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Summary of Deliverable 

This deliverable (D4.3) presents the scientific validation of the BioScore biodiversity model 

and a comprehensive analysis of ecological trade-offs across four wetland sub-catchments in 

Europe (Netherlands, Finland, Germany, Poland). It contributes to Task 4.3 of the WET 

HORIZONS project, which aims to support data-driven wetland restoration. 

Key Achievements: 

• Empirical Validation of spatial predictions by BioScore: The BioScore model output 

was validated using field data collected within the project and independent biodiversity 

datasets (GBIF, IUCN). For vascular plants and mosses, species distribution models 

showed good predictive capacity (e.g., median true positive rate (TPR) ≥ 0.65 based on 

empirical data), confirming the model’s predictive accuracy across diverse wetland 

types. 

• Assessment of Species–Environment Relationships in BioScore: Modelled niche 

optima of vascular plants showed correlations with independent empirical ecological 

indicator values (EIVs) in the expected direction, particularly for soil pH, temperature, 

and nitrogen availability, demonstrating ecological realism. 

• Trade-Off Analysis Between Ecosystem Services: Quantitative analysis revealed key 

trade-offs between water table, nutrient availability, and greenhouse gas (GHG) 

emissions. Elevated water tables reduced phosphorus saturation and CO2 emissions but 

increased CH4 emissions, highlighting the need for balanced rewetting strategies that 

minimize nutrient and CO2 losses without greatly increasing CH4. 

• Land Use and Biodiversity Patterns: Production-oriented sites (e.g., agriculture, 

paludiculture) supported significantly lower vegetation diversity compared to natural or 

abandoned sites. However, paludiculture still offered comparable performance in 

climate and nutrient metrics, positioning it as a viable compromise in multifunctional 

landscapes. 

• Policy-Relevant Insights: The results demonstrate that wetter site conditions 

consistently yield superior ecological outcomes, including biodiversity, nutrient status, 

and GHG emissions. This supports the prioritization of rewetting and sustainable land 

use (e.g., paludiculture) within EU biodiversity and climate strategies. 

Although empirical data for some taxa and GHG emissions were incomplete, robust modelling 

techniques and cross-validation compensated for these limitations. Overall, this work provides 

a strong empirical foundation for operationalizing wetland restoration across Europe, offering 

actionable guidance for policymakers, land managers, and conservation practitioners.  
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1 Introduction 

1.1 Background and Context 

Wetlands are among the most valuable ecosystems on Earth, playing a crucial role in 

biodiversity conservation, climate regulation, and ecosystem services[1]. They serve as habitats 

for diverse species, regulate hydrological cycles, and act as carbon sinks, mitigating greenhouse 

gas (GHG) emissions[2–34]. Despite these benefits, wetlands are under severe threat due to 

drainage, land-use change, and climate variability, leading to trade-offs between conservation 

goals and socio-economic demands[5,6]. 

The WET HORIZONS project is designed to fast-track wetland restoration across Europe by 

integrating scientific knowledge, policy frameworks, and stakeholder engagement. Work 

Package 4 (WP4) specifically addresses two key aspects of wetland restoration: biodiversity 

assessment through the BioScore model and the evaluation of trade-offs between biodiversity 

conservation, climate regulation, and other ecosystem services. 

One sub-task of WP4 focuses on the BioScore model, a species distribution modelling (SDM) 

framework used to assess how environmental changes, such as climate change or conservation 

measures, affect species distributions. Within WET HORIZONS, BioScore is used to predict 

the current state of wetland biodiversity and its potential responses to climate change. This 

report presents an empirical validation of BioScore, using on-site data from four sub-

catchments and independent datasets to evaluate the model’s predictive capacity. 

A separate sub-task of WP4 is dedicated to the assessment of trade-offs in wetland restoration. 

This involves quantifying the interactions between biodiversity conservation, climate 

regulation (GHG emissions and carbon sequestration), and other ecosystem services such as 

water retention and nutrient cycling. Understanding these trade-offs is essential for developing 

restoration strategies that balance multiple environmental and socio-economic objectives. 

1.2 Objectives of the Report 

This report aims to: 

▪ Validate the BioScore model output and the environmental input data using on-site data 

from four sub-catchments; validate BioScore’s species-environment relationship for 

vascular plants using independent empirical data on their niches (Ecological Indicator 

Values; EIVs); and validate BioScore’s species distribution predictions using GBIF 

occurrence records (vascular plants, mosses, lichens, birds). 

▪ Assess trade-offs between biodiversity conservation, climate regulation, and other 

ecosystem services to identify optimal wetland restoration strategies. 

▪ Provide actionable insights for policymakers, land managers, and conservationists to 

support evidence-based wetland restoration and management strategies, ensuring 

balanced outcomes for biodiversity and climate goals. 

2 Field Campaigns and Data Collection 

The field campaigns for this study were conducted following a standardized protocol (detailed 

below) to ensure consistent and high-quality data collection across the four sub-catchments (NL, 
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FI, DE, PL). These campaigns aim to provide empirical data necessary for validating the 

BioScore model and assessing trade-offs in wetland restoration. The approach ensures that data 

collection is scientifically rigorous, repeatable, and comparable, enabling robust conclusions 

across diverse wetland environments. 

2.1 Site Selection Criteria 

The study sites (Figure 1) were selected based on prior GHG measurement availability, land-

use diversity, and representation of different wetland types. Key selection criteria included: 

• Presence of long-term ecological and hydrological monitoring data to ensure robust 

baseline comparisons. 

• Variability in land-use practices, allowing for cross-site comparisons of restoration 

impacts. The selected land uses included: 

o Natural wetlands with minimal anthropogenic influence. 

o Grasslands dominated by Poa, Carex, and Juncus species, reflecting semi-

natural management. 

o Reedlands with Phragmites and Typha vegetation, often subject to biomass 

harvesting. 

o Carr forests dominated by Salix and Alnus, representing transitional wetland 

ecosystems. 

o Bogs dominated by Sphagnum species, indicative of pristine peatland conditions. 

o Paludiculture sites (with production of reed, Typha and Sphagnum), providing 

insights into alternative wetland use. 

• Representation of multiple wetland types, ensuring broad ecological representation. The 

selected wetland types included: 

o Peatlands (bogs and fens) for carbon storage and water retention analysis. 

o Mineral wetlands (floodplains) for nutrient dynamics and hydrology. 

 

Figure 1: Map of the selected study sites. Shapes represent different wetland types; colours indicate different 

management practices. Some sites overlap due to their close locations. 



   

 

11 

 

2.2 Field Measurements and Protocols 

The following data collection methods were employed in alignment with the Protocol for Field 

Campaigns 2024, ensuring methodological consistency across sites. The approach balances 

ground-truth measurements, remote sensing validation, and standardized ecological 

assessments to provide a holistic understanding of wetland conditions. 

