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Abstract The ecosystem function of vegetation to attenuate export of nutrients is of substantial
importance for securing water quality. This ecosystem function is at risk of deterioration due to an
increasing risk of large-scale forest dieback under climate change. The present study explores the response
of the nitrogen (N) cycle of a forest catchment in the Bavarian Forest National Park, Germany, in the face
of a severe bark beetle (Ips typographus Linnaeus) outbreak and resulting large-scale forest dieback using
top-down statistical-mechanistic modeling. Outbreaks of bark beetle killed the dominant tree species
Norway spruce (Picea abies (L.) H.Karst.) in stands accounting for 55% of the catchment area. A Bayesian
hierarchical model that predicts daily stream NO3 concentration (C) over three decades with discharge
(Q) and temperature (T) (C-Q-T relationship) outperformed alternative statistical models. A catchment
model was subsequently developed to explain the C-Q-T relationship in top-down fashion. Annually
varying parameter estimates provide mechanistic interpretations of the catchment processes. Release of
NO3 from decaying litter after the dieback was tracked by an increase of the nutrient input parameter cs0.
The slope of C-T relation was near zero during this period, suggesting that the nutrient release was beyond
the regulating capacity of the vegetation and soils. Within a decade after the dieback, the released N was
flushed out and nutrient retention capacity was restored with the regrowth of the vegetation.
1. Introduction
Water is important in the global nutrient cycle, both as a transport agent and as a medium for biogeochemical reactions in soil, ground and surface waters. Large aquatic ecosystems rely on nutrient supply via
hydrological pathways. However, when nutrients are present in water at excessive concentrations, they can
cause environmental harm such as eutrophication and hypoxia, leading to deterioration of water quality for
ecosystems and human use (Hilton et al., 2006; Xu et al., 2014). Vegetation is a crucial mediating agent in
the cycling of water as it intercepts precipitation, and regulates evapotranspiration and groundwater flow
(Adams et al., 2012; Harman et al., 2011). Nutrient exports are regulated by vegetation growth which assists
in biogeochemical processes that retain or release nutrients in soils (Botter et al., 2010; Gall et al., 2013).
Forest catchments, whose hillslopes and riparian areas are covered largely by growing vegetation, are especially effective at regulating nutrient exports (Lajtha, 2020; Vitousek & Reiners, 1975). Since forests account
for approximately 30% of global land cover (Hansen et al., 2013), the nutrient regulation of forest catchments provides a crucial ecosystem function for the conservation of water resources and ecosystems worldwide. In recent decades, concerns have grown about large-scale pulses of forest dieback due to drought
and insect infestation (Allen et al., 2010; Seidl et al., 2017). Although tree mortality and pulses of increased
mortality are natural processes, large-scale forest diebacks can result in excessive losses of nutrients and
thus threaten ecosystem and drinking water quality (Gorham et al., 1979).
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In a catchment experiencing pulses of increased forest mortality, export of nitrogen (N) is of key concern
since inorganic nitrate (NO3) is leached easily (Gundersen et al., 2006) and hence in-stream concentrations
respond drastically to diebacks (Hartmann et al., 2016). Vitousek and Reiners (1975) were among the first
to explain that an ecosystem loses nutrients after a forest dieback, but then retains them more effectively
than before the dieback as biomass accumulates again during the following succession. Several studies have
since observed increases of inorganic N exports in forest catchments affected by forest diebacks caused by
bark beetle infestation (Beudert et al., 2014, 2016), wildfire (Betts & Jones, 2009), windthrow (Hartmann
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et al., 2016) and also in watersheds affected by clear-cut harvest (Pardo et al., 1995). The temporal evolution
of the processes regulating and exporting N, however, remain poorly quantified.
The European spruce bark beetle (Ips typographus Linnaeus) is one of the most important biotic disturbance agents in Central Europe (Schelhaas et al., 2003; Seidl et al., 2014). It occurs throughout the whole
range of its host tree, Norway spruce (Picea abies (L.) H.Karst.), having widespread ecological and economic
impacts (Hlásny et al., 2019). Outbreaks of the European spruce bark beetle have increased in frequency
and magnitude across Europe over recent decades (Seidl et al., 2014), leading to unprecedented large-scale
diebacks of Norway spruce in many regions (Senf & Seidl, 2018). Yet, recent studies have shown that forests
in Central Europe have been highly resilient to recent outbreaks, with trees returning after several years
post dieback (Senf et al., 2019; Zeppenfeld et al., 2015). In order to quantify the effect of bark beetle induced
forest diebacks on a catchment's N cycle, it is thus important to (i) improve our mechanistic understanding
of how bark beetle induced forest dieback affects N cycles, and (ii) understand the effect of both dieback
and recovery on N cycles over long time periods. Achieving these goals requires a novel modeling approach
and the integration of various data sources.
Nutrient export from a catchment is complicated by heterogeneous sources, dynamic pathways and variable
biogeochemical processes (Basu et al., 2011; Musolff et al., 2015). It is challenging to monitor the relevant
processes in hillslopes and streams across an entire catchment. In practice, nutrient concentration is most
often monitored in streams representing integrated effects of catchment processes and enabling quantification of downstream export. The relationship of solute concentration with discharge (C-Q relationship)
and its variation in space and time has proven a particularly useful indicator of catchment processes (Musolff et al., 2015; Rose et al., 2018; Zhi et al., 2019). Previous studies showed that the C-Q relationship is
determined by the reactivity of the solute and the spatial correspondence between source areas and runoff
(Basu et al., 2011; Seibert et al., 2009; Thompson et al., 2011). These studies have followed a data-driven, or
“top-down” modeling approach (Sivapalan et al., 2003) that aims at accounting for the dominant catchment
processes using parsimonious model structures that are commensurate with the often limited availability
of data (Krueger et al., 2007). Such parsimonious hydrochemical models often picture a catchment as a
single unit in which transport and biogeochemical reactions of solutes are conceptualized without explicit
explanation of their spatial heterogeneity.
Regression models have proven particularly efficient in screening and investigating the relationships of
nutrient concentrations with other environmental variables (Chavez & Service, 1996; Clark et al., 2004; Exner-Kittridge et al., 2016). Where these data and relationships relate to disparate scales then a hierarchical
model is called for, with the Bayesian hierarchical framework being the most flexible and coherent. The
Bayesian approach offers more straight-forward interpretation of model uncertainties and more flexible
models. Bayesian hierarchical modeling has been applied to hydrochemical data to predict the behavior
of aquatic environments such as nutrient concentrations (Xia et al., 2016), algal blooms (Cha et al., 2016,
2017; Obenour et al., 2014), dissolved oxygen (Borsuk et al., 2001; Stow & Scavia, 2008) and salinity (Webb
et al., 2010). Borsuk et al. (2001) and Stow and Scavia (2008) applied mechanistic models in a Bayesian hierarchical framework combining the strengths of mechanistic and statistical modeling; making predictions
based on process knowledge while estimating parameters empirically from data. The relationships between
variables revealed by statistical models can indeed inspire parsimonious mechanistic models and therefore
assist understanding of hydrochemical processes. Parsimonious models aim at describing the dominant
processes controlling nutrient cycling tuned to the predictors at hand, whereby the Bayesian hierarchical
framework allows missing processes to be represented by “random effects” across multiple temporal or
spatial units. This approach allows understanding to be gained and predictions to be made with the available data while prompting further experimentation and data collection to eventually explain and replace
random effects with mechanistic equations.
The aim of this study was to investigate the three-decade long response of a catchment's N cycle to bark
beetle induced forest dieback using in-stream monitoring data and Bayesian hierarchical modeling in a
top-down fashion. Our study catchment is the Grosse Ohe catchment in the Bavarian Forest National Park
in Germany. The Bavarian Forest National Park has experienced two large-scale bark beetle outbreaks between 1990 and 2010 (Kautz et al., 2011), which led to the dieback of most of the bark beetle's host trees.
As the bark beetle outbreaks were not managed, the catchment provides a unique opportunity for studying
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the effects of bark beetle induced forest dieback, and the following recovery of vegetation, on N cycling.
Specifically, we set out to analyze how the nutrient retention capacity of the forest catchment was affected
by large-scale tree mortality, both during and after the dieback. To this end we first developed a Bayesian hierarchical model through state-of-the-art model comparison to investigate temporally variant relationships between stream NO3 concentration and available environmental variables. Second, the resultant
model structure inspired a parsimonious catchment model that provides mechanistic interpretations of
catchment dynamics across sites and years. The derivation of the parsimonious catchment model, resulting from the initial Bayesian hierarchical model, will be described in the results section. We conclude our
analysis by correlating model parameters with an independent remote sensing based proxy of vegetation
activity, the normalized difference vegetation index (NDVI) in order to guide parameter interpretation and
independently evaluate the plausibility of the mechanistic model.

