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Abstract: Eutrophication, water quality, and environmental status of lakes is a global issue that
depends not only on external loadings from industrial, agricultural, and municipal sources but often
also on internal loadings from lake sediments. In the latter case, in addition to the quality and
quantity of nutrients stored in sediments, their relative content may be an important factor. In the
example of Lake Balaton, we jointly modeled the spatial distribution of the nutrients nitrogen (N)
and phosphorus (P) and their ratio (i.e., N:P) in the sediments of the lake and then provided spatial
predictions at different scales (i.e., point, basin, and entire lake) with the associated uncertainty. Our
aim was to illustrate the merits of applying multivariate geostatistics when spatial modeling of more
than one variable is targeted at various scales in water ecosystems. Variography confirmed that there
is a spatial interdependence between the nutrients. The results revealed that multivariate geostatistics
allows this interdependence to be taken into account and exploited to provide coherent and accurate
spatial models. Additionally, stochastic realizations, reproducing the joint spatial variability, can be
generated that allow providing spatially aggregated predictions with the associated uncertainty at
various scales. Our study highlighted that it is worthy of applying multivariate geostatistics in case
spatial modeling of two or more variables, which jointly vary in space, is targeted in water ecosystems.

Keywords: eutrophication; water quality; multivariate geostatistics; spatial interdependence; spatial
uncertainty; spatial aggregation

1. Introduction

Lake Balaton is located in Western Hungary, and it is the largest shallow freshwater
lake in Central Europe with an area of 596 km?, average depth of 3.2 m, and catchment
area of about 5200 km?. At an average water level, the basin of Lake Balaton contains
about 1.8 billion m3 of water with high concentrations of Ca?t, Mg2+, and HCO3 ™ ions in
solution [1]. Zala River is the largest tributary and supplies approximately 50% of total
water input of the lake. Furthermore, it accounted for 35-40% of the nutrient input of the
lake, before a number of nutrient control measures were established [2,3]. Si6 Canal is the
only outflow of the lake at its easternmost end.

A good indicator of the environmental status of stagnant water bodies is their trophic
status, i.e., the degree of eutrophication [4-7]. The eutrophication of natural water bodies
depends not only on external loadings from industrial, agricultural, and municipal sources
but often also on internal loadings from lake sediments. The latter has become particularly
true in the case of Lake Balaton. In the 1970s and 1980s, the process of eutrophication
led to major degradation of the water quality of Lake Balaton. In the 1980s and 1990s,
goal-oriented environmental protection measures and a significant reduction in nutrient
loads from external sources (e.g., agriculture) halted the decline in water quality, and thus,
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from the mid-1990s, there was a noticeable improvement in the environmental status of the
lake [2,3,8]. This favorable status lasted until the end of the 2010s, when climate change
is thought to have caused a further deterioration in the water quality of Lake Balaton.
As the lake water warms more and more in summer due to climate change, it catalyzes
the release of nutrients from the sediments, which can trigger the eutrophication process
again [9]. As a limiting factor, the nutrient phosphorus (P) determines the suspended and
sediment biomass content, the amount of chlorophyll-a and algae, and the distribution of
aquatic vegetation in lakes [10-13]. In Lake Balaton, the amount of the nutrient nitrogen (N)
stored in lake sediments can be also crucial in addition to the nutrient P and organic matter
content [9]. Additionally, the nitrogen-to-phosphorus (N:P) ratio can be another informative
indicator of eutrophication [14], as increased phosphorus loads can cause a growth in the
mass of blue-green algae (Cylindrospermopsis raciborskii) with the ability to fix atmospheric
N, and thus reduce the nitrogen limitation in water bodies [15,16]. Re-eutrophication of
the lake has been observed since (e.g., in 2019, 2020, and 2021). The re-emergence of algae
blooms in the western basin of Lake Balaton (Keszthely basin) in mid- and late summer
has again highlighted the importance of spatial modeling and predicting the content of
nutrients P and N in the sediments of Lake Balaton.

