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Tekijä Sara Heikonen Työn nimi Järvien rehevöitymisen yhteys järven ja valuma-alueen ominaispiirtesiin Maisteriohjelma Vesi- ja ympäristötekniikka Koodi ENG29 Työn valvoja Apulaisprofessori Matti Kummu Työn ohjaaja(t) DI Matias Heino & DI, FM Maria Yli-Heikkilä Päivämäärä 01.03.2021 Sivumäärä 33 + 3 Kieli englanti Tiivistelmä 
Maatalouden aiheuttamat ravinnevalumat ja niiden aiheuttama rehevöityminen 
heikentävät Suomen sisävesien tilaa. Suomessa järvien rehevöitymiseen vaikuttavia 
järven ja valuma-alueen ominaispiirteitä ei ole tutkittu koko maan tasolla käyttäen suurta 
otoskokoa. Ymmärryksen lisääminen järven ja valuma-alueen ominaispiireiden ja järvien 
rehevöitymisen välisestä yhteydestä voisi auttaa tällä hetkellä käytössä olevien 
rehevöitymiseltä suojaavien toimenpiteiden tehokkuuden arviointia, sekä 
tulevaisuudessa tarvittavien lisätoimenpiteiden suunnittelua. Tämän työn tavoitteena oli 
kuvailla yhteyttä järvien rehevöitymisen sekä järven ja valuma-alueen ominaispiirteiden 
välillä hyödyntäen random forest -regressiomallia, ja keskittyen maatalouteen liittyviin 
ominaispiirteisiin. Veden a-klorofyllipitoisuutta käytettiin mallin selitettävänä 
muuttujana ja rehevöitymisen indikaattorina. Yksittäisten ominaispiirteiden ja 
rehevöitymisen välisen yhteyden voimakkuus mitattiin, ja tärkeimpien selittävien 
ominaispiirteiden sekä maatalouteen liittyvien ominaispiirteiden ja järvien 
rehevöitymisen välistä yhteyttä kuvailtiin. Tutkittujen ominaispiirteiden ja järvien 
rehevöitymisen yhteyttä kuvaavan mallin ennustusten R2 oli koko maan tasolla 0.28 ja 
RMSE 7.6 μg/l (90 % selitettävän muuttujan keskihajonnasta). Tärkeimmät 
rehevöitymistä ennustavat ominaispiirteet olivat järvityyppi, joka sisältää tietoa järven 
morfologiasta ja siinä luontaisesti esiintyvästä ravinnepitoisuudesta, sekä valuma-alueen 
pelto- ja järvipinta-alan osuus. Korkeimmat a-klorofyllipitoisuudet ennustettiin järvissä, 
jotka ovat tyypiltään luontaisesti alttiita rehevöitymiselle. Kasvava peltoalan osuus järven 
valuma-alueella oli yhteydessä voimistuneeseen rehevöitymiseen, kun taas laskeva 
järvialan osuus oli yhteydessä vähentyneeseen rehevöitymiseen. Tutkimuksessa 
rakennettua mallia tulisi kuitenkin edelleen kehittää, jotta sillä voitaisiin ennustaa järvien 
rehevöitymistä järven ja valuma-alueen ominaispiirteiden perusteella.  Mallin 
selittävyyden parantamiseksi tarvittaisiin mahdollisesti suurempi otoskoko paremmalla 
ajallisella resoluutiolla, tai lisää rehevöitymistä selittäviä ominaispiirteitä.  
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In Finland, nutrient leaching from agricultural fields and eutrophication degrade the 
quality of inland waters. The lake and catchment characteristics that are driving factors 
for eutrophication in lakes have not been studied in Finland on the scale of the whole 
country using a large sample size (1333 lakes). Increased understanding of the 
relationship between lake and catchment characteristics and lake eutrophication could 
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to describe the relationship between lake eutrophication and the characteristics of the 
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characteristics. Chlorophyll-a concentration was used as a target variable and an indicator 
of eutrophication. The strength of the relationships between eutrophication and 
individual characteristics was assessed, and the relationships between lake 
eutrophication and the most important characteristics as well as agricultural 
characteristics were described. In the scale of the whole country, the model prediction R2 
was 0.28 and the prediction RMSE 7.6 μg/l (90% of standard deviation in the target 
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1 Introduction 
Monitoring the quality of inland waters has become increasingly important in Europe since European Union (EU) Water Framework Directive (WFD) was adopted. One of the directive aims is to achieve good ecological status in surface waters by 2027, and the member states must plan measures to timely achieve this goal (European Commission, 2019). In 2019, around 15% of Finnish lakes had moderate, poor, or bad ecological status (Finnish Environment Institute, 2019a.). Eutrophication is one of the most common stressors affecting the ecological status of lakes (Ministry of the Environment, n.d.). In Finland, agriculture is estimated to be the most significant single source of nutrient load to waters (Ekholm & Mitikka, 2006; Rankinen et al., 2020). To mitigate the negative environmental impacts of agriculture, the Finnish Food Authority provides farmers with EU and national funding to help them apply protective measures on their fields in an economically sustainable manner (Finnish Food Authority, 2020a, 2020b). 
In Finland, the trophic state of lakes is monitored by in situ water sampling (Aroviita et al., 2019). In Finnish lakes, there is a strong relationship between the trophic state and total nutrient concentrations (Pietiläinen & Räike, 1999). Therefore, in case of scarce or missing in situ observations from a water body, the trophic state can be estimated based on nutrient load modelling that uses for example nutrient load observations and crop class data from agricultural fields as input data (Aroviita et al., 2019; Huttunen et al., 2015). The temporal and spatial coverage, and access to these model input data is limited which narrows the proportion of lakes where trophic state can be estimated. The scope of the estimations could be broadened by building trophic state models that rely on more widely available data, for example on catchment and lake characteristics that have shown to affect nutrient leaching or eutrophication.  On catchment scale, nutrient loading and eutrophication are complex phenomena with numerous natural and human influenced drivers (e.g. Hollister et al., 2016; Recknagel et al., 1997; Tian et al., 2017; Uuemaa et al., 2007). Existing research on the drivers of eutrophication and increased nutrient loads has highlighted the effects of catchment characteristics (e.g. types of land use), hydroclimatological factors, soil types, and lake specific characteristics (Fraterrigo & Downing, 2008; Hollister et al., 2016; Hyvönen et al., 2020a; Katainen, 2018; Puustinen et al., 2007; Read et al., 2015; Röman et al., 2018; Uuemaa et al., 2007).   The importance of the characteristics of individual catchments or lakes seems to depend on the scale of the study. On inter-regional scale, land use and lake characteristics have been the most effective predictors of lake eutrophication or nutrient leaching (Hollister et al., 2016; Read et al., 2015; Röman et al., 2018) whereas on regional and local scale, the effectiveness of each predictor seems to be more specific to the study area (e.g. Ekholm et al., 2000; Liu et al., 2019; Read et al., 2015). Most of the previous studies in Finland have been conducted on local or regional scale (Röman et al., 2018), and there seems to be no studies on the relationship between eutrophication and the characteristics of the lake and its catchment on the scale of the whole country, using a large number (> 1000) of study catchments. An inter-regional scale model with a large sample size could increase the understanding of the driving factors of eutrophication on the scale of the whole country. In 
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addition, it could help evaluating the efficiency of protective measures that aim to ensure the ecological quality of Finnish lakes and help meeting EU WFD goals.  Chlorophyll-a (chl-a) concentration in water is often used as a measure of the intensity of eutrophication (Hollister et al., 2016; Jimeno-Sáez et al., 2020; Liu et al., 2019), and it is also one of the eutrophication indicators used in EU WFD water status assessments (Finnish Environment Institute, 2015). The eutrophication models in existing research often quantify the relationship between chl-a concentration and numerous predictor variables that represent the drivers of eutrophication by applying machine learning algorithms such as random forest, artificial neural networks, or support vector machines. These methods are shown to be suitable for ecological modelling because of their ability to capture non-linear relationships, and they have been shown to produce accurate predictions of chl-a concentrations based on catchment and lake specific characteristics. (Hollister et al., 2016; Jimeno-Sáez et al., 2020; Liu et al., 2019; Recknagel et al., 1997.) 
This study aimed to describe the relationship between lake eutrophication and characteristics of the lake and its catchment in Finland by 1) quantifying the strength of the relationships by applying random forest regressor and measuring the model performance, 2) finding the lake or catchment characteristics with the strongest relationships with eutrophication 3) describing the relationships between the characteristics and lake eutrophication. The intensity of lake eutrophication was quantified with satellite observations of chl-a concentrations. Agricultural characteristics were chosen for extensive examination because agriculture is a significant source of nutrient loads to waters in Finland (Ekholm & Mitikka, 2006). The expected regional variability of the drivers of eutrophication was studied by evaluating the model variable statistics and the model performance on river basin district (RBD) level (Figure 1). The RBDs are defined based on the major rivers’ basins in Finland and therefore provide a natural regional division of catchments (Alahuhta et al., 2013). The analysis included 1333 lakes that are monitored for EU WFD in Finland. The study period was October 2015 – September 2019, since both satellite observation based estimates of   chl-a concentration in Finnish lakes and hydroclimatological data were available for this period. 
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2 Materials and methods 
This section describes the lake, soil, land use and hydroclimatological characteristics of the study area, the main materials used in the analysis, and the analysis methods. The study examined 1333 lake catchments that are distributed across Finland. The main analysis methods were descriptive data analysis and applying a machine learning model. 
2.1 Study area 
The studied lakes and catchments are distributed across Finland and river basin districts (Figure 1), and the catchment size ranges from 1.4 km2 to 3900 km2. Globally compared, Finnish lakes are humus rich, and they are characterized by the seasonal ice cover. Lakes can be divided into trophic classes based on the concentration of chl-a or nutrients in the water. According to the classification, eutrophic lakes are the most nutrient rich, oligotrophic lakes the most nutrient poor and mesotrophic lakes are have nutrient concentrations between the two extremes. Around 10% of Finnish lakes are eutrophic (chl-a > 10 μg/l), and the remaining share of lakes are either mesotrophic (chl-a 5–10 μg/l) or oligotrophic (chl-a < 5 
μg/l). (Koponen, 2006.)  The most common soil types in Finland are coarse mineral soils and organic soils. Erosion prone clay soils are common in southwestern Finland which is also the part of the country with the highest share of agricultural land area. On RBD level, RBDs three and two have the largest shares of agricultural area (19% and 12% respectively), and RBDs five and seven the lowest (below 1%). The share of built environment is also the highest in RBDs three and two (5–6%) and lowest in RBDs five and seven (below 1%). All RBDs are dominated by forest area, ranging from 73% (RBD three) to 86% (RBD one). (Ministry of Agriculture and Forestry, n.d.; Tattari et al., 2015)  