2. Materials and Methods
2.1. Study Area and Measurements
Grosse Ohe is a headwater catchment located in the Bavarian Forest National Park, Germany, with a size
of 19.1 km2 and a mountainous topography with 11.1° mean slope at altitudes of 770–1,447 m above sea
level. Ninety-eight percent of the catchment area is forested, and human management was excluded since at
least the 1970s (i.e., since establishment of the National Park). Norway spruce dominated forests cover approximately 70% of area, with the remaining area being dominated by European beech (Fagus sylvatica L.).
Stream hydrochemistry was monitored at the outlets of Grosse Ohe (48°56′17.99′′ N, 13°24′45.13′′ E) and
its two nested subcatchments Markungsgraben (48°57′20.89′′ N, 13°25′35.8′′ E, 1.1 km2) and Forellenbach
(48°56′33.61′′ N, 13°25′10.63′′ E, 0.7 km2). The forest dieback was most severe in Markungsgraben (mortality on approximately 82% of the catchment area) compared to Forellenbach (mortality on approximately
57% of the area) and the entire catchment Grosse Ohe (mortality on approximately 55% of the area). A map
displaying the study catchment with the forest dieback, the streams and the monitoring stations can be
found in Figure S1 of the Supporting Information.
The hydrochemical measurements include water level and concentrations of nitrogen (N) and phosphorus
(P) species, organic carbon and dissolved oxygen (DO), pH, conductivity and water temperature. Water
levels were measured quasicontinuously (every 15 min) and converted to discharges via rating curves. The
rating curves were developed based on current meter data in Forellenbach and Grosse Ohe and salt dilution
data in Markungsgraben (Beudert & Gietl, 2015). Baseflow was separated from total discharge with a digital
filter algorithm available in the R package “EcoHydRology” (Fuka et al., 2018). The baseflow index was
computed as the proportion of baseflow relative to discharge. Instantaneous samples for chemical analyses
were taken manually every two weeks at Grosse Ohe and Markungsgraben and weekly at Forellenbach.
The samples were analyzed monthly in the laboratory to determine nutrient concentrations according to
DIN/EN/ISO. Temperature, pH, DO and electric conductivity were measured on subdaily basis, and were
aggregated to daily means to be matched with the instantaneous sample data for congruent analysis. The
monitoring programs started in 1977 for Grosse Ohe, 1988 for Markungsgraben and 1990 for Forellenbach.
Water temperature was only available from 2002 and DO was not available at Forellenbach. Further details
of the geographical and hydrometeorological characteristics and monitoring of the area are described in
Beudert and Gietl (2015).
The annual percentage of forest canopy experiencing dieback was manually identified via airborne image
analysis (see Heurich et al. (2010) for details). We further acquired annual normalized difference vegetation
index (NDVI) time series from the United States Geological Survey Landsat satellite archive for the years
1986–2016 (see Senf et al. (2017) for details on image processing). We used the NDVI time series as independent proxy of vegetation activity, that is, indicating the loss and subsequent recovery of photosynthetic
activity during and after the bark beetle outbreak. We averaged annual NDVI observations at the catchment
level and applied a smoothing model (generalized additive model) to account for variable phenology between Landsat acquisitions that potentially overshadow the more subtle longer-term trends associated with
forest dieback and recovery (Senf et al., 2019).
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2.2. Bayesian Hierarchical Model
The concentrations of NO3 in the streams of Grosse Ohe and its nested subcatchments were predicted by
regression models in a Bayesian hierarchical framework. Candidate regression models with different sets of
predictors were compared (see below). The slopes and intercepts of these models were allowed to vary for
each hydrological year (starting in November):
log  Ci    0, j  1, j X1,i   2, j X 2,i     P, j X P ,i   i
(1)

where Ci and X{1, 2, …, P},i are ith measurements of stream NO3 concentration and the corresponding values of
the P predictors, respectively. β0,j and β{1, 2, …, P},j are the intercept and slope parameters for the P predictors,
respectively, for the jth year. εi is the residual error. By modeling εi as a normal distribution and taking the
logarithm of the response Ci, NO3 concentration was effectively modeled as a lognormal distribution. The
2
model parameters β0,j β{1, 2, …, P},j and variance   j of εi were partially pooled across the hydrological years to
control overfitting. That is, these parameters were modeled as realizations of common distributions, whose
parameters were simultaneously inferred from the data:





 m, j  Normal  m , 2m , for m 
0,1,2,P
(2)





 i  Normal 0, 2j
(3)





  j  Normal   , 2
(4)
where μβm is the mean of the regression parameter βm and  2m is the variance of the “random effect” that

models the variability of βm between years.