2.2.1 Landscape and Site Description 

Comprehensive metadata was recorded, including date, time, and weather conditions, ensuring 

that seasonal variability was accounted for in the interpretation. To better interpret the observed 

variations, land use and habitat types were classified, incorporating information on historical 

land-use changes where applicable. Water level status was estimated by documenting surface 

inundation, sub-surface saturation, or drained conditions, which provided crucial insights into 

site-specific hydrological dynamics. Surface characteristics, such as slope, microtopography, 

and soil structure, were carefully recorded, as these factors significantly influence wetland 

ecological processes, including water retention, vegetation composition, and soil stability. To 

ensure spatial accuracy, plot sizes were approximated using GPS, high-resolution drone 

imagery, and GIS mapping tools, allowing for precise alignment of field observations with 

geospatial analysis. 

2.2.2 Biodiversity Surveys  

Vegetation biodiversity assessment was carried out through a structured approach to ensure 

consistency and comparability across sites. Standardized taxonomic keys were used for the 

identification of vascular plants and moss species, ensuring taxonomic accuracy. Species 

abundance was estimated within 2×2m plots, with homogeneous ecosystems sampled in three 

replicate plots per habitat type to capture intra-habitat variability. For heterogeneous 

ecosystems, 200m transects were employed, recording species presence and abundance at fixed 

intervals to capture species turnover patterns. Digital tools such as mobile applications, 

photographic documentation, and AI-assisted plant identification were integrated into the 

workflow to enhance data accuracy and efficiency. These tools were consistently cross-verified 

with traditional identification methods (e.g., reference books and identification keys) for quality 

control. Special attention was given to rare species distributions and habitat fragmentation 

effects to inform conservation planning. It is worth noting that while we included bryophytes 

in BioScore, D4.2, fish, spiders, butterflies and moths are not included in BioScore, and no data 

for these taxa were collected in the field surveys. 

2.2.3 Soil and Environmental Sampling  

Soil samples were collected to assess key environmental parameters influencing wetland 

functionality and ecosystem service trade-offs. A combination of gouge augers for dry soils and 

peat samplers for water-saturated conditions ensured consistency across diverse wetland types. 

To allow for detailed vertical profiling, soil was sampled at 0-10, 10-20, and 20-40 cm depths. 

Samples were immediately sealed in airtight plastic bags, transported at 4°C, and frozen upon 

arrival to prevent decomposition. Laboratory analyses included fresh and dry weight 

determination, organic matter combustion at 550°C, and multi-parameter nutrient extractions 

(water, NaCl, Olsen-P, Oxalate-P) to provide insights into soil biogeochemistry and availability 

of nutrients. 
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2.2.4 Biomass and Remote Sensing Data 

Vegetation height was measured at three locations per plot or transect, and mean values were 

calculated to estimate biomass productivity. Differentiation between managed and unmanaged 

vegetation was documented to assess the influence of human interventions, such as mowing or 

harvesting, on ecosystem processes. Remote sensing data, including NDVI (Normalized 

Difference Vegetation Index), was incorporated to enhance biomass estimations and vegetation 

health assessments. NDVI values were correlated with field-based vegetation height 

measurements, allowing for scalable, high-resolution monitoring of wetland conditions across 

large spatial extents. 

3 BioScore Model Validation Methods 

3.1 BioScore Model 

BioScore is a species distribution modelling (SDM) framework that assesses the potential 

impact of changing environmental conditions on species distributions in Europe. SDMs in 

BioScore are fitted using an ensemble approach that includes three complementary modelling 

techniques (GLM, GAM, and BRT). For WET HORIZONS, we tailored BioScore specifically 

to wetland biodiversity (see D4.2). To that end, we extended the model to a selection of key 

wetland species, specifically mosses, lichens, breeding birds, and vascular plants. We also 

added environmental variables that are expected to influence their occurrence in wetlands: 

groundwater level, indicators of inundation regime and moisture accumulation, and the 

proportion of anthropogenic land cover upstream of each wetland site. We evaluated the 

model’s performance using cross-validation, with the area under the receiver operating 

characteristic curve (AUC) and true skill statistic (TSS) as performance measures. Detailed 

information about the BioScore model is provided in D4.2. 

Since the submission of D4.2, we have been working on updating the modelling framework for 

breeding birds. We have adopted a higher spatial resolution to facilitate more fine-grained 

predictions. In addition, we plan to adopt a hierarchical fitting of the SDMs, consisting of 

separate steps to fit responses to climate and more fine-grained environmental characteristics 

(e.g., land cover and groundwater level). This updated framework is expected to enhance our 

modelling of bird distributions, as it better accounts for the differences in scale at which the 

various environmental factors operate[7,8]. Since the hierarchical modelling approach is still in 

development, we focus here on validating the predicted bird distributions in relation to climatic 

variables only, as further described below. We fitted the SDMs with climate variables for 44 

out of 53 species of wetland birds, since the occurrence data for the remaining nine species 

were not available in EBBA. 

3.2 Validation of BioScore 

Using independent data, we validated three aspects of the BioScore model: 1) the predicted 

species distributions (vascular plants, mosses, lichens, and birds), 2) the fitted species-

environment relationships (vascular plants), and 3) the environmental input variables, 

specifically groundwater table depth (GWTD). We validated the predicted species distributions 

by comparing them with observations from three independent occurrence data sources (3.2.1). 

We validated the fitted species-environment relationships based on empirical niche optima 
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(3.2.2). Finally, we validated the environmental input data used for BioScore with empirical 

environmental measurements (3.2.3).  

3.2.1 Predicted Species Distributions 

We validated the predicted species distributions using independent occurrence data from three 

distinct sources: 1) empirical observations from the catchments, obtained in WET HORIZONS 

(for vascular plants and mosses), 2) occurrence data from the global biodiversity information 

facility (GBIF) (for vascular plants, mosses, lichens and birds). We included GBIF data because 

of the relative scarcity of empirical records from the catchments. 

For vascular plants and mosses, we compared the predicted species distributions with the 

empirical observation data collected from the sub-catchments using the true positive rate (TPR). 

Specifically, we quantified how many of the empirical records in the catchment were predicted 

as presence locations by the SDMs, using the formula TPR = TP/(TP + FN), where TP 

represents true positives, and FN represents false negatives (i.e., an empirical presence record 

‘missed’ by the SDM). From the empirical observation data, we excluded all duplicates and 

incomplete records, including those with missing coordinate data. This left us with 529 records 

for 83 species. We validated the modelled predictions against empirical observations from the 

catchments for 74 vascular plants and nine moss species.  