Many research papers have pointed out that physicochemical and biological indicators of
water quality (e.g., temperature, pH, phosphorus content, nitrogen content, chlorophyll-a, and
biological oxygen demand) are often correlated with each other in water ecosystems [17-19].
Additionally, they may also show autocorrelation not just in space but also in time, which
makes water ecosystems a proper medium for the application of geostatistics, as it has been
demonstrated by a number of studies (e.g., [9,20-22]). Nonetheless, if these indicators are
not just correlated but also show spatial autocorrelation, then it is reasonable to assume that
they jointly vary in space as well. In such a case, it may be better to jointly model their
spatial distribution, in which we try to explicitly take the joint spatial variability (or spatial
cross-continuity) of the variables under study into account in the course of spatial modeling.
Multivariate geostatistics is an appropriate approach to do that. Furthermore, it tries to exploit
this spatial interdependence in order to give coherent and even more accurate spatial predictions
for the variables of interest [23—26]. Moreover, multivariate geostatistics is able to model and
quantify the uncertainty associated with a spatial prediction, which has become a common
requirement in the practice of environmental modeling and mapping [27-30].

The scale at which spatial information on water quality indicators is required may vary
widely from application to application [31]. End-users and the models they use or the assessment
in which they are interested often require spatial information at a larger support than that on
which sampling and laboratory measurement have been conducted [17,32-35], a situation
known as change-of-support. In geostatistics, support is a technical term that generally refers
to the length, area, or volume associated with each observation or measurement [36], but the
complete definition of this term also includes the shape, size, and orientation of the regions
associated with the measurements. Hereafter, the term ‘support’ is taken to have its geostatistical
meaning. When change of support is targeted, we are frequently interested in the spatial
average with the associated prediction uncertainty over a region or area that may even take
an irregular shape [26]. In geostatistics, there are two ways for achieving this, namely block
kriging and stochastic simulation [37]. We should note that block kriging may be problematic
in case observations are transformed prior to geostatistical modeling, and predictions are
back-transformed afterwards [25,38]. In such cases, stochastic simulation is often preferred [39].

In the example of Lake Balaton, our objective was to illustrate the merits of applying
multivariate geostatistics when spatial modeling of more than one variable is targeted at
various supports in water ecosystems. In this study, a methodology based on multivariate
geostatistics was elaborated and used to model and predict the joint spatial distribution
of lake sediment nutrients N and P and their ratio (i.e., N:P) in a coherent and explicit
way to quantify their prediction uncertainty. We also aimed to present an approach based
on spatial aggregation that can be used to predict spatial averages with the associated



Water 2022, 14, 361

30f15

510,000

37 Y
-~

520,000

* Sediment sampling points - 2 ¢ V-sa:z@rxé&e

Keelstzthiell ]

Projection system: Unified National Projection System (EOV) - EPSG: 23700 |88
Geodetic datum: Hungarian Datum 1972 - EPSG: 6237

uncertainty at various sizes of supports, which may better fit the end-users’ potential
demands on spatially explicit information about nutrients stored in lake sediments.

2. Materials and Methods
2.1. Sediment Sampling and Acquired Data on Nutrients

Between 1978 and 1984, a detailed survey was conducted on Lake Balaton, which was
aimed at examining the physicochemical properties of the lake sediments, including N
and P content, and then evaluating the environmental status of the lake [40,41]. Sediment
samples were taken from the uppermost 10 cm of the sediment layer. In total, 3340 samples
were collected (Figure 1) and then taken for laboratory analysis where P (to be more precise
phosphorus pentoxide, i.e., PyOs) content (unit: mg kg ') extracted with ammonium lactate
was determined photometrically, whilst total N content (unit: mg kg~!) was measured
by the method of Kjeldahl [42] according to the Hungarian soil and sediment analysis
methodology standards in force at that time. Since the data on P were expressed in P,Os,
first, we had to convert them to P content. This can be readily achieved by multiplying the
data expressed in P,Os by 0.437, which follows from stoichiometry. Hereafter, the data on
P content (unit: mg kg_l) and on N content (unit: mg kg_l) were used.
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Figure 1. Location of sampling points (n = 3340) across Lake Balaton. The inset map (bottom right)
shows the lake basins (from west to east): Keszthely, Szigliget, Szemes, and Siéfok basin.