2
The residual error εi is considered normally distributed with mean zero and variance   j , which varies

between years according to another, common normal distribution with mean   and variance  2 . Weakly informative Normal (0,5) prior distributions were assigned to   m . Weakly informative Inverse-gamma

(0.01, 0.01) priors were assigned to   m ,   and   as these parameters are bound to be positive (Gelman, 2006). The prediction of NO3 was not sensitive to the prior distributions; results of a sensitivity analysis are displayed in Figure S3 of the Supporting Information. Allowing the parameters and residual error
term to vary temporally in the Bayesian hierarchical framework reflects the possibility that the processes
that regulate stream NO3 vary over time, but shrunk toward a common mean. From this temporal variation
of model parameters we extract information on catchment dynamics in top-down fashion (see Section 2.3).
A variant of the Weighted Regression against Time, Discharge, and Season (WRTDS) model by Hirsch
et al. (2010) was included as a candidate model to assess the effect of seasonality on NO3 export. This model,
hereafter called the C-Q-S model, was implemented in the Bayesian hierarchical framework by adding the
two-parameter sinusoidal function of day of the WRTDS model to the C-Q model.
The partially pooled models were compared with pooled and nonpooled models. In the pooled version,
all parameters were constant over the years. In the nonpooled version, all parameters were estimated individually for each year, without common prior distributions. The joint posterior distribution of the parameters was simulated using Markov Chain Monte Carlo (MCMC) methods available in Stan (Carpenter
et al., 2017) and implemented in the R environment (R Core Team, 2018; Stan Development Team, 2018).
Two thousand realizations of the model parameters and predicted NO3 were generated from their posterior
distributions after 2,000 warmup samples in four parallel chains. The MCMC chains for all parameters of
all models converged with R̂ ranging 0.99–1.02. Code files of the partially pooled, nonpooled and pooled
models are provided in the Supporting Information.
The candidate regression models with different sets of predictors were compared for their out-of-sample
predictive accuracy by means of k-fold cross validation. The data sets of each site were randomly divided
into 10 subsets yk, for k = 1, 2, …, 10, with even numbers of data point. The models were fit to a training data
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set y(−k), i.e., with the kth subset left out, and subsequently used for predicting the NO3 concentrations of the
validation set yk. This process was repeated for each subset and the posterior distributions of the predictions
were used to calculate the expected log pointwise predictive density (ELPD), a relative measure of predictive performance under out-of-sample conditions (Vehtari et al., 2017). ELPD in a k-fold cross validation
is computed with S simulation draws from the posterior predictive densities using the following equation.
n
1 S

ELPD   log   p yi |  k ,s 
(5)
i 1 
Ss 1










where n is the number of data points, p yi |  k ,s is the predictive density of the ith data point using the
simulations corresponding to the validation set k that contains that data point, θk,s is the sth draw of the
posterior parameter density based on training set y(−k). We calculated k-fold cross validation ELPD instead
of leave-one-out (LOO) cross validation ELPD because of the number of data points in this study which
overwhelmed the LOO algorithm; see Vehtari et al. (2017) for a comparison and discussion.
2.3. Top-Down Catchment Model
In a second step, the regression analysis (Section 2.2) was interpreted with a parsimonious process-based
model of NO3 export at the catchment scale in top-down fashion (Sivapalan et al., 2003). Equations describing the processes of nutrient export were defined using the predictor variables of the best fit regression model and the literature. In this way, mechanistic implications of the regression model were derived. Lastly, as a
first step toward explaining the temporal variation of the parameters in relation to the bark beetle induced
forest dieback, correlations between annual parameter estimates and the NDVI as independent proxy of
vegetation activity were quantified using Spearman's rank correlation coefficient (ρ).

3. Results
3.1. Temporal Variations of Vegetation Canopies and Hydrochemical Responses
Over the entire catchment, Grosse Ohe, the bark beetle infestation occurred in two waves between 1994
and 2009. The canopy cover of vital spruce was reduced at maximum annual rates in 1999 and 2006 (12%
year and 5% of the catchment area, respectively) (Figure 1a). The infestation occurred in Forellenbach in
1994–2000 and 2002–2008 with maximum annual mortalities of 12% (1999) and 7% (2006), respectively. The
bark beetle outbreak led to highest mortality rates in the Markungsgraben catchment between 1995 and
2001, where a maximum annual mortality rate of 39% was recorded in 1997. The declines in annual NDVI
time series lagged 3 years behind the dieback in Markungsgraben and coincided with the second dieback
in Forellenbach and Grosse Ohe. The largest negative deviations in annual NDVI (i.e., annual vegetation
activity) were found in Markungsgraben (Figure 1a), but with rapid recovery of vegetation activity after the
main mortality waves for all catchments. The rapid return of vegetation is also well documented in other
studies (Senf et al., 2019; Svoboda et al., 2010; Zeppenfeld et al., 2015), which report that recovery is mainly
driven by natural regeneration of spruce trees, as opposed to pioneer or broadleaved species. The tree community thus did not change significantly over the bark beetle outbreak. We however note that the NDVI is
likely also influenced by understory vegetation utilizing the greater light availability after the dieback of the
top canopy (Hais et al., 2009).
Discharge was highly variable over the course of the bark beetle outbreaks (Figure 1b), with a discharge
yield of 0.40–58.5 mm day−1 across all sites and over the entire monitoring period. In volumetric terms,
the largest flux occurred at the most downstream monitoring station of Grosse Ohe (0.59 ± 0.66 m3 s−1
(mean ± standard deviation)), followed by the upstream stations Markungsgraben (0.05 ± 0.06 m3 s−1) and
Forellenbach (0.02 ± 0.02 m3 s−1). The baseflow indices were 64%, 54% and 49% in Forellenbach, Grosse Ohe
and Markungsgraben, respectively. The baseflow contribution decreased with increasing mean slope (8.4°
in Forellenbach, 11.1° in Grosse Ohe and 16.1° in Markungsgraben). Neither annual mean nor high flow
(95th percentile) showed a significant trend over the years, or response to the disturbance, at any of the sites
(Mann-Kendall test p > 0.05).
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Figure 1. (a) Normalized difference vegetation index (NDVI) and mortality, (b) discharge, (c) nitrate concentration and mortality (NO3), and (d) water
temperature of subcatchments Markungsgraben (Mark) and Forellenbach (Forelle) and the entire catchment Grosse Ohe (Grosse).

