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Abstract  The processes that drive environmental 
change are complex and often interwoven. Monitor-
ing such processes and their effects on environmental 
variables is, at best, spatially and temporally incom-
plete. The Swedish Lake survey consists of several 
thousands of randomly selected lakes stretching 
over a wide range of potential influences, including 
regional and local scale pressures, such as recovery 
from acidification, changes in climate, and effects 
from various catchment characteristics. The main 
drawback for this monitoring data is that the tempo-
ral resolution is low and does not allow for the use of 
traditional trend evaluation methods at individual sta-
tions, much less the attribution of important drivers. 

In this study, we present a method that enables an 
evaluation of important drivers of change by defining 
trend coefficients as smoothed estimates over lakes 
that exhibit similar attributes, e.g., comparable levels 
or similar temporal changes in selected explanatory 
variables. The principles are the same as geographi-
cally weighted regression but replace the geographic 
coordinate system with a thematic one, based on prin-
cipal (PCA) or partial least squares (PLS) compo-
nents. We illustrate this method by evaluating trends 
in pH in Sweden from 2012 to 2023 and detected sev-
eral regions where pH is decreasing, mainly in rela-
tion to changes in calcium.

Keywords  Environmental change · Grouping of 
stations · PH · Low temporal monitoring frequency · 
PCA · PLS

Introduction

Identifying the most relevant drivers for environmen-
tal change is crucial to determine sufficient coun-
termeasures, but it is a complex task when there 
are numerous potential causes ranging throughout 
the temporal and spatial scale which can amplify or 
weaken each other. How well a connection between 
potential drivers and the level of temporal change 
of an environmental variable can be established is 
dependent on several factors, not least the temporal 
and spatial frequency of measurements in relation to 
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the complexity of underlying processes. Temporal 
trends are often studied in time series with seasonal, 
or in some cases more frequent, observations. How-
ever, such stations are often too limited in number to 
cover a wider range of influences of potential driv-
ers. On the other hand, in surveys including a large 
number of lakes the temporal sampling frequency is 
usually too low to evaluate trends for single sites. von 
Brömssen et  al. (2023a) suggested the use of geo-
graphically weighted regression (GWR) models to 
accomplish spatially smoothed trends when tempo-
ral data is sparse. In this study, we will extend this 
work to investigate the effect of drivers aside from 
geography.

Attribution of influences by potential drivers on 
trends in time series with reasonable temporal fre-
quency, i.e., monthly or biweekly measurements, is 
typically studied within individual series. This can 
be carried out by simply visualizing trend curve esti-
mates side-by-side for the variable of interest and the 
drivers (Erlandsson et al., 2008; Monteith et al., 2014; 
von Brömssen et al., 2021). Alternatively, regression 
models can be used to describe effects of riverine flow 
on concentrations of various compounds. The slope 
of this concentration–discharge (C-Q) relationship 
is then used to identify dominant sources and deliv-
ery pathways for solutes and particulates. Statistical 
models range from simple linear regression (Godsey 
et  al., 2009), piecewise linear regression (Muggeo, 
2003; Rose et al., 2018), to nonlinear regression and 
time-varying relationships (Dehaspe et  al., 2021; 
von Brömssen et al., 2023b). When several explana-
tory variables are simultaneously accounted for mul-
tiple linear regression is a commonly used method 
(Asmala et al., 2019; Erlandsson et al., 2008).

To investigate the spatial structure of potential 
drivers, i.e., to distinguish which lakes or rivers reveal 
specific patterns in temporal change, the analysis is 
often conducted stepwise. First, a summary measure 
of temporal trend is computed for each station, then 
stations with similar summaries are grouped and 
characteristics of these groups of waters are identi-
fied. The most commonly studied summaries of tem-
poral change are (i) absolute or relative changes over 
a predetermined period of time and (ii) estimated 
trend components, such as Theil-Sen slopes or regres-
sion slope coefficients. Indeed, Asmala et  al. (2019) 
used relative change in total organic carbon (TOC) 
from 1993 to 2017 for 30 rivers and connected them 

to land use proportions in a linear regression. Lepistö 
et al. (2021) used percentage and absolute change in 
TOC as a response variable and related them to tem-
perature, absolute change in sulfate, and percentage 
of forest drainage. Trend summaries were also used 
by Räike et  al. (2024) who extracted a 0/1-variable 
indicating “no trend” and “upward trend” from 746 
monitoring stations and used random forest algo-
rithms to connect this variable to drivers representing 
hydrology, meteorology, land use, and forest cover.