Next, we compared the predicted distributions of the vascular plant, moss, lichen, and bird 

species with independent occurrence data from the GBIF, which contains occurrence data for a 

wide range of species worldwide, following Sumbh et al.[9]. We retrieved species presence 

records from 1990 to 2021 from GBIF using the ‘rgbif’ package in R[10]. We were unable to 

retrieve GBIF records for three plant species because the taxonomic backbone did not match 

any records found in the GBIF database, resulting in validation data for 276 plant and 44 bird 

species. From GBIF, we excluded records with a known geospatial issue, a location uncertainty 

exceeding 1 km, and records outside the study area. Furthermore, for each species, we selected 

a single random GBIF presence value per 1 km grid cell to avoid pseudo-replication. After 

applying these filters, 14 species had no occurrence records. This left 306 species for validation, 

comprising 197 vascular plants, 51 moss species, 14 lichen species, and 44 bird species. We 

then compared the occurrence of these species as predicted by BioScore with GBIF occurrence 

records, using the TPR as a performance measure, i.e., the proportion of GBIF records 

corresponding to a predicted presence. Ochrolechia androgyna had an invalid confusion matrix. 

Thus, we had TPR values for a total of 305 species. 

3.2.2 Species-Environment Relationships Fitted By BioScore  

For vascular plants, we evaluated the ecological realism of the species-environment 

relationships modelled by BioScore based on independent empirical data on species’ niches[11]. 

This validation step was limited to vascular plant species due to a lack of suitable validation 

data for mosses, lichens, and birds. We retrieved niche optima from the modelled species 

responses to the environmental variables from the SDMs. We compared these with independent 

empirical data on niche optima, using the method developed by Hellegers et al.[11]. For the 

empirical niche optima, we utilized ecological indicator values (EIVs), which represent the 

preferred niche conditions of plant species for various environmental variables, based on field 

observations of species co-occurrence patterns, in situ measurements of environmental 

variables, and occasional experiments. EIVs are widely employed in vegetation science because 

they enable the assessment of environmental variables without direct measurements[12]. We 
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collected EIVs for soil moisture, soil nitrogen, soil acidity (pH), light, and temperature for 208 

vascular plant species from Ecological Indicator Values for Europe 1.0 (EIVE1.0), which 

represents the most extensive EIV database available for European vascular plants to date[13]. 

EIVE1.0 is a comprehensive database comprising 31 EIV systems, dating from 1956 to 2022. 

In cases where multiple EIV systems were available for a region, the latest and most 

comprehensive one was used[13]. We extracted species-specific modelled niche optima from the 

SDMs, referred to here as modelled indicator values (MIVs), which are the values of the 

environmental variables corresponding to the highest probability of occurrence (PoO) of the 

species[11]. We extracted MIVs for each species for variables with a variable importance of at 

least 0.05[11]. To extract MIVs from BioScore, we implemented the Evaluation Strip method 

proposed by Elith et al.[14], using the ‘response.plot2’ tool from the ‘biomod2’ package (ver. 

3.3–7) to obtain response curves[15]. We obtained a response curve for each modelling technique 

by varying the environmental variable of interest across its range while keeping the other 

variables at their mean values across the plots of observed species. Next, we calculated species-

specific ensemble response curves for each variable by averaging the response curves across 

the modelling techniques, with each curve weighted by the cross-validated TSS value of the 

corresponding model[11]. From the ensemble response curves, we retrieved the MIV for each 

environmental variable and each species as the variable value corresponding to the highest PoO. 

We computed their median in cases where multiple values were linked to the maximum 

occurrence probability. Finally, we performed a Spearman’s rank correlation analysis between 

each pair of MIV-EIV across the species, using the ‘corr.test’ function from the ‘psych’ package 

in R (v.2.3.9)[16,17].   

3.2.3 Environmental Input Variables 

We validated the BioScore input data on GWTD, as obtained from Fan et al.[18], using empirical 

water table depth (WTD) data collected by Artz et al.[19] (D1.4). We compared the GWTD 

values used as input to BioScore with the mean observed WTD within each corresponding grid 

cell. We performed this comparison using Spearman’s rank correlation analysis using the ‘corr. 

test’ function from the ‘psych’ package in R (v.2.3.9)[16,17]. We did not compare measurements 

for variables that are not included in BioScore, such as GHG emissions.  

4 Trade-Off Analysis Methods 

4.1 Data Collection 

The data used for trade-off analysis comprised a range of environmental and biological 

measurements collected from each study site. Specifically, these included WTD, carbon dioxide 

(CO2) and methane (CH4) emissions, the Shannon-Wiener diversity index, bulk density, 

moisture content, pH, phosphorus saturation ratio (PSR), and the concentrations of total 

phosphorus (P), nitrate (NO3
−), ammonium (NH4

+), and plant-available phosphorus (POlsen). 

The Shannon diversity index (H'), which reflects both species richness and evenness within a 

community, was calculated as: 𝐻′ =  − ∑ 𝑝𝑖
𝑠
𝑖=1 ln 𝑝𝑖 , where 𝑝𝑖  represents the relative 

abundance of species 𝑖[20]. The index was calculated based on wetland-adapted species[21] and 

includes plants commonly found across various wetland types, though not necessarily exclusive 

to wetlands. To ensure consistency and comparability across sites, the Shannon index was 

averaged at the site level. Bulk density serves as an indicator of degradation, typically exhibiting 

higher values in drained or degraded wetlands. PSR, serving as a proxy for phosphorus 
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mobilization potential in soils, was calculated as: 𝑃𝑆𝑅  =  
𝑃𝑜𝑥𝑎𝑙𝑎𝑡𝑒

0.5 × (𝐹𝑒𝑜𝑥𝑎𝑙𝑎𝑡𝑒 + 𝐴𝑙𝑜𝑥𝑎𝑙𝑎𝑡𝑒)
, where 

𝑃𝑜𝑥𝑎𝑙𝑎𝑡𝑒, 𝐹𝑒𝑜𝑥𝑎𝑙𝑎𝑡𝑒, and 𝐴𝑙𝑜𝑥𝑎𝑙𝑎𝑡𝑒 refer to acid ammonium oxalate-extractable P, Fe, and Al, 

respectively[22]. For several study sites, direct measurements of WTD, CO2, and CH4 emissions 

were unavailable. In these cases, values were estimated using systematic modelling approaches, 

as described in Sections 4.1.1 and 4.1.2. 

4.1.1 WTD Estimation 

We have collected the WTD information through field-based monitoring from most of our sites, 

but only in the absence of measured water WTD data for six German sites—Hankhausen, 

Neukalen, Peene, Kamp, Bargischow, and Sandhagen. Therefore, the WTD values for these 

sites were estimated using a remote sensing-based modelling approach. The estimation 

methodology followed the framework described in Stachowicz et al.[23], which employs a 

Bayesian belief network (BBN) to predict mean groundwater levels in peatlands using remote 

sensing and spatial data. The original BBN was trained using long-term WTD data from 45 

piezometers in Biebrza National Park and incorporated three variables: Sentinel-1 Synthetic 

Aperture Radar (SAR) backscatter, peat subsidence (derived from InSAR), and distance to 

watercourses. For the purpose of this deliverable, a simplified version of the approach was 

applied, using only two predictor variables: SAR backscatter coefficient with VH polarization 

and distance to the nearest watercourse. The third parameter used in the original study—peat 

subsidence—was excluded due to the unavailability of consistent subsidence data for these sites. 