 Figure 1 River basin districts in Finland, spatial distribution of catchments included in the study, and an example of the land use elements within a catchment which are considered in the study.  
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The climate in Finland has features of both maritime and continental climate, and there are distinct differences in the temperature ranges between the northern and southern parts of the country. Generally, winter temperatures are below 0 ˚C in the whole country, ranging from averages of -13 ˚C in the north to -2 ˚C in the south. Winter lasts from three to six months, mostly depending on latitude. In the summer, temperatures are consistently above 10 ˚C, with averages ranging from around 11 ˚C in the north to 16 ˚C in the south. The study period was warmer than the long-term average in most parts of the country. The mean annual range of precipitation in Finland is around 480–700 mm, with generally lower values in the north and higher values in the south. Summer and autumn are normally the rainiest seasons. During winter, there is a permanent snow cover. The annual precipitation in the study years was both below and above the average, depending on location. (Finnish Meteorological Institute, 2020a, 2020c.) 
2.2 Materials 
Satellite observed estimates of chl-a concentrations in Finnish lakes were used as target variable for training and testing the machine learning model built in this study. The predictor variables used to explain chl-a concentrations in the lakes (Table 1) were derived using climatological and geological data, satellite imagery as well as boundaries of agricultural fields, catchments, lakes, rivers and RBDs in Finland (Table 3, Appendix 1). The data was acquired from Finnish and European open data services, and by directly contacting the Finnish Environmental Institute and the Finnish Meteorological Institute. The study was limited to EU WFD monitored lakes that are located within the Finnish borders. In addition, the study only included lake catchments with some agricultural land use. The number of lake catchments included to the study was further limited by data availability of chl-a concentration, Normalized Difference Vegetation Index (NDVI) - and erosion risk on agricultural fields.  
Chl-a concentration in lakes (target variable) was modeled based on three agricultural and eleven other predictor variables that were calculated separately for each lake catchment (Table 1). The agricultural predictor variables described agricultural land use and tillage practices on agricultural fields within each catchment, and the other predictor variables described hydroclimatoligical conditions, erosion risk on agricultural fields, the extent of lake and stream networks, lake characteristics as well as the year of the chl-a observation. The catchment for each lake was calculated using the Catchment areas dataset (Finnish Environment Institute, 2014), and the catchment pour points. The pour point for each catchment was calculated using the Catchment areas and Elevation model 10 m (National Land Survey of Finland, 2019) datasets and the flow accumulation method (Bartos, n.d.) from Pysheds Python package. 
The model variables were calculated or extracted from datasets for specified periods within each study year. The analysis included 1333 of the 4617 WFD monitored lakes in Finland, and the total number of samples from the study period was 3544 (four years of data). The preparation process of the predictor variables (Figure 2) and the target variable, as well as the theoretical basis of variable selection are described in the following sections. 
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Table 1 Predictor variables used in the model. Variable type Description (units) Calculation period within a year 
Summarizing method per catchment 

Agricultural  Share of agricultural field area (%) – Percentage 

Agricultural field-to-lake distance (m-¹) – Mean, normalized to catchment area 
NDVI on agricultural field plots (–) April – May Median 

Other Cumulative runoff within growing season (mm) June – September Mean 

Cumulative runoff outside of growing season (mm) October – May Mean 

Lake water temperature 
(˚C) June – September Mean 

Days of frost in a season  (–) October – May Mean 

Erosion risk on agricultural fields (kg/m2/yr) – Median 

Share of lake area (%) – Percentage 

Stream length (m-¹) – Total length normalized to catchment area 
Lake area (km2) – – 