Annual mean stream NO3 concentration increased during the dieback periods (1.56–3.33 mg N L−1 in
1995–2000 at Markungsgraben, 0.63–1.84 mg N L−1 in 1998–2003 at Forellenbach and 0.59–1.84 mg N L−1
in 1995–2003 at Grosse Ohe) (Figure 1c). NO3 was the major N species in the streams, where its mean
concentration was two to three orders of magnitude and 15–44 times higher than that of nitrite (NO2) and
ammonium (NH4), respectively, across the sites. Spearman's rank correlation coefficients ρ between annual
mean NO3 and NDVI were −0.88–−0.82 across the sites, meaning that stream NO3 decreased when the vegetation was active (compare Figures 1a and 1c). We note that the temporal trend of NO3 lagged 3–4 years behind that of the NDVI in Forellenbach and Grosse Ohe. NO3 showed minima in the growing season (May–
September) and maxima in the dormant season. However, under elevated NO3 concentrations during the
dieback, the seasonal pattern vanished in 2004 at Forellenbach and in 1998 and 2003 at Markungsgraben.
We define the years with decreased NDVI and elevated NO3 (1995–2003 at Markungsgraben, 1997–2009 at
Forellenbach and Grosse Ohe) as the dieback phase and the preceding and following years as the pre and
postdieback phases, respectively. Annual NO3 load exported from the (sub) catchments increased during
the dieback phase, and tended to decrease in the postdieback phase lower than predieback levels (Table S1).
The water temperature ranged between −0.01 and 20.1°C, while 95% of the values were within 0.03–13.0°C,
with means increasing above 5°C in May–October (Figure 1d). Temperature measurements at the three
sites were highly correlated (p < 0.01, r2 0.83–0.96). Annual mean temperatures showed clear and steady
increasing trends across the sites (Mann-Kendall test p < 0.05).
JUNG ET AL.
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3.2. Selection of Regression Model
The regression models with different sets of predictors and pooling setups were compared using ELPD,
with greater values signifying better predictive performance. Both original and log-transformed data were
tested, and the ELPDs of the best fitting models are presented in Table S2 of the Supporting Information.
The C-Q-T (concentration-discharge-temperature) model with partially pooled parameters showed the
highest ELPD values across the sites, outperforming even models with three predictors. The C-Q-DO model
(concentration-discharge-dissolved oxygen) was more accurate than the C-Q-T model at Grosse Ohe but
the enhancement in ELPD was low (0.01). The C-Q-T-DO (concentration-discharge-temperature-dissolved
oxygen) model showed reduced accuracy compared to the C-Q-T and the C-Q-DO models, suggesting confounding effects of temperature and DO and thus overfitting. DO was correlated with water temperature
with ρ = −0.72 at Markungsgraben and ρ = −0.97 at Grosse Ohe because of the increased solubility of oxygen in water at low temperatures (Wetzel, 2001). No DO data were available for Forellenbach. The C-Q-S
model showed lower predictive accuracy than the C-Q-T and C-Q-DO models, possibly because temperature and DO represented more efficiently the seasonality of nutrient uptake than the sinusoidal function or
due to overparameterization as it has one more parameter than the other models.
As a result, the C-Q-T model was selected for further analysis. The equation can be written as
log  Ci  
 0, j  1, j · log Qi   2, j· Ti   i
(6)

3.3. Development of Top-Down Catchment Model
A mechanistic model explaining the variation of in-stream NO3 with discharge and water temperature was
developed based on the relationships between the variables suggested by the selected regression model. This
model is a lumped model that conceptualizes the processes within the catchment as a single unit. Hence the
parameters of this model represent the characteristics of the entire catchment without spatial heterogeneity; they are so called “effective” parameters.
The high accuracy of the C-Q-T and C-Q-DO models as well as Hirsch et al. (2010) suggest that the NO3
export was determined by the seasonal pattern of biogeochemical reactions in the catchment. Vegetation
retains more nutrient in summer as it grows at an increased rate induced by a rise in temperature (Pregitzer
& King, 2005) and loses nutrient via litterfall (Kaiser et al., 2011). The high correlation between water
temperatures at the three sites (Section 3.1) implies that the water temperature reflects the regional climate
of the area. Accordingly, we use water temperature as a surrogate variable that represents soil and water
temperatures of the entire catchment.
The linear relationship of log(NO3) and temperature in the regression model (Equation 6) suggests that NO3
is processed in first-order reactions with rates affected by temperature. In the soil of the catchment, including hillslope, riparian and hyporheic zones, the NO3 is either removed by assimilation of plants and microorganisms or by denitrification, or produced from organic N via mineralization and nitrification (Stoddard, 1994; Zheng et al., 2016). NO3 concentration at the soil surface (cs [mg N L−1]) may thus be modeled
by first-order reaction with its rate proportional to temperature T`:
dcs
 kT `cs
(7)
dt

where k (C°−1 s−1) is the rate constant. Integrating this differential equation over the retention time of NO3
in the surface layer (tr [s]) gives the following exponential function of cs:
(8)
cs  cs 0 ·e ktr T `
where T ` is the mean soil temperature during the residence time and c0 (mg N L−1) is the initial concentration of NO3 input. We take T, the stream water temperature, as surrogate for T `, which varies instantaneously at the scale of tr.
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The vertical concentration profile of NO3 in the soil is shaped by the heterogeneities of the biogeochemical
reactions and retention times. NO3 concentration at depth z may be expressed as
cz  cs ·e fz
(9)

Inserting Equation 8 into Equation 9 yields
cz,T  cs 0 ·e ktr T  fz
(10)

where f (m−1) is the shape parameter of the NO3 depth profile. The biogeochemical processes were assumed
to alter the NO3 concentration in the soil instantaneously or within the residence time tr before the nutrient is discharged via the stream (Seibert et al., 2009). The seasonal variation of NO3 is formed by litterfall
(Kaiser et al., 2011) and biogeochemical reactions that take place most actively in the near-surface layer of
the soil (Chen et al., 2005). ktrT represents the reactions in this layer with the rates affected by temperature,
although the thickness of the layer cannot be determined with current site knowledge. The depth profile
modulated by f accounts for additional spatial heterogeneity of nutrient input, residence time and reaction
rate.
NO3 is assumed to be transported laterally from the soil to reach the stream. Lateral water flux at depth z, q
(m2 s−1), was modeled to decline exponentially (Seibert et al., 2009):
(11)
q  q0 · e z
where λ (m−1) is a shape parameter of the water flux profile and q0 (m2 s−1) is the transmissivity at the top
of the soils. The hydraulic conductivity of the soil was assumed to be little affected by the forest dieback and
thus was not modeled to change over the years.
Integration of Equation 11 over z results in an equation for discharge (m3 s−1) governed by groundwater
depth, or depth of the saturated zone below the soil surface:
(12)

