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Abstract. Elevated dissolved organic carbon (DOC) concentrations are a major concern for ecosystems and drinking water 14 

supply. Data-driven studies revealed variable functioning of different landscape units (upland, riparian zone, and groundwater) 15 

in catchment DOC mobilization and export. However, lumped and landscape-explicit (separating upland and riparian zone) 16 

model structures are generally calibrated to stream DOC concentrations, while the internal DOC dynamics often do not receive 17 

sufficient attention. Here, we developed a flexible model with a lumped and landscape-explicit structure for four headwater 18 

catchments in the Harz Mountains, Germany. We evaluated these models under a baseline calibration (only againstusing stream 19 

DOC concentration) and a constrained calibration (using stream DOC and internal DOC concentrations). Under the baseline 20 

calibration, both model structures can reasonably represent reproduced stream DOC dynamics with acceptable performance in 21 

some catchments (Kling–Gupta efficiency of some behavioural simulations > 0.6), but with unrealisticallyunreasonably high 22 

groundwater DOC. By contrast, the constrained calibration reduces the KGE for stream DOC concentrations but ensures a 23 

more realistic representation of internal DOC dynamics. Additionally, the landscape-explicit model structure is more robust 24 

than the lumped model structure under changing boundary conditions. Our study thus shows that robust catchment DOC 25 

modelling requires not only explicit representation of different landscape units, but also calibration constraints based on DOC 26 

concentrations within those units. Our study thus highlights the necessity of representing different landscape units explicitly 27 

in combination with constraining the calibration of DOC concentrations in these landscape units. 28 

1 Introduction 29 

Dissolved organic carbon (DOC) plays a crucial role in aquatic ecosystems, providing carbon and energy for microbial 30 

metabolism (Kaplan and Newbold, 2000; Mulholland, 2003). The amount of DOC in drinking water reservoirs, however, can 31 

be of concern as DOC can interact with chlorine used for drinking water disinfection and form harmful disinfection by-products 32 

(Bond et al., 2014). In surface water bodies, the main source of DOC is soil organic matter in terrestrial landscapes, i.e., 33 
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allochthonous carbon (Mitrovic and Baldwin, 2016). Having a robust tool to quantify catchment DOC mobilization from its 34 

terrestrial sources to the river and to predict its response to changing boundary conditions has long been a research goal (Wei 35 

et al., 2024). Such tools and derived knowledge are important for water quality management, especially in headwater 36 

catchments that play a pivotal role in defining the quality of downstream water resources (Alexander et al., 2007). 37 

Data-driven studies in headwater catchments have shown that the amount of DOC exported from different landscape units (the 38 

upland and riparian zone) to the stream is disproportionate to their area fractions within a catchment (Bishop et al., 2004; 39 

Blaurock et al., 2022; Dosskey and Bertsch, 1994; Ledesma et al., 2015; McGlynn and McDonnell, 2003). Often, the riparian 40 

zone is much smaller in area than the upland, but acts as the main source of stream DOC (Musolff et al., 2018; Strohmeier et 41 

al., 2013). Riparian zones in temperate and boreal systems, which cover a large portion of the Earth’s land surface and exhibit 42 

DOC dynamics that are broadlygeneral enough to be applicable across other systems., They are typically wet with shallow 43 

groundwater levels, rich in organic matter, enhancing lateral hydrological connectivity between the DOC source zone and the 44 

stream network (Ledesma et al., 2018a). The minor contribution of the upland DOC to stream DOC is argued to be due to a 45 

lack of direct hydrological connectivity between the organic layers of the upland soils and the stream. In the upland, DOC is 46 

transported vertically from the organic-rich, narrow upper soil layers into the deeper dominant mineral subsoil and quickly 47 

gets adsorbed to the mineral phase, resulting in low DOC concentrations in the percolating water that recharges the 48 

groundwater (Kothawala et al., 2012; Ledesma et al., 2018a; Sierra et al., 2013). Therefore, the groundwater that flows into 49 

the riparian zone is low in DOC. In consequence, not all soil organic matter in a catchment is relevant for the exported DOC, 50 

but rather the fraction that can be hydrologically connected via short lateral flow paths (Zarnetske et al., 2018; Ebeling et al., 51 

2021). 52 

Although data-driven studies highlighted these distinct roles of the upland and riparian zones in shaping stream DOC 53 

concentrations and their dynamics, DOC modelling approaches often do not explicitly distinguish the upland and riparian 54 

zones in model structures. For example, hillslope (or lumped) model conceptualizations often consider a catchment as a single 55 

landscape unit (no separation between the upland and riparian zone) with two or more vertical layers representing the upper 56 

soil and lower soil or groundwater (Birkel et al., 2017; Grieve, 1991; Michalzik et al., 2003). Established semi- and fully-57 

distributed water quality models such as the Soil and Water Assessment Tool model for Carbon (SWAT-Carbon; Arnold et 58 

al., 1998; Mukundan et al., 2023), the Hydrological Predictions for the Environment model (HYPE; Pers et al., 2016), and the 59 

Integrated Catchments model for Carbon (INCA-C; Futter et al., 2007) exhibit detailed descriptions of how DOC is formed 60 

from soil organic matter and interacts with external inputs from plants under given temperature and soil moisture conditions. 61 

The SWAT and INCA-C models, however, do not represent the upland or riparian compartments explicitly; instead, the 62 

catchments are represented by discrete, hydrologically disconnected units (e.g., grid cells or hydrological response units - 63 

HRUs). The HYPE model has an option to represent the riparian zone (primarily designed for forest land) as an infinite DOC 64 

source to increase DOC concentrations from soil runoff before entering the stream (SMHI, 2024). However, none of the above 65 

models combine explicit landscape units with the representation of DOC processes within those landscape units. 66 
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In contrast to the aforementioned models, several others allow an explicit representation of upland and riparian zones, e.g., the 67 

modified version of the Lund-Potsdam-Jena dynamic global vegetation model and General Ecosystem Simulator (LPJ-68 

GUESS, Tang et al., 2018; Smith et al., 2001), the ECOsystem 3D (ECO3D, Liao et al., 2019), and the DOC model developed 69 

by Birkel et al. (2014). The LPJ-GUESS and ECO3D are fully distributed and grid-based models that allow detailed 70 

representation of hydrological and DOC processing and flow routing among grid cells. These models, however, require high 71 

computational resources and are challenging to parameterize as well as to evaluate (Birkel et al., 2014; Tang et al., 2018; Liu 72 

et al., 2024). The simpler model developed by Birkel et al. (2014) allows the discretization of catchments into the upland, 73 

riparian, and groundwater compartments in a semi-distributed (not gridded) manner. (hHereinafter, we refer to this type of 74 

discretizationmodel as a landscape-explicit model structure). However, in contrast to LPJ-GUESS and ECO3D, this model 75 

strongly simplifies soil DOC formation and does not allow for closing carbon mass balances. 76 

The existence of multiple model structures (Wei et al., 2024) for simulating stream DOC concentrations regardless of whether 77 

these models separate different landscape units raises the questions: (1) are lumped and landscape-explicit model structures 78 

both able to producegive the right results (i.e., acceptable simulations of stream DOC concentrations at the catchment outlet) 79 

for the right reasons (i.e., realisticreasonable simulations of internal DOC concentrations) (Kirchner, 2006) when they are 80 

calibrated againstusing stream DOC concentration only? and (2) what is the value of a constrained calibration in which 81 

information on DOC concentrations of different landscape units is used in addition to stream DOC concentrations for 82 

improving the model’s credibility and physical soundness? Several studies (e.g., Bouaziz et al., 2021; Wu et al., 2023; Borriero 83 

et al., 2024) demonstrated that calibrating athe model using only using the integrated signal at the catchment outlet does not 84 

guarantee plausible internal modelled results. These studies call for the utilization of additional data, such as soil moisture or 85 

stable water isotope observations, to constrain the model and avoid implausibility or inconsistency. However, while the value 86 

of additional data has been demonstrated for models focusing on water quantity, applications for water quality models have 87 

been rare. Sarrazin et al. (2022) showed the value of additional “soft” data in reducing equifinality in the parameterization of 88 

a water quality model focused on catchment nitrogen transport and fate. To the best of our knowledge, the two aforementioned 89 

research questions remain unanswered in the context of DOC modelling.  90 

The objective of this study is, therefore, to address these two aforementioned research questions on the internal consistency 91 

and value of additional data for catchment DOC models. For that, we developed lumped and landscape-explicit DOC structures 92 

in a modular DOC model, combining the strengths (model structure and DOC processes representation) of two existing models 93 

