the different set of geographic variables
defining precipitation (Figure 3 and Table 1). For instance,
Δ13C in Q. ilex is mainly sensitive to autumn precipitation
[Aguilera et al., 2012; Ferrio et al., 2003], while continentality
appears to be a key geographic factor defining Δ13C spatial
variability for this species. In this regard, autumn-winter pre-
cipitation in this region is caused either by the long-distance
transport of moisture within the tropical-subtropical North
Atlantic corridor or by Mediterranean cyclogenesis and, thus,
is mainly driven by maritime air masses [Millán et al.,
2005], in other words, continentality plays a major role in de-
fining spatial distribution of precipitation. In contrast, spring
and summer precipitation is strongly affected by convective
episodes [Gimeno et al., 2010], and thus, continentality has
less influence over the spatial distribution of precipitation dur-
ing this period. Accordingly, P. halepensis, more sensitive to
spring-summer precipitation, shows a more balanced contribu-
tion of geographic variables explaining Δ13C thanQ. ilex, with
latitude being the most influential. Modeling spatial distribu-
tion of monthly precipitation in the area, Ninyerola et al.
[2000] also found that continentality played the most signifi-
cant role in early autumn, while the greatest influence of
latitude was during spring-summer. This trend is further con-
firmed in our reference precipitation models, showing a major
role of continentality for autumn precipitation, while latitude
takes first place for the rest of the year. Finally, in both species

Table 2. Validation Statistics of Spatial Models of Carbon Isotope Discrimination (Δ13C,%) and Mean Annual Precipitation (MAP, mm)a

Calibration Network Modeled Variable Mean�SD

MLR MLR+RI

Ncal Nval RMSE CV R2 b RMSE CV R2 b

Δ13CQuercus 43 44b 18.1� 0.68 0.53 2.9 0.41 0.85 0.49 2.7 0.51 0.81Tree-ring sampling sites

Δ13CPinus 37 38b 16.8� 0.72 0.58 3.2 0.36 0.86 0.56 3.1 0.42 0.83
Psept-nov (Δ

13CQuercus)
+ Pdec-aug (Δ

13CPinus)
44
38

573 512 �141 101 19.7 0.48 0.47 84 16.4 0.65 0.62

Weather stations (low-density) Psept-nov + Pdec-aug 65 508 504 �138 111 22.0 0.40 0.53 83 16.5 0.64 0.74
MAP 111 22.1 0.38 0.48 80 15.9 0.67 0.68

Weather stations (high-density) Psept-nov + Pdec-aug 340 233 503 �132 97 19.3 0.44 0.48 56 11.1 0.82 0.84
MAP 100 19.9 0.49 0.51 57 11.3 0.82 0.84

aPsept-nov, precipitation during autumn months; Pdec-aug, precipitation during the rest of the year; Δ13CQuercus and Δ13CPinus, carbon isotope discrimination
of Quercus ilex and Pinus halepensis, respectively; MLR and MLR+RI, regression models before and after residual interpolation, respectively; Ncal and
Nval, number of samples used for calibration and validation, respectively; Mean�SD, mean and standard deviation of the set of stations used for validation;
RMSE and CV, root mean square deviation and coefficient of variation (in %) of model predictions, respectively; R2 and b, coefficient of determination and
slope of the regression line between observed and predicted values, respectively.

bFor Δ13C, validation statistics are derived from a leave-one-out cross validation.
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altitude showed a positive effect on Δ13C. However, this
effect was relatively weak when compared to observed
(positive) altitudinal trends in MAP in the area (Table 1)
[Ninyerola et al., 2000]. This could be due to other environ-
mental variables, such as temperature or atmospheric
pressure, exerting negative effects on Δ13C along altitudinal
gradients [Kohn, 2010; Körner et al., 1991]. As a result,
although both Δ13C and MAP show an overall positive
response to altitude, they do not share the same kind of linear
response, and this may be one of the causes for the observed
underestimation of MAP in mountain areas. In this regard,
combining Δ13C with other tree-ring proxies (e.g., oxygen
isotopes, wood density), more sensitive to temperature,

may help to better define the role of different geographic
variables in precipitation.

4.3. Residual Interpolation as the Bottleneck for
Model Performance

[22] According to our results, it is at the interpolation step
where sampling density plays a major role at improving the
quality of spatial inferences.Whereas all MLRmodels showed
a similar predictive ability, error interpolation caused a much
bigger improvement in the high-density meteorological net-
work (43% reduction in RMSE) as compared to the low-den-
sity meteorological network (27% reduction in RMSE) or the
isoscapes-based model (17% reduction in RMSE). Most
likely, interpolating errors in sparse or uneven sampling
networks could result in a single point value influencing a
large area, thus leading to error propagation. For instance,
we can point at two zones with large overestimation errors
(40.5–41.5�N, 0.5–1.5�W; 42.0–42.5�N, 1.5–2.0�W, see
Figure 3b), which correspond to marginal areas considering
our sampling network. A third area (41.5–42.0�N,
0.0–1.0�E) corresponds to a semi-arid area of the mid Ebro
Valley (MAP= 300–400 mm). This zone is strongly defor-
ested and the nearest available sampling sites are located in
slightly wetter areas. Consequently, MAP in this zone falls be-
low the range covered by our sampling locations (391–965
mm), which may have lead to an overestimation by the model.
Nevertheless, although having a denser tree-ring sampling
network would have improved model predictions [Agnew
and Palutikof, 2000; this work], our results indeed suggest that
correcting for residuals in relatively low-density networks is
still worthwhile.
[23] Besides sampling density, the relatively small effect