We randomly split the data set on nutrients into a training set and a control set, where
80% of the data went to the training data set on which exploratory data analysis and
multivariate geostatistical modeling were conducted. The remaining 20% of the nutrients
data went to the control data set, which was independent throughout this study and only
used for validation.
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2.2. Variography

Most geostatistical techniques are only optimal if the variable under study is normally
distributed [43]. We therefore transformed the data on N and P to normal scale by using
normal score transformation, which is a type of quantile transformation based on Gaussian
anamorphosis [23,44], and then spatial analysis and modeling were conducted on the
transformed, normal scale.

We performed variography on the transformed N and P data in order to explore,
analyze, and model (i) the spatial continuity of each nutrient separately and (ii) the spatial
interdependence between the nutrients. The spatial continuity (or variability) of a nutrient
was measured by (direct)variogram, which shows the average dissimilarity between data on
the given nutrient separated by a vector [23]. It is commonly estimated by Matheron’s [45]
method-of-moments estimator that is

() = 5 L E(w) —z(a + W (1)

where (h) is the variogram, h is the separation vector, n(h) is the number of data pairs
separated by the vector h, and z(u;) and z(u; + h) are the observed value of the given
nutrient at location u; and u; + h, respectively. The joint spatial variability (or spatial
cross-continuity) of N and P was measured by the cross-variogram, which shows how the
two nutrients jointly vary in space [23]. Its method-of-moments estimator is

e (h) = [zn(w;) — zn(w; +h)]-[zp(w;) — zp(u; + h)] 2)

where ynp(h) is the cross-variogram between the nutrients N and P, and zx(u;) and zp(u;)
are the observed values of N and P at location u;, respectively. We should note that
Equation (2) implies that both nutrients are measured at each sampling location, a situation
referred to as isotopic case [23-25].

After computing the direct and cross-variograms of the transformed N and P data, a
linear model of coregionalization was fitted, which ensures that a statistically valid model
is used in further spatial modeling [23].

2.3. Multivariate Geostatistical Modeling

Based on the fitted linear model of coregionalization, a multivariate geostatistical
model was built to model the joint spatial variability of the nutrients N and P. We used
sequential stochastic cosimulation instead of cokriging due to two reasons. First, there
is no analytical geostatistical solution to predict a spatial average or total over a region
in case a nonlinear transformation (e.g., normal score transformation) is applied prior
to geostatistical modeling [39]. Second, analytical derivation of the ratio of correlated
random variables could be problematic and often needs stringent assumptions made on
the distribution of the random variables. Thus, cosimulation was used to generate possible
realities, i.e., stochastic realizations, of the multivariate geostatistical model built to the
nutrients N and P. For both nutrients, 1000 stochastic realizations were generated with a
spatial resolution of 100 m. The generated realizations were conditional to the N and P
data and reproduced their joint spatial variability. Latter advantageous property of the
realizations enables deriving stochastic realizations for the N:P ratio too. Therefore, we
transformed the stochastic realizations of N and P back to the original scale, and then
the stochastic realizations of the N:P ratio were derived by dividing the paired back-
transformed realizations of N and P.

We provided point-support predictions with the same spatial resolution as used to
generate the stochastic realizations (i.e., 100 m). Point-support prediction for the nutri-
ents N and P and for the N:P ratio at a given point was identified by the mean of the
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1000 stochastic realizations generated for the nutrients N and P and for the N:P ratio at that
point, respectively.

2.4. Spatial Aggregation

In spatial aggregation, we used the back-transformed realizations to predict the spatial
average of the nutrients N and P and the N:P ratio for the basins of Lake Balaton (Figure 1,
inset map) and for the entire lake. The spatial average of a given nutrient or the N:P ratio
over a given basin was obtained by first averaging the simulated values falling in that
basin for each realization. This yielded 1000 average values for that basin, which could be
interpreted as 1000 realizations of the basin average. Second, we took the average of the
1000 basin averages to obtain a prediction for the spatial average over that basin. This was
performed for predicting the spatial average of N, P, and the N:P ratio for all basins. The
same was carried out when predicting the spatial average of N, P, and the N:P ratio over the
entire lake targeted, i.e., averaging the stochastic realizations to generate lake averages and
then taking their average to provide a prediction for the spatial average over the entire lake.