Lake type (–) *  – – 

River basin district (–) – – 

Year of chl-a observation (–) – – 

*Classification based on catchment soil types, lake size, depth, and retention time (Aroviita et al., 2019)  
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2.2.1 Agricultural predictor variables 
The share of agricultural field area in a catchment was chosen as a predictor variable because it is shown that in Finland, lakes that are impacted by agriculture suffer from eutrophication more than other lakes (Mitikka & Ekholm, 2003), and the share of agricultural field area has been found to be one of the most powerful predictors of nutrient losses from catchments on regional and inter-regional scale (Ekholm et al., 2000; Röman et al., 2018). In this study, agricultural field area, or hereafter ‘field area’, is defined as arable land that is cultivated or available for cultivation, and that is reported to the Finnish Food Authority for applying area based farming aid (European Parliament and Council of the European Union, 2013; Finnish Food Authority, 2016). The distance between fields and a water body in a catchment has been shown to impact eutrophication, especially in catchments with low transport capacity (i.e. low catchment connectivity) and high retention time (Fraterrigo & Downing, 2008). Therefore, mean field-to-lake distance is also included as a predictor variable in the model.  The share of field area in a catchment was calculated by dividing the area of field plots within the catchment by the total catchment area. The mean field-to-lake distance in the catchment was calculated as mean Euclidean distance from the nearest point on lake edge to the nearest point on the edges of fields. The distance was then divided by the total catchment area to make the variable values comparable regardless of the size of the catchment.  The presence of winter season (here refers to the period outside growing season) vegetation coverage was selected as a predictor variable as an example of a protective measure that is widely applied on the agricultural fields in Finland (Hyvönen et al., 2020b). Winter season vegetation cover has been shown to reduce erosion and total nutrient losses from fields in most areas of Finland. The positive impacts are most clearly seen in high erosion risk areas in southern Finland and Ostrobothnia (Hyvönen et al., 2020b; Katainen, 2018). NDVI is a vegetation index that is widely used for measuring vegetation biomass and greenness from satellite observations. The range of NDVI values is -1– 1, where values below 0.1 represent areas with no vegetation, moderate values (0.2–0.3) represent sparse vegetation (e.g. shrubs or grass) and high values (above 0.6) represent dense vegetation (e.g. rainforest) (Bhandari et al., 2012). NDVI has been successfully used to identify early spring crop growth in the northern hemisphere (Skakun et al., 2017) and winter season vegetation coverage on fields in Finland (Mleczko et al., 2020). Therefore, NDVI was chosen for measuring the presence of winter season vegetation cover on fields in this study. Late spring, before the start of growing season, has been shown to be a suitable time for observing NDVI on fields and measuring the presence of winter season vegetation cover (Mleczko et al., 2020).  The NDVI data used for each catchment and study year was chosen to be from the 30-day window before the start date of growing season. The time window was calculated using the Start dates of growing season on weather stations data (Finnish Meteorological Institute, 2020b) from the weather station nearest to or within the catchment. The NDVI variable was calculated each study year as the median of the chosen NDVI data on field plots within the catchment. 
2.2.2 Other predictor variables 
Hydrological factors are shown to highly impact nutrient losses from fields and the effect is seen especially in short term or in small scale evaluations (Puustinen et al., 2007; Tattari et al., 2015). In existing research, increased runoff (i.e. the share of precipitation that drains into streams, ponds and lakes, either over the surface or sub-surface) or precipitation, 
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especially outside growing season, have been associated with higher nutrient losses (Katainen, 2018; Puustinen et al., 2007; Rankinen et al., 2020; Röman et al., 2018). In this study, cumulative seasonal runoffs were chosen as predictor variables. The runoff variables include both surface- and subsurface runoff (Muñoz Sabater, 2019c), and are standardized for the catchment area. In addition to runoff and precipitation, higher air and lake water temperatures have been associated with increased nutrient losses and eutrophication (Liu et al., 2019; Paerl & Huisman, 2008; Rankinen et al., 2020). Since nutrient leaching intensifies outside growing season (Puustinen et al., 2007), in this study, temperatures are considered separately for winter season (i.e. number of days of frost) and growing season (i.e. mean lake water temperature). 
The annual cumulative seasonal runoff was aggregated from monthly data (Muñoz Sabater, 2019c) for the main growing season and the winter season (Table 1). The mean of cumulative seasonal runoff in grid cells within and partially within the catchment was chosen to represent the runoff in a catchment. The lake water temperature variable was calculated from monthly mean temperatures, by taking the mean of values during the growing season of each year. The number of days of frost was calculated from hourly temperature data that was first resampled into daily means. In this study, frost days are defined based on daily mean temperatures instead of daily minimums to represent a more permanent temperature change that could advance the freezing of lakes, and ice cover reduces wind induced mixing that might promote the release of nutrients from sediments in water bodies (Schindler, 2006). In each cell location, the number of days during winter season (as defined in Table 1) when the temperature was below zero Celsius degrees was calculated. The mean number of days of frost was annually calculated for each catchment and study year. 
Field erosion sensitivity or its elements (e.g. slope and soil type) have been found to impact nutrient losses from fields (Katainen, 2018; Rankinen et al., 2020; Röman et al., 2018), and they have been considered in defining the target area of protective measures such as field winter season vegetation cover in Finland (Hyvönen et al., 2020b). In this study, the erosion risk variable was calculated from Field erosion risk map that comprises information about field slope and steepness, soil type and erosive impact of rain and runoff (Karelia University of applied Sciences & Natural Resources Institute Finland, 2020). The variable value is the median erosion risk on field plots within a catchment.  The share of lake area in a catchment and catchment connectivity affect the water and nutrient retention times and therefore nutrient availability in lakes (Ekholm et al., 2007; Fraterrigo & Downing, 2008; Read et al., 2015). To represent catchment connectivity, the share of lake area and the stream length in a catchment were chosen as predictor variables. The share of lake area was calculated by dividing the total lake area in a catchment by the total catchment area. The stream length variable was calculated by dividing the total stream length in a catchment by the total catchment area. Lake areas and stream lengths were derived from the Shoreline10 and River Network dataset (Finnish Environment Institute, 2016).  The local lake specific morphological factors such as lake depth and size, as well as the concentration of nutrients naturally present in the lake have shown to impact the trophic state of lakes (Ekholm et al., 2007; Fraterrigo & Downing, 2008; Pietiläinen & Räike, 1999; Read et al., 2015). The EU WFD water bodies (Finnish Environment Institute & ELY-Centres, 2017) dataset includes a ‘lake type’ attribute that combines information about lake 
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morphology, water retention time, amount of humus as well as naturally occurring nutrient and calcium concentrations in the lake (Aroviita et al., 2019). Lake area and lake type were added to the model in this study as predictor variables, to represent lake specific factors. In addition, the number of the RBD and the year of the chl-a observation were included in the model as predictor variables because they can potentially carry the influence of annually changing factors or land use categories that are not included in the model.  
2.2.3 Target variable 
The median of chl-a concentration in lake water from the growing season (June to September) was chosen as the target variable in the model since it is one of the eutrophication indicators used in EU WFD water status assessments in Finland (Attila, 2019, p.15), and because there are frequent satellite-based estimates of the concentrations from lakes distributed across the country. The seasonal median was calculated from daily medians if there were multiple observed estimates from an individual growing season within the study period. If there was only one observed estimate, it was used in place of the seasonal median.  

 Figure 2 The preparation process of calculated model variables. The main input data and agricultural predictor variables are outlined in bold.  
2.3 Methods 
The analysis used two main methods: descriptive analysis and machine learning model. The goal of the descriptive analysis was to gain understanding of the characteristics of the data and relationships between the model variables. The machine learning model aimed to quantify the relationship between lake eutrophication, agricultural land use, reduced autumn tillage and other predictor variables. The model performance was validated with the satellite observed estimates of chl-a concentrations to assess the model potential for explaining the relationships. In addition, the strength and the type of the relationships between predictor variables and the target variable were described with permutation variable importance and partial dependence plots.  
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2.3.1 Descriptive analysis 
The first part of the descriptive analysis explored the distribution and statistics of the variable values in the full dataset, including all study lakes, catchments, and study years. The goal of the analysis was to provide background information for interpreting the model results. Numerical variables were described with general statistics and categorical variables were described with bar plots. Moreover, the spatial distribution of the target variable values and the agricultural predictor variables was examined in more detail on RBD level to reveal any regional patterns. 
The correlations between predictor variables were assessed because they might affect the measures used for describing the relationships between predictor variables and the model outcome (discussed further in section 2.3.2). Correlation was measured with Spearman’s rank correlation coefficient (CC) which describes the strength of the monotonic relationship between two variables. Spearman’s correlation does not carry assumptions about variable distribution. 
2.3.2 Machine learning model 
The relationship between lake eutrophication and the characteristics of the lake and its catchment was explored by fitting random forest regressor to the dataset and evaluating the model performance. The model was built using Scikit-learn Python package. Before fitting the model, the data was preprocessed: the category-type variables (lake type, river basin district number and study year) were encoded into binary columns and the dataset was divided into training (75%) and testing (25%) sets. The division to the training and testing datasets was made only once. The testing catchments were selected randomly while ensuring that annual observations from an individual catchment and nested catchments would only be included in either of the two datasets. Spatial separation of training and testing datasets reduces the leakage of information from training into testing data due to spatial autocorrelation (Roberts et al., 2017; Vucetic et al., 1999). The variable statistics of the training catchments were examined to ensure that the full range of variable values excluding outliers was present in the training phase, because as a decision tree based predictor, random forest cannot extrapolate (Breiman, 2001). 
Random forest regression is an ensemble learning method that combines predictions from multiple decision trees constructed of independent bootstrap samples from the training data. The regression model is generated by performing the following steps: 

