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Abstract 

Land use change (LUC) potentially intensifies streamflow extremes. However, there still exists a lack 

of knowledge about the influence of LUC on high and low flows because a valid assessment is difficult. 

That is mainly due to the need of isolating the impact of LUC on streamflow from other influences e.g., 

climate or other human interferences. Therefore, it is important to use reliable methods in order to 

investigate the effect of LUC on streamflow extremes. This thesis focuses on the influence of four LUC 

classes (agriculture, pasture, urban, green area) on high and low flows. To examine the influences, I 

applied two different methodologies (regional-scale comparison and panel regression model) and 

evaluated their performance. The study was conducted on 30 catchments over the period 1986 – 2017 

in the Weser-Ems Region in Northwestern Germany. To address the streamflow extremes, I represented 

them by indices of their most important characteristics (discharge magnitude, duration and volume). The 

regional-scale comparison showed no pattern of LUC influencing streamflow extremes in the region. In 

contrary, the panel regression model resulted in a significant effect of change in green area on the high 

flows. Hereby, a 1% increase in green area (relative to catchment area) reduced the maximum peak 

discharge by over 3%. Furthermore, there was a mitigating effect on the excess volume. I related the 

differences in results to the methodologies’ inherent calculation. Evaluating the methodologies, I 

conclude that the regional-scale comparison is a straightforward approach with minor limitations. The 

panel regression model is complex and requires an elaborate comprehension. However, if correctly 

applied it can lead to valuable results. 

Keywords: streamflow extremes; floods; droughts; land use change; catchment hydrology; lowland; 

regional-scale comparison; panel regression model; methodology assessment 

 

Zusammenfassung 

Landnutzungsänderungen können zur Erhöhung von Extremereignissen in Fließgewässern beitragen. In 

Bezug auf den genauen Wirkungsgrad von Landnutzungsänderungen auf das Abflussgeschehen besteht 

jedoch Unklarheit, da die Abschätzung der Auswirkungen schwierig sein kann. Das liegt vor allem 

daran, dass der Einfluss von Landnutzungsänderungen von anderen Faktoren (Klima oder anderen 

menschlichen Einflüssen) isoliert werden muss. Für eine Untersuchung sind daher verlässliche 

Methoden von besonderer Wichtigkeit. Diese Masterarbeit untersucht den Einfluss von vier 

Landnutzungsänderungen (Landwirtschaft, Weide, Urban sowie Natur- und Grünfläche) auf Hoch- und 

Niedrigwasser. Hierbei wurden zwei verschiedene Methoden angewendet: ein regionaler Vergleich 

sowie ein Panel Regression Modell. Die Methoden wurden im Weitern auf deren Anwendbarkeit und 

Verlässlichkeit evaluiert. Die Studie wurde an 30 Einzugsgebieten in der Weser-Ems Region in 

Nordwestdeutschland durchgeführt. Dabei wurden Hoch- und Niedrigwasser durch Indizes 

repräsentiert, welche deren wichtigste Eigenschaften abbilden (Abflusshöhe, Dauer und Volumen). Der 

regionale Vergleich konnte kein Muster zwischen Landnutzungsänderungen und deren Auswirkung auf 

extremes Abflussgeschehen feststellen. Im Gegensatz dazu zeigte das Panel Regression Modell einen 

signifikanten Einfluss von Grünfläche auf Hochwasser. Dabei verringerte die Zunahme von 1% 

Grünfläche die Abflussspitzen um mehr als 3%. Zusätzlich hatten Grünflächen auch einen 

vermindernden Effekt auf das Hochwasservolumen. Die Unterschiede zwischen den Methoden werden 

der einzelnen Methodik inhärenten Berechnung zugeordnet. Die Beurteilung der Methoden kam zu dem 

Schluss, dass der regionale Vergleich ein leicht anwendbarer und verlässlicher Ansatz ist, dessen 

Fehlerquellen gering sind. Hingegen ist das Panel Regression Modell komplex und benötigt viel 

tiefgehendes Verständnis, was zeitaufwendig ist und zu Problemen führen kann. Bei richtiger 

Anwendung kann das Panel Regression Modell jedoch wertvolle Ergebnisse liefern. 
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1. Introduction 

River dynamics have changed globally with major implications for hydrological extremes including 

high and low flows (Berghuijs et al., 2017; Gudmundsson et al., 2019; Hall et al., 2014; Stahl et al., 

2010). This development will, in all likelihood, be intensified even more: Streamflow extremes are 

predicted to increase in frequency and severity with climate change being the main driver (Asadieh and 

Krakauer, 2017; Görgen et al., 2010; Hirabayashi et al., 2013; IPCC 2021: Seneviratne et al., In Press; 

Nilson et al., 2014; Prudhomme et al., 2014). However, climate change is not the only reason. 

Alterations in streamflow extremes are also caused by anthropogenic interventions like constructions of 

water reservoirs or hydropower regulations (Arheimer et al., 2017; Batalla et al., 2004; Zhang et al., 

2014).  

The intensification of floods and droughts poses a great challenge due to the socio-economical as 

well as ecological damage which they can cause (Messner and Meyer, 2006; Naumann et al., 2015; 

Winsemius et al., 2016). Therefore, it is important to understand the nexus of drivers of change and their 

impact on streamflow. This comprehension is the main requirement to ensure necessary measures and 

mitigate the consequences of an increase in streamflow extremes. Besides meteorological factors and 

highly alterations of river dynamics, land use change (LUC) potentially has a major impact on 

streamflow extremes (section 1.1 and 1.2). For example, urban growth as well as deforestation can 

increase flood peaks and afforestation can reduce low flows  (Bradshaw et al., 2007; Rogger et al., 2017; 

Calder, 1992; Cheng et al., 2017; Ochoa-Tocachi et al., 2016a; Diem et al., 2018; Brown et al., 2005) 

However, there still exists a lack of knowledge about the influence of LUC on hydrological extremes 

because a valid assessment is difficult: One challenge is related to the decreasing effect of LUC on 

streamflow with increasing scale where an effect may be great on the hillslope scale but decreases with 

increasing catchment size (Blöschl et al., 2007). Another challenge is the estimation of the effect size 

that LUC has on the streamflow because other factors like climate change or additional human 

interferences (e.g., dams, reservoirs) may cause an alteration in flow as well. Therefore, an investigation 

requires the isolation of the exclusive LUC effect on streamflow extremes apart from other influences. 

If the isolation is not correctly applied, changes can be wrongly assigned to LUC. Thus, the choice of 

the method is central in order to gain insights into the effects of LUC on streamflow extremes. 

Moreover, most research has focused on one LUC direction (e.g., urban development or forestry) 

whereas looking at various LUC classes can give a more general impression on the impact of LUC on 

hydrological processes in a catchment area. Furthermore, only limited studies exist that analyze both 

streamflow extremes, droughts and floods.  

Therefore, this thesis investigates how four important LUC – agriculture, pasture, urban and green 

area – affected both streamflow extremes, high and low flows, in various catchments in Northwestern 

Germany. In order to examine this research question, I apply two different methodologies (regional-

scale comparison and panel regression model) and evaluate (1) their performance in isolating the LUC 

effect from other factors, (2) the plausibility and reliability of the outcome and (3) the complexity of 

application. The aim of this assessment is to make a recommendation for the more appropriate 

methodology. Nevertheless, the results of the LUC impact on streamflow extremes will be valid for the 

study region only because hydrological processes are highly context-dependent i.e., LUC affects the 

region’s intrinsic dynamics (Blöschl et al., 2007). These effects can even be opposing depending on the 

region (Wang and Hejazi, 2011).  
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1.1. LUC and hydrological processes 

Mainly, LUC refers to changes between agriculture, forest or other natural vegetation as well as urban 

area presenting a complex coupling with hydrological processes. The most important implications for 

streamflow extremes are (1) changes in runoff generation and overland flow as well as (2) changes in 

soil water processes (Blöschl et al., 2007; Calder, 1992; Chang and Franczyk, 2008; Rogger et al., 2017).  

Both have an effect on the high flow generation. The alteration of the land surface and its cover (e.g., 

changes in imperviousness, compaction, and vegetation cover) affects the infiltration as well as the 

surface roughness. Less infiltration capacity increases infiltration excess runoff and reduced surface 

roughness scales up the overland flow velocity. Furthermore, the soil’s water content is influenced by 

changes in infiltration. Moreover, these alterations can be intensified by changes in evapotranspiration 

e.g., through the transpiration demand of different plants. Thereby, increases in soil water content can 

lead to higher antecedent soil moisture that causes excess saturation runoff and is an important flood 

driver (Berghuijs et al., 2019; Brunner et al., 2020). In addition, flooding caused by high antecedent soil 

moisture can be further intensified by reduction of the soil’s water storage capacity e.g., because of 

drainage of wetlands (Wingfield et al., 2019).  