2.5. Quantification of Uncertainty

Nowadays, end-users are interested not just in spatial prediction but in the associated
prediction uncertainty as well [30]. We therefore computed the 90% prediction interval (PI),
which is an interval within which the true value is expected to occur 9 times out of 10. We
used the stochastic realizations for quantifying the prediction uncertainty not just for the
nutrients N and P but also for the N:P ratio. At point support, the 90% PIs for N, P, and
the N:P ratio were determined by the 0.05 and 0.95 quantiles of the 1000 simulated values
of N, P, and the N:P ratio, respectively. In spatial aggregation, the 90% PIs for the spatial
averages were determined by the 0.05 and 0.95 quantiles of the basin or lake averages.

2.6. Validation

The control data set was used to evaluate the performance of spatial predictions and
uncertainty quantifications for N, P, and the N:P ratio at point support. We computed the
most common error measures, i.e., mean error (ME) (also known as bias) and root mean
square error (RMSE) (also known as the spread of the error distribution):

ME= Ly [p(u) ~ O(u) ®
i=1
RMSE = \/; i[P(ui) —O(w))? @)
i=1

where m is the number of observations in the control data set, and P(u;) and O(u;) are
the predicted and observed values at control location u;, respectively. In addition to these
measures, we also computed Lin’s [46] concordance correlation coefficient (CCC) and the
Nash-Sutcliffe [47] model efficiency coefficient (NSE):

cce = 22211[?(111-) -0 [P(ul-):zﬂ _ 5
iy [O(ui) - O} +Yh [P(ul-) — P] + p_ p]
NSE — 1 — Zi=a[P(w) = O(ui;]z "

it [O(ui) - 6]

where P and O are the mean of the predicted and observed values, respectively.
Accuracy plots (also known as prediction interval coverage probability plot) and
G statistics were used to evaluate uncertainty quantifications [30]. An accuracy plot
graphically presents the observed fraction of control data falling within symmetric PIs of
varying width. If uncertainty quantification is a realistic assessment of uncertainty, then
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the observed and expected fraction should take values close to each other. For instance, in
such cases, about 90% of the validation data would fall within the 90% P1I. If the observed
fraction is higher than the expected fraction, then the uncertainty has been overestimated. If
it is lower, the uncertainty has been underestimated. Ideally, the observed fractions follow
the x = y line on an accuracy plot. The G statistics measure the overall closeness of the
accuracy plot to that line by

1
G=1- [[¢(p)— plap @)

where §(p) and p are the observed and expected fraction for a p-width symmetric PI,
respectively. Ideally, G is equal to 1.

3. Results
3.1. Exploratory Data Analysis

Exploratory data analysis on nutrients data showed that in the case of N content, there
are about 250 observations that take extremely high values and seem to constitute another
statistical “‘population’. These observations could be easily identified by the histogram
in which they show an extra mode around 18,000 mg kg ! (Figure 2, left graph), which
is also confirmed by the compiled Q-Q plot (Figure 2, right graph). All the observations
with extremely high N content were collected in the Keszthely basin (Figure 1, inset map).
We should note that in the case of nutrient P, there were no such extreme (or even outlier)
values in that basin. In fact, extreme algae bloom occurred when the sampling campaign
was conducted on the Keszthely basin (i.e., summer in 1978), and therefore, the basin
was hypertrophic, which could cause such an extreme N content in the sediments [1,9,40].
Although these N observations could be realistic, we found that it is better to exclude
them from the further geostatistical analysis, as they represent an extreme event (i.e.,
hypertrophic status) in the Keszthely basin and therefore could lead to bias, especially
when geostatistical modeling of the entire lake is targeted. Table 1 summarizes descriptive
statistics of the nutrients N and P measured in the sediments of Lake Balaton after excluding
N observations with extremely high values.

Histogram Normal Q-Q plot
Raw data on nitrogen Raw data on nitrogen
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Figure 2. Some graphical results of exploratory data analysis conducted on the raw nitrogen content
data: histogram (left graph) and normal Q-Q plot (right graph).

Table 1. Summary statistics of nitrogen and phosphorus content measured in the sediments of Lake
Balaton. Abbreviations: n: number of observations, SD: standard deviation.