SAR backscatter coefficient, derived from a multi-year average of Sentinel-1 imagery (2015 - 

2024), served as a proxy for surface moisture conditions and was shown to correlate strongly 

with mean WTD. Additionally, distance to watercourses was included as a Euclidean distance 

from each location to the nearest ditch, canal, or river and calculated using GIS. Based on 

hydrological studies, this parameter was classified into four distance intervals (0–25 m, 25–100 

m, 100–440 m, >440 m), reflecting the decreasing influence of drainage on WTD with 

increasing distance from watercourses. 

4.1.2 Emission Prediction 

4.1.2.1 Machine Learning Model Selection 

Histogram-based Gradient Boosting Regressor (HGBR)[24] was selected as the core modelling 

algorithm to predict ecosystem CO2 and CH4 emissions. HGBR is a tree-based ensemble 

method that builds additive models through gradient boosting while improving computational 

efficiency by discretizing continuous features into histograms. HGBR offers several advantages 

well-suited to the characteristics of environmental datasets. It demonstrates strong robustness 

to high-dimensional feature spaces, enabling stable and accurate modelling even when multiple 

predictors are used without extensive feature selection. Furthermore, HGBR natively handles 

missing values within feature variables during both training and prediction, eliminating the need 

for prior imputation. It also naturally supports categorical variables, allowing efficient 

processing of discrete features without requiring one-hot encoding or similar transformations. 

Importantly, when coupled with systematic hyperparameter tuning, HGBR often achieves high 

predictive performance by effectively balancing model complexity and generalization. These 

characteristics made HGBR particularly suitable for modelling the heterogeneous and 

incomplete datasets commonly encountered in environmental research. 
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4.1.2.2 Data Processing 

Machine learning modelling was based on the open-access emission factor dataset compiled in 

Task 2.1, using Python (v3.7.6). Twelve feature variables (all annual-averaged values) were 

initially selected: wetland type, classification, WTD, peat depth, air temperature, precipitation, 

total nitrogen, total carbon, carbon to nitrogen ratio, organic carbon, bulk density, and pH. For 

each modelling task (CO2 and CH4), samples with missing values in the respective target 

variable were excluded. Categorical variables (wetland type and classification) were label-

encoded using the “pandas.factorize()” function, which assigns unique integer codes to each 

category. The mappings between category labels and their corresponding integer codes were 

stored to ensure consistency when applying the developed models to a new dataset. Continuous 

predictors were retained in their original scales, as HGBR is insensitive to feature scaling. 

4.1.2.3 Model Development and Optimization 

The processed data were randomly split into training (80%) and testing (20%) subsets. HGBR 

models were trained on the training data, with hyperparameters fine-tuned using 

“GridSearchCV” with five-fold cross-validation. The hyperparameters tuned included 

“max_iter” ({100, 200, 300, 500}), “learning_rate” ({0.01, 0.05, 0.1, 0.2}), “max_depth” ({3, 

5, 7}), and “min_samples_leaf” ({5, 10, 20, 30}), while other settings were maintained at 

default values. The optimal hyperparameter configuration was selected based on the lowest 

cross-validated mean squared error. Model performance was evaluated on the testing set using 

multiple metrics: coefficient of determination (R2), root mean squared error (RMSE), mean 

absolute error (MAE), and their normalized forms (NRMSE, NMAE). Permutation feature 

importance analysis was conducted to identify the top five influential predictors for each target 

variable. Across both CO2 and CH4 models, wetland type, classification, WTD, air temperature, 

and precipitation consistently emerged as the most important features. Subsequently, HGBR 

models were retrained using only these important features, following the same procedure. 

Performance comparisons showed only marginal decreases when using the reduced feature set, 

indicating that these five predictors are sufficient for reliable emission factor predictions. 

4.1.2.4 Prediction of CO2 and CH4 Emissions 

To maximize the use of available data, the final predictive models were fitted to the full dataset 

(training + testing sets) with the best hyperparameter configuration, using the five most 

influential features: wetland type, classification, WTD, air temperature, and precipitation. 

These models were then applied to predict emission factors (CO2 and CH4) for the selected 

study sites. 

Prediction uncertainty was estimated through 100 bootstrap resampling iterations with 

replacement from the full dataset, and 95% confidence intervals were derived from the resulting 

prediction distributions. Finally, the total global warming potential (GWP) was calculated 

based on the predicted CO2 and CH4 values, according to the formula: GWP (t CO2-eq ha−1 yr−1) 

= CO2 (t CO2 ha−1 yr−1) + CH4 (kg CH4 ha−1 yr−1) × 27/1000, where 27 is the 100-year GWP of 

CH4. 

4.2 Statistical Analysis 

4.2.1 Regression Analysis 

Regression analyses were conducted to explore the relationships between selected variables, 

guided by conceptual relevance and compliance with statistical assumptions. The relationship 
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between PSR and WTD was modelled using a generalized linear model (GLM) with a gamma 

distribution and a log link function. The gamma distribution was selected because PSR values 

were right-skewed and strictly positive. The relationship between Shannon diversity and PSR, 

incorporating land use as an additional factor, was modelled using a Gaussian distribution 

applied to log-transformed Shannon diversity indices. Log transformation was used to address 

the right-skewed distribution of Shannon diversity. For the relationship between GHG 

emissions and WTD, different regression approaches were employed for CO2 and CH4. CO2 

emissions, which included both positive and negative values, were modelled using a general 

linear model. Although CH4 emissions (expressed as CO2-equivalents) occasionally included 

negative values, such instances were rare and considered negligible. Consequently, an 

exponential regression model was applied to capture the observed CH4 patterns. The GWP 

model was subsequently derived as the sum of the fitted CO2 and CH4 models. 

4.2.2 Principal Components Analysis 

Principal Components Analysis (PCA) was conducted using complete species lists of 

vegetation along with their corresponding abundances to explore patterns in vegetation 

composition. The resulting principal components, represented as axes in the ordination plot, 

capture the major gradients of variation in the vegetation data. Environmental variables—

including bulk density, moisture content, pH, PSR, P, NO3
−, NH4

+, POlsen, CO2, and CH4—were 

fitted as vectors onto the ordination. The direction of each arrow indicates the gradient of the 

variable, while the arrow length reflects the strength of correlation with the principal 

components. When an arrow points toward a cluster of data points, it suggests that the 

corresponding environmental variable is relatively high for those observations. 

