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Abstract

Isoscapes are maps depicting the continuous spatial (and sometimes temporal) variation in iso-
tope composition. They have various applications ranging from the study of isotope circulation
in the main earth systems to the determination of the provenance of migratory animals. Isoscapes
can be produced from the fit of statistical models to observations originating from a set of dis-
crete locations. Mixed models are powerful tools for drawing inferences from correlated data.
While they are widely used to study non-spatial variation, they are often overlooked in spatial
analyses. In particular, they have not been used to study the spatial variation of isotope compo-
sition. Here, we introduce this statistical framework and illustrate the methodology by building
isoscapes of the isotope composition of hydrogen (measured in 62H) for precipitation water in Eu-
rope. For this example, the approach based on mixed models presents a higher predictive power
than a widespread alternative approach. We discuss other advantages offered by mixed models
including: the ability to model the residual variance in isotope composition, the quantification of
prediction uncertainty, and the simplicity of model comparison and selection using an adequate
information criterion: the conditional AIC (cAIC). We provide all source code required for the
replication of the results of this paper as a small R package to foster a transparent comparison
between alternative frameworks used to model isoscapes.
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location g’ is (e.g. Cressie| 1993, p. 100)
Py = cgC'r (10)

where ¢ is a vector of (Matérn) correlations clg\/,lg , of the spatial random effect, between the

focal position ¢’ and the original positions, and C is the full covariance matrix of the random
part of the model, including both the random effects (spatial or uncorrelated) and the residual
error. Each Cg//[g is a correlation given by the Matérn model, which becomes identical to the above

exponential term ¢y, if the Matérn smoothness parameter is 0.5. However, the matrix C~!, which
does not depend on new locations x, cannot be equivalent to the scalar 1/}, coro. As a concrete
implication of this difference, the mixed-model 7, may be higher or lower than all the r; values
(“non-convex” prediction), which is not the case for prediction according to eq. [J] (because all
Wgres are between 0 and 1).

There is no definitive argument proving that the mixed-model procedure will always be bet-
ter than the BWR approach. The mixed-model prediction according to eq. |10 is the best (i.e.,
minimum-variance and unbiased) linear prediction under the assumptions of the underlying
probability model embodied in the concept of a Gaussian random field, but the random field
model may not be suitable in all applications. However, in most applications, the maximum of
the response surface must be above observed values, so a non-convex prediction method seems
appropriate. That mixed models explicitly account for residual error during the smoothing pro-
cedure should also be an advantage.

To compare the methods in practice, we implemented the BWR method as described in Bowen
and Revenaugh! (2003) and measured its predictive power on GNIPdataEU1. Here, only the leave-
one-out analysis can be applied as the absence of likelihood from the BWR method prevents the
computation of an information criterion.

3 RESULTS

3.1 The fitted models

To illustrate how to model the spatial distribution in isotope composition using mixed-models, we
have fitted the mean model meanfit1 and the residual dispersion model dispfit1 on a aggregated
dataset containing the estimated mean and inter-annual variance in 2H found in precipitation
water across Europe for the month of January (GNIPdataEU1). In this first section, we explain how
to interpret the estimates obtained for such models.

3.1.1 The mean model

The mean model we chose only contains three terms to model the fixed effect Fix — the intercept,
the slope for the effect of latitude and the slope for the effect of the elevation — which were
estimated as BO = 80, Blat = —2.99 and Belev = —0.0132, respectively (the estimates for all twelve
months are provided in table . The intercept represents the point prediction in unit of §°H for
a zero latitude, zero elevation and a realization of random effects equal to zero. As such, it is not
easily related to an observed feature of the predicted isoscape. In contrast, the slope estimates
represent trends that can be perceived from the fitted isoscape, although they are blurred in any
location by the random effects. Precisely, the estimates ﬁlat and ﬁelev predict the change in the
mean isotope composition associated with an increase in one degree of latitude and an increase
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in one meter of elevation, respectively. For example, an increase in elevation of 1000 meters is
predicted to shift the mean isotope value by -13.2 §*H.

Model Month Nobs  Nstation Bo Piat Peiev Ags ARy 0 1

meanfitl  January 2759 313 7999 -299 -0.0132 5415.5 9.02e-11 2.26e-05 0.384
meanfit2  February 2697 308 84.15 -2.88 -0.0154 15479 6.67e-11 6.60e-05 0.306

meanfit3  March 2702 308 85.89 -2.85 -0.0150 1088.1 9.3le-11 9.54e-05 0.346
meanfit4  April 2583 291 83.17 -2.53 -0.0141 5525 1.12e-10 1.00e-04 0.322
meanfits  May 2494 272 66.82 -212 -0.0126 220.1 1.70e-10 2.08e-04 0.371
meanfit6  June 2322 236 65.54 -2.07 -0.0088 102.8 4.80e+00 4.73e-04 0.500
meanfit7  July 2203 225 65.55 -198 -0.0068 107.0 2.25e-10 4.58e-04 0.372

meanfit8  August 2226 238 7854 -229 -0.0077 1433 2.71e-10 4.06e-04 0.471
meanfit9  September 2453 251 70.81 -228 -0.0109 221.7 1.99e+00 4.10e-04 0.491
meanfit10 October 2635 265 83.26 -2.67 -0.0117 530.7 1.78e-10 2.44e-04 0.498
meanfitll November 2692 293 7924 -2.85 -0.0134 2092.8 8.66e-11 3.39e-05 0.333
meanfitl2 December 2780 313 7025 -2.78 -0.0132 4197.0 1.21e-04 1.48e-05 0.324

MEAN 76.10 -2.52 -0.0119 1351.6 5.67e-01 2.11e-04 0.393
SD 744 034 0.0027 1676.0 1.39e+00 1.73e-04 0.072

Table 4. Sample sizes and parameter estimates for all 12 fitted mean models. The columns Ny and Niiation provide the total number
of observations used in each model and the total number of measuring stations, respectively. Different observations per station
always correspond to different years. The meaning of the other columns is discussed in the text. The last two rows provide the direct
mean and standard deviation for each parameter estimate.