Nutrient Unit n Min Max Mean Median SD
Nitrogen mg kg{1 2426 100 4500 2040 2100 634.63
Phosphorus mg kg_l 2672 3.49 170.86 66.61 68.17 19.27
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3.2. Variography and Multivariate Geostatistical Modeling

Figure 3 shows the histograms of the original (i.e., untransformed) and normal score
transformed data on both nutrients. We should note that the transformed data have a

standard normal distribution for both nutrients with zero mean and unit variance.
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800

6001

2004

ml
0 1000 2000 3000 4000
Nitrogen content [mg kg’w]

Original phosphorus data

Count

5004

. _llll‘llll_
Z 3 : ;

400

300

100

Transformed nitrogen data

Transformed scale

Transformed phosphorus data

4

Count

400 A
-III i_ : _|I I|_
0 50 100 g” g = z

150 4

Phosphorus content [mg kg’ﬂ] Transformed scale

Figure 3. Histograms of the original (left column) and transformed (right column) data on the
nutrients nitrogen and phosphorus. Annotation: the transformed data have a standard normal
distribution for both nutrients with zero mean and unit variance.

Figure 4 (open circles) presents the computed direct and cross-variograms for the
nutrients N and P. The cross-variogram confirmed our preliminary hypothesis, i.e., there
is a spatial interdependence between the two nutrients (Figure 4, right graph). This
also means that it is better to jointly model their spatial distribution using multivariate
geostatistics. We should note that cross-variogram (Equation (2)) can be computed only
if data on both nutrients are available at the same location, i.e., the case is isotopic (see
Section 2.2). However, this is not the case anymore since we had to exclude almost all the
N content observations located in the Keszthely basin due to their extremely high values.
Therefore, we had to constrain the computation of the cross-variogram between N and P
for those sampling points at which data on both nutrients are available. Furthermore, we
should assume that the spatial variability of N and the joint spatial variability between N
and P observed in the rest of the lake is also applicable to the Keszthely basin. Nonetheless,
we should note that data on P are still available for the Keszthely basin, which can help to
model the spatial variability of N in that basin by exploiting the spatial cross-correlation
(Figure 4, right graph) between the two nutrients.
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Figure 4. Experimental direct and cross-variograms (open circles) for the nutrients nitrogen and
phosphorus and the fitted linear model of coregionalization (solid lines). Annotation: parameters of
the fitted linear model of coregionalization can be found in Table 2.

Table 2. Shapes and parameters of the linear model of coregionalization fitted to the experimental
direct and cross-variograms presented in Figure 4.

Model Type Partial Sill Range [km]
. Nugget 0.2726 0
Vlflﬂfogr:? Spherical 0.4199 35
& Spherical 0.3845 20
. Nugget 0.0723 0
xg;oiﬁi‘s Spherical 0.2835 35
P Spherical 0.7612 20
Cross-variogram Nugget 0.0063 0
Nitrogen and Phosphorus Spherical 0.0320 35
Spherical 0.3413 20

We observed that the spatial variability of both nutrients showed nested structure,
which could be also identified on the computed cross-variogram. Therefore, the fitted linear
model of coregionalization (Figure 4, solid lines) has also a nested structure to describe
the spatial variability of the nutrients under study realistically. The first structure models
discontinuity at the origin (i.e., nugget effect). This can be attributed to (i) short-scale
variability that is shorter than the minimum distance between the sampling points and/or
(ii) to measurement error [23]. The second and third structures model a short and a larger
scale of spatial continuity with a range value of 3.5 km and 20 km, respectively. Table 2 gives
a summary of the shapes and parameters of the fitted linear model of coregionalization
presented in Figure 4 (solid lines).

Based on the fitted linear model of coregionalization, a multivariate geostatistical
model was built to model the joint spatial variability of the nutrients N and P. In total,
1000 stochastic realizations were generated for each nutrient by using stochastic cosimu-
lation, and then 1000 realizations for the N:P ratio were derived by dividing the paired
back-transformed realizations of N and P.

3.3. Spatial Prediction at Point Support

Based on the stochastic realizations generated by sequential stochastic cosimulation,
we predicted the spatial distribution of the nutrients N and P and the N:P ratio at point
support with a resolution of 100 m. Figure 5 (middle column) presents the point-support
predictions for the sediments of Lake Balaton. Note that predictions refer to the uppermost
10 cm of the sediment layer of the lake. In addition to the spatial predictions, we also
quantified the associated prediction uncertainty, which was expressed by the upper and
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Lower limit of the 90% PI
Nitrogen content

Phosphorus content

Nitrogen to phosphorus ratio

lower limit of the 90% PI that is frequently used in environmental mapping (e.g., [27,29,48]),
as presented in Figure 5 (left and right columns).