For such approaches, either the absolute level or 
the absolute or relative temporal change of poten-
tial drivers also must be summarized per site. They 
may represent the same time period that was selected 
for the identified trend, but other periods can also 
be used. For example, Erlandsson et  al. (2008) used 
moving averages of antecedent stream flow and air 
temperature of different length as an explanatory 
variable in a linear regression for concentration lev-
els of organic matter in 28 rivers and compared fits 
and coefficients across catchments. Imtiazy et  al. 
(2020) used summarized explanatory variables, such 
as sulfur deposition and precipitation, at different lev-
els (annual or seasonal with and without time lag) to 
explain changes in dissolved organic carbon (DOC) 
levels. Moreover, the average of the response vari-
able during a preceding time period can be a relevant 
explanatory variable, particularly if the trend rep-
resents a recovery from earlier pressure or if certain 
areas have been more exposed for a longer duration. 
For example, Futter et  al. (2024) and Huser et  al. 
(2018) found that negative trends in total phosphorus 
concentrations were stronger in already phosphorus-
poor rivers and lakes in Sweden. Summaries on dif-
ferent spatial scales for drivers can be equally impor-
tant (Tzanopoulos et  al., 2013). Therefore, Imtiazy 
et al. (2020) distinguished between local and regional 
impacts by selecting local variables, such as on-site 
precipitation and deposition, and regional variables, 
consisting of different oscillation indices, when mod-
elling DOC concentrations in 49 eastern Canadian 
lakes.

When the number of potential drivers is high or 
when several related temporal or spatial summaries 
are used, the selected explanatory variables can be 
highly correlated with each other. Principal com-
ponent analysis (PCA) can then be used to estimate 
factors from correlated explanatory variables, which 
in turn can be used in a traditional regression model 
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(PCAR). Partial least squares (PLS) works similarly 
but takes the response variable directly into account 
when constructing the factors. Also, stepwise variable 
selection methods have then been used. Abel et  al. 
(2021) used PCA to identify the relative importance 
of climatic and anthropogenic variables on changes 
in vegetation sensitivity. Ryu et  al. (2021) identi-
fied external forcing agents of environmental change 
using PCA on concentration of, among others, Cl, Ca, 
and Fe, and several taxonomic groups. Moreover, de 
Wit et al. (2023) used PCA to study the covariation in 
changes in land cover and chemical components, and 
PLS to determine which changes in chemistry could 
be best explained by land cover and changes in cli-
matology and chemical variables. Evans et al. (2005) 
modelled TOC levels using rainfall, temperature, pH, 
SO4, Cl, and the sum of acid anion concentrations 
(SO4 + Cl + NO3) for 11 lakes and 11 water courses 
using a stepwise multiple linear regression model.

Models based on temporal summaries for site-
specific characteristics can be constructed even if the 
temporal resolution of data is low. In this study, we 
investigated to which extent we can connect tempo-
ral change in pH to relevant drivers in a data-driven 
approach based on sparse temporal data. We used 
measurements from the Swedish Lake Survey (SLS), 
a monitoring program covering 6230 randomly 
selected lakes with a revisit interval of 6  years and 
a monitoring time span from 2007 to 2023 (Fölster 
et  al., 2014b). Temporal trends in a spatial perspec-
tive for this dataset have been previously studied 
(von Brömssen et  al., 2023a) using geographically 
weighted regression models (Brunsdon et al., 1998). 
However, using only the geographical location as 
indicator for change might be naïve since lakes in 
Sweden show high local diversity caused by catch-
ment size, lake surroundings, and variations in soil 
that can directly influence lake chemistry. In the 
present study, we suggest a methodology to connect 
temporal trends to gradients defined by potential driv-
ers rather than geography. We first apply a dimension 
reduction technique, like PCA or PLS, and use the 
obtained factors as basis for the weighted regression 
that estimates the temporal trend.