(Birkel et al., 2014; Futter et al., 2007). We then applied the proposed models in four intensively studied catchments in the 94 

Harz Mountains, Germany as a demonstrative example. AlthoughWhile the four selected four catchments are located within a 95 

specific region, they are part of broader comparative effort to assessthe initiative in which we compare the riparian state and 96 

functioning acrossto other established experimental catchments (Ledesma, et al., 2025; Trojahn et al., 2026), . We to evaluated 97 

whether they the two model structures produced realisticreasonable internal DOC concentrations . We evaluated the simulated 98 

internal DOC concentration from the two model structures under a baseline calibration (againstusing stream DOC 99 

concentration only) and a constrained calibration (using stream DOC concentration and internal DOC concentration). 100 
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Furthermore, we conducted a structural stress test in which the two model structures (lumped and landscape-explicit) were 101 

subjected to changing boundary conditions to assess the robustness and plausibility of their simulated stream DOC 102 

responsesFurthermore, we conducted simulations using a hypothetical scenario with the two model structures (lumped versus 103 

landscape-explicit) to evaluate their credibility under changing boundary conditions. . Ultimately, our study aims to provide 104 

insights into model selection, calibration, evaluation, and application for water quality management.  105 

2 Methodology 106 

2.1 DOC Modelling approach 107 

The DOC model developed in this study is a catchment-scale model operating at a daily timestep (Fig. 1). ItThe DOC model 108 

uses hydrological states and fluxes from the mesoscale Hydrologic Model (mHM; Kumar et al., 2013; Samaniego et al., 2010). 109 

As the DOC and mHM models operate at different spatial scales, hydrological fluxes and states from mHM were first 110 

aggregated from the grid scale to the catchment scale using area-weighted averaging and then disaggregated, also using area-111 

weighted allocation, to the landscape units of the DOC model (Text S1). The DOC model simulates carbon (C) transformation, 112 

and balance, and C pools for each model compartment and C poolsThe DOC model . A more detailed description of the DOC 113 

model is provided below.(Fig. 1) proposed in this study is part of the water quality model (mQM) family at the Helmholtz 114 

Centre for Environmental Research - UFZ. Our model is suited to work at the catchment scale and daily time step.  115 

The DOC model wWe developed in this work has a flexible model structure, in which can be switched between a lumped and 116 

a landscape-explicit model structure can be switched on and off. Both model structures are accessed through a single executable 117 

file, and users can select which one to use in the configuration file. The lumped model structure considers a combined upland 118 

and riparian zone as a single compartment plus an additional groundwater compartment (Fig. 1a), and the landscape-explicit 119 

model structure considers upland, riparian, and groundwater compartments separately (Fig. 1b). The groundwater compartment 120 

in the lumped model structure receives vertical inputs from the hillslope, which combines both upland and riparian zone into 121 

a single unit. By contrast, in the landscape- explicit model structure, the groundwater compartment receives inputs only from 122 

the upland. The groundwater compartment in both model structures represents the deeper layer of water flow and solute 123 

transport to the stream below the active soil layer. Both model structures are accessed through a single executable file, and 124 

users can select which one to use in the configuration file. The lumped and landscape-explicit model structures are similar to 125 

those developed by Birkel et al. (2017) and Birkel et al. (2014), respectively. Hydrological fluxes and changes in storage are 126 

derived from the mesoscale Hydrologic Model (mHM; Kumar et al. 2013; Samaniego et al. 2010). We adapt the water fluxes 127 

and storage from mHM to represent the different landscape units in line with our DOC model structure. Specifically, we 128 

estimate the aggregated water fluxes/storages for the upland and riparian zone according to the areal fractions within a 129 

catchment (Text S1). 130 
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mHM model as described previously and in text S1.  In contrast to Birkel et al. (2014), groundwater in our landscape-explicit 131 

model structure can flow (a) directly to the stream, reflecting regional, deep groundwater flow, and (b) via a riparian zone, 132 

reflecting local, shallow groundwater flow (Laudon and Sponseller, 2018; Tóth, 1963). 133 

 134 

 135 

 136 

Figure 1: Conceptual representation of (a) the lumped model structure, (b) the landscape-explicit model structure, and (c) the carbon 137 
transformation among different carbon pools. 138 

Representation of the C transformation processes in both model structures is based on the INCA-C model (Futter et al., 2007) 139 

that considers three C pools (immobile pool: soil organic carbon – SOC; mobile pools: dissolved inorganic carbon – DIC, and 140 

DOC) in the hillslope, upland, and riparian zone (Fig. 1). The transformation rates between C pools depend on soil temperature 141 

and soil moisture: 142 

𝑘𝑥→𝑦,𝑧(𝑡) = 𝑘𝑥→𝑦,𝑧
0 ⋅ 𝜂(𝑇𝑠𝑜𝑖𝑙(𝑡)− 𝜃)/10.0,         (1) 143 

𝑘𝑥→𝑦,𝑧(𝑡) = 𝑘𝑥→𝑦,𝑧
0 ⋅

(𝑆𝑀𝐷𝑚𝑎𝑥−𝑆𝑀𝐷(𝑡))

𝑆𝑀𝐷𝑚𝑎𝑥
,         (2) 144 
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where k0 (-) is the base rate, the subscripts x and y indicate the type of C pool (SOC, DIC, or DOC), z indicates upland (UL) 145 

or riparian zone (RZ) in the landscape-explicit model structure, or the hillslope (HS) in the lumped model structure (e.g., 146 

𝑘𝑆𝑂𝐶→𝐷𝑂𝐶,𝑈𝐿
0 (day-1) is the base transformation rate from SOC to DOC in the upland), t (day) is time, η (-) is the soil temperature 147 

multiplier, θ (℃) is the base temperature offset, SMD (mm) is soil moisture deficit depending on the field capacity (FC) and 148 

current soil moisture, SMDmax is the maximum SMD –  the driest condition (calibrated threshold value) at which transformation 149 

between different carbon pools can take place, and Tsoil (t) (℃) is soil temperature. Soil temperature at day t is calculated based 150 

on the mean antecedent air temperature on the previous n days, as follows:  151 

𝑇𝑠𝑜𝑖𝑙(𝑡) =  
∑ 𝑇𝑎𝑖𝑟(𝑖)𝑡

𝑖=𝑡−𝑛

𝑛+1
,           (3) 152 

where Tair (i) (℃) is the daily mean air temperature at day i (i = t-n, t), and n is the model parameter. This method was 153 

demonstrated to be effective in approximating soil temperature from air temperature in the study area (Fig. S1).  154 

We represent the net transformation between SOC and DOC using an effective transformation rate (𝑘𝑆𝑂𝐶→𝐷𝑂𝐶,𝑧(𝑡)) instead of 155 

representing the transformation of DOC to SOC and SOC to DOC explicitly, like the INCA-C model, or sorption of DOC on 156 

soil  does(e.g., Wen et al., 2020). This simplification assumes a net transfer of SOC to DOC and aims to reduce equifinality as 157 

data to evaluate the internal transformation pathways and its associated parameter is typically not available, at least in our 158 

study area (Section 2.2), at least in our study area (Section 2.2).    159 

In the groundwater compartment, we consider the two soluble C pools (DIC and DOC) and the transformation from DOC to 160 

DIC, but no SOC and no inputs from litterfall and root breakdown. The transformation rate from DOC to DIC is not constrained 161 

by soil moisture and temperature, as this is a fully saturated zone and groundwater temperature varies minimally throughout 162 

the year. 163 

The SOC balance equations for the UL, RZ, and HS are: 164 

𝜕𝑀𝑆𝑂𝐶,𝑧(𝑡)

𝜕𝑡
= 𝑓𝑧 ⋅ (𝐿𝐹𝑧(𝑡) + 𝑅𝐵𝑧(𝑡)) − 𝑚𝑆𝑂𝐶→𝐷𝑂𝐶,𝑧(𝑡) − 𝑚𝑆𝑂𝐶→𝐷𝐼𝐶,𝑧(𝑡),      (4) 165 

where the subscript z indicates the upland (UL) or riparian zone (RZ) in the landscape-explicit model structure, or the hillslope 166 

(HS) in the lumped model structure, M (kg ha-1) is the SOC mass in the hillslope, upland, or riparian zone, m (kg ha-1 day-1) is 167 

the C flux transferred between different C pools,  f (-) is the areal fraction of the hillslope (fHS), upland (fUL), or riparian zone 168 

(fRZ) within a catchment (lumped model structure: fHS = 1), LF and RB (kg ha-1 day-1) are litterfall and root breakdown, 169 

respectively. LF occurs at a user-specified period of the year, and RB occurs throughout the year at a constant rate (Futter et 170 

al., 2007). 171 

The DOC balance equations for the HS and GW of the lumped model structure are: 172 