Spatial prediction Upper limit of the 90% PI
Nitrogen content Nitrogen content
[mg kg ] s [mg kg ] A [mg kg™']
™ 5000 - 7 000 al 7 5000
1000 1000 1000
. ey 4
300 300 7“& -y 300
100 100 : 100
Phosphorus content Phosphorus content

a [mg kg™ ] [mg kg™ '] [mg kg™ ]
- l 100 l 100 I 100

Nitrogen to phosphorus ratio Nitrogen to phosphorus ratio

Ratio Ratio Ratio

100 100 100
30 30 30

10 10 10

3 3 3

Figure 5. Point-support predictions for the nutrients nitrogen and phosphorus and for the nitrogen-
to-phosphorus ratio (middle column) and the associated prediction uncertainty quantified by the
upper (right column) and lower (left column) limit of the 90% prediction interval. Abbreviation: PI:
prediction interval.

Figure 6 gives a more detailed picture of the Keszthely basin where most of the N
observations had to be excluded from spatial modeling and only data on P were available.
Based on Figure 6, it is apparent that taking the P data into account and exploiting the
spatial cross-correlation existing between the nutrients (Figure 4, right graph) in the course
of spatial modeling (Figure 6, first row) can lead to a more appropriate prediction compared
to the case when using univariate geostatistics based only on the variogram of N (Figure 4,
left graph) and thus ignoring spatial cross-correlation completely (Figure 6, last row).
Furthermore, the associated prediction uncertainty modeled and quantified by multivariate
geostatistics is smaller than that quantified by univariate geostatistics (Figure 6, last column).
Note that in Figure 6 we expressed prediction uncertainty by the width of the 90% PI, which
can be interpreted as the wider the PI, the larger the prediction uncertainty.

3.4. Performance of Spatial Predictions and Uncertainty Quantifications

Table 3 gives a summary of the validation measures introduced in Section 2.6, which
were used to evaluate the performance of the spatial predictions at point support. An im-
portant aim of every spatial modeling procedure is to provide unbiased spatial predictions
(i.e., value of ME close to zero) with RMSE as low as possible. The values of ME range
from 0.09 to 7.61 with relatively low RMSE values (i.e., 8.56, 12.54, and 463.93 for P, N:P,
and N, respectively), which means that the multivariate geostatistical model gave fairly
unbiased spatial predictions for both nutrients and for the N:P ratio too. Additionally, the
values of CCC range from 0.52 to 0.89, which also confirms that the accuracy of the spatial
predictions is acceptable. NSE can be interpreted as the value of R-square if its value is
greater than zero. The values of NSE range from 0.31 to 0.80.
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Spatial prediction for nitrogen Width of the 90% PI for nitrogen
multivariate geostatistics multivariate geostatistics
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univariate geostatistics univariate geostatistics
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2600
2000
2400
| 1500
1 2200

1000

Figure 6. Point-support predictions for the nutrient nitrogen (first column) and the associated
prediction uncertainty (last column) in the Keszthely basin given by multivariate (first row) and
univariate geostatistics (last row). Annotation: black dots represent sampling points where only
phosphorus data are available, whereas black triangles mean sampling points where data on both
nutrients are available. Abbreviation: PI: prediction interval.

Table 3. Validation of nitrogen, phosphorus, and nitrogen-to-phosphorus ratio spatial predictions at
point support. Abbreviations: ME: mean error, RMSE: root mean square error, CCC: Lin’s concor-
dance correlation coefficient, NSE: Nash—Sutcliffe model efficiency coefficient, N:P ratio: nitrogen-to-
phosphorus ratio.