1. A bootstrap sample of the data is randomly selected.  2. A subset of predictor variables is selected.  3. A decision tree is trained with the bootstrapped data and the selected predictor variables. 4. The previous steps are repeated multiple times. 5. The average of all the decision tree results is taken. (Breiman, 2001.) 
Random forest is a commonly used classification and regression algorithm in ecological modelling (Meyer et al., 2019), and it has been shown to be suitable for capturing non-linear relationships, for example the relationship between algae blooms and their driving factors, in complex environmental systems (Hollister et al., 2016; Kehoe et al., 2012; Liu et al., 2019). Random forest is a robust predictor, and it can reduce the effect of bias in input data 
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(Breiman, 2001). In addition, random forest does not assume that the predictors or the target variable have a specific distribution (Cutler et al., 2007).  
The model performance was assessed based on the coefficient of determination (R2) and Root Mean Squared Error (RMSE) which are commonly used regression performance metrics, and that can be used for comparing the results with existing research (Hollister et al., 2016; Jimeno-Sáez et al., 2020; Kehoe et al., 2012; Liu et al., 2019; Röman et al., 2018). The performance metrics were calculated for the training and testing phase to evaluate the tendency of the model to overfit. The performance metrics were calculated and compared between the whole study area and on RBD level to reveal potential spatial patterns. 
2.3.3 Variable importance and description of variable relationships 
To understand the relationships between the predictor variables and model predictions, the influences of individual predictor variables as well as the direction and type of the influence was assessed with permutation feature importance and partial dependence plots. Permutation feature importance is calculated by permuting columns of test data one by one and measuring the resulting decreases in model prediction accuracy (Breiman, 2001). The permutation feature importance shows less bias with data that includes both categorical and numerical variables, compared to the Mean Decrease Gini, which is another well-known variable importance measure used with random forests. However, permutation importance might underestimate the importance of highly correlated variables because little information is lost when one of the correlated features is permuted. (Archer & Kimes, 2008; Louppe, 2014, pp. 146–149.) 
Partial dependence plots (Friedman, 2001) visualize and qualitatively describe the relationship between one to three predictor variables and the target variable. They show the marginal effect that individual predictors have on the model outcome. Partial dependence plots of the most important model variables are often more informative than plots of less relevant predictors. The partial dependence equation assumes that predictor variables are not strongly correlated, and that the model does not strongly overfit to training data. (Friedman, 2001.)   
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3 Results 
 This section explains the key results from descriptive analysis and the random forest model and describes the relationship between the target variable and the predictor variables. The samples from the southern part of the country were the most frequently represented in the data. The extent of variation (measured as coefficient of variation) in most of the variable values was more than 10%. There was moderate or strong correlation (absolute value of CC in the range 0.40–0.60 or 0.6–1.0 respectively) between some predictor variables. Based on the R2 value 0.28 of the random forest model predictions, the model overfitted the training data and the relationships between eutrophication and the characteristics of the lake and its catchment were weak on the scale of the whole country. The most important predictor variables were lake type, share of field area and share of lake area. The highest chl-a concentrations were predicted in lakes that are shallow or naturally humus rich, nutrient rich or calcium rich, and increasing share of field area and decreasing share of lake area were related to higher chl-a concentrations. The remaining agricultural predictor variables (field-to-lake distance and NDVI on fields) had no effect or negative effect to model performance but increasing field-to-lake distance and higher NDVI were still found to be associated with lower chl-a concentrations. 
3.1 Descriptive analysis 
There were notable differences between the numbers of samples from the four study years, and the samples were unevenly distributed in the RBDs (Figure 3). The largest number of samples (1242) was from 2019, and the smallest number (623) from 2017. From 2016, there were 937 samples and from 2018, 742 samples. The largest number of samples was from catchments in RBDs two and one (1370 and 1234 respectively), located in southern and southeastern Finland. From RBD three, located in southwestern Finland, there were 672 samples. Catchments in RBDs four, five and six, located in central and northern Finland, were the least represented in the data. From RBDs seven and eight, there were no samples due to missing data or minimal agricultural land use. Around 64% of the samples were from RBDs where agriculture is the largest single source of phosphorous and nitrogen loads, and the remaining 36% of samples were from RBDs where agricultural impact on either or both phosphorous and nitrogen load is lower (Tattari et al., 2015).  The most frequent lake type in the dataset was humus poor small and medium-sized lakes and the second most frequent lake type was small humic lakes (Figure 4). From the remaining lake types, humus rich lakes, shallow humic lakes and medium-sized humic lakes appeared the most frequently in the data. Overall, 34% of the studied lakes were humus poor and 57% humic or humus rich. Around 55% of the studied lakes were small or medium-sized. 
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  Figure 3 Samples distribution in river basin districts.    

  Figure 4 Lake type distribution in the full dataset. 
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 Table 2 shows general statistics of the variables in the full dataset following Jimeno-Sáez et al. (2020). Most of the variables had different scales and units but the extent of their variability could be compared using the coefficient of variation (CV) which is the ratio of standard deviation to mean. The extent of variability was more than 10% for all variables. Variability was the highest in the study lake area, field-to-lake distances and share of field area, and the lowest in the lake water temperature, number of frost days and NDVI. The Spearman correlations between most predictor variables and the observed estimates of chl-a concentration (Table 2) were weak (absolute value of CC below 0.40) with values of CC ranging between   -0.3 and 0.3. The share of lake area moderately correlated with chl-a concentration, with CC = -0.46. The stream length and share of field area had the second highest CCs with chl-a concentrations, 0.27 and 0.22, respectively.  Table 2 Full dataset variable statistics. 
Variable (units) Mean Min Max St.dev. CV CC* Chl-a concentration 
(μg/l) 9.95 0.55 66.22 8.42 0.85 1.00 
Erosion risk (kg/m2/yr) 0.4 0.01 3.0 0.3 0.72 -0.04 
No. of frost days (–) 113.5 47.8 187.7 19.7 0.17 0.06 
Stream length (m-¹) 3.12e-04 4.34e-07 0.001 1.56e-04 0.50 0.27 
Field-to-lake distance (m-¹) 4.29e-05 4.24e-07 4.92e-04 4.44e-05 1.04 0.08 
Winter season runoff (mm) 236 44 470 97 0.41 –**  
Growing season runoff (mm) 108 22 300 35 0.33 –** 
NDVI (–) 0.24 -0.31 0.51 0.07 0.29 -0.09 
Share of field area (%) 7.0 0.003 38.1 6.6 0.94 0.22 
Share of lake area (%) 31.5 1.9 101.9 16.6 0.53 -0.46 
Lake water temperature 
(˚C) 12.5 8.9 16.2 1.4 0.11 0.10 
Study lake area (km2) 16.5 0.2 853.3 54.5 3.31 -0.15 

*Coefficient of correlation (Spearman correlation) with chl-a concentration, p-value < 0.01 for most variables. For erosion risk, p = 0.03. ** Results were not statistically significant, p > 0.05.  
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The chl-a concentrations ranged from below 1 μg/l (ogliotrophic) to above 38 μg/l (eutrophic) in all RBDs (Figure 5). However, chl-a concentrations above 30 μg/l were rare in all RBDs. The highest chl-a concentrations (above 60 μg/l) were found in RBDs one, two and four. The mean of chl-a concentrations was above the full dataset mean in RBDs one, three, four and five, and below the full dataset mean in RBDs two and six. The standard deviation of the chl-a concentrations was the highest (8.2 μg/l) in RBD one. In the other studied RBDs, the standard deviation was around 6.5 μg/l.   