𝜕𝑀𝐷𝑂𝐶,𝐻𝑆(𝑡)

𝜕𝑡
= 𝑚𝑆𝑂𝐶→𝐷𝑂𝐶,𝐻𝑆(𝑡) − 𝑚𝐷𝑂𝐶→𝐷𝐼𝐶,𝐻𝑆(𝑡)   − 𝑚𝐷𝑂𝐶,𝐻𝑆→𝑆𝑇𝑅𝐸𝐴𝑀(𝑡) − 𝑚𝐷𝑂𝐶,𝐻𝑆→𝐺𝑊(𝑡),    (5) 173 

𝜕𝑀𝐷𝑂𝐶,𝐺𝑊(𝑡)

𝜕𝑡
= 𝑚𝐷𝑂𝐶,𝐻𝑆→𝐺𝑊(𝑡)(𝑡) −  𝑚𝐷𝑂𝐶→𝐷𝐼𝐶,𝐺𝑊(𝑡) − 𝑚𝐷𝑂𝐶,𝐺𝑊→𝑆𝑇𝑅𝐸𝐴𝑀(𝑡),     (6) 174 

 175 

The DOC balance equations for the UL, RZ, and GW of the landscape-explicit model structure are: 176 
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 177 

𝜕𝑀𝐷𝑂𝐶,𝑈𝐿(𝑡)

𝜕𝑡
= 𝑚𝑆𝑂𝐶→𝐷𝑂𝐶,𝑈𝐿(𝑡) − 𝑚𝐷𝑂𝐶→𝐷𝐼𝐶,𝑈𝐿(𝑡) − 𝑚𝐷𝑂𝐶,𝑈𝐿→𝑅𝑍(𝑡) −  𝑚𝐷𝑂𝐶,𝑈𝐿→𝐺𝑊(𝑡),     (7) 178 

𝜕𝑀𝐷𝑂𝐶,𝑅𝑍(𝑡)

𝜕𝑡
= 𝑚𝑆𝑂𝐶→𝐷𝑂𝐶,𝑅𝑍(𝑡) + 𝑚𝐷𝑂𝐶,𝑈𝐿→𝑅𝑍(𝑡) + 𝑚𝐷𝑂𝐶,𝐺𝑊→𝑅𝑍(𝑡)  − 𝑚𝐷𝑂𝐶→𝐷𝐼𝐶,𝑅𝑍(𝑡) − 𝑚𝐷𝑂𝐶,𝑅𝑍→𝑆𝑇𝑅𝐸𝐴𝑀(𝑡), (8) 179 

𝜕𝑀𝐷𝑂𝐶,𝐺𝑊(𝑡)

𝜕𝑡
= 𝑚𝐷𝑂𝐶,𝑈𝐿→𝐺𝑊(𝑡)(𝑡) −  𝑚𝐷𝑂𝐶→𝐷𝐼𝐶,𝐺𝑊(𝑡) − 𝑚𝐷𝑂𝐶,𝐺𝑊→𝑅𝑍(𝑡) −  𝑚𝐷𝑂𝐶,𝐺𝑊→𝑆𝑇𝑅𝐸𝐴𝑀(𝑡),   (9) 180 

where m (kg C ha-1 day-1) is the C flux transferred between different C pools or the mobile C flux (DOC flux) from one model 181 

compartment to another via hydrological fluxes (e.g., from the groundwater to the stream GW→STREAM, hydrological fluxes 182 

can be found in Text S1). In each compartment, we used a well-mixed assumption, meaning that the DOC concentration in the 183 

outflow is identical to the DOC concentration within that compartment. 184 

The mobile C flux between different model compartments is calculated based on hydrological fluxes and the well-mixed 185 

assumption. The C flux transferred between C pools is calculated as follows: 186 

𝑚𝑥→𝑦,𝑧(𝑡) =  𝑘𝑥→𝑦,𝑧(𝑡) ⋅ 𝑀𝑥,𝑧(𝑡),          (10) 187 

where x could be SOC or DOC and y could be DOC, or DIC, and 𝑘𝑥→𝑦,𝑧(𝑡) is calculated based on (Eqs. 1-2) while 𝑘𝑥→𝑦,𝑧(𝑡) 188 

is 𝑘𝑥→𝑦,𝑧
0  for the groundwater (z is GW).  189 

The total DOC fluxes exported to the stream from the lumped (Eq. 11) and landscape-explicit (Eq. 12) model structures are: 190 

 𝑚𝐷𝑂𝐶,𝑆𝑇𝑅𝐸𝐴𝑀(𝑡) = 𝑚𝐷𝑂𝐶,𝐻𝑆𝑈𝐿→𝑆𝑇𝑅𝐸𝐴𝑀(𝑡)  + 𝑚𝐷𝑂𝐶,𝐺𝑊→𝑆𝑇𝑅𝐸𝐴𝑀(𝑡),      (1211) 191 

 192 

𝑚𝐷𝑂𝐶,𝑆𝑇𝑅𝐸𝐴𝑀(𝑡) = 𝑚𝐷𝑂𝐶,𝑅𝑍 →𝑆𝑇𝑅𝐸𝐴𝑀(𝑡)  + 𝑚𝐷𝑂𝐶,𝐺𝑊→𝑆𝑇𝑅𝐸𝐴𝑀(𝑡),     193 

 (1112)We did not include instream DOC processes within the current version of our model. In headwater catchments 194 

in temperate regions, stream DOC processing is less relevant compared to high stream order catchments (Creed et al., 2015).  195 

Stream DOC concentration 𝐶𝐷𝑂𝐶,𝑆𝑇𝑅𝐸𝐴𝑀(𝑡) (mg L-1) from both model structures can be derived from the C mass and 196 

hydrologic fluxes, as follows: 197 

𝐶𝐷𝑂𝐶,𝑆𝑇𝑅𝐸𝐴𝑀(𝑡) = 100 ⋅  
𝑚𝐷𝑂𝐶,𝑆𝑇𝑅𝐸𝐴𝑀(𝑡)

𝑄𝑆𝑇𝑅𝐸𝐴𝑀(𝑡)
,         (13) 198 

where 𝑄𝑆𝑇𝑅𝐸𝐴𝑀 (mm day-1) is streamflow at time catchment outlet, 100 is the conversion unit from kg ha-1 mm-1 to mg L-1. 199 

We did not include instream DOC processes within the current version of our model. In headwater catchments in temperate 200 

regions, stream DOC processing is less relevant compared to high stream order catchments (Creed et al., 2015). 201 

 202 

2.2 Study Area and Available Data 203 

The study area consists of four neighbouring catchments (Kalte Bode, Warme Bode, Rappbode, and Hassel) located in the 204 

Harz Mountains, Germany (Fig. 2). These catchments drain into a system of connected reservoirs, including Germany’s largest 205 
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drinking water reservoir, the Rappbode reservoir, serving more than one million people (Rinke et al., 2013). The four study 206 

catchments differ in terms of catchment characteristics and hydrological conditions (Table 1). The catchment areas and average 207 

elevations range from 38.4 to 98.0 km2 and 504 to 609 m above mean sea level, respectively. The annual average precipitation 208 

varies from 789 to 1177 mm, increasing with increasing average catchment elevation. All catchments are dominated by a 209 

bedrock of Palaeozoic shales overlain by cambisols on the hillslopes and gleysols in the riparian zones. The Kalte Bode is an 210 

exception with the northwestern half being dominated by granite bedrocks and leptosols (Wollschläger et al. 2017). 211 

Spruce forests are the dominant land cover type in the Kalte Bode, Warme Bode, and Rappbode, while agricultural land is the 212 

dominant land cover type in the Hassel. However, a large fraction of the forest has died since 2018 due to a prolonged drought 213 

and subsequent bark beetle infestations (Musolff et al., 2024; Popkin, 2021). Data after 2018 were not used in this study. 214 

 215 

 216 

 217 

 218 

 219 

 220 

Table 1. Catchment characteristics. The annual average rainfall and streamflow were calculated for the 2010-2018 period, and the 221 
main land uses were calculated from CORINE land cover 2018. 222 