For the low flow dynamics, the soil water processes play the major role. Less infiltration and higher 

evapotranspiration demand can cause a reduction in the soil water content. The decrease of the soil’s 

storage capacity can further shrink the water storage. On the long-term, these effects decrease the 

baseflow as well as the groundwater recharge.  

In summary, increasing infiltration excess runoff and saturation excess runoff can influence flooding. 

Reduction in soil water can decrease low flows through impacts on baseflow. However, LUC can also 

have more elusive consequences like changes in preferential flow pathways through roads or artificial 

drainage, yet even indirect ones e.g., through irrigation water or groundwater abstraction (Döll et al., 

2009; Jones and Grant, 1996).  

 

1.2. Literature overview 

As the method of choice is crucial to the outcome, the results of studies have to be critically examined 

taking into consideration the methodology used.  Most applied methodologies comprise hydrological 

modelling, case study, paired-catchment approach, large-scale comparison and panel regression model.  

Hydrological modelling is a widely applied approach and compares different modelling scenarios 

(e.g., natural and urbanized) to evaluate the impact of LUC. Mostly, LUC influences are integrated in 

the model as changes in infiltration and runoff coefficients. However, simulated results are only as 

accurate as the model itself and furthermore models are often large scaled (e.g., SWAT or VIC model) 

which causes uncertainty. Simulations showed that for urban development, reaching 10 – 20% 

impervious cover in the catchment area affects streamflow extremes (Chang and Franczyk, 2008; Oudin 

et al., 2018), however others reported a 3 – 5% threshold (Booth and Jackson, 1997; Yang et al., 2010). 

High urban expand of more than 40% catchment area increased peak flow by 13% (Shi et al., 2007), yet 

effects were observed by way smaller increases in urban area (Choi et al., 2003; Hurkmans et al., 2009; 

Lei et al., 2021; Petchprayoon et al., 2010). High agriculture increase above 30% of catchment area with 

losses of pasture, forests and other natural areas caused small increases in droughts and floods (Huisman 

et al., 2008; Qi et al., 2020). Deforestation of 20% of catchment area increased peak flows up to a third 

(Seibert and McDonnell, 2010). However, very high afforestation of 40% catchment area only caused a 

slight decrease in peak flow (Wegehenkel, 2002). Yet, including climate change into the model setup 

led to a minimization of the LUC contribution (Chawla and Mujumdar, 2015; Frans et al., 2013). 
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The case study approach compares streamflow of a pre-LUC period to a post-LUC period to 

investigate alterations in streamflow between the two periods. However, other factors (e.g., climate, 

other interferences) can have a greater impact on discharge change. Therefore, climate data is often 

included in the analysis that makes the approach more valuable. Yet, the data collection is time 

consuming and excluding all possible confounders can be difficult. Furthermore, changes in streamflow 

are not detected if they appear with a time lag. Studies including climate confounders, showed that 

agricultural expansion of 20 – 30% catchment area, high urban increase up to 60% catchment area or 

grassland reduction up to 13% catchment area altered streamflow and streamflow extremes (Costa et 

al., 2003; Debbage and Shepherd, 2018; Rientjes et al., 2011; Zheng et al., 2009). However, other studies 

reported streamflow changes were driven by climate change rather than LUC (Gupta et al., 2015; 

Krajewski et al., 2021; Richey et al., 1989; Sullivan et al., 2004; Tu et al., 2005).  

The paired-catchment approach is a classic method that compares the streamflow of two catchments 

with similar characteristics (e.g., precipitation, temperature, hydrogeology, soil) but with differences in 

LUC – a catchment with LUC and a control catchment without LUC. There is no need to control for 

changes in climate because discharge data of the same observation period is compared which makes the 

approach safer to bias. However, there can be problems if there have been unobserved interferences in 

the catchments. Furthermore, the search for pairs can be challenging and time consuming. Deforestations 

of 20%, 50% and 100% catchment area accounted for increases in groundwater and baseflow (Cheng et 

al., 2017; Brown et al., 2005). Clearcutting was reported to have a high impact on peak discharge yet 

another statistical analysis with the same data attributed only a smaller influence (Beschta et al., 2000; 

Jones and Grant, 1996). Afforestation as well as agricultural expansion decreased low flows and 

increased high flows (Ochoa-Tocachi et al., 2016a, b). Urban expansion of 10% and 20% caused upward 

trends in runoff and thus influenced flooding (Putro et al., 2016). Other studies of human interferences 

attributed increases in droughts to groundwater abstraction and dam constructions (Rangecroft et al., 

2019; Van Loon et al., 2019). 

Another method, yet closely related to the paired-catchment approach, is the large-scale or regional-

scale comparison. Instead of searching for similar pairs, a large sample of catchments with variation in 

LUC is compared. Therefore, streamflow changes are related to LUC only if the major proportion of 

catchments with LUC – in contrast to those without – showed an alteration in streamflow. The sheer 

number of catchments thus achieves robustness for the statistical analysis as well as makes the control 

for other changes (e.g., climate, human interferences) less important (Gupta et al., 2014). This approach 

can be effective and reliable yet it needs a larger number of catchments. Studies showed that 

imperviousness reaching levels of 10 – 20% catchment area could not be related to flood or drought 

dynamics yet an urban expansion of 30% catchment area due to decrease in forests caused an increase 

in high flow days (Brandes et al., 2005; Diem et al., 2018). Moreover, another study showed that human 

influences (e.g., reservoirs, groundwater abstractions) are not consistent in their impact on drought 

characteristics and can vary between catchments (Tijdeman et al., 2018). 

The panel regression model is a relatively new approach in hydrology with interest on the rise, 

originating from economics and social science. By making use of the panel structure (time and space) 

of a large data set with various catchments, the average effect of LUC on streamflow is estimated 

through regression modelling. Hereby, the panel regression model can control for unobserved influences 

(e.g., climate changes) through time dummies and other modifiers. However, the right model setup can 

be complex yet is crucial and therefore can cause bias. A study showed that a 1%-point increase of 

impervious cover in catchment area slightly increased flood peak discharge (Blum et al., 2020). 

Deforestation of 10% catchment area caused an increase in flood frequency and duration (Bradshaw et 

al., 2007) and agricultural expansion due to deforestation of over 10% catchment area slightly reduced 

low flows (Levy et al., 2018). However, another study could not draw a connection between urban 

expansion and flood dynamics (Steinschneider et al., 2013). 
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The literature overview points out the high variability in results depending on the applied 

methodology. Out of the various methodologies, I choose the regional-scale comparison and the panel 

regression model because both are considered state-of-the-art methodologies in order to gain reliable 

results with a low risk of bias. Furthermore, they are the most suitable approaches to investigate a large 

sample of catchments, which is the case in my thesis.  

 

1.3. Study region 

The area of study is the Weser-Ems region in northwestern Germany. It is delimited by the North Sea 

in the north, the Weser in the east, North Rhine-Westphalia in the south and the Netherlands in the west 

(Fig. 1). I selected this region because a study reported that Northern Germany including the Weser-

Ems region experienced high agricultural expansion form 1990 – 2006 (Kuemmerle et al., 2016). 

However, the LUC data that I used (section 2.1.5) did not support this statement of high agricultural 

expansion, showing expansions of less than 1% catchment area (Copernicus, 2021). Nevertheless, the 

area experienced LUC and appeared of interest because of its specific hydrology being part of the 

Northern Lowland.  

The Northern Lowland, also called the North German Plain, is part of the glacial series formed by 

glaciation in the Pleistocene. Its main characteristics are a flat relief and grounds of glacial sediments 

with high vertical extent (Semmel, 1996). Yet, there are differences of relief and hydrogeology within 

the region that can be separated in two groups: the lowlands and the moraine area with the latter being 

the major landscape form. The lowlands were shaped through glacial meltwater and are characterized 

by a very flat relief, shallow water tables and thus groundwater influenced soils like gley and moors. 