5 Results and Discussion 

5.1 BioScore Model Validation  

5.1.1 BioScore Model  

Following the BioScore approach, we obtained species distribution models (SDMs) for a total 

of 210 vascular plants, 55 moss species, 14 lichen species, and 44 bird species. Models with an 

AUC greater than 0.8 and TSS greater than 0.4 are considered to perform well, i.e., the model 

can accurately predict species occurrences. Based on the cross-validation, we found good 

performance for 183 out of 210 vascular plants, 54 out of 55 mosses, all lichens, and 43 out of 

44 birds. More details on the cross-validation results can be found in D4.2. We note that the 

model performance for the birds has changed slightly compared to D4.2 due to adjustments 

made in the modelling approach, such that the median AUC and TSS are 0.93 and 0.75, 

respectively. We also calculated the Boyce Index; the median BI was 0.97 (Figure A1).  

5.1.2 Validation of BioScore Based on External Empirical Data  

5.1.2.1 Predicted Species Distributions 

Based on validation against empirical observations from the catchments, we found that the TPR 

for vascular plants was greater than 0.5 for 71% of the vascular plant species. Hence, 50% or 

more of the observed presences are correctly predicted (Figure 2). We found that 75% of the 

moss species had a TPR larger than 0.6, meaning that at least 60% of the observations coincided 

with a predicted presence. For both species groups, the median TPR was 1, implying that for 

50% of the species, all observations were correctly identified as present by BioScore. However, 
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we note that for many species for which data were collected, only one data record was available. 

We found no relationship between the TPR and the number of empirical records (Figure A2), 

indicating that the high TPR is independent of the number of presences recorded.  

The comparison of the SDM outputs with independent occurrence data from GBIF revealed 

that models fitted for moss species aligned most closely with observed presences. We found 

that 76% of the moss species had a TPR > 0.6, meaning that for 76% of the moss species, 60% 

or more of the predicted presences matched the observed presences. Similarly, we found that 

62% of the vascular plants had a TPR > 0.5, i.e., for 62% of the vascular plant species, 50% or 

more of the GBIF presences were correctly identified as present within the BioScore output 

(Figure 3). Only 42% of the lichens had a TRP > 0.5. We found that for birds, 59% of the bird 

species had a TPR greater than 0.6, meaning that for 59% of the bird species, 60% or more of 

the predicted presences matched the observed presences from GBIF. No relationship was 

observed between the number of records and the TPR (Figures A3 and A4).  

Overall, the validation based on independent occurrence data revealed that BioScore performed 

best for mosses, followed by birds, vascular plants, and lichens (Figures 2 and 3). This suggests 

that the environmental variables currently included in the model are particularly informative 

for predicting the distribution of mosses that are included in the model. Moreover, the high TPR 

for mosses and vascular plants indicates that the model is well able to detect the actual presence 

of species. Additionally, a high TPR for birds suggests that BioScore is suitable for creating 

predictions for birds based on the chosen climatic conditions.  

 

Figure 2: Proportion of empirical observations correctly predicted by the SDMs (true positive rate; TPR) for 

vascular plants (n=74) and mosses (n=9). The boxes show the medians, the 25th and 75th percentiles, and the 

whiskers represent 1.5 times the interquartile range. 

In contrast, we found a relatively low TPR for lichens, while the lichen species distribution 

models (SDMs) exhibited the highest model performance based on cross-validation (see D4.2). 

This discrepancy may reflect sampling bias in both the model training and independent datasets, 

which may stem from the difficulty in identifying lichens due to their inconspicuous nature in 

the field. Indeed, von Hirschheydt et al.[25] demonstrated that lichen detectability is limited, 

even in large-scale monitoring programs. They recommend repeated surveys to account for 

detectability in lichen assessments properly. Additionally, for cryptic and small species like 
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lichens, the direct predictors are often at micro-scales, which landscape-level predictors do not 

capture. To enhance the effectiveness of SDM for small and cryptic species, Eaton et al.[26] 

propose using landscape-scale compound variables—spatial layers that represent the combined 

effect of multiple environmental factors—as a way to better capture the ecological requirements 

of these species and improve model performance. 

 

 

Figure 3: Proportion of GBIF observations correctly predicted by the SDMs (true positive rate; TPR) for vascular 

plants (n=197), mosses (n=51), lichens (n=13) and birds (n=44). The boxes show the medians, the 25th and 75th 

percentiles, and the whiskers represent 1.5 times the interquartile range. 

5.1.2.2 Species-Environment Relationships Fitted by BioScore 

For vascular plants, we found weak (0.1 ≤ rho ≤ 0.3) to moderate (0.3 ≤ rho ≤ 0.7) relationships 

between modelled and empirical niche optima (MIVs and EIVs, respectively) (Figure 4, Table 

1). Correlations between modelled and empirical indicator optima were mostly in the expected 

direction, except for the MIVs of precipitation and water and wetness probability index (WWPI) 

in relation to the EIV for soil moisture. We found the strongest MIV-EIV relationship between 

soil pH (MIV) and soil acidity (EIV). This was followed by the relationship between the MIV-

EIV pairs of mean temperature of the coldest month and temperature, as well as atmospheric 

nitrogen deposition and nitrogen (Table 1). The weakest relationships were observed between 

soil moisture and precipitation, as well as between soil moisture and the water and wetness 

probability index (Table 1). Both pairs of soil moisture and GWTD, as well as temperature and 

annual growing degree days, showed a poor (rho < 0.3) but somewhat significant relationship 

(p < 0.05). 
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Table 1: Spearman’s rank correlations (rho) between ecological indicator values (EIVs) and modelled indicator 

values (MIVs) for vascular plants. n represents the number of species included in the analysis. Correlations of rho 

≥ 0.3 with p < 0.05 are depicted in bold. 

EIV MIV 
Species group 

Vascular plants 

    rho p-value n 

Soil moisture 

Precipitation -0.14 0.12 132 

GWTD -0.20 0.02 139 

Water and wetness probability 

index 
-0.07 0.66 40 

Nitrogen Nitrogen deposition 0.35 <0.01 90 

 Anthropogenic land cover in the 

upstream catchment area  
0.21 0.39 20 

Soil acidity pH 0.62 <0.001 112 

Temperature 

Mean temperature of the coldest 

month 
0.33 <0.001 187 

Annual growing degree days 0.21 0.004 188 

There are a few explanations for the relatively weak correlations for some MIV and EIV pairs. 

First, there might be intrinsic differences between the variables represented by the EIVs and 

those underlying our MIVs. For example, soil moisture is dependent on multiple water sources, 

hydrological processes, and soil properties, which could explain the lack of a clear relationship 

between the precipitation MIV and the soil moisture EIV. Second, the environmental predictor 

data used as input for BioScore might fall short in capturing fine-grained heterogeneity in 

environmental conditions. For example, the global GWTD map from Fan et al.[18] does not 

account for groundwater dynamics or fine-grained spatial variability in surface elevation, 

making it challenging to capture fine-grained heterogeneity in groundwater depth (see also the 

next section). Further, the EIV values are obtained from a database (EIVE1.0)[13] that assembles 

EIVs from various sources, regions, and times. This may result in heterogeneity in the EIV data 

and a potential mismatch with the environmental data used in our SDMs. Finally, our method 

of calculating the MIV focuses solely on the specific environmental conditions corresponding 

to the modelled niche optima of species, without accounting for other niche-related aspects, 

such as niche breadth or the potential of multiple optima per species. 
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Figure 4: Modelled indicator values (MIV) in relation to ecological indicator values (EIV) for vascular plants. 