Q q0 /   e  z
q0/λ (m3 s−1) represents the maximum discharge when the soil is saturated (groundwater depth z = 0 m),
neglecting overland and preferential flows.
Modifying the model by Seibert et al. (2009) to average the NO3 flux (concentration; Equation 10) times
lateral water flux (Equation 11) over depth results in a governing equation of in-stream NO3 concentration
as a function of soil inputs (represented by cs0), discharge (Q) and temperature (T):
 zt qc dz
L

 z z
C
(13)
t qdz
Q
 
b

1   


log C log cs 0 1  b      b  logQ  ktrT
(14)

 q 0  


 log S  b  log Q  ktrT

where zt is ground water depth at time t, b is f/λ (-) and S is cs 0 1  b    / q0  . See Supporting Information Text S1 for a detailed derivation of Equation 14 from Equation 13. Equation 14 combines the C-Q and
C-T relationships into the C-Q-T relationship revealed by the best fit regression model. The rationale of
the current model explains the mechanism of the empirical C-Q-T relationship. While Seibert et al. (2009)
attributes the C-Q relationship to a heterogeneous distribution of the solute in the riparian zone, the current study adapted the model assuming that the spatial distribution in the soil over the entire catchment
determines the relationship (Basu et al., 2010; Musolff et al., 2016; Thompson et al., 2011). Parameters
logS, b and ktr were read from the regression intercept and coefficients estimated by MCMC as explained
in Section 2.2. In what follows, these parameters will be interpreted by the elaborations the mechanistic
model provides.
1
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From the definition of S it follows that
(15)
c
S 1  b  q 0 /  
s0
b

This equation can be used for estimating cs0, which is affected by the dynamics of the vegetation and hence
potentially sensitive to the bark beetle outbreak.
It is important to note that Equations 6 and 14 are analogous to each other. The intercept of the regression
model is logS, a compound of four mechanistic parameters; cs0, b, λ and q0. S is thus proportional to NO3
input concentration (cs0). This parameter also has a positive or negative relationship with the maximum
discharge (q0/λ) depending on the sign of b. The slopes of Equation 6, β1 and β2, correspond to b (=f/λ) and
the product of k and tr of Equation 14 (ktr), respectively. In our hierarchical setup, these parameters are
allowed to vary between years. The soil input cs0 can be inferred from the annual estimates of S and b given
values of q0 and λ. The C-Q slope b signifies the vertical profile of NO3 transport through the soil shaped by
hydraulic conductivity (λ) and availability of the nutrient (f). A positive k indicates that the catchment is a
source of NO3 and a negative k indicates a sink, while tr is always equal to or larger than zero. Accordingly,
the parameter ktr represents the rate of removal (ktr < 0 C°−1) or production (ktr > 0 C°−1) of NO3 in the soil
surface. The magnitude of net removal/production is determined both by the biogeochemical reaction (k)
and the residence time (tr). With ktr < 0 C°−1, NO3 is lower in summer creating a seasonal pattern because
high temperature enhances net NO3 removal (Christensen et al., 1990; Clark et al., 2004; Huber, 2005). The
seasonal pattern is reversed if ktr > 0 C°−1 with net NO3 production magnified by a temperature increase.
3.4. Prediction of Nitrate
The stream NO3 concentrations predicted by the C-Q-T model corresponded well with the observed concentrations (Figure 2). The root mean square errors (RMSE) were 0.36 (0.33–0.40) (mean [95% credible interval])
mg N L−1, 0.20 (0.19–0.22) mg N L−1 and 0.18 (0.17–0.19) mg N L−1 across the years at Markungsgraben, Forellenbach and Grosse Ohe, respectively. The model predicted the seasonal pattern of NO3 correctly, as well as the
disappearance of the seasonal pattern in the dieback phase at Markungsgraben (1997–2001) and Forellenbach
(2002). In these years, the two predictors were insufficient to explain the NO3 dynamics, showing higher RMSEs (0.68 [0.58, 0.80] mg N L−1 at Markungsgraben and 1.10 [0.98, 1.19] mg N L−1 at Forellenbach). At Forellenbach, NO3 often decreased sharply at high flows due to dilution. Prediction of NO3 and further data analysis
could not be performed before 2002 at Forellenbach due to the limited availability of temperature data.
Plotting predicted and observed in-stream NO3 against each other verified the high predictive accuracy of
our model (Figure 3). The RMSE normalized by the mean of observed NO3 indicated that the deviation between the predicted and observed NO3 was lowest at Forellenbach, followed by Grosse Ohe and Markungsgraben. The model was not able to explain the variation of NO3 (showing high RMSE) and tended to underestimate the nutrient concentration in the years when the nutrient concentration peaked.
3.5. Temporal Variations of Model Parameters
The parameter S was estimated for each year by exponentiating the intercept of the regression model based
on Equation 14 (Figure 4a). S was greatest at Markungsgraben (annual median of 0.08–5.15 mg N L−1),
where the NO3 concentration was generally highest, compared to the medians of 0.05–1.97 mg N L−1 at
Forellenbach and 0.40–1.80 mg N L−1 at Grosse Ohe. S showed a temporal pattern similar to that of annual
mean in-stream NO3 across the sites with an annual median ρ of 0.77–0.94, increasing in the dieback phase
and decreasing in the postdieback phase. Since S is a complex of multiple parameters (Equation 14), we will
describe the temporal dynamics further in terms of cs0 below (see Equation 15).
The parameter ktr was significantly (P(ktr > 0 C°−1) < 0.05) below zero in the pre and postdieback phases.
ktr increased to approach zero in some years in the middle of the dieback phase (Markungsgraben in 1997–
1999, Forellenbach in 2003–2004 and 2007) (Figure 4b). At Grosse Ohe, the 95% credible intervals of ktr remained below zero throughout the study period. The annual medians of ktr at Forellenbach and Grosse Ohe
remained in the ranges of −0.06–0.00°C−1 and −0.04–−0.02°C−1, respectively. The ktr at Markungsgraben
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Figure 2. Predicted and observed in-stream nitrate concentrations at the outlets of (a) Markungsgraben, (b) Forellenbach and (c) Grosse Ohe. Vegetation
mortalities in the (sub) catchments are indicated as a gray solid line.

showed a larger temporal variation compared to those of the other sites. From 2006 onwards, the ktr at
Markungsgraben was −0.10–−0.05°C−1 (range of annual medians), considerably lower than at the other
sites. The estimate of ktr was very uncertain in 2012 (−0.07 [−0.13–−0.02]°C−1) because only three data
points were available in this year.
The estimates of the C-Q slope b fluctuated near or above zero at Markungsgraben and Grosse Ohe (annual median −0.08–0.21) in their respective predieback and dieback phases (Figure 4c). The medians of
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Figure 3. Predicted versus observed in-stream nitrate (NO3) concentration of (a) Markungsgraben, (b) Forellenbach and (c) Grosse Ohe. Posterior distributions
and medians of predicted NO3 are displayed. Blue points are random draws from the posterior distribution. 1:1 lines and normalized root mean square errors
(median [95% credible interval]) are indicated.