Furthermore, a special landscape form within the lowlands is the marsh that later was formed through 

tide processes and relocation of silt. The moraine areas, also called Geest, are moderately higher elevated 

zones. Characteristics are high groundwater levels (yet lower than in the lowlands) and mostly sandy 

soils with partwise wetlands and moors. In the south, the relief becomes slightly mountainous due to 

outliers of the Teutoburger forest and the Wiehen Hills.  

Agriculture has played a big role and still does today with more than two third of area in agricultural 

use. This reflects in the soil structure as well as in the highly altered channel network (e.g., by irrigation 

channels and artificial drainages) (Tetzlaff et al., 2009; Elfert and Bormann, 2010). Natural vegetation 

is in the form of shrubs, heath and small forests. The climate of the region is temperate oceanic thus 

characterized by mild winter and summer temperatures. Precipitation falls continuously throughout the 

year and mostly in the form of rain.  

Due to the high infiltration capacity of the soils and shallow water tables, streamflow is foremost 

shaped by baseflow and groundwater interaction (Gauger, 2007; Elfert and Bormann, 2010). Therefore, 

infiltration excess runoff plays a minor role for flooding. However, saturation excess runoff can 

contribute because the general high water tables and long-lasting precipitations can exceed the soil’s 

storage capacity. Furthermore, increasing groundwater can also contribute to flooding. Floodplains play 

an important role due to the flat relief of the area. Low rainfall and thus less infiltration and groundwater 

recharge reduces the baseflow and leads to decrease in low flows. In the Weser-Ems region, floods and 

droughts potentially intensify in the future (Huang et al., 2014). Therefore, investigating the historical 

contribution of LUC on alterations in streamflow is of interest in order to develop planning strategies 

for the future.  
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2. Material and methods 

2.1. Material 

For this study, I collected hydrological data of the Weser-Ems region (long-term discharge data and 

catchment information) and further processed it to select the catchments of interest. I processed the 

discharge data of the catchments of interest to calculate streamflow extremes indices (SEI) representing 

flood and drought characteristics on the event-scale. Additionally, I collected and processed climate data 

for catchment information as well as to control for trends in precipitation and temperature. At last, I 

collected and processed LUC data to assign the LUC to each catchment.  

 

2.1.1. Hydrological and catchment data 

The Niedersächsische Landesbetrieb für Wasserwirtschaft, Küsten- und Naturschutz (NLWKN) 

provided the hydrological data for the Weser-Ems region. This dataset included average daily discharge 

data (m3×s-1) measured at a large number of gauging stations over the period 1986 – 2017. Moreover, it 

included catchment boundaries of small basins and the river network of the Weser-Ems region. I 

assigned the upstream catchment area to each corresponding station by using the metadata of the 

catchment boundaries and the river network. It was not possible to identify the catchment area with the 

help of a digital elevation model (DEM) because of the almost flat relief and the highly altered channel 

network. However, I used an open-source DEM with 20-m resolution to calculate the average slope of 

each catchment (Sonny, 2021). From the set of stations, I excluded all gauging stations with no 

continuous time series as well as with parts of the upstream area outside of my study region. Moreover, 

I excluded stations with highly interfered catchment area (e.g., canal crossing) or flow regulations (e.g., 

regulation of inflow or outflow). I did not exclude catchments with minor interferences (e.g., channel 

structures, groundwater or surface water withdrawals or water feed) because there was no accurate data 

on these interferences. In total, I selected 30 catchments of interest that consisted of 28 upstream or 

tributary catchments and 2 downstream catchments with majority of catchments contributing to the 

major streams (Ems, Hunte, Hase, Oeste, Weser) of the area (Fig. 1).  

Overall, the streams of the 30 catchments are of smaller size with mean annual discharge of 0.77 

m3×s-1 (min.: 0.17 m3×s-1, max.: 2.04 m3×s-1), mean annual low flow 0.21 m3×s-1 (0.004 m3×s-1, 0.66 

m3×s-1) and mean annual high flow 4.55 m3×s-1 (0.8 m3×s-1, 13.2 m3×s-1) over the observation period. 

The relief of most catchments is nearly level with exceptions of catchments in the south of the Weser-

Ems region (ID: 27, 28, 29, 30) having a slight slope due to the Wiehen Hills and outliers of the 

Teutoburg Forest. Information about geology (GÜK250) and soils (BÜK250), I obtained from the 

Landesamt für Bergbau, Energie und Geologie Niedersachsen (LBEG). The geology of the catchments 

is typical for the North German Plain, being mostly sand and silt as well as partly peat. Soils are 

groundwater-influenced soils being mostly gley or podsol yet luvisol in more elevated areas. The 

region's annual precipitation for the observation period was around 800 mm and mean annual daily 

temperature 9.8°C (CDC, 2021). In the reference year of 1990, the main land use was overall agriculture 

(70%) with smaller parts of pasture (below 10%) followed by natural areas of e.g., heath or forests 

(15%). Urban area played a minor role (3%) (Copernicus, 2021). I provide a table with detailed 

information for each catchment in the appendix (Appendix 1). 
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2.1.2. Climate data 

I derived gridded daily precipitation data over the period 1985 – 2017 from Deutscher Wetter Dienst 

Climate Data Center (CDC) and assigned it to each catchment. I used REGNIE-Deutschland 

precipitation data based on interpolation of observed precipitation with grid resolution of 1-km (CDC, 

2021; Rauthe et al., 2013). I used this data to calculate precipitation indices with the daily precipitation 

data to represent different precipitation conditions before the streamflow extreme events. In order to get 

an overview of trends in high temperatures, I used two datasets representing annual days with maximum 

air temperature above 25°C (‘summer days’) and above 30°C (‘hot days’) (CDC, 2021). This 

temperature data is gridded and based on interpolation of observed temperatures with 1-km resolution. 

However, I did not calculate temperature indices for each catchment and event because I assumed 

precipitation rather playing the major role for high and low flows in the study region. 

 

2.1.3. Streamflow extremes indices (SEI) 

The intention of the streamflow extremes indices (SEI) is to represent the most important characteristics 

of streamflow extremes on the event-scale. I applied the peak-over-threshold approach (POT) for high 

flows and the threshold-level approach (TLA) for low flows, where event identification functions by 

discharge exceeding or falling below a set threshold respectively (Fig. 2) (Brunner et al., 2021).  

 

Figure  SEQ Figure \* ARABIC 2. Schematic overview of the POT and TLA. 

Figure 1. The Weser-Ems Region in Northwestern Germany with its main river network and the locations of the 30 

catchments of interest indicated by their ID. 
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For the POT, I set the threshold to the 99th-precentile of discharge over the whole observation period 

to get on average two events per year. I calculated it for each catchment separately. I pooled the events 

when the time gap in-between events was less than 6 days (Brunner et al., 2021). For each event, I 

calculated the three most important flood characteristics: the maximum discharge peak of the event 

(m3×s-1), the duration being days above the threshold (days) and the excess volume being volume above 

the threshold (m3) (Fig. 2, table 1.1). Furthermore, I calculated the events per year to know if the number 

of exceedances per year had changed.  

A threshold between the 5th- and 20th-percentile of discharge data is advised to represent low flows 

(Asadieh and Krakauer, 2017; van Huijgevoort et al., 2012). I choose the 10th-percentile because this 

threshold depicted my low flow data well by giving on average two drought events per year. 

Furthermore, I used a 10-day moving average for time series smoothing and pooled the events within 3 

days range (Brunner et al., 2021; Tallaksen et al., 1997). For each event, I calculated the three most 

important low flow conditions: the average low flow over the event (m3×s-1), the duration being days 

beneath the threshold (days) and the deficit volume below the threshold (m3) (Fig. 1, table 1.2). In 

addition, I calculated the drought events per year to check for changes in event number. A visualization 

of all SEI with normalized values is in the appendix (Appendix 2). 

 
Table 1.1. High flow indices: Mean value of all catchments, minimum and maximum value. 

maximum peak [m3×s-1] duration [days]  excess volume [m3] 

5.0 (0.59, 31.1) 2.7 (1, 31) 2.5e+5 (0*, 7.7e+6) 

*1 value at threshold (without: min.: 145 m3) 

 

Table 1.2. Low flow indices: Mean value of all catchments, minimum and maximum value. 

mean low flow [m3×s-1] duration [days]  deficit volume [m3] 

0.24 (0.001, 0.086) 22.8 (1, 144) 9.3e+4 (0*, 2.7e+6) 

*12 values at threshold (without: min.: 4.3 m3) 

 

2.1.4. Precipitation indices 

The purpose of the precipitation indices is to control for changes in precipitation conditions before each 

streamflow extreme event. For both high and low flows, I calculated the precipitation sum of the year 

and 30 days before an event to check for long- and short-term changes in water storage. Additionally, I 

calculated the mean precipitation over the event to check for drivers of duration and volume. For the 

Figure 2. Schematic overview of the POT and TLA for the streamflow extremes indices. 
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high flows, I summed the precipitation of 10 days and 3 days before each event to check for antecedent 

soil moisture and heavy precipitation respectively. For the low flows, I summed the precipitation 90 

days before an event to check for further changes in water storage as well as 10 days before to see short-

term deficits in precipitation. A compilation of the precipitation indices is in the appendix (Appendix 

3).  