Catchment characteristics Kalte Bode Warme Bode Rappbode Hassel 

Catchment area (km2) 51.1 97.0 39.4 42.8 

Riparian area (%) 8.7 11.0 10.6 19.1 

Coniferous forest area (%) 85.3 88.4 71.8 25.2 

Broad-leaved and mixed forest area (%) 2.7 0.3 3.3 10.6 

Pasture area (%) 6.9 6.4 18.8 37.2 

Annual average rainfall (mm/year) 1177 1098 968 789 

Annual average streamflow (mm/year) 622 662 395 386 

Runoff ratio 0.52 0.60 0.40 0.48 

Mean elevation (m.a.s.l) 679 585 543 504 

 223 

The area fraction of the riparian zone in the four catchments varies from 8.7 to 19.1% (Table 1). These riparian zone areas 224 

were calculated using a threshold value of the topographic wetness index (TWI) derived from a 25 m European Digital 225 
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Elevation Model (EU-DEM). Upper percentiles of the TWI were previously shown to be a robust measure of the abundance 226 

of riparian zones within catchments (Musolff et al., 2018). The TWI threshold of 6.9 was adjusted to match the areal extent of 227 

groundwater-dominated gley soils in the Rappbode catchment (Werner et al., 2019) and applied to all four catchments. This is 228 

the sum of all TWI cells larger than 6.9 in the catchments. As driven by topography, they are distributed close to the stream 229 

network, matching the location of the riparian zone.The area fraction of the riparian zone in the four catchments varies from 230 

8.7 to 19.1% (Table 1). These riparian zone proportions were calculated using a threshold value of the topographic wetness 231 

index (TWI) derived from a 25 m European Digital Elevation Model (EU-DEM). The riparian zone was defined as the 232 

combined area with TWI above a specific threshold. A TWI threshold was previously shown to be a robust measure of the 233 

riparian zones within catchments in Germany (Musolff et al., 2018). Here, the reference threshold (TWI ≈ 6.8) was selected 234 

to match the areal extent of groundwater-dominated gley soils mapped in the Rappbode catchment (Werner et al., 2019) and 235 

then applied consistently across the four catchments. Because TWI-based delineation is a proxy for riparian extent rather than 236 

an exact hydropedological boundary, we evaluated the sensitivity of the main conclusions to this choice using an additional 237 

test in the Rappbode catchment (Section 4.4).  238 

 239 

Figure 2: Location of the four study catchments in the Harz Mountains, Germany, and the CORINE land cover map in 2018. 240 

Gridded daily meteorological data (precipitation, air temperature, and potential evapotranspiration) from 2010 to 2018 over 241 

the study area were obtained from the German Weather Service. The land cover map was taken from the CORINE land cover 242 

map in 2018. Daily streamflow from 2010 to 2018 was provided by the federal state agency responsible for hydrological 243 
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monitoring in the Harz Mountains. Weekly to biweekly stream DOC concentrations from grab samples from collected between 244 

2010 to and 2018 were provided as part of the TERENO observatory (Zacharias et al., 2024) and the drinking water reservoir 245 

monitoring of inlet water qualityprogram (Kong et al., 2022). 246 

 247 

2.3 Baseline calibration 248 

In this study, we first calibrated the mHM (at a daily time step and 0.015625 degrees resolution) models and then the DOC 249 

models as they rely on hydrological fluxes and storages from mHM as inputs. We calibrated the mHM models using observed 250 

streamflow at the respective catchment outlets with the Dynamically Dimensioned Search (DDS) Algorithm (Tolson and 251 

Shoemaker, 2007) as it is available within the mHM framework. We used the default parameter ranges in mHM (supporting 252 

information mhm_parameter.nml). DDS starts with a random initial parameter set and then updates the parameter set iteratively 253 

within the given ranges. The updated values depend on the previous best values (according to a certain objective function) and 254 

the iteration number. After each iteration (500 in total), the probability of a parameter being updated decreases. For each 255 

basincatchment, we repeated the DDS 30 times to get the respective 30 best hydrologic models (behavioural models) ranked 256 

based on the Kling–Gupta efficiency (KGE; Gupta et al., 2009) objective function value (Eq. 143) to account for parameter 257 

uncertainty.  258 

With each of the 30 hydrologic models, wWe calibrated both models (lumped and landscape-explicit structures) using observed 259 

stream DOC concentrations at the respective catchment outlets by generating 100,000 random parameter sets using Latin 260 

Hypercube Sampling (LHS; Carnell, 2024; Stein, 1987) within selected parameter ranges based on our expert judgment and 261 

plausible values based on exploratory analyses of the model (supporting information doc_parameter.txt).  This results in 30 262 

(hydrological models) × 4 (number of catchments) × 2 (lumped and landscape-explicit models) ×100,000 model runs. This 263 

approach was used instead of DDS because it is simpler and has been demonstrated to be effective in finding behavioural 264 

parameter sets, especially when the number of parameters is small (Abbaspour, 2015). The best model (out of 100,000 runs) 265 

was selected based on the modelKGE metric  performance (the Kling–Gupta efficiency (Eq. 143)) for stream DOC simulation. 266 

For each basincatchment and each behavioural hydrological model, we searched for a corresponding behavioural DOC model 267 

using the aforementioned procedure. Therefore, we had 30 behavioural DOC models for each catchment.  268 

The objective function used for calibrating the hydrological model (streamflow simulation) and DOC model (stream DOC 269 

simulation), i.e., the is KGE, is the Kling–Gupta efficiency - KGE (KGE; Gupta et al., 2009)  expressed as follows: 270 

𝐾𝐺𝐸 = 1 − √(𝑟 − 1)2 + (𝛼 − 1)2 + (𝛽 − 1)2,        (1314) 271 

where r is the linear correlation coefficient between simulated and observed values (streamflow or stream DOC concentration), 272 

α is the ratio between the standard deviation of the simulated and the standard deviation of the observed values (hereafter 273 

referred to as variability), , and β is the ratio between the mean simulated and mean observed values (hereafter referred to as 274 

bias). In addition, we also showed different components of the KGE (correlation, variability, and bias) used and other common 275 

performance metrics, namelythe commonly used Nash–Sutcliffe Efficiency (NSE; Nash and Sutcliffe, 1970; Text S2) , bias 276 
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(BIAS), and R-squared (R2) to assess the performance of the calibrated models (Text S2). We selected KGE as our primary 277 

evaluation criterion as it balances between correlation, variability, and bias between observed and simulated (Gupta et al., 278 

2009). In contrast, NSE does not adequately account for variability (Gupta et al., 2009; Santos et al., 2018). We noted that 279 

calibration to stream DOC concentration is preferable to calibration to DOC load because DOC load is the product of 280 

streamflow and concentration. As a result, good performance for streamflow simulations can compensate for errors in 281 

simulated DOC concentrations, still producing acceptable load estimates. In contrast, calibrating to stream DOC concentration 282 

provides a more direct test of whether the model correctly represents the processes controlling DOC dynamics. 283 

 The hydrological and DOC models were calibrated for the period starting from 01/2015 to 06/2018 and validated for 284 

the period starting from  01/2010 to 12/2014. We choseThe selected calibration period was selectedapplied to all catchments 285 

and was mainly selected because the number of DOC observations were more numerous in the Kalte Bode and Warme Bode 286 

catchments than during this period is greater than that in the validation period (Table S1), allowing the calibration to be better 287 

constrained and to cover a wider range offor a better capture of stream DOC dynamics this approach because the calibration 288 

period had more observation data than the validation period. The warm-up period was set to 01/2000- to 12/2009 because a 289 

long hydrological time series is required to avoid the effect of initial conditions (e.g., initial SOC, or DOC in different model 290 

landscape units) on simulated results.  291 

 292 

2.4 Constrained calibration 293 

Under the constrained calibration, we calibrated the lumped and landscape-explicit model structures using the following 294 

constraints, and behavioural simulations were defined as those that satisfied all constraints and had the highest KGE for stream 295 

DOC concentration simulation, considering as behavioural simulation that with the highest KGE for stream DOC concentration 296 

simulation.: 297 

● Constraint 1: tThe simulated average groundwater DOC concentration during the calibration period (01/2015- 298 

06/2018) should be within the range of [0.25-2.66] mg/L. This is based on the observed groundwater DOC 299 

concentrations in six springs (median 0.5 mg/L and 90% of the values are between 0.25 and 2.66 mg/L (LHW, 2025)) 300 

within and near our study areas. In addition, observed DOC concentrations in groundwater in many other catchments 301 

worldwide are also low (median value of 1.2 mg/L with ca. 84% of the groundwater DOC samples below 5 mg/L; 302 

McDonough et al., 2020). 303 

● Constraint 2: The simulated average DOC concentration in the outflows from the upland compartment during the 304 

calibration period should be less than half of that in the riparian zone (CUL < 0.5CRZ)). This constraint is based on our 305 

understanding of the DOC transport processes. By that, we acknowledge that most water from the upland has 306 

undergone an infiltration into the mineral layers of the soils before laterally entering the riparian compartment. The 307 

passage through the mineral soil will significantly reduce DOC concentrations due to adsorption, as mentioned in the 308 

introduction section (Kalbitz et al., 2000; Kothawala et al., 2012; Ledesma et al., 2018a). 309 
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All other settings for the calibration were identical to the baseline calibration, including using the same initial parameter range. 310 