the parameter b decreased below zero in the postdieback phase from 2004 at Markungsgraben and 2012 at
Grosse Ohe, although their 95% credible intervals overlapped with zero in some years. At Forellenbach, b
was clearly negative in all years investigated except for 2007–2009. These years, in which b was estimated
near or above zero (median −0.05–0.03), are the last years of the dieback phase at this site.
The dynamics of S were broken down into dynamics of cs0 using Equation 15 given the annual estimates
of S and b and for various values of q0/λ as this ratio was not explicitly estimated (Figure 5). Reasonable
values for q0/λ were chosen based on the range of discharges observed at our study sites. The specific runoff
maxima at the study sites were 23.8–58.3 mm day−1 across the years. Hence, the q0/λ values were chosen
as 20, 40, and 60 mm day−1 multiplied by the area of the individual (sub) catchment. The chosen values
of q0/λ represent a conservatively wide range of probable maximum discharges. The parameter cs0 is positively related with q0/λ when b > 0 and negatively related when b < 0 as Equation 15 implies. Although
cs0 varied with different assumptions of q0/λ (differences in median of cs0 calculated with the assumptions
0.00–1.61 mg N L−1), the general temporal pattern of cs0 was not affected by these assumptions.
The parameter cs0 showed a steep increase at the onset of the dieback in Markungsgraben and less alterations
in Forellenbach and Grosse Ohe. At Markungsgraben, cs0 rose up to 2.66–11.62 mg N L−1 in 1998 depending
on the assumed q0/λ. At Forellenbach and Grosse Ohe, cs0 remained in the ranges of 0.01–3.27 mg N L−1 and
0.01–9.60 mg N L−1, respectively. The cs0 estimates of Forellenbach were the lowest among the monitored
sites.
The estimated cs0 peaked in 1998 at Markungsgraben and Grosse Ohe, preceding the peak of in-stream NO3
(2000 at Markungsgraben and 2003 at Grosse Ohe). Then, cs0 decreased below the predieback levels from
2005, 2010 and 2012 onwards at Markungsgraben, Forellenbach and Grosse Ohe, respectively, as the vegetation recovered (Figure 1a). cs0 of Markungsgraben showed an especially drastic decrease below predieback
levels and even below that of Grosse Ohe.
The cs0 estimated with q0/λ = 40, as an example, was correlated with the annual mean of in-stream NO3 with
a ρ of 0.88 (0.81, 0.92) at Markungsgraben, 0.77 (0.74, 0.80) at Forellenbach and 0.70 (0.61, 0.79) at Grosse
Ohe. cs0 tended to be higher than in-stream NO3 until 2004 at Markungsgraben and until 2012 at Grosse Ohe
and was similar or lower afterward at both sites. At Forellenbach, cs0 was lower than in-stream NO3 for most
of the research period except in 2007–2009, when they were comparable to each other.
3.6. Correlations Between Model Parameters and NDVI
The NDVI was negatively correlated with the annual model parameters, most notably cs0, with Spearman's
rank correlation coefficients ρ of −0.67 (−0.74, −0.59), −0.81 (−0.85, −0.77) and −0.62 (−0.72, −0.51) at
Markungsgraben, Forellenbach and Grosse Ohe, respectively (Figure 6a). The parameter ktr was negatively
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related with NDVI at Markungsgraben and Forellenbach with ρ of
−0.70 (−0.78–−0.58) and −0.45 (−0.62–−0.26), respectively (Figure 6b).
At Grosse Ohe, the terrestrial vegetation dynamics did not significantly impact ktr (ρ of −0.10 [−0.34–0.16], with the credible interval including zero). The correlation between the C-Q slope b and NDVI was
−0.31 (−0.45–−0.11), −0.81 (−0.86–−0.74) and −0.41 (−0.53–−0.28) at
Markungsgraben, Forellenbach and Grosse Ohe, respectively, with the
strongest correlation at Forellenbach (Figure 6c).

4. Discussion
4.1. Dynamics of Catchment Processes Inferred via Time-Varying
Model Parameters
In the following we interpret the regression parameters by our mechanistic model and discuss what the temporal variations of these parameters
mean for catchment processes of N supply via decay of the dead trees
and atmospheric deposition, and N removal via hydrological export and
biological retention.
4.1.1. Nitrate Inputs to the Soil

Figure 4. 95% credible intervals of model parameters (a) S, (b) ktr, and
(c) b estimated for each year at Markungsgraben (Mark), Forellenbach
(Forelle), and Grosse Ohe (Grosse).

The parameter S is highly correlated with the annual mean of stream NO3
(Section 3.5) since logS is equivalent to the intercept of the regression
Equation 6 and annual slopes remain in ranges around zero across the
sites (−0.15 < ktr < 0.05 and −0.8 < b < 0.7; Figure 4). cs0, the concentration of NO3 at the soil surface available for export, is proportional to S via
Equation 15. The vertical profile of NO3 export can be inferred if further
information on q0 and λ are available. cs0 increased as N was released
from the dead trees in the dieback phase and decreased in the postdieback phase again below predieback levels (Figures 1a and 1c). cs0 showed
negative correlation with NDVI (Figure 6a). These results suggest that
the NO3 input to soils was affected by the vegetation dynamics. Since cs0
showed high correlations with the annual mean NO3 concentration via S,
we can infer that the NO3 input to soils governed strongly the in-stream
NO3 concentration.

The reduction of cs0 in the postdieback phase indicates that removal of
NO3 (hydrological export and biological retention) outran supply of NO3
(decay of the dead trees and atmospheric deposition). The N input via
atmospheric deposition showed a reduction over time in our catchment (Beudert & Gietl, 2015). However,
since N concentration in the deposition did not show any seasonal pattern and do not correspond to the
stream NO3 dynamics (Figure S2), we can assume that biogeochemical reactions had a stronger influence
on in-stream NO3 than the deposition. Export of NO3 via stream discharge depleted the nutrient over the
course of 7–10 years after the diebacks. Additionally, regrowth of young vegetation enhanced net retention
of NO3 as it shed little amounts of litter compared to mature vegetation (Bormann & Likens, 1994; Covington, 1979). The strongest dieback in Markungsgraben created large openings and allowed for the establishment and growth of understory vegetation communities (Niemelä, 1999), which likely led to the most active
regrowth of the vegetation (Figure 1a) and reduction of cs0 (Figure 5) in this subcatchment.

For comparison, the NO3 concentration in soil water measured in the Forellenbach catchment by Beudert
and Klöcking (2007) rose in 1997–2000 up to approximately 45 mg N L−1, 12-fold higher than the maximum
cs0 estimated at this site (Figure 5). Soil water in that study was collected from a plot with a dead spruce
stand upslope of the stream, while cs0 in this study conceptually represents the lumped NO3 concentration
at the soil surface of the whole catchment including soils that were not affected by the bark beetle infestation. The model might have also underestimated the soil surface NO3 concentration as input and export of
the nutrient were not explicitly estimated as data and the nutrient was exported at a high rate. Providing
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data of effective NO3 distribution in the soil of the entire catchment as a
boundary condition could remove this ambiguity and result in different
estimations (Musolff et al., 2016).