of interpolation on isoscapes-derived models could also be
attributed to the fact that we did not use meteorological data
for correction, but Δ13C values instead. Paradoxically, resid-
ual interpolation of Δ13C caused a greater improvement in
the prediction of MAP than on Δ13C itself: although residual
interpolation increased notably the R2 derived from the
leave-one-out cross validation for Δ13C (18.5–22.6% higher,
see Table 2), relative changes in RMSE for Δ13C predictions
were smaller than those observed for MAP (6.6% and 4.4%
reduction in RMSE, for Δ13CQuercus and Δ13CPinus, respec-
tively). It should be noted, however, that given the low den-
sity of the sampling network, the cross-validation procedure
might have underestimated the increase in predictive power
of the RI-isoscapes due to the strong effect of excluding
the most isolated sites from the interpolation (see error maps
in Figure S2). Hence, these RMSE values are not directly
comparable to those obtained through validation with an in-
dependent set of samples, as was the case for MAP. Never-
theless, we cannot rule out compensation effects resulting
from the combination of Δ13C from both species. Indeed,
considering the 15 sites where Δ13C values for both species
were available (N= 15), residual interpolation caused a
higher decrease in RMSE (20.9%) for site-averaged Δ13C
values than for each individual species (1.9% and 17.9%,
for Δ13CQuercus and Δ13CPinus, respectively). This further
confirms our findings that combining data from species
with different growing requirements it is possible to
obtain a more robust prediction of MAP than with mono-
specific models.

Figure 4. Modeled mean annual precipitation (MAP) and
associated error map. (a) MAP modeled from residual-
interpolated Δ13C-isoscapes. (b) Spatial trends of relative
errors in predicted MAP ((predicted-observed)/observed, in
%). Areas not suitable for both species are masked in black
(topoclimatic suitability index <0.2; http://www.opengis.
uab.cat/IdoneitatPI/index.html).
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4.4. Limitations and Future Prospects

[24] Our approach opens an encouraging field of research,
suggesting that continuous climate layers, either annually or
multi-annually resolved, can be derived from tree-ring isotope
networks, even in areas with complex topography. Physiolog-
ical responses to climate are species-dependent, but this should
not be seen as a constrain for this approach, since similarly
strong relationships between Δ13C and different climate
variables have been reported for many species around the
world, and thus the method is potentially extensible to other
regions of study [Büntgen et al., 2010; Frank et al., 2008;
Leavitt et al., 2007; 2010; Sidorova et al., 2010; Treydte
et al., 2007; Warren et al., 2001]. Even when comparing
unrelated species (e.g., conifers and angiosperms) or contrast-
ing functional types (evergreen and deciduous) some common
patterns for d13C in tree-rings have been found both at the re-
gional scale (this work, but also Reynolds-Henne et al. [2007]
and Treydte et al. [2007]) and at the global scale [Schubert and
Jahren, 2011]. In any case, as in other dendroclimatic
approaches, species-specific calibrations are needed to deter-
mine which climatic variables and during which period of
the year can be reflected in wood Δ13C. However, unlike clas-
sical dendroclimatology, which usually deals with site-specific
calibrations, Δ13C-isoscapes are likely to work better with
multi-site calibrations. On the other hand, although examining
spatial trends over wider areas might be challenging due to
species- or site-specific responses, these can provide additional
climatic information. For example, Treydte et al. [2007] found
time-dependent spatial trends in the relationship between d13C
and climatic variables across European tree-ring chronologies,
which might be related to the differential response of the spe-
cies used, but also to changing effects of climate forcing
mechanisms in different areas. In this regard, combining the
geographic information provided by isoscape models with cli-
mate-response functions of stable isotopes in tree rings, it
might be possible to go one step forward in the application
of tree-ring signals as palaeo-environmental proxies, by pro-
viding feedback to global circulation models.
[25] According to the results presented, exploring past pre-

cipitation patterns using tree-ring networks seems a feasible
task, allowing upscaling of paleoclimate inferences for climate
model data comparisons. One limitation of this approach is its
dependence on sampling density, which might be limited for
very long tree-ring chronologies. Nevertheless, even using a rel-
atively low sampling density we can capture the forcing factors
defining precipitation using a topogeographic model. Thus,
besides getting insight into spatial patterns of precipitation,
changes over time in the role of geographic variables explaining
tree-ringΔ13C for different species could be interpreted in terms
of varying relevance of forcing factors affecting precipitation.
Likewise, given that vegetation productivity in semi-arid
regions depends mainly on seasonal rainfall patterns [Guttal
and Jayaprakash, 2007], combining information from species
with differential seasonal responses (e.g., pines and oaks) it is
likely to provide a useful insight into past ecosystem dynamics.
[26] In addition to tree-ring networks, the same methodol-

ogy is potentially applicable to other spatially explicit paleo-
environmental records (e.g., lake sediments, speleotherms).
But whatever the proxy, the large-scale forcing factors
imprinting a spatial climate signal must be shared through-
out the sampling network, otherwise climatic patterns might

be too complex to be explained by geographical variables
alone. The methodology is thus particularly suitable at
regional scales, where it can complement with high spatial
resolution data the outcome of global circulation models.
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