ME RMSE Cccc NSE

Nitrogen 7.61 463.93 0.65 0.48
Phosphorus 0.34 8.56 0.89 0.80
N:P ratio 0.09 12.54 0.52 0.31

We checked the performance of the uncertainty quantifications at point support by
accuracy plots and G statistics. Figure 7 shows the accuracy plots (Figure 7, open circles)
and computed G statistics for both sediment nutrients and for the N:P ratio. The accuracy
plots quasi follow the x = y line (Figure 7, solid lines), which proves that the accuracy
of uncertainty quantifications is acceptable. This observation is also confirmed by the
computed G statistics, which are close to the expected value (i.e., 1).

3.5. Spatial Aggregation

Table 4 summarizes the results of spatial aggregation and presents not just the pre-
dicted spatial average of the nutrients N and P and the N:P ratio for the four basins of
Lake Balaton and for the entire lake but also the associated prediction uncertainty (Table 4,
numbers in square brackets). In the sediments of the western one-third of the lake (i.e.,
Keszthely and Szigliget basins (see Figure 1, inset map)), the N and P content is higher than
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in the sediments of the eastern two-third (i.e., Szemes and Siofok basins). Additionally,
based on the predicted spatial averages of the N:P ratio, it can be highlighted that not just
the absolute P content but also its relative content to the N content is higher in the western
part of the lake where most algae blooms occur. These findings are in line with the results
reported by previous studies conducted on the lake (e.g., [9,49-51]). If we compare the
uncertainty of point-support predictions (Figure 5) with the uncertainty of spatial averages
(Table 4, numbers in square brackets), it can be seen that the uncertainty associated with
the spatial average is smaller. This can be attributed to the fact that negative and positive
interpolation errors partially cancel out when values are aggregated, a phenomenon well-
known in geostatistics [26,39,52]. We should also highlight that in the Keszthely basin the
prediction uncertainty of spatial averages is the highest for the N content and for the N:P
ratio. This can be explained by the fact that most of the N observations had to be excluded
from geostatistical modeling and only data on P were available in that basin. Nonetheless,
we should note that the prediction uncertainty would have been much higher if we had not
used the P data available for that basin (see Figure 6, last column). Thus, P data available
for the basin came in handy when spatial modeling of N content was targeted thanks to the
cross-correlation existing between the two nutrients.

Nitrogen Phosphorus Nitrogen to phosphorus ratio

1.00- 1.00-

0.75- 0.75-

= =4 c
k) kel 8
B S k3]
£ £ £
0 0.50- T 050~ B 050-
= e =
[T 7] @
w w w
0 o L0
@] o ]

0.25- 0.25- 0.25-

0.00- 0.00- 0.00-

0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00 0.00 0.25 0.50 0.75 1.00
Theoretical fraction Theoretical fraction Theoretical fraction

Figure 7. Accuracy plots (open circles) and computed G statistics for the nutrients nitrogen (left
graph) and phosphorus (middle graph) and for nitrogen-to-phosphorus ratio (right graph). Abbre-
viation: G: G statistics.

Table 4. Spatial averages for the basins and for the entire lake as results of spatial aggregation.
Annotation: numbers in square brackets present the upper and lower limit of the 90% prediction
interval as a measure of spatial uncertainty. Abbreviation: N:P ratio: nitrogen-to-phosphorus ratio.

Spatial Average Spatial Average Spatial Average
Nitrogen Phosphorus N:P Ratio
, 2383.15mg kg ! 87.56 mg kg ! 28.76
Keszthely b
eszthely basin [2005.15; 2775.96] [86.29; 88.87] [23.77;33.91]
- . 2389.21 mg kg~ ! 78.74 mg kg ! 30.68
Szigliget basin [2361.82; 2416.21] [78.26; 79.20] [30.30; 31.07]
S basi 1920.13 mg kg ! 59.39 mg kg ! 36.63
Z€mes basin [1893.33; 1947.10] [58.84; 59.96] [35.71; 37.57]
5 , 1950.68 mg kg ! 63.31 mg kg ! 32.39
Sidfok basin [1927.07; 1971.57] [62.88; 63.74] [31.88; 32.86]
2063.51 mg kg*l 66.94 mg kg*1 33.17

Lake Balaton [2035.44; 2092.69] [66.68; 67.22] [32.67; 33.70]
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4. Discussion