 

2.1.5. Land use change data 

Accurate LUC data is crucial for performing an analysis on the LUC effect on streamflow extremes. 

Therefore, I used the widely applied and accurate (above 85% accuracy) CORINE Land Cover Changes 

(CLC-CHA) dataset by Copernicus Land Monitoring Service (Büttner, 2014; Copernicus, 2021). The 

CLC-CHA displays changes spatially with a resolution of 5-ha being more detailed than the CORINE 

Land Cover dataset (25-ha). CLC-CHA is available for four periods of change: 1990 to 2000, 2000 to 

2006, 2006 to 2012 and 2012 to 2018 covering a time series from 1986 – 2018. CLC-CHA consists of 

44 classes, which I aggregated according to my research question in agriculture, pasture, urban and green 

area.  

The class agriculture included all agriculture types (CLC-CHA class 2) except pasture (CLC-CHA 

class 2.3.1). I assigned pasture (e.g., grassland, humid meadows or peatlands) as a separate class because 

of its better infiltration and storage capacities compared to cropland or arable land (Fohrer et al., 2001). 

The class urban consisted of all urban fabric, industrial and commercial area as well as transport units 

(CLC-CHA class 1.1 – 1.2) representing conglomerates of developed area. The green class, I assigned 

as artificial, non-agricultural vegetated areas, forests and wetlands as well as semi natural areas 

excluding non-vegetated spaces (CLC-CHA class 1.4, 3.1, 3.2, 4.1). Furthermore, I checked for changes 

in the excluded classes (e.g., water bodies) but could not detect a considerable change. I processed the 

LUC data for each catchment as absolute LUC (km2) and relative to catchment area (%). I considered 

all LUC in the catchment area and not only in the riparian zone because I wanted to see how LUC is 

affecting the whole catchment. Moreover, the river networks densely covered the catchment areas.  

Figure 3 depicts the accumulated LUC (relative to catchment area) of each class over the observation 

period 1986 – 2018 in the 30 catchments. There was a clear pattern of LUC from agriculture to urban 

area. However, agriculture also increased in four catchments, yet one of these catchment (marked by *) 

experienced a LUC within the agriculture class from a non-irrigated cropland to potentially irrigate and 

heterogeneous agriculture. I did not exclude this catchment to see if the within agriculture change caused 

an alteration in streamflow. Moreover, there were small decreases in pasture and some changes in green 

area which either were an increase due to decrease in agriculture or a decrease due to increase in urban 

area. The maximum increase and decrease in agriculture was 3.4% (the within agriculture change: 26%) 

and -12.7%, pasture 0.2% and -2%, urban 14%  and no decrease, and in green area 1.7% and -6.2%. 

Further information about the LUC of each catchment is in the appendix (Appendix 1, table A2). 



9 
 

 
 

Figure 3. Accumulated LUC relative to catchment area over the observation period (1986 - 2018) for each class. The *-marked 

catchment represents a LUC within agriculture. 

Nevertheless, I wanted to get another source of LUC data to validate the results that I obtained with 

CLC-CHA. I got in contact with different administrations of the Land Niedersachsen but there was no 

digital version of historical topographical maps or other remote sensing data available. The only 

available information on historical LUC was in form of cadastral data, which I derived from the 

Landesamt für Statistik Niedersachsen’s (LSN) online database.  

The data, defined as land survey according to actual use, is available for the period 1979 – 2019 and 

accurate to 1-ha. However, the spatial information is limited to the municipality level. It consists of 17 

different land use classes, which I grouped in the four classes similar to the CLC-CHA data. Yet, the 

data showed unrealistic high LUC which I related to changes in classification rather than actual change 

in land use. This assumption is supported by the LSN, which reported unrealistic changes being caused 

due to changes in classification. I considered these errors and excluded the false values. However, a 

further and even greater problem was that catchment area and municipalities did not match i.e., mostly 

very small parts of multiple municipalities were located in one catchment area. I tried to control the 

mismatching by two conditions: (1) at least 60% of the municipality area had to be inside the catchment 

area and (2) at least 60% of the catchment area had to be covered by the municipalities fulfilling (1) as 

well as all showing a similar LUC. In case of fulfilling all conditions, I assumed data being accurate. 

This yielded in total LUC data for nine catchments of which six showed similar results as CLC-CHA 

(Appendix 4). However, three catchments (ID: 7, 23, 24) indicated LUC where CLC-CHA did not detect 

any. The LUC of these three catchments were increases in urban area (4.3%, 4.1%, 2.2%) and decreases 

in agriculture (-5.4%, -5.4%, -2.5%). Nevertheless, I did not base the analysis on this LUC data but I 

considered it in the later discussion. 
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2.2. Methods 

2.2.1. Regional-scale comparison 

The first methodology is referred to as the regional-scale comparison because it applies a large-scale 

comparison on the regional level. This method makes use of the relatively large sample size of 

catchments. Hereby, the idea is to compare alterations in SEI between catchments without or minor LUC 

and catchments that experienced moderate or high LUC. Generally, the hypothesis is that SEI have 

changed with increasing LUC. Therefore, I divided the catchments in three groups depending on the 

magnitude of their LUC in order to compare changes in SEI between the three groups and not consider 

each catchment separately. I set the thresholds for partition to have (1) a control group with no or minor 

LUC, (2) a group with relatively small to intermediate LUC compared to the other catchments and (3) 

a group with higher LUC compared to the other catchments: 

(1) Group 1 (G1) with LUC of -1 – 1%  

(2) Group 2 (G2) with LUC 1 – 3% and -3 – -1%  

(3) Group 3 (G3) above 3% and below -3%  

Hereby, the percentage is accumulated LUC over the whole period relative to catchment area. G1 

consisted of 12, G2 and G3 of nine catchments respectively. My hypothesis for each group respectively 

was that G1 experienced no change in SEI, G2 a slight change in SEI and G3 a change higher than G2. 

I defined a change in SEI as a significant, monotonic trend over the observation period. Analyzing the 

impact in form of a trend made the approach easier because catchment specific characteristics that stayed 

stationary over the period (e.g., geology, soil or slope) required no control. Furthermore, through the 

catchment selection excluding highly interfered catchments, I assumed that except LUC, there was no 

other interference. However, the regional-scale comparison can minimize a confounding effect caused 

by other interferences through the large sample of catchments. Moreover, I assumed that within the 

Weser-Ems region there was no spatial difference in climate changes. Nevertheless, I checked for trends 

in precipitation indices and temperature for each catchment. The time series for the trend analysis was 

between 29 – 30 years, which I assumed necessary due to shorter time series potentially causing 

periodicity being mistaken for a trend. Furthermore, to compare the trend slopes between the three 

groups, I rescaled the SEI by min-max normalization (Appendix 5).  

With the catchments subdivided into groups and the SEI normalized, I estimated the trends by using 

zyp.trend.vector function from the R-package zyp (Bronaugh and Werner, 2019), which computes a non-

linear monotonic trend with slope estimation by Theil-Sen estimator (Sen, 1968; Yue et al., 2002). I 

applied this trend analysis, because I assumed trends potentially being non-linear as well as to control 

for outliers by the Theil-Sen estimator. I tested for trend significance with the Mann-Kendall test and 

set the level for rejection to α = 5% (p-value=0.05). Moreover, I chose the order of firstly assigning the 

LUC groups and then calculating the trends to avoid a potential selection bias. In addition, I calculated 

the trends in climate data (precipitation indices and temperature) by the same method.  

 

2.2.2. Panel regression model 

The panel regression model comprises of two important parts: the transformation of the data into a panel 

structure and the setup of the model. Here, the latter is crucially important in order to achieve reliable 

results. 