The variances for the two random effects of the mean model are estimated to Ags = 5420 [62H]?
and Agy =~ 0 [6?H]?, for RandomSpatial and RandomUncorr, respectively. The estimate ARy is
negligible, which suggests that there is no particular bias in the measurements introduced by
the measuring stations. The different water samples collected at a given station can thus be
considered as independent once the effect of the location of the station is accounted for. In
contrast, the value of Agg is not negligible. The spatial covariances also depend on the spatial
correlation parameters, and the best way to study spatial covariation in an isoscape is thus to
directly visualise the predictions of the random effects as we will do below.

3.1.2 The residual dispersion model

The residual dispersion model we chose only contains a single term to model the fixed effect Fix"
— the intercept B — which was fitted to 5.26 (the estimates for all twelve models are provided in
table[5). As explained above, the intercept is not particularly meaningful in the present context.

The variances for the two random effects of the residual dispersion model are estimated to
Ay = 5.32 and Ay ~ 0, for RandomSpatial® and RandomUncorrP, respectivel As for the
mean model, the estimate of the uncorrelated random term (AD)) is negligible and the estimate
of the spatial random term (AL;) should be investigated jointly with the estimates of the Matérn
parameters by simple visualisation of the predictions of the random effects.

3.2 Isoscapes

In fig. |1, we show three isoscapes that can be built from mixed model fits, which are relevant
for interpreting the spatial variation in isotope composition. The coarse resolution of the maps

SHere, we do not provide units as the variation in estimates represent variations in logarithm of expected response,
and such variations are dimensionless.
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Model Month Nobs Nstation /310) /\RDS )\RDU pD P
dispfitl  January 2696 250 526 4.61 1.00e-06 1.85e-05 0.328
dispfit2  February 2631 242 546 0.47 1.00e-06 4.01e-04 0.309

dispfit3 ~ March 2627 233 547 0.88 9.99%e-04 4.11e-05 0.236
dispfit4  April 2517 225 549 0.77 1.00e-06 1.89e-05 0.163
dispfits  May 2426 204 573 530 1.00e-06 1.48e-05 0.399
dispfitt  June 2287 201 5.62 749 1.00e-06 1.99e-05 0.488
dispfit7  July 2163 185 534 3.30 1.00e-06 1.48e-05 0.343

dispfit8§  August 2184 196 5.04 021 1.00e-06 3.07e-03 0.500
dispfit9  September 2409 207 516 2.78 1.00e-06 1.48e-05 0.322
dispfitl0 October 2600 230 521 096 1.00e-06 9.88e-05 0.288
dispfitll November 2637 238 547 245 1.00e-06 1.49e-05 0.300
dispfitl2 December 2719 252 546 0.53 3.09e-02 2.72e-04 0.500
MEAN 539 248 2.66e-03 3.33e-04 0.348
SD 019 222 851e-03 8.33e-04 0.101

Table 5. Sample sizes and parameter estimates for all 12 fitted residual dispersion models. See table@]for legend. Note that the sample
sizes presented here are slightly lower than those of the mean models (table ). This is because the month-location combinations
only available for a single year do not yield to variance estimates variso and are thus not used while fitting the residual dispersion
models. Once the residual dispersion models are fitted, it is however possible to predict the residual dispersion for these particular
combinations, which is why they are being considered during the fit of the mean models.

produced here is only stemming from the coarse elevation raster we used and it is possible to use
high resolution elevation rasters to produce very detailed isoscapes. In this figure, the isoscapes
associated with the fitted models for January (i.e. based on meanfit1 and dispfit1, see table [ &
are shown in the first row of fig. [Ta-c. The second row provides corresponding isoscapes for
the month of July (i.e. based on meanfit7 and dispfit7) and thus illustrates seasonal variation.
The last row of fig. [I| shows the three isoscapes for the precipitation-amount weighted annual
averages which we built using precipitation data from WorldClim 1.4 (Hijmans et al., 2005). We
will limit our description to the first three isoscapes, as other can be interpreted similarly.

The first isoscape (fig. ) represents the point predictions for 6°H in Europe for the month of
January. The isoscape of point predictions is usually the one of main interest as it describes how
the isotope composition varies in space. Here, the patterns of the 6°H value looks similar to what
has been documented by others when using alternative approaches: §°H values decrease along
the axis SW/NE and they also decrease with elevation. The second isoscape (fig. represents
the prediction variances associated to the point predictions. This isoscape shows where point
predictions are most unreliable. Here, North Africa and the South-East corner of the studied geo-
graphic area are associated to high prediction variances, which is not surprising as these regions
are disjunct from the rest by large bodies of water which impact on the isotope composition and
they are simultaneously associated with few observations. The third isoscape (fig. [Lc) represents
the residual variances associated to the first isoscape. This isoscape shows where 6*H values
varies the most between year. Here, we see that more inter-annual variation in 0?H values occurs
in Russia and around the Caspian sea during January.
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