Corresponding correlation coefficients (Spearman’s rho), p-values, and number of species included per pairwise 

comparison can be found in Table 1. 

5.1.2.3 Validation of Environmental Input Data 

We observed a moderate positive relationship between the empirical WTD data and the GWTD 

values obtained from the global GWTD map used as input in BioScore (Figure 5), with a 
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Spearman’s rank correlation of 0.48 and a p-value of 0.002. However, we also found that the 

observed WTDs were considerably lower than those in the global GWTD layer, indicating that 

the GWTD layer does not adequately capture the local shallow water levels characteristic of 

wetlands. 

 

Figure 5: Scatterplot of measured GWTD (water table depth) and the GWTD (groundwater table depth) value. 

Measured GWTD here represent value of mean measured GWTD per grid cell. Positive values represent depths 

above ground level, while negative values represent depths below ground level. The dashed line represents the 1:1 

line of equality. 

5.1.3 Implications of the BioScore Validation for Wetland Restoration and 

Management 

In this deliverable, we validated the BioScore model outputs from D4.2 using independent 

empirical datasets. This validation aimed to assess the model’s predictive capacity and 

ecological relevance. The results demonstrate that the BioScore predictions, based on the 

selected environmental variables, are generally reliable and robust for most species. These 

predictions indicate the likelihood of a species' presence, with higher values indicating a greater 

likelihood of its presence under selected environmental conditions. It is essential to note that 

the predicted distributions do not reveal the actual presence of a species, but rather its potential 

distribution or areas where the species could potentially occur, given the prevailing 

environmental conditions. For certain species, especially those with limited empirical data or 

high ecological specificity, these maps should be interpreted in consultation with taxonomic or 

regional experts to avoid misinterpretation. Given these issues, we recommend that experts 

review all BioScore outputs before being used for scenario analysis in D4.4. 
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The validation process confirms that BioScore output maps can serve as valuable inputs for 

large-scale conservation planning and restoration design. The maps provide insight into the 

number and types of wetland species that could potentially establish under the given conditions 

as represented by the environmental variables, thereby offering a useful basis for prioritizing 

restoration areas and informing habitat management strategies[27]. The validation also provided 

critical feedback on the species–environment relationships in the model. It highlighted which 

of the included environmental variables perform well in capturing habitat suitability and where 

model improvements are needed. For example, while BioScore effectively captures broad-scale 

patterns, particularly those driven by climate, it is less effective at regional or fine spatial scales. 

In particular, while GWTD is a recognised key factor in wetland ecology, the model is currently 

only able to incorporate its large-scale effects, and it fails to capture fine-scale hydrological 

variation[9]. BioScore outputs should always be interpreted with caution and supplemented with 

local field data and expert knowledge to confirm species occurrence and habitat suitability. 

The next deliverable (D4.4) will build on this work through scenario analysis. It will examine 

the potential impacts of various restoration and management strategies on the four groups of 

wetland species under a range of future climate scenarios. The insights gained from the cross-

validation and variable importance analysis, as performed for D4.2, as well as from the 

validation presented in this deliverable, are critical for guiding the development and 

interpretation of the upcoming scenario analyses in D4.4. More specifically, the results 

presented in D4.2 and D4.3 can help define which taxonomic groups and environmental 

variables can be reliably used for scenario projections. For example, we can consider removing 

WWPI from the model due to its low variable importance (D4.2) and poor relationship with 

soil moisture (Figure 4). Broad-scale scenario outcomes (e.g., climate-driven range shifts of 

species) are likely to be more reliable than predictions of changes in species occurrence about 

specific localized measures focused on hydrological conditions. We plan to update the bird 

model using a hierarchical modelling approach[7,8] to account for the differences in scale at 

which various environmental factors (e.g., land-use change) are observed during validation. In 

general, scenario outputs require careful inspection and, ideally, expert validation, especially 

for lichens. Areas identified as having high species richness (see D4.2) under restoration 

scenarios should be interpreted as potential hotspots, but not definitive targets without further 

field validation. 

5.2 Trade-Off Analysis 

5.2.1 Quantification of Trade-Offs between Biodiversity, Climate 

Regulation, and Other Ecosystem Services 

A statistically significant relationship was found between WTD and PSR (Figure 6), based on 

a GLM with a gamma distribution and after log-transforming PSR (slope = 0.993, p = 0.03, D2 

= 15.8%, 95% CI = [0.987, 0.998]). The model suggests that PSR decreases by approximately 

7.1% for every 10 cm rise in the water table, indicating a strong link between hydrological 

conditions and phosphorus availability. 

Land use (indicated by different shapes) did not have a significant effect on PSR, possibly due 

to the grouping of paludiculture sites with other production-oriented categories. Unlike 

conventional agricultural lands, paludiculture systems are typically unfertilized, and their 

nutrient status often resembles that of natural or semi-natural sites. This may obscure 

differences in PSR between land use types.  
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Notably, Figure 6 shows a cluster of sites with particularly low PSR values appearing at WTDs 

between –25 and 0 cm. These sites are all managed as natural ecosystems and exhibit the highest 

levels of vegetation diversity. While the relationship is observational and should be interpreted 

with caution, this pattern may suggest that high water tables combined with low nutrient 

availability create conditions conducive to species coexistence. 

 

Figure 6: Relationship between water table depth (WTD; positive/negative values indicate above/below soil 

surface) and phosphorus saturation ratio (PSR), which is a measure of available phosphorus under anoxic 

conditions. Colour: red = water table below –30 cm, green = water table above –30 cm. Shape: Diamond is 

production-driven land use (traditional agriculture, paludiculture, forestry) and circle is other land-uses (nature 

or abandoned). Point size is related to the Shannon-Wiener diversity index, a measure of diversity of the vegetation 

community. 

Wetland-adapted vegetation diversity was negatively associated with PSR (Figure 7), modelled 

as the natural logarithm of the Shannon-Wiener diversity index using a GLM with a Gaussian 

distribution (slope = 0.067, p = 0.02, R2 = 13.8%, 95% CI = [6.52 × 10−3, 0.68]). The model 

indicates that vegetation diversity declines by approximately 23.3% for every 0.1 unit increase 

in PSR. Across the full PSR gradient (0-1), this corresponds to an estimated 93% reduction in 

diversity.  