I reorganized the SEI by catchment and event to transform the data into a panel structure with a time 

and space dimension. Each catchment-event identification had to be unique to compare the catchments 

at concurrent events. However, events did not start on the same date. Therefore, I aggregated events 

with less than 5 days difference in-between. Yet, there were some concurrent events taking place in only 
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one or very few catchments. Therefore, I excluded the events with less than six catchments to have a 

sufficient number for comparison. This approach resulted in 67 events for the high flows with an average 

of 14 catchments per event. For the low flows, it resulted in 64 events with an average of 10 catchments 

per event.  

However, I wanted to further validate the outcome of the panel regression model on the event-scale, 

which required a higher number of catchments per event. Therefore, I annually mean-aggregated the 

SEI by the season which either was summer (May until October) or winter (November until April). This 

aggregation resulted in 27 season events (23 winter, 4 summer) for the high flows with an average of 20 

catchments per event. For the low flows, it resulted in 29 season events (1 winter, 28 summer) with an 

average of 19 catchments per event.  

Furthermore, I had to transform the CLC-CHA data in order to evaluate the influence of the event 

specific LUC on the SEI. I linearly interpolated within the time periods covered by each of the four 

CLC-CHA dataset (1986 – 2001, 1999 – 2007, 2005 – 2013, 2011 – 2018). I assumed that LUC 

gradually increased over the time periods. By this interpolation, I received an annual value of LUC over 

the period 1986 – 2017 for each catchment. I accumulated the obtained LUC values over time to get the 

total changed area since the year 1986. This was necessary because my aim was to estimate the effect 

on the SEI events depending on the total changed area before an event. At last, I excluded the two 

downstream catchments because I assumed that they might cause a bias due to a strong correlation 

between upstream and downstream discharge. 

The setup of the panel regression model requires guidance by a clear definition of the analysis’ aim. 

In my case, the aim was to investigate the influence of LUC on SEI within a catchment over the 

observation period. With this definition, I chose the within-model or also called fixed-effect-model 

(FEM) because it estimates the influence within a catchment and not compares between catchments. 

Furthermore, I assumed that only one spatial level (catchment) and no higher level (e.g., sub-regions in 

the Weser-Ems region) existed. Another remark of the FEM is that – in contrast to other models – it 

allows for the unobserved influences within a catchment being correlated with the LUC e.g., unobserved 

flood measures being constructed in catchments that undergone urban growth. These assumptions made 

the FEM the right model for my analysis (Bell et al., 2019; Bell and Jones, 2015; Clark and Linzer, 

2015; Steinschneider et al., 2013; Wooldridge, 2010). However, there are two further important notes 

on the usage and interpretation of the FEM: (1) that the results are only of explanatory nature thus just 

account for the observed LUC in the catchments over the period and cannot be generalized. (2) That the 

causal relationship between LUC and SEI has to be explained because otherwise simple correlation can 

be confused for causality (Bell et al., 2019; Shmueli, 2011; Wooldridge, 2010).  

Model 1 (M1) represents the first model setup of the FEM: 

𝑙𝑛 (𝑦𝑖,𝑡)  = 𝛼𝑖 + 𝛽𝑘 ∗ 𝑥𝑘,𝑖,𝑡 + 𝛾𝑡 ∗ 𝐷𝑡 + 𝜀𝑖,𝑡 
(M1) 

 
y: 

SEI 

α: 

fixed 

effect 

β1 – 4, x1 – 4: 

effect size, 

LUC classes 

γ, D: 

effect size, 

time 

dummy 

ε: 

unobserved 

heterogeneity 

  

with i catchment ID, t event and k (= 1, 2, 3, 4) the LUC classes.  

In M1, y represents the SEI of each catchment and event being maximum peak discharge (m3×s-1) 

and excess volume (m3) as well as mean low flow (m3×s-1) and deficit volume (m3). For both high and 

low flows, the event duration as well as the number of events per year was not possible to model due to 

the discreteness of values and thus the insufficient model fit. I applied the natural logarithm (ln) because 

the ln made the effect of LUC on SEI interpretable in a percentage change. Moreover, the ln transformed 
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the SEI data to a more normal distribution because the data distribution was generally very left skewed. 

α represents the fixed effects for each catchment being the stationary catchment specific characteristics 

(e.g., size, geology, soil, average SEI magnitudes, stationary climate) that did not change over time. The 

LUC classes (agriculture, pasture, urban, green area) are the regressors of the FEM respectively and are 

represented by x1 to x4. Hereby, βk is the average effect size the specific LUC class has on the SEI. The 

effects of each LUC class had to be estimated separately because of their strong correlation. I tested for 

multicollinearity between them by calculating the variance inflation factor (VIF) which was highly 

above the advised maximum of VIF = 10 (Hair et al., 2010). Furthermore, I included time dummies to 

control for other influences that changed over time and affected SEI in all catchments at the same event 

(e.g., large precipitation events, regional high temperatures). However, I did not include them as time 

fixed effects for each event but only for specific events to avoid overfitting i.e., if the regional effect 

was significant the time effect was included. In M1, D represents the dummy variable, which is binary 

for the significance of an event (0, 1), and γ is the concurrent effect size of the dummy.  

In summary, the model controlled for time independent spatial variation (fixed effects) and temporal 

variation over all catchments (time dummies). However, M1 did not control for time and space varying 

confounders e.g., catchment specific changing climate conditions or other interferences in a catchment. 

This unobserved heterogeneity could not be estimated and therefore is represented by the event and 

catchment varying error, ε.  

To improve M1, I included spatial as well as temporal variable parameters. These parameters are the 

precipitation indices (PI) and presented in model 2 (M2): 

𝑙𝑛 (𝑦𝑖,𝑡)  = 𝑀1 + 𝛿5 ∗ 𝑥5,𝑖,𝑡 + ⋯ + 𝛿𝑙 ∗ 𝑥𝑙,𝑖,𝑡 
(M2) 

 
y:  

SEI 

M1: 

Model 1 

δ5 – 9, x5 – 9: 

effect size, 

precipitation indices 

   

with i catchment ID, t event and l (= 5, 6, 7, 8, 9) the PI.  

In M2, x5 to x9 represent the PI for high flows and low flows respectively with δl being the estimator 

for each PI. I included all PI in the model at the same time even though they were correlated and 

multicollinearity existed because (1) they were not the variables of interest thus their actual estimators 

were of no importance to this research and (2) because VIF test showed values below the advised 

maximum value of VIF = 10 (Hair et al., 2010).  

I estimated the panel regression models M1 and M2 with the R-package plm (Croissant and Millo, 

2008) and tested the hypothesis that a LUC classes had a significant influence with a two-tailed test 

setting rejection level to α = 5% (p-value = 0.05).  

Another important remark while using panel regression models is the treatment of the error term 

because the wrong estimation of standard errors (SE) can lead to biased significance of the predictors 

(Cameron and Miller, 2015; Hoechle, 2007). Regular SE are calculated by the ordinary least square 

(OLS) method, which does not account for heteroscedasticity nor serial or cross-sectional correlation of 

the residuals (Vogelsang, 2012). In hydrological modelling, each may be the case because residuals tend 

to have higher variance with increasing values (e.g., discharge) or are correlated across catchments or 

within catchments across time (Schoups and Vrugt, 2010; Steinschneider et al., 2013). In order to allow 

for heteroscedasticity or serial as well as cross-sectional correlation, I used robust SE (Cameron and 

Miller, 2015; Vogelsang, 2012; Zeileis et al., 2020). I tested for heteroscedasticity with the studentized 

Breusch-Pagan test, for serial correlation with Breusch–Godfrey test and for cross-sectional correlation 

with Breusch–Pagan's LM test with the R-packages lmtest and plm (Baltagi et al., 2012; Breusch, 1978; 

Breusch and Pagan, 1979; Croissant and Millo, 2008; Godfrey, 1978). I applied different robust SE 
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depending on the case. For heteroscedasticity, I applied a heteroscedasticity-consistent covariance 

matrix with R-function vcovHC by R-package sandwich (Millo, 2017; Zeileis, 2006). In case of serial 

correlation (or cross-sectional correlation) I clustered residuals on the catchment level (or time level) 

with Arellano method using vcovHC by R-package sandwich (Zeileis et al., 2020; Arellano, 1987). In 

case of serial as well as cross-sectional correlation, I calculated robust SE by Driscoll and Kraay method 

with vcovSCC of the R-package plm (Croissant and Millo, 2008; Driscoll and Kraay, 1998; Millo, 2017). 