The first constraint (regarding groundwater concentration) was applied to both model structures (lumped and landscape-311 

explicit). In both structures, the groundwater compartment is located below the active soil layers, and its DOC concentration 312 

is primarily shaped by mineral interactions and long residence times rather than the spatial resolution of the recharge source. 313 

Thus, we consider the groundwater compartment to be effectively equivalent in both model structures. The second constraint 314 

was applied only to the landscape-explicit structure, as the lumped model structure does not separate between the upland and 315 

the riparian zone. In addition to the aforementioned constraints, we imposed an set one additional conditionconstraint 316 

(constraint 3) onregarding the soil moisture factor affecting C transformation in the upland of the landscape-explicit model 317 

structure, whereby. The soil moisture factor affecting C transformation in the upland its value should be lower than that in the 318 

riparian zone (𝑘𝑥→𝑦,𝑈𝐿 <  𝑘𝑥→𝑦,𝑅𝑍; Eqs. 1-2). This conditionconstraint is based on the fact that riparian zones are wetter than 319 

upland areas given their location in the catchment in high TWI zones. Because the interaction between several model 320 

parameters that affect the soil moisture factor (e.g., field capacity, SMDmax, Eq. 2) can lead to unrealistic soil moisture factors, 321 

we needed to apply this conditionconstraint to account for the physical difference between the two compartments.  322 

The technical implementation of the constrained calibration process was as follows. First, we conducted 100,000 runs using 323 

the DOC model with parameter sets generated through Latin Hypercube Sampling (LHS) as described in section 2.3, and we 324 

saved the parameter set, KGE value, average DOC concentrations in the upland, riparian zone, and groundwater, as well as 325 

the soil moisture factor in both the upland and riparian zones to reduce the model running time. Next, we applied the 326 

aforementioned constraints and selected the parameter set with the highest KGE. Finally, we reran the model with the best 327 

parameter set and extracted detailed outputs. 328 

 329 

2.5 Scenario simulations 330 

We performed aThe scenario simulation exercise with the aims toof evaluatinge the credibility of lumped and landscape-331 

explicit model structures calibrated with different constraints. We tested whether the lumped and landscape-explicit model 332 

structures could simulate stream DOC concentrations within a realisticreasonable range under a structural stress test for a 333 

hypothetical scenario where boundary conditions were changed. Specifically, we rerun reran the models from the baseline and 334 

constrained calibration methods with an increase of C input of 5 kg ha-1 day-1 in the upland starting in 2015 (3 years of 335 

modelling under increased inputs). The initial range for calibration is [3, 12] kg ha-1 day-1 and therefore, C input in the scenario 336 

simulation could be from 8 to 17 kg ha-1 day-1, depending on the behavioural models found in the baseline and constrained 337 

calibration.  338 

Results from previous studies could provide context for evaluating the results of this exercise. For example, Musolff et al. 339 

(2024) a previous data-driven study in one of our catchments suggestsed that an assumed increase in C availability following 340 

forest-dieback in the upland (e.g., from forest dieback) will not lead to a significant increase in stream DOC concentrations 341 

due to the lack of direct hydrological connectivity (Musolff et al., 2024). This can be attributed to a lack of hydrological 342 
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connection of the upper upland soil layers with the stream, whereby a significant proportion of the increased C availability is 343 

processed in the upland soils and returned to the atmosphere as CO2, while the rest of the DOC will be adsorbed in deeper 344 

mineral soil layers as the water percolates deeper into the groundwater (Musolff et al., 2024; Mikkelson et al., 2013; Kalbitz 345 

et al., 2000). Thus, we expected only minor changes in stream DOC concentrations under theour scenario simulation exercise 346 

for the model to produce credible results. We note that changes in DOC inputs are typically associated with changes in 347 

hydrological conditions. However, no changes were made to the hydrological simulations in this experiment, as the objective 348 

was to isolate the effect of C inputs on stream DOC responses and enable a clearer assessment of their influence. 349 

Technically, the increased C input was represented in the model as an increase in root breakdown (RB) rate. The 350 

implementation of this scenario in the landscape-explicit model structure is straightforward as we have the upland and riparian 351 

zone explicitly represented. In the lumped model structure, this amount of C input increase was weighted by the areal fraction 352 

of the upland and was applied over the whole catchment. 353 

3 MethodologyResults 354 

3.1 Hydrologic simulation 355 

Visual assessment of the results shows that the seasonality of streamflow, low in summer (June to August) and fall (September 356 

to November), high in winter (December to February) and spring (March to May), from all catchments was well captured by 357 

the models (Fig. 3, Fig. S2a). There wasis no systematic under- or over-estimation of high flows acrossin all catchments orand 358 

low flows in the Kalte Bode and Warme Bode catchments (Figs. 3a and S3). However, low -flows wereare systematically 359 

overestimated in the Rappbode and Hassel catchment (Fig. S3b). Most behavioral models tend to underestimate high-flow 360 

events (Fig. 3a). The simulated average yearly hydrological fluxes show that Warme Bode, Rappbode, and Hassel have the 361 

highest outflow (as a percentage of streamflow) from the upland (or the full hillslope when referring to the lumped model 362 

structure) (median values > 80%) while that of the Kalte Bode is lower (median value ~ 60%) (Fig. S3). The average annual 363 

groundwater discharge from the groundwater compartment in the Kalte Bode (median value ~ 35%) is much higher than that 364 

of the Warme Bode, Rappbode, and Hassel (median values: ~10% to ~15%) (Fig. S3) due to the presence of granite bedrocks 365 

and leptosols, creating higher groundwater recharge and flow. In both model structures, the amount of water discharge from 366 

the groundwater compartment is the same (Fig. 1). However, in the landscape-explicit model structure, between 10% (Warme 367 

Bode) and 35% (Hassel) of the groundwater discharge flows to the riparian zone before flowing to the stream.  368 
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 370 

Figure 3: (a) Time series of observed and simulated streamflow and (b) the model performance (KGE) of 30 behavioural streamflow 371 
simulations (the dots in the boxplots are the means). The solid lines and shaded areas (in blue) represent the medians and simulated 372 
ranges of these 30 streamflow simulations. Simulated streamflow from lumped and landscape-explicit model structures is identical; 373 
the differences between lumped and landscape-explicit model structures are the internal hydrological fluxes (Text S1).  374 

Across all catchments, streamflow simulation in the calibration period is generally better than in the validation period: the 375 

mean KGEs of the behavioural models for the calibration period are significantly higher (p-value < 0.05; t-test) than those of 376 

the validation period. Yet, the model performances for streamflow simulation of the Warme Bode and Rappbode are 377 

comparable (mean KGEs of both calibration and validation periods are higher than 0.91 and 0.88, respectively) while those 378 

for the Kalte Bode and Hassel are slightly lower for the respective periods (mean KGEs of the behavioural models for the 379 

calibration and validation periods are 0.87 and 0.66 (Kalte Bode) and 0.77 and 0.68 (Hassel), respectively). The model 380 

performance for streamflow simulation is acceptable considering that all behavioural models achieve KGE > 0.59 (Knoben et 381 

al., 2019). The Other model performance indices and components of the KGE, i.e.e.g., NSE, correlationBIAS, variability, and 382 
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biasR2 , and NSE (Figs. S4S5-S6S8) for streamflow simulation show similar patterns to those of KGE for streamflow 383 

simulation. It is also seen that, depending on the catchment, the contribution of each component of the KGE to its overall value 384 

(represented by its deviation from 1) differs. While these components are close to 1 for the Warme Bode and Rappbode, they 385 

deviate more substantially (within a range of 0.2) from 1 for the Kalte Bode and Hassel (Figs. S65–S8).  386 

3.2 Stream DOC concentration dynamics under baseline calibration of the lumped versus landscape-explicit model 387 

structure 388 

The simulated stream DOC concentration from the two model structures in the baseline calibration partly deviates differ from 389 

each other (Fig. 4a-b, upper panel). For example, in the Kalte Bode and Warme Bode, the lumped model structure yields higher 390 

simulated stream DOC concentration ranges than the landscape-explicit model structure. However, both lumped and 391 

landscape-explicit model structures tend to miss major high-concentration events that have been observed in the Kalte Bode 392 

and Warme Bode catchments. Here, the maximum simulated stream DOC concentrations from the lumped model structure 393 

could be as high as 32 mg/L, while those in the landscape-explicit model structure are around 10 mg/L. In Rappbode and 394 