Although there are a number of textbooks (e.g., [23-26,44,53]) introducing the theory
and application of multivariate geostatistics in earth and environmental sciences, it is rarely
used in practice. Most of the studies in which spatial modeling of more than one variable
is targeted still apply univariate geostatistics without taking into account the probable
existing spatial interdependence between the variables under study and then model their
spatial variability separately. This practice may lead to incoherent results and therefore to
inappropriate conclusions, especially when a complex assessment is planned to be carried
out on these spatial models. Indeed, some studies pointed out that separately kriged
composite data, whose sum should be a fixed number (e.g., the particle size fractions
(i.e., sand, silt, and clay content) of soils sum to 100%) or whose difference cannot be
negative (e.g., depth of shallow groundwater level computed as surface elevation minus
the elevation of shallow groundwater level), will yield incoherent results, as their sum
will not be 100% or their difference will be negative at some locations of the area under
study (e.g., [18,54-56]). However, multivariate geostatistics indeed is able to provide such
coherent results, which are highly appreciated in further assessments.

As it has been illustrated in the example of Lake Balaton, multivariate geostatistics
is able to explicitly take the spatial interdependence existing between the variables under
study into account. Additionally, we should also highlight that it simultaneously exploits
this interdependence, especially when one variable is undersampled to the other(s), as we
have seen in the example of N content (Figure 6). Due to the extremely high values, we had
to exclude most of the N observations in the Keszthely basin, and only data on P content
were available in the basin. Nonetheless, in spatial modeling of N content, we could take
these P data into account by using the spatial cross-correlation between the two nutrients
(Figure 4, right graph), which is a well-known, advantageous property of multivariate
geostatistics [23,24,26]. A number of papers have pointed out that by using a multivariate
geostatistical approach, a more accurate spatial model can be gained for an undersampled
variable if one (or even more) densely sampled variable is also available [54,57-59].

The proposed methodology also has the advantage of generating such stochastic
realizations, which reproduce the joint spatial variability of the variables under study.
Indeed, this allowed the derivation of the stochastic realizations of the two nutrients’ ratios,
which were then used for providing spatial prediction for the N:P ratio with the associated
prediction uncertainty. Although it is also an attractive feature of multivariate geostatistics,
it is still rarely exploited in practice. In addition, Szatmari et al. [39] pointed out that an
approach that does not account for the spatial cross-correlation between the variables under
study will fail to characterize the uncertainty about the derived variable reliably.

As it has been pointed out in the Introduction (Section 1), the end-users often need
spatially explicit information on water quality indicators at a larger support than that on
which sampling and laboratory measurement have been conducted [17,32-35], a situation
referred to as change-of-support in geostatistics. It calls for upscaling to make spatial
predictions and the associated uncertainty appropriate for the end-users’ requirements.
In this study, we proposed an approach based on spatial aggregation of the generated
stochastic realizations that can be used not just to predict the spatial average for a given
area or region but also to quantify the uncertainty associated with the prediction. Although
nutrients and their ratio were spatially aggregated only at the support of basins and the
entire lake, the generated stochastic realizations allow carrying out spatial aggregation at
various supports, whatever their shape and size.

5. Conclusions

The objective of our study was to illustrate the merits of applying multivariate geo-
statistics when spatial modeling of more than one variable is targeted at various scales in
water ecosystems. These merits were illustrated in the example of Lake Balaton’s sediments,
where a methodology based on multivariate geostatistics was elaborated and used to jointly
model the spatial distribution of the nutrients N and P and their ratio (i.e., N:P) and then
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provide spatial predictions at different scales with the associated prediction uncertainty.
Our study highlighted that it is worthy of applying multivariate geostatistics in case spatial
modeling of two or more variables, which show spatial interdependence, is targeted in
water ecosystems. By the application of multivariate geostatistics, the spatial interdepen-
dence existing between the variables under study can be explicitly taken into account and
exploited in the course of spatial modeling to provide coherent and more accurate spatial
models that support the complex assessment of the water quality and environmental status
of lakes. Additionally, the generated stochastic realizations, reproducing the joint spatial
variability of the variables under study, allow deriving further variables based on those
involved into the stochastic cosimulation. Furthermore, to provide spatially aggregated
predictions for larger supports (e.g., basins or entire lake) with the associated prediction
uncertainty, which may better fit the end-users” demands on spatially explicit information
about water ecosystems.
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