However, the treatment of SE in panel data modelling is still at issue because if SE are diverging 

depending on the treatment it can also indicate a misspecification of the model itself (King and Roberts, 

2015). Therefore, I evaluated both regular SE and robust SE treatments in order to compare and make 

an elaborate choice. 

 For the model diagnostics, I checked the overall fit by visually analyzing the observed and fitted 

values as well as by the FEM goodness of fit (R2) being calculated on the mean de-trended data i.e., 

without including the fixed effects making R2 therefore generally low. Moreover, I calculated the mean 

absolute error (MAE) for further comparison purposes (Appendix 6). I analyzed the leverage of 

observations to check for influential data. High leverage observations have a strong influence thus 

excluding them could change the effect size of a LUC significantly. In case of high leverage, I excluded 

the high leverage observations or an entire catchments (in case the entire catchment had high leverage) 

and estimated the model again to check for changes in significance and effect size. I interpreted the 

results as reliable in case of the LUC influence becoming insignificant (p-value > 0.05) but without a 

greater change in the estimator. I accepted the result because there was already high tendency of an 

influence of the LUC on streamflow extreme, which became significant by a certain high influential 

observations. In contrary, I rejected the results for the opposing case of LUC becoming insignificant and 

the estimator changing highly.  
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3. Results 

3.1. Regional-scale comparison 

The results of the regional-scale comparison are presented in figure 4. The scatterplot shows the results 

of the trend analysis for each SEI. Here, the y-axis depicts the normalized slope (except events per year) 

of each SEI over the whole observation period. Positive values are an upward and negative a downward 

trend. The big dots indicate catchments that had a significant trend in the specific SEI and the small 

points represent catchments with an insignificant trend. The numbers indicate the catchment ID. The 

three colors identify the three groups, G1 (grey) with the hypothesis of no trend in SEI, G2 (light yellow) 

with the hypothesis of a slight trend in SEI and G3 (orange) with the hypothesis of a trend higher than 

G2. 

 
Figure 4. Scatterplot of the trends in SEI (maximum peak discharge, high flow duration, excess volume, mean low flow, low 

flow duration, deficit volume, number of high flow events per year, number of low flow events per year). Big dots indicating 

catchments with significant trend and small points insignificant. Colors represent the three groups. 

Only three catchments (ID = 2, 12, 17), one of each group, had a significant trend in the high flow 

indices. All three catchments experienced a downward trend in maximum peak discharge as well as 

excess volume with catchment 12 (G1) having the most decrease in both indices. However, the 

magnitude of the normalized slope between the three did not vary strongly. Furthermore, catchment 17 

showed a significant downward trend in the high flow duration. There was no significant trend in the 

high flow events per year in any catchment.  

Trends in the low flow indices showed different results with 11 catchments (ID = 1, 9, 10, 11, 14, 

15, 16, 22, 23, 24, 30) having a significant trend. Catchment 23 (G1) and catchment 14 (G3) had a 

significant downward trend in the mean low flow with catchment 23 having a slightly higher trend. 

Furthermore, catchment 23 and catchment 14 (both G1), experienced a significant increase in low flow 

duration whereas catchment 1 (G2) had a significant decrease in duration. In addition, catchment 23 and 

catchment 24 (both G1) as well as catchment 14 (G3) had a significant increase in deficit volume with 

the G1 catchments having a slightly higher increase. There was a significant downward trend in deficit 

volume in catchment 30 (G3). The number of low flow events per year showed a significant increase in 
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three catchments of G1 (ID = 10, 11, 24), in two of G2 (ID = 9, 16) as well as one of G3 (ID = 22) and 

a decrease in catchment 30 (G3). In summary, only one out of nine catchments of G2 and G3 respectively 

showed a significant trend in the high flows without a high difference in slope magnitude yet even 

smaller than the slope of the G1 catchment. Only three out of nine catchments of G2 and G3 respectively 

experienced a significant trend in the low flows. The slope magnitudes of these catchments did not 

differentiate as hypothesized and furthermore was partwise lower than that of the G1 catchments.  

However, it is important to consider the specific LUC values of each catchment apart from the 

groups. The aim of this consideration is to check if (1) G3 catchments with a trend experienced an 

especially high LUC relative to catchment area and (2) to investigate if the absolute LUC values (km2) 

might give an explanation. Therefore, I visually compared the absolute LUC values and the LUC values 

relative to catchment area (Appendix 7). Catchment 17 (G3) experienced high LUC from agriculture to 

urban area with absolute values being especially high compared to the other catchments. Furthermore, 

this catchment had the highest absolute reduction in pasture. However, three more catchments of G3 

experienced similar high LUC patterns (except pasture) yet did not show a significant trend in high flow 

indices (Appendix 7, fig. A6). Considering the low flows, catchment 14 (G3) experienced the highest 

change from agriculture to urban in both absolute and relative values. Moreover, it had the highest 

increase in green area (Appendix 7, fig. A7). Nevertheless, three more catchments of G3 experienced a 

similar high LUC (except green area) yet did not show a significant trend in low flows (Appendix 7, fig. 

A7). Moreover, catchment 30 (G3) experienced an increase in agriculture far more than any other 

catchment; however this change was within the agriculture land use.  

 

3.2. Panel regression model 

The panel regression model estimated a significant influence of the green area on the two high flow 

indices maximum discharge peak and excess volume at the event and seasonal scale. All other LUC 

classes showed no significant influence on the high flow indices. Furthermore, the panel regression 

model showed no significant effect of LUC on the low flow indices whatsoever.  

One percentage catchment area changed to green area caused on average a decrease in maximum 

peak discharge of -3.85% with confidence interval (CI) (CI: -6.15 – -1.5%) on the event scale and on 

the seasonal of -3.28% (CI: -5.54 – -0.75%). The effect size of one percentage catchment area changed 

to green area on the excess volume was -28.37% (CI: -39.57 – -15.1%) for the event scale and -19.23% 

(CI: -32.27 – -3.66%) for the season scale. The estimated effect sizes account vice versa i.e., changes 

from green area to another land use form caused an increase in high flows. However, the results only 

account for the catchments that experienced a LUC in green area. The results originate from the 

estimation with model 2 (M2) including time dummies and precipitation indices. Overall, M2 showed 

the best fit (R2 and MAE) for all four SEI on both event and seasonal scale (Appendix 8). However, the 

goodness of fit of maximum peak discharge and mean low flow is highly better than that of excess 

volume and deficit volume (Appendix 8). Therefore, I reconsider the meaningfulness of the results for 

the excess volume in the discussion. 

However, adding the precipitation indices only slightly enhanced the model performance. The fixed 

effects and time dummies had the largest impact on the model performance. The effect size of green 

area changed only minimally by integrating precipitation indices thus; they did not function as 

moderators or confounding variables but as simple modifiers. Residuals were mostly serially and cross-

sectionally correlated. Therefore, I used robust SE. However, the different SE treatments did not change 

the significance of LUC influence except for the mean low flow. Here, regular SE estimated an effect 

(decrease) of the mean low flow due to an increase in pasture. However, using robust SE – because 

residuals were serially and cross-sectionally correlated – made it insignificant. The analysis of influential 
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stations for maximum peak discharge and excess volume pointed out that one station (ID: 8, highest 

decrease in green area: -6.2%) had a high leverage and excluding it made the influence insignificant. 

However, the effect size only changed minimally (by 0.1%). In addition, I excluded two stations (ID: 2, 

25) with the highest increase in green area (1.6%, 1.7%). The exclusion changed the significance yet the 

effect size only minimally. Therefore, I accept the result that the influence of green area on high flows 

was significant because there was already a tendency, which became significant by certain high 

influential catchments.  

 

4. Discussion 

4.1. Impact of land use change 

Based upon the regional-scale comparison, I conclude that there was no pattern of LUC causing trends 

in streamflow extremes in the Weser-Ems region over the observation period from 1986 – 2017. There 

were catchments that experienced relatively high LUC as well as a trend in streamflow extremes. 

However, other catchments with similar magnitudes of LUC showed no trend. Therefore, I reject the 

hypothesis that the observed LUC caused an alteration in streamflow extremes. This result coincides 

with other studies where LUC of small size in neighboring regions over partly similar periods had no 

effect on streamflow (Ashagrie et al., 2006; Bronstert et al., 2007; De Roo et al., 2001; Elfert and 

Bormann, 2010). Even though some of the investigated catchments experienced LUC from agriculture 

to urban area of around 10% catchment area, the results do not object the literature of imperviousness 

thresholds (3 – 20%, section 1.2) because urban area in this study was a conglomerate of urban 

associated areas and does not indicate impervious cover. However, effects on streamflow caused by 

LUC could have balanced each other out e.g., by an increase in both urban and natural area (De Roo et 

al., 2003) or even counteract streamflow alterations caused by climate change and thus equilibrate .  