4.1.2. Rates of Biogeochemical Processes
The temporal evolution of NO3 concentrations and the biogeochemical
reaction parameter ktr in our study catchment reflects how its N budget
evolved during the bark beetle outbreak and the subsequent succession.
We conceptualize mineralization and nitrification as production and plant
and microorganism assimilation and denitrification as retention, which
take place mostly in the near-surface layer. The parameter ktr was negative
in the predieback period, indicating that the catchment was a net sink of
NO3. With the dieback, NO3 was produced at a rate comparable to that of
its retention in the catchment (ktr ≈ 0 C°−1). The catchment started to retain
NO3 effectively again in the postdieback phase, showing negative ktr.

Figure 5. 95% credible intervals of concentration of nitrate (NO3)
input to soils (cs0) compared with stream NO3 concentration at (a)
Markungsgraben, (b) Forellenbach and (c) Grosse Ohe. Three cs0 scenarios
are shown based on different q0/λ values and all convey a similar pattern.

Vegetation controls N export not only by taking up the nutrient for
growth but also by providing a carbon energy source via exudation or
litterfall for microbial denitrification (Dosskey et al., 2010; Mulholland
et al., 2008; Scaglia et al., 1985; Zhai et al., 2013). Carbon was released
from the litterfall when the trees were killed and might have enhanced
denitrification (Biederman et al., 2016; Mikkelson et al., 2013). However,
the permeable soil in the catchment is not favorable to denitrification
(Beudert et al., 2014). A ktr near zero implies that the denitrification was
not so significantly enhanced that it did not outrun the increased NO3
production from the N release. Furthermore, nutrient uptake and carbon exudation could have been impaired by the mortality of the trees
and recovered with the forest recovery, supported by the correlation between ktr and NDVI especially in the strongly affected Markungsgraben.
While denitrification has been reported as the primary process of NO3
removal in some soil-water systems (Bachand & Horne, 1999; Mulholland et al., 2008), in landscapes of high precipitation and undisturbed
permeable soils, which cover about 70% of our catchment, denitrification losses have been shown to be small compared to retention by uptake
(Oertel, 2020). Hence Huber (2005) attributed the seasonal pattern of
NO3 in our catchment to the active vegetation uptake during summer. It
was not possible to separate the two pathways of retention with the data
available for this study to provide a new perspective on these findings.

With marginal changes in annual precipitation, evapotranspiration was
reduced while the runoff coefficient increased in the catchments following the dieback, most remarkable in Markungsgraben (Bernsteinová
et al., 2015; Beudert & Klöcking, 2007). The increased runoff coefficient
suggests that canopy mortality could have altered the residence time of the nutrient in the near-surface
layer (tr) and thus affected the N retention capacity (Hill et al., 1998). However, this effect could not be separated from the parameter ktr in our study.
To explain the increased production during the dieback phase (ktr > 0 C°−1), we suggest that organic N and
ammonium (NH4) released from the killed trees were available for mineralization and nitrification, from
which more NO3 was produced in the growing season at high temperatures (Arheimer et al., 1996; Kaiser
et al., 2011). When ktr was near zero across the sites, the production and removal of NO3 in the near-surface
layer were of comparable rates so the in-stream NO3 concentration did not show a seasonal pattern. Such
disappearance or even reversal of the seasonal pattern after severe dieback due to increased NO3 production
has frequently been observed in forest catchments (Kaňa et al., 2015; Pardo et al., 1995; Yeakley et al., 2003).
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Figure 6. Annual model parameter estimates (a) cs0, (b) b and (c) ktr for Markungsgraben (Mark), Forellenbach (Forelle) and Grosse Ohe (Grosse) plotted
against NDVI. Error bars signify the 95% credible intervals of the parameters.

4.1.3. Hydrological Pathways of Nitrate Export
The C-Q relationship which is part of the regression model employed here has been interpreted by heterogeneous nutrient sources within a catchment that are variously connected to the stream by dynamic
transport pathways (Basu et al., 2010; Seibert et al., 2009). Looking at the regression model parameters in
a mechanistic sense, b > 0 indicates nutrient flushing with increasing flow (see Equation 14), indicative of
active near-surface pathways intersecting nutrient-rich layers. Conversely, b < 0 indicates nutrient dilution
with increasing flow, indicative of near-surface pathways that dilute near-surface sources. A value for b
near zero indicates that the solute transport is homogeneous over the depth of the soil and does not vary
with discharge (chemostasis). Godsey et al. (2009) connected chemostatic export of geogenic solutes with
b values in the range of (−0.2, 0.2). Basu et al. (2010) found similar chemostatic export for NO3 in a N-saturated catchment. The C-Q relationship can vary if the dominant pathway of nutrient export is switched
(Zhi et al., 2019). In our catchment, the temporal variations of b and cs0 suggest that the NO3 export was chemostatic in the predieback and dieback phases and shifted to a dilution pattern in the postdieback period.
The parameter b was in the range of (−0.2, 0.2) at Markungsgraben and Grosse Ohe in most of the predieback phase (Figure 4c) indicating chemostasis of the NO3 export. Several studies observed that chemostasis
of NO3 is a sign of N-saturation with the nutrient homogeneously transported (Basu et al., 2010; Bieroza
et al., 2018; Van Meter & Basu, 2015). The parameter b and ktr were near zero when the parameter cs0 was
estimated comparable to in-stream NO3 (1999–2002 in Markungsgraben and 2007–2009 in Forellenbach),
which is mixture of the nutrient exported from the soil profile, supporting indirectly that NO3 transport
was homogeneous in the soil profile (Figures 4 and 5). Conversely, b was slightly above zero when cs0 was
higher than in-stream NO3. The parameters b and cs0 were especially high in the dieback phase (Figures 4a
and 4c) showing high correlations with NDVI (Figure 6c). In these years, NO3 released from the killed trees
likely accumulated in the near-surface layer inducing a flushing effect and hence steep increases in cs0 and b.
The parameter b decreased below zero (Figure 4) and cs0 was lower than the stream NO3 (Figure 5) in
the postdieback phase (after 2014 at Markungsgraben and after 2013 at Grosse Ohe). We suggest, by that
time, the NO3 concentration in the near-surface layer had been depleted by the flushing and the biological retention although the data did not allow a quantification of the N budget of the catchment. It is also
likely that the NO3 had leached into deeper groundwater over time during and after the diebacks (Jury &
Nielsen, 1989). The water flux through the near-surface layer at high flows then diluted NO3 in the stream,
resulting in the negative C-Q slopes observed.
The parameter b was lowest at Forellenbach and clearly negative in the pre and postdieback periods, signifying a strong dilution effect in this subcatchment. Indeed, the NO3 concentration decreased sharply in storm
events. This dilution effect is supported by the high baseflow index of 64% possibly caused by comparably
flat topography (Section 3.1). In 2007–2009, during the second dieback (Figure 1a), b was near zero and
cs0 was comparable to in-stream NO3, likely a sign of N-saturation as discussed above. In the postdieback
JUNG ET AL.