Although WTD was not significantly associated with diversity (colors in Figure 7 represent the 

WTD), land use showed a clear influence. Sites under production-oriented use generally 

exhibited lower Shannon diversity than those managed as natural systems (shapes in Figure 7 

represent the land use). This pattern prompted the construction of an extended model including 

both PSR and land use as predictors (see Table 2). The extended model explained 43.9% of the 

deviance in vegetation diversity, representing a 30% improvement over the base model that 

excluded land use. Notably, with land use included, it emerged as a significant predictor of 

vegetation diversity, whereas PSR was no longer statistically significant. This shift indicates 

that land-use practices are the primary driver of vegetation diversity. Specifically, Shannon 

diversity was 68.6% lower in production-oriented sites compared to natural areas, highlighting 

a substantial trade-off between biodiversity conservation and agricultural utilization of drained 

wetlands. 
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Figure 7: Relationship between phosphorus saturation ratio (PSR) and biodiversity of wetland-adapted vegetation 

(Shannon diversity index). Colour: red = water table below −30 cm, green = water table above −30 cm. Shape: 

Diamond is production-driven land use (traditional agriculture, paludiculture, forestry), and circle is other land 

uses (nature or abandoned). 

Table 2: Results from generalized linear model: Shannon diversity index. D2 = 45.3% 

 Estimate 
95% CI lower 

bound 

95% CI upper 

bound 
P-value 

Intercept 1.60 0.95 2.70 0.076 

PSR −59% −95% +234% 0.39 

Land use 

(production) 
−68% −83% −43% 4.5×10−4 

GHG emissions responded differently to changes in WTD (Figure 8). CO2 emissions declined 

significantly with rising water tables, as shown by our linear model (slope = −0.24, p = 0.002, 

F1,31 = 11.78, R2 = 25%). In contrast, CH4 emissions increased significantly with higher water 

tables, following an exponential trend (slope = 0.018, p < 0.001, D2 = 22%, 95% CI = [0.011, 

0.024]) and reflecting enhanced methanogenesis under wetter conditions. These opposing 

responses reveal a clear trade-off between CO2 and CH4 emissions in response to rewetting. 

However, when expressed as a total climate impact using 100-year global warming potentials  

(GWP100), the net effect remains a climate benefit. Rewetting leads to a substantial reduction 

in overall GHG emissions, primarily driven by the suppression of CO2 emissions, which offsets 

the rise in CH4. 
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Figure 8: Relationship of CH4 (red) and CO2 (green) emissions (both expressed as t CO2-eq ha−1 yr−1) with the 

water table. Measured emissions were used where available; other emissions were estimated through a modelling 

approach. CO2 and CH4 lines were summed to get the 100-year global warming potential (GWP100) projection. 

PCA was conducted to explore variation in vegetation composition across sites, with shorter 

distances between points indicating greater similarity (Figure 9). The ordination reveals three 

distinct site clusters: (1) highly intensive Dutch agricultural sites, positioned around [−0.5, 0]; 

(2) Finnish forested peatlands, clustered near [0.5, -0.5]; and (3) a mixed group of Dutch, 

German, and Polish sites—including natural areas, paludiculture, and extensive agricultural 

lands—located around [0.25, 0.5]. These three clusters reflect distinct vegetation compositions 

shaped by land-use practices and environmental conditions. 

To aid interpretation, environmental variables were overlaid as vectors, illustrating their 

correlations with the first two principal components and potential associations with site clusters. 

Although none of the vectors were statistically significant, they reveal indicative trends. Among 

the environmental variables, moisture content, total P, and bulk density exhibited the longest 

vectors, indicating their strong associations with the primary gradients in vegetation 

composition. Sites with higher Shannon diversity (represented by larger point sizes) are 

oriented opposite the P and NH4
+ vectors, demonstrating a negative relationship between 

vegetation diversity and nutrient availability. This pattern is consistent with the regression 

results presented in Figure 7, which showed a significant decline in diversity with increasing 

PSR. Additionally, bulk density, POlsen, PSR, and CO2 emissions all point toward the cluster of 

intensively drained Dutch agricultural sites, suggesting elevated values of these variables under 

conventional farming. Their near collinearity indicates strong intercorrelation, likely reflecting 

a shared underlying gradient of agricultural intensity and soil degradation. In contrast, soil 

moisture content points in the opposite direction, indicating that wetter sites are associated with 

lower CO2 emissions, phosphorus availability, and bulk density. 
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Figure 9: Principal components analysis (PCA) combining ecosystem services. Each point represents a 

measurement site, which is placed based on the species composition of vegetation. Arrows represent various 

indicators of ecosystem services. Color: Red = Water table below −30 cm, green = water table above −30 cm. 

Shape indicates land-use: diamond = production-oriented (traditional agriculture, paludiculture, forestry) and 

circle = other land uses (abandoned or natural). Size represents the Shannon-Wiener diversity index. 

5.2.2 Key Trade-Offs and Their Implications for Wetland Restoration  

Restoring wetlands inevitably involves navigating several ecological trade-offs, each carrying 

distinct implications for management decisions. One of the clearest patterns emerging from our 

analysis is the relationship between WTD and PSR (Figure 6). Higher water tables are 

consistently associated with lower phosphorus saturation, suggesting that rewetting can 

effectively reduce the risk of nutrient mobilization and subsequent eutrophication. However, 

this benefit may come at the cost of reduced nutrient availability, which can in turn limit 

primary productivity[28]. This trade-off underscores the importance of aligning hydrological 

restoration targets with intended land-use functions, particularly in policy frameworks that seek 

to integrate ecological restoration with sustainable biomass production. 

Our results showed that vegetation diversity declines sharply as soil phosphorus levels increase 

(Figure 7), suggesting that high nutrient availability is associated with lower biodiversity, while 

nutrient-poor environments may promote species coexistence[ 29 ] by limiting competitive 

exclusion and fostering niche differentiation[30]. Additionally, we found that land use also plays 

a central role in shaping vegetation diversity (Table 2). Production-oriented systems—whether 

traditional agriculture, forestry, or even paludiculture—tend to support markedly lower 

vegetation diversity, harboring only about half as many species compared to natural or 

abandoned sites (i.e., areas no longer under active land use and left to undergo artificial or 

natural rewetting). While paludiculture is often promoted as a compromise between ecological 

and economic goals[31], its ability to support high vegetation biodiversity appears limited. This 
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raises a key consideration for restoration planning: when biodiversity is a primary objective, 

strategies should lean toward passive or low-intervention approaches that allow natural 

successional processes to unfold[32]. Where maintaining some form of productivity is necessary, 

paludiculture may offer a more sustainable pathway than intensive agriculture, though likely at 

the cost of reduced species richness. 

GHG dynamics reveal an additional layer of ecological trade-offs (Figure 8). Our results 

demonstrate that rewetting substantially reduces CO2 emissions, due to the suppression of 

aerobic decomposition processes[ 33 ]. However, this benefit is accompanied by a marked 

increase in CH4 production, driven by reestablished anaerobic conditions favorable for 

methanogenesis[34]. This trade-off is well-established in the literature, with consistent findings 

from both laboratory experiments[35–37] and field studies[38–40]. Although the net effect indicates 

an overall reduction in total GHG emissions (assessed using GWP100), which supports the 

findings of Günther et al.[41], the rise in CH4 emissions still poses a significant counterbalance 

to the climate benefits of rewetting. Therefore, developing rewetting strategies that minimize 

CH4 emissions while preserving CO2 mitigation benefits should be a priority for policymakers 

and land managers aiming to implement effective climate-smart wetland restoration. 