 Figure 5 The medians of observed chl-a concentrations in all study lakes.  Figure 6 shows the means of agricultural predictor variable values on RBD level. The mean share of agricultural land area was the highest in RBD three (9.9%), and the lowest in RBDs four, five and six, 2.3%, 0.9% and 0.8% respectively. In RBDs one and two there was 6–7% of agricultural land area. The mean of normalized field-to-lake distance was the lowest in RBDs five and six, where the share of agricultural area was the lowest. In the other RBDs, the mean field-to-lake distance increased with decreasing mean share of field area. The mean of NDVI valuse was in the range 0.23–0.25 in all study RBDs except RBD six, where it was 0.11. The highest NDVI mean values were found in the central and southeastern parts of the country, and the lowest in the northwestern part.   

 Figure 6 The means of agricultural predictor variable values on RBD level. 
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 The Spearman correlation between most predictor variables was weak, with CC values in the range -0.4–0.4 (Figure 7). There was strong correlation between the study lake area and the field-to-lake distance (-0.71), and moderate correlation between the following pairs of variables: number of frost days and growing season runoff (0.41), share of lake area and stream length (-0.55), and lake water temperature and growing season runoff (-0.46). On average, growing season runoff had the strongest correlations with other model variables, with mean absolute CC = 0.34. In addition, share of lake area and study lake area have mean absolute CC values above 0.30. All predictor variables had above 0.17 mean absolute CC with other predictor variables.   The Spearman correlations between all numerical variables were also calculated separately for RBDs one, two and three which were the most frequent RBDs in the data, and for RBDs four, five and six which were the least represented in the data (Figure 12 and Figure 13, Appendix 2). Comparison between variable correlations in the full dataset and in the most and least frequently represented RBDs reveals differences in the predictor variables that have the strongest correlation with the target variable: In the full dataset and in RBDS one, two and three, share of lake area, share of field area, and stream length had the strongest correlations with the target variable. However, in RBDs four, five and six, number of frost days and lake water temperature had the strongest correlations with the target variable, and the correlations between predictor variables and the target variable were overall weaker than in the full dataset. 

 Figure 7 Predictor variable correlation matrix, full dataset. Correlation coefficients with no statistical significance (p > 0.05) were set to zero. 
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3.2 Model performance 
The testing R2 of the random forest model in the whole country was 0.28, and the training R2 was 0.62. The testing RMSE was 7.6 μg/l (90% of standard deviation in the target variable) and the training RMSE was 5.1 μg/l (61% of standard deviation in the target variable). The difference between the model performance metrics in training and testing phase indicates that the model overfitted the training data. When the performance metrics were calculated for the testing phase on RBD level, the highest R2 (0.33) and the highest RMSE (7.8 μg/l) were found in RBD one (Figure 8). R2 was above 0.30 in RBDs one, three and four. In RBDs four and six, the values of R2 were negative, -0.08 and -0.90 respectively, indicating that the model severely overfitted training data in these areas. The lowest RMSE (4.5 μg/l) was found in RBD six, and in other RBDs, the RMSE values were in the range 7.2–7.8 μg/l.  

 Figure 8 Testing phase R2 and RMSE on RBD level.  Based on the distribution of model residuals and the scatter plot of testing data (i.e., ‘ground 

truth’) and the model predictions (Figure 14 and Figure 15, Appendix 2), the model shows a tendency to underestimate the chl-a concentrations particularly when the observed chl-a concentration is above 30 μg/l. The common characteristic in the study lakes with the lowest model performance was the lake type. The highest testing RMSE values (10.3–10.9 μg/l) were predicted in nutrient rich lakes, shallow humic lakes and shallow humus rich lakes. The model performed the best in large humus-poor lakes (RMSE = 2.7 μg/l). None of these lake types were among the most represented types in the dataset. 
3.3 Variable importance and description of variable relationships 
Figure 9 shows the permutation importance of model variables, calculated for the model predictions. The x-axis represents the percentual reduction in model performance when the values of the predictor variable are permuted. The most important variables in the testing phase were lake type (15%), share of field area (13%) and share of lake area (12%). The importance of other variables was below 2% and features that are not shown in Figure 9 were estimated to have no impact or negative impact to the model performance. The relationship between individual variables and the chl-a concentration are weak because the model could explain less than 30% of the target variable variation. 
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 Figure 9 Permutation importance of the seven most important model variables in model predictions.  Figure 10 and Figure 11 show the partial dependencies of the three most important model variables as well as the agricultural predictor variables that were not included in the most important predictor variables. In the categorical variable plot (Figure 10), the box plots show the distribution of predicted chl-a concentrations within each lake type. In the plots of numerical variables (Figure 11), the tick marks above the x-axis indicate the deciles of the variable test data. The marginal effects of the variables that are shown in the partial dependence plots are specific to the model built in this study, and because the model overfitted the training data and there were correlations between the predictor variables, they do not necessarily represent the true effects of the variables to chl-a concentrations in lakes (Friedman, 2001).  The model predicted above mean chl-a concentrations in shallow humic lakes, humus rich lakes, calcium rich lakes, and nutrient rich lakes (Figure 10). Near the mean chl-a concentrations were predicted in small, middle-sized, and large humic lakes, and lakes with very short retention time. Lower than average chl-a concentrations were predicted in all humus poor lakes. The range of predicted chl-a concentrations was the largest in lakes where the mean predicted value was near or above the total variable mean, and smallest in lakes where the mean predicted value was below the total mean. Shallow lake depth and large amount of humus in lake water were related to higher predicted chl-a concentrations.   Increasing share of lake area in a catchment was related to decreasing chl-a concentration (Figure 11). The decrease in chl-a concentration was steep (nearly 5 μg/l) when the share of lake area increased from 10% to 30%, minimal (around 0.5 μg/l) when the share of lake area increased from 30% to around 40%. When the share of lake area was above 40% there was no change in chl-a concentration. Increasing share of field area in a catchment was related to increasing chl-a concentration (Figure 11). The increase in chl-a concentration was steep (around 3 μg/l) when the share of field area was between 0% and 10% and slowed down when the share of field area was above 10%. Based on the ranges of predicted chl-a concentrations and slopes of the partial dependence plots, the relationship between the share 
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of lake area and chl-a concentration seemed stronger than the relationship between the share of field area and chl-a concentration.  Increasing field-to-lake distance and NDVI (representing the presence of winter season vegetation cover) were weakly related to decreasing chl-a concentrations (Figure 11): The reduction in chl-a concentration with increasing predictor variable value was small (0.5–0.9 
μg/l) compared to the range of the chl-a values (around 66 μg/l). The chl-a concentration seemed to decrease until field-to-lake distance was around 6.0e-5 m-1 and when NDVI increased from below 0.1 (areas with no vegetation) to around 0.3 (shrubs and grass).   

 Figure 10 The partial dependence plot of the lake type variable.    

 Figure 11 The partial dependence plots of the most important numerical predictor variables and the remaining agricultural predictor variables. The scale of the y-axis is different in each plot.   