14 of 19

Water Resources Research

10.1029/2020WR027264

phase, b was decreased below zero and predieback levels and cs0 was much lower than in-stream NO3, following a similar pattern to Markungsgraben and Grosse Ohe.
4.2. Concentration-Discharge-Temperature Relationship
Regression modeling predicting NO3 concentrations in streams from air or water temperature as a single predictor has been used elsewhere (e.g. Clark et al., 2004; Exner-Kittridge et al., 2016). A negative C-T relationship
is attributed to reduced microbial and plant uptake of the nutrient at low temperatures (Clark et al., 2004).
Winterdahl et al. (2011) revealed that soil temperature was an important factor explaining the residuals of a
C-Q model for dissolved organic carbon (DOC). They modified the C-Q model by Seibert et al. (2009) to allow
the profile of concentration to vary as a function of soil temperature. The current study found that the C-Q-T
model predicted NO3 export more accurately than either the C-T or the C-Q model (Table S2). The C-Q-T
model in this study is also more accurate than the C-Q-S model adapted from the WRTDS model of Hirsch
et al. (2010). The mechanistic model developed here (Section 3.3) elucidates the processes behind the empirical C-Q-T relationship, complementing the attempts by Winterdahl et al. (2011) and Hirsch et al. (2010).
Basu et al. (2011) and Thompson et al. (2011) classified solute export from a catchment into source-limited
and transport-limited states. Previous studies suggested different metrics for verifying the state of solute
export, such as the parameter b, the coefficients of variation (CV) and the coefficient of determination (r2)
of a load-discharge regression (Basu et al., 2010; Godsey et al., 2009; Musolff et al., 2015). In our study, shifts
between these states were indicated based on the annual estimates of the parameters ktr, b and cs0 of the
C-Q-T model. The NO3 export arguably was in a transport-limited state in the predieback phase, revealed
by its chemostasis (−0.2 ≤ b ≤ 0.2). However, the near-surface layer acted as a net sink of NO3 (ktr < 0 C°−1;
cs0 higher than in-stream NO3), and in-stream NO3 was stagnant, indicating an equilibrium between export
and retention of NO3. In the dieback phase, the nutrient export was exacerbated with the release of N from
the killed trees (increased cs0) without net retention (ktr ≈ 0 C°−1). As N was depleted and the forest recovered in the postdieback phase (Likens et al., 1978), the nutrient export arguably shifted to a source-limited
state with strong N retention (low negative ktr), NO3 dilution (b < 0) and decreased NO3 transport in the
near-surface layer (lowered cs0).
4.3. Benefits of the Bayesian Hierarchical Approach
Previous studies of the C-Q model revealed that its parameters vary temporally (Hirsch et al., 2010; Köhler
et al., 2008; Seibert et al., 2009). The C-Q-T model of our study was fit to the data in a Bayesian hierarchical
framework to allow for the annual variability of its parameters, which offered explanations of the temporal
changes in the catchment processes caused by the forest dieback. Partial pooling of the annual information as part of the hierarchical approach was especially beneficial for avoiding overfitting, evidenced by
enhanced predictive performance compared to the pooled and nonpooled model variants (Table 1; Cha
et al., 2016; Simpson, 1951). The effect of partial pooling is evident at Markungsgraben in 2012, where only
three data points existed. Here the parameter estimates are shrunk toward their overall means (across years)
as the best estimates in the absence of more evidence from that particular year. Following the top-down
approach, a logical next level of model development would be the prediction of the parameter variations
found here, as Cha et al. (2017) demonstrated, with data of vegetation dynamics, for instance NDVI in our
case. It would also be possible to partially pool information in space across catchments (Borsuk et al., 2001;
Cha et al., 2016), but this would have to take account of the correlation induced by the nested nature of
Markungsgraben, Forellenbach and Grosse Ohe and probably also the effect of stream order.

5. Conclusions
In our forest catchment, the response of stream NO3 concentration (C) to bark beetle induced forest dieback was best predicted with discharge (Q) and temperature (T). This C-Q-T relationship adds to the widely acknowledged C-Q relationship the effect of temperature on the variability of solutes in streams. The
C-Q-T relationship could be applicable to other nonconservative solutes in streams that are regulated by
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biogeochemical reactions, and hence are sensitive to temperature. It would be worthwhile to investigate the
applicability of the C-Q-T model to different solutes and types of catchments.
The top-down modeling approach yielded mechanistic interpretations of some major hydrochemical processes (soil N inputs, main transport pathways and rates of biogeochemical reactions) in a parsimonious
way that is commensurate with the data availability. The model, however, could not explain separate effects
of vegetation uptake, denitrification and heterogeneity in biogeochemical reactions and residence time with
the available data. The input and export of N were not explicitly evaluated by the model. The flexibility of
Bayesian hierarchical modeling is especially suited for top-down modeling via time-varying parameters.
Partial pooling maintains flexibility of model parameters while avoiding overfitting. The next step following
the top-down route would be to explicitly model the annual variation of parameters by auxiliary data, such
as NDVI as indicated in our study.
The temporal trends of the parameters lead us to conclude that the NO3 released through tree mortality (increased cs0) was not effectively retained in the catchment during the dieback phase (ktr ≥ 0 C°−1). In the postdieback phase, NO3 was depleted (decreased cs0) and young re-growing vegetation retained more NO3 than
it released N via litter shedding (ktr < 0 C°−1). We attribute the changes in the NO3 budget to the alteration
in the nutrient retention capacity of the catchment but also to abrupt release and depletion of the nutrient.
Although the bark beetle induced forest dieback observed in our study catchment impaired the water quality by releasing N from the forest, the system turned out resilient in the sense of a rapid recovery of ecosystem functions (i.e., retaining nutrients). It is important to note here that the system was not managed at all.
Stream NO3 concentrations were reduced 10 years after the dieback in the most severely affected upper subcatchment and did not show a drastic response in the most downstream reach (Figure 2). In addition, the
biodiversity in our forest catchment was improved after the diebacks with the emergence of new habitats
provided by standing and lying deadwood (Beudert et al., 2014). Hence, our study supports the argument
that European montane spruce forests are in fact highly resilient to the current disturbance regime (Senf
et al., 2019; Zeppenfeld et al., 2015); we here complemented these previous studies by showing that this
resilience also includes the key ecosystem function of water purification.
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The water temperature in our catchment showed a constantly increasing trend presumably as a manifestation of climate change (Beudert et al., 2018). An increase in forest mortality is expected under climate
change (Allen et al., 2010; Seidl et al., 2017), with more frequent forest diebacks that might also increase in
severity. Hence, under climate change more nutrients might be released. A portion of the released N would
be denitrified and released into the atmosphere as nitrous oxide (N2O; Norton et al., 2015), a potent greenhouse gas. It would be shortsighted to limit N cycling studies to water quality effects ignoring the climate
change potential of N2O emissions. Further studies are needed to explore the response of the complete N
cycle of forest catchments to changing mortality patterns under climate change.
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