Hassel catchments, both model structures show similar simulated stream DOC (around 2 to 10 mg/L) and seasonal dynamics 395 

(high in summer and fall, low in winter and spring), which also resemble the observed data (Figs. S2b-c).  396 
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 398 

Figure 4: (a-b) Time series of observed and simulated stream DOC concentrations and (c-d) the model performance of 30 399 
behavioural DOC simulations from (a, c) the lumped and (b, d) the landscape-explicit model structures during the calibration and 400 
validation of the baseline calibration. The solid lines and shaded areas (in blue) represent the medians and simulated ranges of these 401 
behavioural models. The dots in the boxplots are the means. 402 

The landscape-explicit model structure does not always have a higher model performance (higher median KGE) than the 403 

lumped model structure (Fig. 4a4c-bd, lower panel). In the Rappbode catchment, the lumped model structure (median KGE > 404 

0.6) outperforms the landscape-explicit model structure (median KGE < 0.5) for both calibration and validation periods. 405 

However, both model structures show a comparable model performance for the Hassel catchment with a median KGE of about 406 

0.63. In the Kalte Bode catchment, the landscape-explicit model structure has a higher median KGE for the calibration, but a 407 

lower median KGE for the validation than the lumped model structure. The opposite is true for the Warme Bode catchment, 408 

where both model structures show the lowest median KGEs among the four catchments. We note that the ranking of the model 409 

performance among catchments and periods is sensitive to the performance metrics. More specifically, the NSE, correlation, 410 

BIASbias, and R2and variability, and bias (Figs. S4S6-S6S8) do not show the same trend across the four catchments,   for the 411 

calibration, and validation periods as that of the KGE (Fig. 4). Results also show that the contribution of different KGE 412 

components to its overall value differs (Figs. S6-S8).  413 
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3.3 Effect of constraints on stream DOC and model performanceBaseline versus constrained calibration 414 

The simulated stream DOC concentrations with the lumped model structure under the constrained calibration are in general 415 

lower than those under the baseline calibration and observed data across all catchments (Figs. 5a and  - upper panel and Fig. 416 

S2b). In contrast, within the landscape-explicit model structure, there are only minor differences between the baseline and 417 

constrained calibrations at both daily (Fig. 5b - upper panel) and seasonal timescales (Fig. S2b-c). For example, in the Warme 418 

Bode during winter and spring, the interquartile ranges of the simulated stream DOC concentrations using the landscape-419 

explicit model structure under the constrained calibration are slightly wider than those under the baseline calibration (Fig. 420 

S2c). 421 

 422 
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 424 

Figure 5: (a-b) Observed and simulated stream DOC concentration from (a) the lumped and (b) the landscape-explicit model 425 
structures under the baseline (blue) and constrained (grey) calibrations, along with the model performance (KGEc-d) for both 426 
calibration and validation periods together instead of separating the results by calibration and validation periods. Simulated results 427 
were taken from 30 behavioural DOC simulations. The dots in the boxplots are the means. 428 

With the lumped model structure and across all four catchments, the model performance (mean KGEs) for stream DOC 429 

simulation under the constrained calibration decreases significantly (p-value < 0.05) compared to that under the baseline 430 

calibration (Fig. 5ca, lower panel). The magnitude of reduction in the model performance varies among catchments and models 431 

with an overall average decrease in the KGE of 0.14. In contrast to the lumped model structure, with the landscape-explicit 432 

model structure, the model performance for stream DOC simulation under the constrained calibration shows only a negligible 433 

(KGE decrease of 0.01 on average at Kalte Bode, Warme Bode, and Hassel, p-valuep < 0.05) or minor (KGE decrease of 0.08 434 

on average at Rappbode, p-valuep < 0.05; see Fig. 5b5d, lower panel) decrease. The NSE (except the Warme Bode catchment), 435 

variability, and bias  and BIAS also show a decrease in the model performance under the constrained calibration with the 436 

lumped model structure across all catchments (Fig. S7S9a). However, the R2 correlationsvalues under the baseline and 437 

constrained calibration with the lumped model structure are comparable. With the landscape-explicit model structure, the NSE, 438 
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BIAScorrelation, and R2variability, and bias  under the constrained and baseline calibrations are comparable across all most 439 

of the catchments catchments (Fig. 6bS9b).  440 

3.4 Effects of constraints on the number of feasible simulations and parameter distribution 441 

It is seen that the effect of each constraint depends on the model structure, catchment, and the type of constraint applied (Table 442 

2). For the same constraint (e.g., constraint 1 for groundwater DOC concentration), a smaller percentage of satisfied 443 

simulations with the landscape-explicit model than with the lumped model indicates greater uncertainty in the simulated 444 

internal DOC dynamics of the more complex model structure. Among the three constraints applied on the landscape-explicit 445 

model structure, constraint 2, which represents the relationship between upland and riparian-zone DOC concentrations, is the 446 

most restrictive. This highlights the importance of realistically representing spatial DOC gradients between upland and riparian 447 

zones. Most parameter distributions change little after applying the constraints (Figs. S10 and S11). However, a few parameters 448 

show substantial shifts from their initial distributions, particularly those controlling the rate of SOC to DOC conversion in the 449 

upland or hillslope. 450 

Table 2: Percentage of simulations satisfying each individual constraint and combinations of constraints among the 30 × 100,000 451 

simulations performed for each catchment using randomly generated parameter sets. Constraints 1, 2, and 3 correspond to 452 

groundwater DOC concentration (0.25 < CGW < 2.66 mg/L), the relationship between upland and riparian zone DOC concentrations 453 

(CUL < 0.5CRZ), and the relationship between C transformation rate in the upland and riparian zone (kx→y, UL < kx→y, RZ), respectively 454 

(Section 2.4). 455 

Model Lumped Landscape-explicit 

Constraint 1 1 2 3 1 & 2 1 & 3 2 & 3 1 & 2& 3 

Hassel 5.9 5.6 2.8 68.1 3.7 3.7 1.8 0.8 

Kalte Bode 13.7 7.8 2.0 59.0 4.4 4.4 1.1 0.4 

Warme Bode 14.5 9.3 2.5 55.6 5.0 5.0 1.3 0.6 

Rappbode 13.4 9.2 2.5 60.9 5.4 5.4 1.4 0.7 

 456 

3.5 Effects of constraints on internal DOC dynamics 457 

 458 

Under the baseline calibration, most of the simulated groundwater concentrations with the lumped model structure are above 459 

the threshold level (2.66 mg/L) defined in the constrained calibration (Fig. 6a6a). Under the constrained calibration, the 460 

maximum simulated groundwater concentrations with the lumped model structure are slightly above 2.66 mg/L (as the 461 

constraint was imposed on the average value; Fig. 6b). Moreover, in all catchments, the simulated hillslope DOC 462 

concentrations under the constrained calibration are lower than those under the baseline calibration, especially in the Kalte 463 

Bode and Hassel (Fig. 6a-b).  464 
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 465 

Figure 6: Internal DOC concentrations in different landscape units from the lumped model structures under (a) the baseline and (b) 466 
constrained calibrations. 467 

With the landscape-explicit model structure for the Kalte Bode and Warme Bode, there are minor differences in the internal 468 

DOC concentrations under the baseline (Fig. 7a) and constrained (Fig. 7b) calibration (Fig. 6b). In the Rappbode and Hassel 469 

catchment, however, there are clear differences in the groundwater and upland DOC concentrations under the baseline and 470 

constrained calibration (Fig. 6b). For example, the maximum simulated groundwater DOC concentrations in the Rappbode 471 

and Hassel with the landscape-explicit model structure and under the baseline calibration reach 9 mg/L while those under the 472 

constrained calibration are slightly above 2.66 mg/L. The maximum simulated upland DOC concentrations in the Rappbode 473 

and Hassel with the landscape-explicit model structure under the constrained calibration significantly decrease compared with 474 

those under the baseline calibration (e.g., Hassel: from above 15.0 mg/L to less than 5.4 mg/L). 475 

 476 
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 478 

Figure 67: Internal DOC concentrations in different landscape units from (a) the lumped and (b) the landscape-explicit model 479 
structures under (a) the baseline and (b) constrained calibrations. 480 

3.4 6 Changes in stream DOC concentrations under scenario simulations 481 

In this section, we report results from the Hassel catchment (Fig. 78) as an example. Results obtained from the three remaining 482 

catchments (Fig. S8S12) are similar to those from the Hassel catchment. It is seen that wWith the lumped model structure (Fig. 483 