 

19  

4 Discussion 
 This section discusses the results of this study in the context of existing research and assesses the reliability of the results and the conclusions that can be drawn based on them. Even though the study lakes were spatially distributed across Finland, the catchment characteristics of the southern areas of the country were the most represented in the data. The model did not find strong relationships between lake eutrophication and individual lake or catchment characteristics. The model performed in the training phase similarly to those models in existing research that had a large (> 1000) sample size, but the predicting performance suffered from overfitting noise in the training data. The most important predictor variables and their marginal effects to chl-a concentration were in line with existing research. 
4.1 Lake and catchment characteristics 
Based on variable statistics presented in Figure 3, Figure 4 and Table 2, the data used in this study included a wide range of lake and catchment characteristic values, and the samples were distributed across the whole country. The degrees of agricultural impact and types of lakes were well represented in the data. However, the largest share of samples was from the southern part of the country, and therefore some characteristics of catchments and lakes in southern Finland might have been better represented in the data than the characteristics of catchments and lakes in other parts of the country. For example, the mean length of a winter in the study catchments was around four months which is more typical in the southern parts of Finland (Finnish Meteorological Institute, 2020b), and the mean erosion risk on fields is 0.4 kg/m2/yr which is above the national average (0.05 kg/m2/yr) and also more typical for the southern part of the country (Lilja et al., 2017). The coefficients of variation were above 50% for all variables except climate related variables and NDVI, which are the predictor variables that are calculated separately for each study year. Variation in input data should not prevent the random forest model from finding the relationships between the predictor variables and the target variable because the algorithm is not sensitive to outliers or noise (Breiman, 2001).  The standard deviation of the chl-a concentrations (Table 2) was high compared to the variable mean, and the range of values was large: there were very oligotrophic lakes with chl-a concentration of 0.6 μg/l and very eutrophic lakes with chl-a concentrations of 66 μg/l. Comparison of the variable statistics and the distribution of median chl-a concentrations to nationwide statistics indicates that the study lakes represented well the national distribution of trophic classes in lakes according to Koponen (2006). In Finland, agricultural lakes are the most impacted by algae blooms (Mitikka & Ekholm, 2003). Interestingly, on RBD level there seemed to be no relationship between magnitude of the chl-a concentrations (Figure 5) and the share of field area (Figure 6). However, the standard deviations of chl-a concentrations and the share of field area within individual RBDs were high and therefore RBD level examination might have not allowed discovering the relationship between agricultural land use and lake eutrophication. 
The mean shares of field area in catchments on RBD level were low compared to the shares of agricultural area in Tattari et al. (2015) which indicates that the catchments examined in this study might have not been representative of the typical land use in the RBDs but rather have had lower shares of agricultural area. The shortest field-to-lake distances were found 
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in the southern part of the country where the share of field area was the largest which was expected because of the relationship between the two variables.  The spatial variation of NDVI on fields was small on RBD level: most values were between 0.24 and 0.26 (sparse vegetation). In addition to the spatial distribution of fields with winter season vegetation cover, the spatial distribution of the NDVI values could have depended on the success of the choice of the observation window for NDVI. The weather stations where the starting dates of growing seasons were determined are distributed across the country, but the accuracy of the catchment specific dates might have varied depending on the location of the catchment relative to the nearest weather station. If NDVI was observed too early, there might still have been snow on the ground which would have resulted in near zero or negative NDVI values, and if it were observed too late, there might already have been spring growth on the fields which would have resulted in higher NDVI values. In addition, the cloudiness of the different study years affected the availability of NDVI observations especially in 2017 and 2018 which might have led to bias of observations towards study years 2016 and 2019.  Most of the correlations between the variables in the full dataset (Table 2) seemed intuitive: alternative types of land use negatively correlated with each other, and colder and snowier winters were related to higher runoff during the growing season and lower NDVI before the start of growing season. However, some correlations between the predictor variables and the target variable were not in line with existing research: The number of frost days had weak positive correlation with chl-a concentration even though cold winters have been associated with reduced nutrient leaching (Ekholm et al., 2007; Rankinen et al., 2020). The correlation could have been positive because the study period was too short for discovering climatological relationships, especially on national scale. Field-to-lake distance and stream length were both positively correlated with chl-a concentration even though larger field-to-lake distance and stream length were expected to reduce lake eutrophication based on Fraterrigo & Downing (2008). The correlation between field-to-lake distance and chl-a concentration was weak and the standard deviation of the predictor variable values was high, which could indicate that the choice of the variable calculation method was poor, and the variable could not reveal trends on national scale, or that the importance of the variable was extremely low. The positive correlation between stream length and chl-a concentration was weak but stronger than the correlations between most other predictor variables and the target variable. The strength and direction of correlation might have been caused by interaction between stream length and the share of lake area because the share of lake area has moderate negative correlation with the target variable.  The correlations in Table 2 and Figure 7 represented accurately the average correlations between the predictor variables and the target variable in RBDs one, two and three where the largest share of samples was from (Figure 12, Appendix 2). However, the correlations between variables were partially different in RBDs four, five and six (Figure 13, Appendix 2). The differences in correlations between variables on RBD level could have been due to regional differences in catchment and lake characteristics and the important driving factors of eutrophication. The differences might have affected the ability of the random forest model to generalize on areas that have uncommon characteristics. 
4.2 Model potential and limitations 
Models that aim to predict chl-a concentrations in individual catchments or lakes based on catchment characteristics and water quality indicators have reached R2 values near or above 
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0.7, and RMSE values below 1 μg/l (Jimeno-Sáez et al., 2020; Liu et al., 2019). Models that aim to predict nutrient loads rather than chl-a concentrations based on catchment characteristics on regional or inter-regional scale in Finland have reached R2 or adjusted R2 values in the range 0.39–0.96 (Ekholm et al., 2000; Gonzales-Inca et al., 2015; Röman et al., 2018). The model built in this study showed lower predicting performance than the models in the forementioned studies. However, the model built in this study used a significantly larger sample size (>1000) than the forementioned studies, and large sample size has been linked to lower predicting performance because of the increase in variance that is introduced with increasing number of samples (Cuevas et al., 2006). Therefore, the predicting performance of the model built in this study is not directly comparable to the performance of the models in the forementioned studies. However, the qualitative findings about the importance and effect of the drivers of eutrophication in Finland can be compared to existing research. Compared to models that have been built using a large sample size, the model built in this study had similar training phase R2 value (in the range 0.48–0.80). Testing phase performance was not given in these large scale studies. (Hollister et al., 2016; Read et al., 2015.)  The low values of R2 in the testing phase indicate that the model generalized poorly to unseen data, and the RMSE values near the target variable standard deviation indicate that the model predictions were spread at a relatively large distance around the true target variable values. Because the model testing phase performance was poor, the model is not suitable for predicting chl-a concentrations or the trophic class of lakes on unseen areas. However, the performance metrics can be used as indicators of the strength of the relationship between lake eutrophication and the characteristics of the lakes and their catchments in the study area.   