Nevertheless, I discuss some results of the regional-scale comparison. I do not assume that the 

relatively high decrease in pasture of catchment 17 contributed to the decrease in high flow indices. 

Even though the value was the highest among the catchments, it was generally low. Furthermore, I rather 

assume an increase in high flows due to a change from pasture to urban area because of the increased 

surface runoff (Chang and Franczyk, 2008; Fohrer et al., 2001; Rogger et al., 2017). Apart from the 

decrease in agriculture and increase in urban area, the relatively high increase of green area in catchment 

14 might have contributed to the low flow reduction. The reduction may have been caused by impacts 

on baseflow due to higher evapotranspiration demand of changed vegetation (Brown et al., 2005; Zhang 

et al., 2001). Catchment 30 (the within agriculture change) was the only catchment where drought 

conditions improved what I relate to the change from non-irrigated arable land to a heterogeneous, 

potentially irrigated agriculture form. Furthermore, the other LUC data source (section 2.1.5) indicated 

a change opposing the CLC-CHA data in three catchments. Two of these catchments (ID: 23, 24) had a 

trend in streamflow extremes. However, six other catchments with similar magnitudes and LUC 

directions (decrease in agriculture and increase in urban area) had no trend. Therefore, the consideration 

of the other LUC data does not change the rejection of the hypothesis. 

The trends in climate data can give some explanation on trends. Catchment 12 experienced a decrease 

in the precipitation sum 10 days and 365 days before an event, that may have decreased high flows. 

Catchment 23 had a downward trend in precipitation sum 30 days and 365 days before an event, which 

may have increased the drought indices. Moreover, catchment 14, 16 and 22 had an upward trend in 

summer days thus potentially causing the increase in low flows. Furthermore, all catchments had an 

upward trend in mean annual temperature. However, aside from meteorological and LUC influences, I 
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make two assumptions for the source of trends in low flows. I conceived these two hypotheses after 

analyzing the spatial distribution of the catchments that experienced a trend in low flows (Fig. 5). 

 

Figure 5. Location of catchments with trends in high and low flows in the Weser-Ems region over the observation period. 

Catchments 9 – 16 and 22 – 24 are located in the same natural area called the Ems-Hunte-Weser-Geest 

having a hydrogeology of mostly glacial deposits. A report on groundwater dynamics from the NLWKN 

stated that this area experienced groundwater droughts every year since 2008 (NLWKN, 2021). 

Therefore, my first hypothesis is that these groundwater droughts caused decreases in streamflow by 

baseflow reduction. The second hypothesis is, that artificial drainages had an effect on the low flow 

reduction because artificial drainage is widespread in the area (Tetzlaff et al., 2009). This assumption is 

not contrary to the first one but can even contribute. On one side, it could have been the case that yet 

existing drainages aggravated the situation of low groundwater thus causing a trend. On the other, that 

newly build drainage systems caused a decrease. However, information about drainage systems in the 

region since the end of the 1980s does not exist yet artificially drained area was constantly increasing 

until the end of the 1980s in the Weser-Ems region (Tetzlaff et al., 2009).  

The second method, the panel regression model, showed that the change in green area had a significant 

impact on high flows in the observed catchments over the observation period. Increases in green area 

had a mitigating effect on the high flows and vice versa. In order to accept the result, it requires causally 

explanation. In this study, the land use class green area included vegetation cover (e.g., forests, shrubs 

or heath) as well as wetlands and artificial green area (e.g., urban green space). Vegetation cover and 

natural area has a mitigating effect on high flows interception and reduction of surface roughness as 

well as by potentially decreasing antecedent soil moisture (Calder, 1992; Kittredge, 1948; Rogger et al., 

2017; Chang and Franczyk, 2008). Wetlands can have an especially high impact due to the high 

infiltration and storage capacity making them natural flood measures (Wingfield et al., 2019). This 

causally explains the significant influence of green area on high flows estimated by the panel regression 

model. Therefore, I accept the result that changes in green area had an impact on high flows mitigating 

the peak discharge. However, I assume the very high effect size of green area on excess volume as not 

reliable. The large confidence interval reflects the inaccuracy and furthermore the model performance 

was overall poor (Appendix 8, fig. A10 & A11). Therefore, I reject the effect size of the influence on 

excess volume. However, I accept the effect size of green area on the maximum peak discharge due to 

the good model fit (Appendix 8, fig. A8 & A9).  

Looking at the model performance once again, I relate the cross-sectional correlation to clusters on 

the sub-regional level e.g., groundwater processes affecting a group of neighboring catchments with the 

same hydrogeology. However, climate events on a sub-regional level could have also affected the 

streamflow extremes. Furthermore, including just the precipitation indices in the model could not 

explain temporal variation in the streamflow extremes indicated by the relatively low R2 and high MAE 
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(Appendix 8). My hypothesis for an explanation of the residuals is that complex groundwater dynamics 

had an influence on the streamflow in the catchments over the observation period.  

 

4.2. Methodologies assessment 

The two applied methodologies lead to different results demonstrating the necessity of an evaluation. 

The two applied methods represent two different approaches to isolate the LUC effect on streamflow 

extremes from other influences: (1) by directly integrating other influences (e.g., climate changes) or 

(2) an indirect control. The regional-scale approach applies the indirect control through the large number 

of catchments. That means, the approach concludes that LUC had an impact on streamflow extremes 

only if a major share of catchments with LUC showed a significant alteration in streamflow extremes in 

contrast to the opposing case of catchments without LUC having no alteration. 

On the contrary, the panel regression model directly integrates other influences into the model by 

either more data (in my case the precipitation indices) or by time dummies. Moreover, unobserved 

effects on streamflow extremes that appeared on the catchment level and changed in time are controlled 

by the error term. This control is efficient because the significance of the LUC effect on streamflow 

extremes depends on the magnitude of the error term.   

Assessing the plausibility and reliability of the methodologies depends on understanding their 

intrinsic processes. Generally, the regional-scale comparison is a statistical analysis and the panel 

regression model a statistical model. The regional-scale comparison bases the results reliability on the 

large number of catchments that give statistical robustness (Gupta et al., 2014). This approach is reliable 

if it is assumed that there is no strong correlation between LUC and other confounding changes (e.g. 

climate or other interferences). A change in streamflow is evaluated by trend analysis, which is an 

established approach in hydrological time series analysis. The results are easily comprehensible: there 

either existed a trend or not. However, in this thesis it was only possible to investigate monotonic 

changes over the whole observation period because I applied the trend analysis on the whole observation 

period. This approach therefore may have led to overlook changes in streamflow extremes caused by 

LUC. If LUC occurred non-monotonic over the observation period (e.g., increase and decrease in the 

land use class) and caused a non-monotonic change in streamflow extremes overlooking might have 

been the case.  

In contrary, the panel regression model can identify non-monotonic changes due to calculating the 

effect of LUC on streamflow indices at a specific event and catchment. However, when it comes to the 

reliability of the results, the panel regression model can be ambiguous. That is because the model itself 

requires many controls in order to function correctly therefore making it prone to bias. The choice of 

the model (e.g., fixed effect or random effect model), the right model structure (e.g., dummies, 

confounding variables) as well as the standard error treatment (e.g., regular or robust SE) can give 

different or even opposing results depending on the application. Furthermore, the model diagnostics can 

highly change the results e.g., excluding influential catchments can change the significance as well as 

the effect size of a variable of interest. Moreover, it is also important to check for the overall model fit 

(e.g., R2, residuals) to decide if the goodness of fit is sufficient to accept its results. Nevertheless, if the 

panel regression model is correctly applied it can be reliable.  

Furthermore, the panel regression model investigated the effect size of each LUC class separately 

giving information about the influence on streamflow extremes of each specific LUC class. In contrary, 

the regional-scale model could only assess the impact of the catchments specific LUC signature. 

Moreover, the reliability of both methodologies strongly depends on the accuracy of the LUC data. 