7 8a– left panel), increasing C input in the upland soils wouldwill significantly increase (p-value < 0.05) stream DOC regardless 484 

of the calibration approach (mean DOC concentration increases from 5.1 to 7.0 mg/L and from 3.3 to 5.2 mg/L when using 485 

the baseline and constrained calibrated models, respectively). By contrast, using the landscape-explicit model structure (Fig. 486 
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7 8b- right panel), the changes in stream DOC concentration are lower than 0.1 mg/L and therefore negligible when increasing 487 

C input in both calibration approaches.  488 

 489 

 490 

Figure 78: Simulated stream DOC concentrations in the Hassel catchment with increasing C input by 5 kg/ha for the period 2015-491 
2018 (a) in the hillslope of the lumped model structure, and (b) in the upland of the landscape-explicit model structure. 492 

When increasing C input, results show that there are negligible changes (< 0.1 mg/L) in the mean groundwater DOC 493 

concentrations across all model structures and calibration methods (results were not shown here). However, there are 494 

significant (p-valuep < 0.05) increases in the mean hillslope DOC concentration with the lumped model structure that were 495 

calibrated under the baseline calibration (an increase of 2.7 mg/L or 45%) and the constrained calibration (an increase of 2.6 496 

mg/L or 70%). With the landscape-explicit model structures, we found increases of 1.3 mg/L (59%) and 1.1 mg/L (83%) in 497 

the upland DOC concentrations with the models calibrated under the baseline and constrained calibrations, respectively. There 498 

are negligible changes (< 0.1 mg/L) in riparian DOC concentrations with the landscape-explicit model structures across all 499 

calibration methods. 500 

4 Discussion 501 

4.1 The right results for the wrong reasons? DOC dynamics under baseline calibration 502 

Application of the lumped and landscape-explicit model structures under the baseline calibration shows that both structures 503 

can give a satisfactory model performance for stream DOC concentrations (Fig. 4). This is in line with previous studies, in 504 

which both model structures were successfully applied for stream DOC simulation (Birkel et al., 2014, 2017; Strohmenger et 505 

al., 2021). However, not all of the simulated DOC concentrations in the internal model units (e.g., hillslope, upland, and 506 

groundwater) from lumped and landscape-explicit model structures fit our process understanding and observations (Ssection 507 

3.3). In fact, with the lumped model structure, none most of the behavioural models under the baseline calibration do not meets 508 

our understanding regarding low groundwater DOC concentrations. More specifically, the lumped model needs implausibly 509 
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high groundwater DOC concentrations to compensate for the low DOC concentration from the hillslope during the high- flow 510 

periods in order to match observed stream DOC concentrationsmaintain high DOC concentrations throughout the year that 511 

cannot be generated by the variably saturated hillslope compartment. Also, wWith the landscape-explicit model structure, only 512 

53% of behavioural models (across all four catchments) under the baseline calibrations meet all of our constraints across all 513 

four catchments (section 2.4). However, in contrast to the lumped model, the landscape-specific model structure maintains a 514 

good performance after constraining the groundwater concentrations to the observed range of DOC concentrations and the 515 

upland concentration to match our understanding of the different compartments. Examining internal DOC concentrations has 516 

often been neglected in catchment DOC models, either due to data availability or because these are not the variables of interest. 517 

Using models that inconsistently simulate internal DOC dynamics could lead to a false interpretation and potentially to wrong 518 

management decisions. Here, together with other water quality studies (i.e., Fohrer et al., 2022; Lutz et al., 2022), we emphasize 519 

the need for also evaluating concentrations and fluxes in and between internal model compartments. 520 

Thus, Oour results show that stream DOC concentration alone is not sufficient to constrain either lumped or landscape-explicit 521 

model structures in terms of internal DOC concentrations and fluxes. The interplay between different parameters affecting 522 

DOC production, together with the added complexity of having those parameters acting in different model compartments (i.e., 523 

upland, groundwater, and riparian zone) result in a myriad of model simulations that are able to reproduce stream DOC 524 

dynamics, but not necessarily able to represent landscape-internal DOC dynamics. With more complex model structures, there 525 

is a higher degree of freedom and a higher uncertainty in model parameterization, leading to higher uncertainty in the internal 526 

DOC dynamics. For example, wider simulated groundwater DOC concentration ranges were found from the landscape-explicit 527 

model structure than from the lumped model structure in the baseline calibration (Figs. 6, 7). This is because the amount of 528 

groundwater that flows directly to the stream in the landscape-explicit model structure is less than that in the lumped model 529 

structure (Fig. 1 and section 3.1), making the information content of observed stream DOC concentration ineffective for 530 

constraining groundwater DOC concentration. Similarly, there is also a high uncertainty in the upland DOC concentration 531 

from the baseline calibration, as DOC in the upland does not flow directly into the stream. 532 

On the other hand, the landscape-explicit model structure enforces a conceptual understanding that also constrainsconstraints, 533 

to a certain extent, the degree of freedom. More specifically, the introduction of the riparian zone compartment that upland 534 

water needs to pass, limits the instream DOC concentration range. Since the riparian zone has a constantly high soil moisture, 535 

the concentration range is mainly dictated by soil temperature (see 2.1) while contributions from upland are buffered by mixing 536 

with the riparian DOC mass. Soil moisture variations in the hillslope allow for a higher DOC concentration range that can be 537 

transferred to the stream. However, we argue that this direct connectivity does not exist in our catchments and therefore gives 538 

the right answer (peak concentrations in stream DOC are met) for the wrong reason (peak DOC comes from the dryer upland 539 

or hillslope compartment) (Musolff et al. 2021, Ledesma et al. 2018a, Ledesma et al. 2025). On  the cost of implausible internal 540 

DOC fluxes, consequently, some of the catchments show a weaker model performance according to the KGE metric with the 541 

lumped compared to the landscape-explicit model structure (Warme Bode, Rappbode, Fig. 4). The lumped model therefore 542 

has greater freedom to reproduce stream DOC peaks and, in some cases, particularly Rappbode, shows better agreement with 543 
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observed stream DOC according to KGE (Fig. 4). However, this apparent improvement comes at the cost of implausible 544 

internal DOC concentrations and fluxes, suggesting that the right stream DOC response is obtained for the wrong internal 545 

reason.  546 

Indeed, there is evidence from the Rappbode catchment that riparian zone DOC concentrations can be higher (observed up to 547 

16 mg/L, Ledesma et al. 2025) than modelled here (range 2.5 to 9 mg/L, Fig. 7). Here, future model refinements may allow 548 

for a higher concentration range in the riparian zone, for example, by accounting for vertical heterogeneity in water flows and 549 

the associated depth-dependent DOC mobilization from riparian zones as described by Seibert et al. (2009) or Ledesma et al. 550 

(2018b)Indeed, there is evidence from the Rappbode catchment that riparian zone DOC concentrations can be higher (observed 551 

up to 16 mg/L, Ledesma et al. 2025) than simulatedmodelled here (range 2.5 to 9 mg/L, Fig. 6). Here, fFuture model 552 

improvements may allow for a higher concentration range in the riparian zone by applying principles of vertical heterogeneity 553 

in water flow and DOC mobilization from riparian zones as described by Seibert et al. (2009) or Ledesma et al. (2018b). 554 

The finding that instream DOC is not sufficient to constrain the DOC concentrations in other model compartments is supported 555 

by similar resultsfindings from previous studies, which focused on other water quality variables. Nguyen et al. (2022) found 556 

considerable uncertainty in the internal modelled results (i.e., soil nitrogen storage, groundwater nitrate concentration) when 557 

their models were only calibrated to the integrated signal (i.e., stream nitrate concentration) at the catchment outlet. They 558 

emphasized the need for more data to better constrain the model. For DOC modelling, we demonstrated that incorporating data 559 

from groundwater DOC concentrations or relative DOC concentration understandings from different landscape units (e.g., 560 

upland and riparian zones) could help to better constrain internal model states, which would otherwise be highly uncertain and 561 

likely implausible when calibrated solely based on instream DOC concentrations.  562 

4.2 The value of a landscape-explicit structure and a constrained calibration 563 

The results of this study demonstrate that under the constrained calibration, model performance in terms of stream DOC 564 

concentration might be compromised as a result of the applied constraints. When additional constraints are introduced, the 565 

solution space becomes more limited (Salmon-Monviola et al., 20242025), potentially leading to a lower number of parameter 566 

sets able to satisfactorily reproduce stream dynamics. However, the simulatedmodelled internal DOC concentrations under the 567 

constrained calibration are more consistent with our understanding and observed data (section 3.3), highlighting the value of 568 

constraining the model. The value of the landscape-explicit structure was revealed in our scenario simulations. With the lumped 569 

model structure, we could only impose the constraint on the simulated groundwater DOC concentrations, and the contribution 570 

of groundwater DOC to stream DOC is minor compared to that of the hillslope due to relatively low groundwater flow and 571 