On RBD level, the distribution of values within the most important model predictors might have affected the model performance. In RBDs four and six, 30% and 43% of lakes were shallow and humic or shallow and humus rich, and these lake types were associated with the highest RMSE values. In RBDs one, two and three the share of poor performance lake types was lower, 14–26%. However, even though in RBD five the share of lakes with poor performance lakes type was 36% the model performance in the catchment was better than in RBDs four and six. From the agricultural predictor variables, share of field area had the strongest relationship with model performance as it was one of the most important predictor variables. On RBD level, the other two agricultural predictor variables did not seem to have significant impact on the model performance. Better understanding of the regional differences in model performance affected by the spatial distribution of predictor variable values would require examination of performance metrics and variable statistics on finer scale than RBD level, or examination of variables that were not included in the model (e.g. share of urban area, share of forest area, and total catchment area). In addition to the effect of individual variable values, the differences in numbers of samples and correlations between the model variables might have influenced the predicting performance of the model on RBD level. The catchments and lakes in RBDs four and six might have had abnormal combinations of characteristics compared to the other catchments, or the train-test split on these areas might have been unsuccessful and lead to uneven distributions of variable values in the two datasets.  The main limitation of the model was that it overfitted noise in the input data and was not able to generalize on unseen areas. Another limitation was that in areas where the share of lake area and field area are low, the model has no access to other potentially important 
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catchment characteristics (e.g. types of land use) that are not included in the model but may have high spatial variation (Cuevas et al., 2006). The effect of noise on model performance could potentially be reduced by increasing the temporal resolution of the data or choosing a longer study period. Models that have used monthly or daily water quality and other parameter data have reached better predicting performance (R2 = 0.6–0.8) (Jimeno-Sáez et al., 2020; Liu et al., 2019), even on inter-regional scale (R2 ≈ 0.9) (Röman et al., 2018) where there is more variation in the catchment and lake characteristics. In this study, all samples with null variable values were excluded. Therefore, the number of samples could have been increased by replacing the null values with a variable value statistic. NDVI was the variable with the largest number of missing values: excluding the NDVI-variable from the model would have almost doubled the number of samples. Removing variables with negligible effect on model performance could also improve the model performance since it would reduce noise in the input data. 
In addition to noise reduction, the model performance could be improved by adding more predictor variables that have been shown to be important for predicting chl-a concentrations in lakes, in case that the number of samples would also be increased (Cuevas et al., 2006). Lake size and depth (although partially included in the lake type variable in this study) as well as other land use types besides agricultural land use (e.g. urban area, forest area and peatland) have been important predictors in national scale models (Ekholm et al., 2007; Hollister et al., 2016; Palviainen et al., 2016; Read et al., 2015; Röman et al., 2018). At least on local scale and short temporal scale, wind speed has been shown to affect chl-a concentrations due to intensified mixing (Liu et al., 2019). The forementioned variables could easily be included in the model because of the good availability of data. In addition, there are several factors that have been shown to have an impact on eutrophication but are difficult to quantify or are not openly accessible as nationwide datasets: farming practices such as fertilization and subsurface draining, number of farm animals, forestry practices and point sources of nutrient load (Palviainen et al., 2016; Tattari et al., 2015). 
The disadvantages of the random forest algorithm or the manner of applying it in this study could have decreased the model performance and reliability. Random forest is able to reduce the effect of bias in input data (Breiman, 2001) but the input data in this study was very unbalanced in terms of geographical location. The sample bias towards catchments in southern Finland might have reduced the model’s ability to learn the relationship between lake eutrophication and the lake and catchment characteristics in the less represented catchments in the northern parts of the country. The bias towards the catchments in southern Finland could have been mitigated by stratifying the data in the training subsample of each tree in the random forest based on a location variable, for example the number of the RBD (Van Hulse et al., 2007). However, there was no tool for training phase stratification in the random forest regressor implemented in Scikit-learn Python package, and therefore the model was trained without location-based stratification. Random forest does not usually need hyperparameter tuning but because the model did severely overfit the training data in this study, hyperparameter tuning could have been advantageous. Hyperparameter tuning would have required splitting the data into training, testing and validation sets. (Probst et al., 2019.) However, the number of samples in this study was low compared to the sample sizes used in a number of other studies that have applied random forest for ecological modelling (e.g. Cutler et al., 2007; Kehoe et al., 2012; Liu et al., 2019), and to have as many training samples as possible, the data was only split into training and testing sets and the hyperparameters were not tuned. Finally, in this study the division into training and testing 
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datasets was made only once. Combining the results of multiple models trained with different train-test-splits would have provided a more robust view on the importance of the drivers of eutrophication in Finland because in that case the errors of the models would have been averaged. (Breiman, 2001.) 
4.3 The relationship between lake eutrophication and the characteristics of the lake and its catchment 
The choice of variables in this study was based on existing research of the driving factors of both eutrophication and nutrient leaching. Because of the strong correlation between nutrient concentrations and chl-a concentration in lakes (e.g. Pietiläinen & Räike, 1999), the driving factors of eutrophication and nutrient leaching are expected to be similar. Eutrophication is caused by the excess amount of nutrients in a water body, and therefore it is expected to increase when nutrient leaching intensifies. However, eutrophication is affected by several additional factors, including lake morphology (Ekholm et al., 2007; Read et al., 2015) and climatological factors that enhance algae growth (Liu et al., 2019).  
The findings about the most important predictor variables were mostly in line with the existing knowledge of catchment and lake characteristics that affect nutrient leaching and lake eutrophication on inter-regional scale: share of lake and field area as well as lake type have been among the most important predictors (Ekholm et al., 2000; Röman et al., 2018). However, based on the findings of Röman et al. (2015), it was expected that field erosion risk which includes the effects of soil type would have been among the important predictors. The effect of erosion risk in the model in this study could have been underestimated because of the correlations between predictor variables, the noise in the data or an unsuitable calculation method. Lake type might have been ranked as the most important predictor variable because it combined information about local, lake specific factors that have been shown to be related to lake eutrophication: the preceding amount of nutrients in the lake, lake size and in some cases and the retention time of water (Ekholm et al., 2007; Fraterrigo & Downing, 2008; Pietiläinen & Räike, 1999; Read et al., 2015). If the factors included in the lake type variable would have been added to the model as individual predictor variables, their rankings on the variable importance might have been lower since land use characteristics are often the most important predictors of nutrient leaching and eutrophication on inter-regional scale (e.g. Read et al., 2015; Röman et al., 2018; Taranu & Gregory-Eaves, 2008).   Similarly as in two inter-regional scale studies (Read et al., 2015; Röman et al., 2018), most predictor variables had negligible effect on the model performance in this study. Besides the share of lake area, the share of field area and the lake type, also the number of frost days and winter season runoff had positive impact on model performance, and they have been found to be important predictors of nutrient leaching in regional scale studies in Finland (Puustinen et al., 2007; Rankinen et al., 2020). The year of chl-a concentration observation could have had positive impact on model performance because it might carry the influence of eutrophication drivers that are not included in the model, particularly climate related variables or other variables that change annually. The number of RBD might have had positive impact on model performance because it might carry the influence of land use characteristics that were not included in the model but have been important predictors of nutrient leaching in existing research (Read et al., 2015), on RBD level. The relationships between individual model variables and lake eutrophication seem weak because the model performance was low. Interpreting the variable importance in a more powerful model would 