Furthermore, the multivariate patterns revealed by the PCA show that intensively drained 

agricultural sites tend to cluster together, all characterized by low vegetation diversity—often 

dominated by a few common species such as Lolium perenne and Trifolium repens—and 

elevated levels of bulk density, POlsen, PSR, and CO2 emissions (Figure 9). These consistent 

indicators of degradation reflect the strong and aligned impacts of intensive agricultural 

practices on multiple aspects of ecosystem functioning[42]. This finding highlights the need for 

wetland restoration to be guided not only by specific ecological targets, such as biodiversity 

enhancement or climate mitigation, but also by a broader understanding of the cumulative 

impacts of long-term land use on ecosystem conditions. Integrating this systems-level 

perspective into restoration planning can help practitioners better predict ecosystem responses 

and develop more effective, holistic strategies. 

Overall, the findings demonstrate that wetter site conditions consistently deliver superior 

ecological outcomes across multiple indicators, including biodiversity, nutrient status, and 

GHG emissions. This highlights the fundamental importance of elevated water tables in wetland 

restoration planning. Although various management strategies entail distinct trade-offs, these 

are relatively minor when compared to the substantial ecological costs of continuing the current 

‘business as usual’ scenario dominated by intensive and unsustainable agricultural practices. In 

this context, paludiculture emerges as a particularly promising management option. Despite its 

reduced vegetation diversity relative to natural or abandoned sites, paludiculture performs 

comparably across most other ecological metrics, making it a practical alternative to purely 

conservation-driven restoration. Its capacity to integrate ecological functionality with economic 

use may enhance implementation feasibility and broaden stakeholder support. Therefore, it is 

essential to move forward by prioritizing the reestablishment of higher water tables, adopting 

sustainable management approaches such as paludiculture, and actively seeking strategies to 

mitigate key trade-offs, particularly those concerning biodiversity and CH4 emissions. 

6 Conclusions, Limitations, and Perspectives 

This deliverable represents a substantial advancement in the empirical validation of biodiversity 

models and the quantification of ecological trade-offs in wetland restoration. Through a 

coordinated field campaign, state-of-the-art modelling approaches, and multi-site comparisons 
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across diverse European sub-catchments, we have demonstrated that robust, integrated 

assessment of biodiversity and ecosystem services is feasible, scalable, and policy-relevant. 

Our work has: 

• Validated the BioScore model for key taxonomic groups, particularly vascular plants 

and mosses, using both field data and large-scale biodiversity databases (e.g., GBIF). 

• Uncovered meaningful ecological trade-offs between biodiversity, nutrient dynamics, 

and GHG emissions, offering practical guidance for wetland restoration strategies. 

• Demonstrated that elevated water tables consistently enhance ecosystem outcomes, 

providing strong support for rewetting across diverse land-use types. 

These results offer valuable scientific and practical insights, even though several limitations 

remain and further development is needed: 

Limitations  

1. Data Gaps for Certain Taxa and Environmental Variables 

Some species groups (e.g., birds, lichens) had limited occurrence data, and certain 

environmental variables (e.g., GHG fluxes, WTD) were unavailable at some sites. For 

biodiversity, we complemented limited field data with global datasets (e.g., GBIF), 

allowing us to validate SDMs using multiple independent sources. For missing 

environmental data, we applied advanced machine learning models (HGBR) trained on 

an extensive emission dataset from WP2, and used a Bayesian belief network with 

remote sensing inputs. These models showed high performance and allowed us to 

generate realistic estimates for CO2 and CH4 emissions, as well as WTD. 

2. Discrepancies in Hydrological Modelling Inputs 

The BioScore input for GWTD, as obtained from Fan et al. (2013), was validated using 

empirical WTD data collected at the sub-catchments. The poor correlation between the 

two variables indicates that the global GWTD depth map falls short in capturing local 

temporal and spatial heterogeneity in groundwater levels and the shallow groundwater 

depth characteristic of wetlands. This emphasizes that the BioScore output is more 

relevant and can provide better insights into potential species occurrence across large 

spatial scales than at the local level. 

3. Short Temporal Scope 

We are aware that data were collected during a single field season, limiting our ability 

to capture seasonal or interannual variability. However, the selected study sites have 

long-term ecological and hydrological records, which aid in interpreting current 

measurements within a broader temporal context. The field protocols were also 

designed to be repeatable, establishing a foundation for long-term monitoring beyond 

this deliverable. 

Perspectives and Future Directions 

Despite these challenges, the project has established a solid empirical and methodological 

foundation for integrating biodiversity and ecosystem service metrics in wetland restoration. 

Looking ahead, several strategic directions can build upon this progress: 

1. Expand Empirical Monitoring and Validation 
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Continued biodiversity and GHG flux monitoring across additional sites and seasons 

will enhance the broader applicability of the BioScore model and trade-off analyses. 

This expansion will also support the use of more advanced analytical methods—such 

as structural equation modeling (SEM), which requires larger datasets than currently 

available—thereby enabling deeper empirical insights into ecological trade-offs. The 

reliability of regression and PCA approaches will also benefit from increased site 

diversity. 

2. Enhance Model Integration 

Including functional traits and ecosystem process metrics (e.g., nutrient retention, 

carbon accumulation) may strengthen model realism and usability for land-use planning. 

3. Optimize Rewetting Strategies 

Trade-off insights should inform restoration strategies that minimize CH4 emissions 

while preserving CO2 sequestration and biodiversity gains. Paludiculture and other 

hybrid restoration strategies offer promising middle-ground solutions where full 

rewilding is not feasible. These should be optimized and scaled based on site-specific 

trade-offs and stakeholder needs. 
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8 Appendix 

 

Figure A1: Boxplots of the cross-validated a. area under the receiver-operating characteristic curve (AUC), b. 

true skill statistic (TSS) and c. Boyce Index (BI) of the models fitted for bird species (n = 44) with climate variables. 

The boxes show the medians, the 25 and 75 percentiles and the whiskers represent 1.5 times the inter-quartile 

distance. 

 

 

Figure A2: Scatterplot of true positive rate (TPR) and number of observations as observed in the empirical data. 

The scatterplot contains data points for both vascular plants (n = 74) and moss species (n = 9).  
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Figure A3: Scatterplot of true positive rate (TPR) and number of observations as observed in the GBIF data. The 

scatterplot contains data points for vascular plants (n = 210), moss (n = 55) and lichen species (n = 14). 

 

 

Figure A4: Scatterplot of true positive rate (TPR) and number of observations as observed in the GBIF data. The 

scatterplot contains data points for birds (n = 44).  