DOC concentration (Figs. S3 and 6). Thus, the scenario in which we increased C inputs in the lumped structure led to a 572 

significant increase in simulated stream DOC concentrations, which does not match our expectation based onconceptual model 573 

and our observations (Musolff et al., 2024). By contrast, with the landscape-explicit model structures calibrated under the 574 

baseline and constrained calibrations, the majority of stream DOC originates in the riparian zone. Therefore, both calibration 575 

routines show negligible changes in stream DOC concentration during the scenario simulation case, which matches our 576 
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expectations based on our observations in the Rappbode catchment, where an increased C input in the upland following forest-577 

dieback led to minor changes in the stream DOC concentrations (Musolff et al., 2024). We acknowledge that our scenario did 578 

not comprehensively represent the impacts of forest dieback, particularly concerning hydrological changes, but instead focused 579 

exclusively on an increased C input from the upland. This approach aligned with the aim of this exercise, which was to evaluate 580 

how different model structures affect simulations of stream DOC concentrations under changing boundary conditions. 581 

4.3 Implications for model evaluation and model structure selection 582 

The results of our study indicate that a DOC model evaluated solely on its ability to simulate stream DOC concentrations may 583 

not serve as a robust prognostic tool under changing conditions. A lumped model structure might outperform a landscape-584 

explicit model structure for stream DOC concentration simulation (e.g., Fig. 4 - Rappbode catchment), but it is likely that the 585 

lumped model structure cannot be used for scenario exploration (section 3.4). We argue for using only model structures that 586 

can be justified (Beven and Freer, 2001). In line with the arguments presented by Beven and Freer (2001), this justification 587 

should be based on observations or qualitative understanding of the catchment processes as demonstrated in this study, even 588 

when the overall performance of the justifiable models might be lower.  589 

With more complex models,  (e.g., SWAT+-Carbon (Zhang et al., 2013), INCA-C (Futter et al., 2007), HYPE (Pers et al., 590 

2016); BioRT-Flux-PIHM (Wen et al., 2020), the available data may be insufficient to constrain all model parameters. Still, 591 

the models can exhibit substantial equifinality (i.e., multiple parameter sets may produce equally acceptable simulations), 592 

resulting in a wide range of potential solutions, some of which may be unrealistic. This is consistent with our understanding 593 

and experience, in which we found that although a landscape-explicit model structure represents an advancement in model 594 

structure, it might not always yield physically plausible internal DOC dynamics in all its outputsThis is consistent with our 595 

own experience using a landscape-explicit model. Therefore, we recommend that modellers critically evaluate which model 596 

outputs can be used, prioritizing those that have been evaluated by direct observations or corroborated by expert knowledge. 597 

4.4. Limitations 598 

The calibration constraints implemented in this study were restricted to those that could be supported by available observational 599 

data and by our perceptual model of relative DOC concentrations among landscape units. Additional constraints, e.g., the 600 

relative magnitude of DOC concentrations in the upland, groundwater, and riparian zone compared to stream DOC 601 

concentration during different flow conditions could be used if such information is available (e.g., Wen et al., 2020). We did 602 

not conduct a separate evaluation of the simulated stream DOC under different flow conditions. Our analysis focused on 603 

whether the alternative model structures reproduced overall stream DOC dynamics and whether their internal DOC dynamics 604 

were consistent with available observations and process understanding. An extensive evaluation of model performance under 605 

different flow conditions is required if the focus is on event DOC dynamics and understanding the model’s strengths and 606 

limitations under such conditions. In addition, we found that the extent of the riparian zone is sensitive to the defined TWI 607 

threshold, meaning that more precise information about the extent of the riparian zone is needed to constrain results based on 608 
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the TWI. However, we tested for the Rappbode catchment that changing the riparian extent by ±25% led to wider range of 609 

model performance for stream DOC simulation, but the main findings (Section 5) remained unchanged.  610 

Furthermore, a more vertically refined representation of the riparian zone, e.g., through multiple soil layers, could account for 611 

depth-dependent DOC concentrations and for changes in the riparian source layer contributing to stream DOC under variable 612 

flow conditions. This could potentially improve the simulation of high DOC concentrations, especially for the Kalte Bode and 613 

Warme Bode catchments (Fig. 5b), as well as the representation of groundwater DOC concentrations. Additional stream DOC 614 

observations, particularly during high DOC concentration events, would also help to better characterize DOC export across 615 

the full range of hydrological and biogeochemical conditions. This is especially relevant for Warme Bode, where observed 616 

stream DOC concentrations span a wider range than others (Fig. 4). Under such conditions, sparse weekly or biweekly 617 

sampling may miss short-lived DOC peaks and therefore provide limited information for evaluating event-scale model 618 

behaviour. High-frequency DOC measurements or suitable optical proxies, would help to constrain these dynamics more 619 

directly and could improve the representation of high-DOC events in the model.   620 

Our model was based on the mass balance of C for each C pool and model compartment. In other words, all C influxes and 621 

outfluxes associated with each C pool (Fig. 1c) were explicitly represented in the model. However, only the DOC fluxes were 622 

constrained through calibration against observed stream DOC concentrations. Other simulated C fluxes, such as the conversion 623 

of SOC to DIC and DOC to DIC, as well as the SOC and DIC storage estimates, were not directly constrained by observations. 624 

These fluxes and storages should therefore be interpreted with caution. Future studies could evaluate them more directly as 625 

additional observational data on C pools and transformation fluxes become available. 626 

 627 

5 Summary and Conclusions 628 

Elevated DOC concentrations are a major concern for ecosystems and drinking water supply from surface water reservoirs. 629 

Robust modelling tools for predicting terrestrial DOC export to the aquatic system are highly relevant. Data-driven studies 630 

revealed variable functioning of different landscape units (upland, riparian zone, and groundwater) in catchment DOC 631 

mobilization and export. Both lumped and landscape-explicit (separating upland and riparian zone) model structures are in 632 

use. They are generally calibrated to observed stream DOC concentrations, while the landscape-internal DOC dynamics often 633 

do not receive sufficient attention. Here, we developed a flexible model with a lumped and a landscape-explicit 634 

conceptualization for four headwater catchments in the Harz Mountains, Germany. We evaluated the simulated internal DOC 635 

concentrations when the model was calibrated using stream DOC concentration alone (baseline calibration) versusand the 636 

value of using additional constraints based on “soft” data and our perceptual model of relative DOC concentrations among 637 

landscape units for model calibration (constrained calibration). We further conducted a scenario simulation exercises in which 638 

we increased carbon input to the upland to evaluate the simulated response of stream DOC concentration under different model 639 

structures. The key findings from our study are listed below. 640 
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● Under the baseline calibration, both lumped and landscape-explicit model structures can reasonably represent stream 641 

DOC concentration dynamics, with none consistently outperforming the other, as performance varies across 642 

basincatchments and evaluation metrics. However, the simulated DOC concentrations in groundwater for both model 643 

structures waserecan be significantly higher than those from observations, indicating unrealistic internal DOC 644 

dynamics. 645 

● The constrained calibration (accounting for physically -realistic DOC concentrations in the upland and groundwater 646 

compartments) slightly reduces model performance for stream DOC concentration simulation for the landscape-647 

explicit model structure, while but it increasinges the physical realism of the model in terms of internal DOC 648 

dynamicsconcentrations. In contrast, the performance of the lumped model structure is significantly reduced under 649 

the constrained calibration. 650 

● For evaluating the effectiveness of spatial management on stream DOC (e.g., changes that do not occur 651 

homogeneously over the entire catchment, such as increasing C input in the upland in this study), a landscape-explicit 652 

model structure provides crediblereasonable results, while a lumped structure does not. 653 

While the aforementioned results might not be transferred directly to other catchments, wWe call for a careful evaluation of 654 

the physical realism of the DOC processes in the internal model compartments of other DOC models. This is crucial, 655 

particularly when management decisions should be robust, also under changing boundary conditions. 656 

Code and data availability 657 

The model source code and data used in this study can be found at https://doi.org/10.5281/zenodo.1069202 (mHM model 658 

source code), https://doi.org/10.2909/960998c1-1870-4e82-8051-6485205ebbac (CORINE land cover 2018), 659 

https://opendata.dwd.de/ (meteorological data), https://gld.lhw-sachsen-anhalt.de/ (streamflow data), 660 
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