 

24  

provide better insights of the driving factors of eutrophication on inter-regional scale. The variables that had low to negligible importance but were correlated with the important predictor variables likely decreased the estimated importance of the most important predictor variables and might have affected the order of the ranking (Archer & Kimes, 2008; Louppe, 2014). The effects of the moderate and strong correlations between predictor variables could have been considered by removing correlated variables or applying a feature selection method (Strobl et al., 2007).  The partial dependence plots of the three most important model variables as well as the agricultural predictor variables (Figure 10 and Figure 11) described the types of the relationships that the individual predictor variables had with the target variable. The relationships the plots showed were interpreted as approximations of the true relationships because the model overfitted the training data, and there were moderate and strong correlations between predictor variables which might have affected the accuracy of the plots (Friedman, 2001). The most important predictor variables seemed to affect the target variable on larger ranges of target variable values than the less important, agricultural predictor variables. Increasing share of field area was related to higher predicted chl-a concentration in lakes, while increasing lake area was related to decreasing chl-a concentration which is in line with existing research (Mitikka & Ekholm, 2003; Röman et al., 2018), and was expected based on the correlations between the numerical predictor variables and the target variable in Table 2. The highest predicted chl-a concentrations were found in the types of lakes that are known to be sensitive to eutrophication or that naturally have relatively high nutrient concentrations (shallow, nutrient rich, organic matter rich and calcium rich lakes) (Aroviita et al., 2019; Ekholm et al., 2007). It seemed that the lake type affected the predicted chl-a concentrations on the largest scale of values compared to other numerical predictor values even though the share of field area had higher estimated variable importance. However, the share of lake area had stronger correlations with other predictor variables than most of the predictor variables, which might have decreased its estimated variable importance: The stronger the correlation between two predictor variables is, the less information is lost when one of them is excluded from the model (Archer & Kimes, 2008; Louppe, 2014, pp. 146–149).  Despite the weak positive correlation between field-to-lake distance and chl-a concentration, the partial dependence plot for the variable (Figure 11) indicated that a decrease in field-to-lake distance increased chl-a concentration in most study catchments which is in line with existing research (Fraterrigo & Downing, 2008). The relationship was negative up to 6.0e-5 m-1, which translates to 60 meters for a small, 1 km2 catchment. The variable did not include information about grass buffer zones that can be established on the edges of fields and that increase the distance between fields and water bodies. Grass buffer zones reduce nutrient loading from the field, and they are commonly applied on fields in Finland: buffer zones covered 2.5% of agricultural land area in 2016 (Yli-Viikari & Aakkula, 2017).  NDVI was used as a measure of the presence of winter season vegetation coverage on fields in this study. Increasing NDVI seemed to marginally decrease chl-a concentrations around the mean of chl-a predictions. The observation is in line with existing research: the protective measures applied on field have had negligible effect to lake eutrophication on inter-regional scale (Ekholm et al., 2007). However, since 2014, the protective measures including winter season vegetation cover on fields have been targeted on areas where they are expected to 
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have the largest positive impact (Hyvönen et al., 2020b), which could increase their efficiency in the future (Ekholm et al., 2007).  
4.4 Suggestions of further research 
Improving the model performance would help to increase the understanding of catchment and lake characteristics that affect lake eutrophication as well as the types of the effects that the characteristics have. The model could be improved by targeting the limitations described in section 4.1. The relationship between lake eutrophication and the characteristics of the lake and its catchment could also be modeled as a classification problem (classification into trophic categories), or the modelling approach could be shifted from spatial to temporal prediction by making the train test split based on the year or observations instead of the location of catchments. For temporal forecasting, the training process of the random forest model should be modified since as a decision tree based algorithm, random forest does not inherently allow extrapolation outside the training data (Breiman, 2001) which would be needed if there are temporal trends present in the data. 
If the performance of the model could be improved so that it would be suitable for predicting the eutrophication status of lakes, the model could be utilized for evaluating the effectiveness of protective measures that aim to reduce nutrient leaching or improve water quality. For example, winter season vegetation coverage on fields has been shown to reduce the total nutrient loads from fields to water bodies but the type of the vegetation cover impacts the magnitude of the reduction in nutrient losses (Hyvönen et al., 2020a; Rankinen et al., 2020). The efficiency of winter season vegetation cover and the types of vegetation (Hyvönen et al., 2020a) as protective measure could potentially be evaluated by comparing the results of a predictive eutrophication model with the spatial distribution of areas where the protective measure or the types of vegetation are applied. 
Increased winter season runoff and mild winters as well as increased lake water temperature and strengthened stratification of lakes due to climate change have been shown to increase nutrient leaching and promote harmful algae blooms in lakes (Jenny et al., 2020; Paerl & Huisman, 2008; Rankinen et al., 2020). Therefore, it is increasingly important to understand the driving factors of eutrophication and choose the most effective measures to protect the quality of water bodies in the future. The effects of climate change to eutrophication could be studied with a predictive eutrophication model using simulated climate data. The simulated change in eutrophication could be used for planning the extent of protective measures that is needed in the future.  
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5 Conclusions 
 The aim of this study was to increase the understanding of the drivers of eutrophication on inter-regional scale in Finland, by describing the relationship between lake eutrophication and the characteristics of the lake and its catchment. The relationships were examined by applying a random forest regressor model where satellite observed estimates of chl-a concentration in lakes was the target variable, and lake and catchment characteristics were the predictor variables. The study variables (Table 1) and the datasets used for building the model (Table 3, Appendix 1) were chosen based on existing research on catchment and lake characteristics that affect nutrient leaching or eutrophication on regional or inter-regional scale, while maximizing spatial coverage of the used datasets. Special focus was placed on agricultural catchment characteristics.  The relationships between lake eutrophication and the characteristics of the lake and its catchment were described by measuring the model performance in the whole study area as well as on RBD level to reveal regional differences in the drivers of eutrophication. The strengths and types of the relationships between the individual predictor variables and the target variable were described by calculating variable importance for all variables and partial dependence plots for the most important variables as well as the remaining agriculture related variables. The interpretation of the results was supported with descriptive analysis of the statistics, spatial distributions, and correlations of the input data.  The predicting performance of the model on the scale of the whole country was low with R2 = 0.28 and RMSE = 7.6 μg/l (90% of standard deviation in the target variable), and the model severely overfitted the training data, likely because of the magnitude of noise in the input data relative to the used sample size. There was variation in the model performance on RBD level: the model performance was above average (R2 ≈ 0.30) in the southern and northern parts of the country and extremely poor (negative values of R2) in the central and northwestern parts, which indicates that the model did not learn meaningful insights from the drivers of eutrophication in the scale of the whole country. The spatial variation in model performance could have been caused by input data bias towards catchment and lake characteristics that are common in southern Finland.  The most important model variables were lake type, which includes factors that describe lake morphology and the amount of nutrients and organic matter that are naturally present in lakes, and the share of field and lake area in a catchment. The highest chl-a concentrations were predicted in lake types that are naturally sensitive to eutrophication or naturally have higher concentrations of nutrients or organic matter. Large share of field area in a catchment was related to high chl-a concentrations and large share of lake area to low chl-a concentrations. From the remaining, less important agriculture related variables, the increasing relative distance between lakes and fields as well as high NDVI, which was used as a measure of the presence of winter season vegetation cover on fields, had weak decreasing effect on chl-a concentrations.  For predicting eutrophication in lakes in Finland based on the characteristics of the lake and its catchment, further model development is needed. A model with predictive potential could be used for increasing the understanding of the driving factors of eutrophication on inter-regional scale, and for evaluating the effectiveness of protective measures that aim to reduce nutrient leaching and eutrophication. 
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Appendix 1. Complete table of materials  Table 3 Datasets used in the study. Dataset Year(s) Spatial resolution Source 

Hourly air temperature in winter season 2015–2019  0.1°  (Muñoz Sabater, 2019a) 

Monthly mean lake water temperature 2015–2019  0.1° (Muñoz Sabater, 2019b) 

Cumulative monthly runoff 2015–2019 0.1° (Muñoz Sabater, 2019c) 

Start dates of growing season on weather stations 
2016–2019 – (Finnish Meteorological Institute, 2020b) 

Field erosion risk map 2019 2 m (Karelia University of Applied Sciences and Natural Resources Institute Finland, 2020) Elevation model 10m 2019 10 m (National Land Survey of Finland, 2019) 
Field plots 2016  0.5–1 m (Agency for Rural Affairs in Finland, 2016) 
EU WFD water bodies 2016  (Finnish Environment Institute and ELY-Centres, 2017) 
Catchment areas 2014 10 m (Finnish Environment Institute, 2014) 
Shoreline10 and River Network 2016 < 2 m  (Finnish Environment Institute, 2016) 
River basin districts 2005 – (Finnish Environment Institute, 2005) 
Median monthly chl-a concentrations in Finnish lakes 

2016–2019 – (Finnish Environment Institute (SYKE), 2020) 
Sentinel 2 NDVI 2016–2019 10 m (Finnish Environment Institute, 2019a) 
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Appendix 2. Additional figures  

 Figure 12 Predictor variable correlation matrix, river basin districts one, two and three. Correlation coefficients with no statistical significance (p > 0.05) were set to zero.  

 Figure 13 Predictor variable correlation matrix, river basin districts four, five and six. Correlation coefficients with no statistical significance (p > 0.05) were set to zero.    



 

  

 Figure 14 Histogram of model residuals.    

 Figure 15 Scatter plot and trendline of test data and model predictions. 