Therefore, the source of the LUC data requires elaborate examination. 
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The last important point of evaluating the two methodologies is their applicability because complex 

and time-consuming approaches are less favorable. The regional-scale comparison is a straightforward 

and easily interpretable approach. The only time-consuming factor can be gathering a sufficiently large 

number of catchments as well as long-term hydrological data. However, the panel regression model not 

only needs a large data set but also intensive data preparation for the panel structure. Moreover, if it is 

the first time of application, the panel regression model requires a profound examination and 

comprehension of the model structure and its controls. Therefore, the panel regression model is a 

complex and time-consuming approach. However, if once comprehended, the panel regression model 

can be valuable.  

I hypothesize that the opposing results of the two methodologies – no impact and an impact of LUC 

on streamflow extremes – were caused by the different definitions and calculations of a change in 

streamflow extremes. I defined and calculated a change in streamflow extremes as a monotonic trend 

over the whole observation period with the regional-scale comparison. In contrast, the panel regression 

model estimated the impact of LUC on the streamflow extremes at a certain event thus non-monotonic. 

However, other methodology specific controls (section 2.2.2) can also have caused the difference in the 

results. 

 

5. Conclusions 

A better understanding about the effects of land use change (LUC) on streamflow extremes can help 

mitigating an intensification in floods and droughts. Yet, the impact varies because it is strongly 

dependent on the hydrological context and scale. Therefore, a deeper comprehension demands more 

research of different hydrological regions at various scales. Thus, it is important to use reliable and 

applicable methods for an investigation. To examine the effect of LUC on streamflow extremes, I 

applied two different methodologies – regional-scale comparison and panel regression model – and 

discussed their benefits and limitations. 

The two applied methods resulted in different conclusions for the influence of LUC on streamflow 

extremes in the Weser-Ems region. The regional-scale comparison did not connect changes in 

streamflow extremes to LUC. However, the panel regression model showed that an increase in green 

area mitigated the high flows (1% increase in green area relative to catchment area caused a decrease in 

maximum peak discharge of around 3% and vice versa). Since I correctly applied the methodologies, I 

attribute the difference in outcome to the methods’ inherent calculations (monotonic and non-

monotonic). 

The regional-scale comparison is a straightforward statistical analysis giving robust results yet it 

requires a large catchment set with long-term discharge data. It may pose difficulties to isolate the LUC 

effects on streamflow extremes from other influences (e.g., climate changes). The panel regression 

model is a statistical model that requires intensive control and thus can be complex, time-consuming 

and prone to bias. However, if correctly applied it can give valuable results. Giving a recommendation, 

I advise the usage of the regional-scale comparison because it is straightforward, not time consuming 

and results are robust.   

Concluding, the gained knowledge about the contribution of LUC on streamflow extremes can give 

a better understanding of the hydrological processes in the Weser-Ems region. Furthermore, the results 

can be used to develop strategies to mitigate streamflow extremes in the Weser-Ems region. The 

assessment of the two methodologies is generalizable and can help choosing the right method for 

investigating LUC influences on streamflow.   
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Appendix  

1. Detailed information of catchment characteristics 

Table A1. Characteristics (information, slope, climate, geology, soil) of the 30 catchments of interest. 
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Table A2. Land use in the reference year 1990 and sum of LUC relative to catchment area over the observation period. 

 

 

2. Visualization of streamflow extremes indices 

 

Figure A1. Normalized values of the high flow indices. Black line: moving average. 

 
 land use 1990 (reference year) [%] rel. Land use change over observation period [%] 

ID agriculture pasture urban green agriculture pasture urban green 

1 12 74 3 11 1.2 -1.8 0.5 0 
2 10 56 1 32 -0.9 -0.7 0 1.6 

3 25 57 2 16 1.1 -1.9 0.8 0.3 

4 43 35 4 19 0.4 -2.0 2.1 0.0 
5 70 27 0 1 -0.5 -0.1 0.6 0.1 

6 63 16 2 18 0.4 -0.7 0.1 0.2 

7 97 0 1 2 -0.6 0 0.2 -0.1 

8 78 2 0 20 -0.4 -0.4 6.7 -6.2 
9 75 2 4 19 -1.9 0.1 1.8 0.5 

10 72 15 4 8 -0.7 0.0 0.6 0.1 

11 68 4 2 25 -0.1 -0.1 0.2 0.2 
12 80 12 0 8 0.2 -0.2 0 0 

13 75 6 13 6 -12.7 -0.3 13.9 0.2 

14 65 5 8 21 -8.0 -0.1 7.6 1.4 
15 70 9 2 19 -0.1 -0.3 0.3 -0.1 

16 71 0 2 27 -2.2 0.0 2.2 1.2 

17 85 3 4 8 -4.2 -1.0 4.9 0.1 

18 87 1 6 5 -5.8 -0.4 5.5 0.9 
19 89 0 3 9 -1.4 0 1.8 -0.2 

20 79 0 2 19 -0.7 0 0.6 0.3 

21 54 0 0 46 0 0 0 0.5 
22 79 0 7 14 -3.1 0 3.1 0.4 

23 87 0 1 12 -0.3 0 0.2 -0.1 

24 76 3 1 21 0.3 -0.3 0 0.1 

25 82 3 2 14 -3.4 -1.1 2.1 1.7 
26 96 0 0 4 0 0 0 0 

27 61 0 7 31 3.4 -0.4 5.5 1.1 

28 73 1 4 22 -1.4 0.2 1.5 0.9 
29 49 0 18 33 -3.5 0 3.5 0.6 

30 79 0 0 21 26.2 0 0 0 
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Figure A2. Normalized values of the low flow indices. Black line: moving average. 

 

3. Precipitation indices 

 
Figure A3. Boxplot of the precipitation indices for the events of high flow. Days being days before an event 
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Figure A4. Boxplot of the precipitation indices for the events of low flow. Days being days before an event 

 

4. Catchments with LUC data obtained from LSN 

 

Figure A5. Catchments with LSN data that fulfilled the conditions (section 2.1.5). Seven catchments showed similar LUC as 

CLC-CHA data (ID: 8, 13, 14, 16, 18, 24). In contrast, three catchments (ID: 7, 23, 24) had changes CLC-CHA did not detect. 

Catchment 7 (urban: 4.1%, agriculture: - 5.4%), Catchment 23 (urban: 4.3%, agriculture: -5.4%) and catchment 24 (urban: 

2.2%, agriculture: -2.5%). 
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5. Equation min-max normalization 

𝑥′ =
𝑥 − 𝑚𝑖𝑛(𝑥) 

𝑚𝑎𝑥(𝑥)  − 𝑚𝑖𝑛 (𝑥)
 

 

Where 𝑥 is specific SEI and 𝑥′ the normalized value of each SEI. 

 

6. Equation of the mean absolute error (MAE) 

𝑀𝐴𝐸 =
∑ |𝑌𝑖 − 𝑌̂𝑖|𝑛

𝑖=1

𝑛
 

Where i is the observation number, n the sample size, Y the observed value (unit as SEI) and Ŷ the fitted 

value (unit as SEI). 

 

7. LUC in absolute values vs. LUC relative to catchment area 

 

Figure A6. LUC in absolute values and LUC relative to catchment area. Big dots with numbers are catchments with 
significant trend in high flow indices. Small points catchments without significant trend. 
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Figure A7. LUC in absolute values and LUC relative to catchment area. Big dots with numbers are catchments with significant 

trend in low flow indices. Small points are catchments without significant trend. 

 

8. Panel regression model performance 

For all following figures, the plots show the fit of the panel regression model with (1) only fixed effects, 

(2) fixed effects and time dummies – the model 1 (M1), (3) fixed effects and precipitation indices and 

(4) fixed effects, precipitation indices and time dummies – the model 2 (M2). Furthermore, N is the 

number of observations. 

 
Figure A8. Maximum peak discharge on the event scale (N = 966). 
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Figure A9. Maximum peak discharge on the seasonal scale (N = 527). 

 

 

Figure A10. Excess volume on the event scale (N = 962). Smaller N because observations with 0 m3 excess volume excluded. 

 

 

Figure A11. Excess volume on the seasonal scale (N = 526). Smaller N because observations with 0 m3 excess volume 
excluded. 
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Figure A12. Mean low flow on the event scale (N = 645). 

 

 

Figure A13. Mean low flow on the seasonal scale (N = 525). 

 

 

Figure A14. Deficit volume on the event scale (N = 644). Smaller N because observation with 0 m3 deficit volume excluded. 
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Figure A15. Deficit volume on the seasonal scale (N = 524). Smaller N because observation with 0 m3 deficit volume excluded. 
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