The method is illustrated by investigating trends 
in pH from 2012 to 2023. Increasing pH-trends 
for time series starting in the 1990 s or earlier have 
been broadly observed as a reaction to recovery from 
acidification (Futter et al., 2014; Garmo et al., 2014; 

Minella et  al., 2013; Monteith et  al., 2014; Vuoren-
maa et  al., 2018). In the past decade, however, both 
the magnitude and direction of trends that were 
observed varied substantially throughout Sweden 
(von Brömssen et al., 2021). Thus, a more thorough 
analysis of contemporary trends in pH would be 
useful, since pH is important for biodiversity in the 
boreal region and might be influenced by many dif-
ferent natural processes and anthropogenic activities 
(Grennfelt et  al., 2020). Temporal trends in pH are 
hypothesized to be driven by reduced levels of sul-
fur deposition (Garmo et al., 2014; Vuorenmaa et al., 
2018) as well as by changes in climate and increased 
eutrophication (Minella et  al., 2013). Levels of pH 
in Sweden are generally low due to the high levels 
of natural organic acids and can vary due to stream 
flow conditions (Erlandsson et  al., 2011). Observed 
station-wise data from the SLS was evaluated in a 
weighted regression context, where the following var-
iables were included as potential drivers:

–	 The initial state of the response variable pH
–	 The initial state of the selected environmental var-

iables describing, e.g., the recovery from acidifi-
cation and changes in climate

–	 The simultaneous temporal change in the same 
environmental variables

–	 General information regarding land use in the 
catchment, as well as catchment size

This study tests whether the proposed methods can 
reliably link multiple, potentially correlated explana-
tory variables to prevailing trends and evaluates if any 
approach is preferable, using the complexity of tem-
poral pH trends as case study.

Material and methods

Weighted regression models

Weighted regression is an extension of traditional 
least squares regression that allows different observa-
tions to be assigned different weights, i.e., increasing 
or decreasing their importance in the model fit. This 
concept is used in geographically weighted regression 
to weight observations within a geographical win-
dow, with respect to the distance from the window’s 
center. In the following sections, we describe the 
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basics of geographically weighted regression models 
and suggest how geographical coordinate systems 
can be replaced by coordinates that represent differ-
ent combinations of potential explanatory variables, 
which in turn will be used to study temporal trends. 
This approach will be termed thematically weighted 
regression (TWR) models.

GWR models 

Geographically weighted regression models are used 
to model a response variable as a function of one or 
several explanatory variables x1, x2,… , xp (Brunsdon 
et al., 1998):

�lk are the regression coefficients for the variable xk , 
where l indicates the spatial location. The error term 
in the model is assumed to follow a normal distribu-
tion with mean zero.

To determine where in a geographical area a 
variable is changing over time, von Brömssen et  al. 
(2023a) adapted the model by using time as the main 
explanatory variable. The model is then

where l again denotes the geographical location and 
t is a time variable, typically the year of observation. 
�l represents the regression coefficient, which repre-
sents the change in the response per time unit and is 
dependent on location.

In practice, for each spatial location a spatial win-
dow or neighborhood is defined. Within each win-
dow, a linear regression model is fitted, including 
weights that describe the distance of the individual 
data points to the center of the window, which is 
the target location. The estimated regression coef-
ficient represents this location. Using weights allow 
for a smooth change in regression coefficients over 
space as observations on the edge of the spatial win-
dow have low weights. Due to the typically uneven 
sampling of environmental data, the neighborhood 
is often chosen to consist of the k nearest neighbors 
rather than fixed distances from the target location. 
A typical choice for the weighting function for the 
included observations is bi-square weighting:

Yl = �l0 +

p∑

k=1

�lkxlk + �l

Yl = �l0 + �l ∙ t + �l

where dlm denotes the distance between observation m 
and the target location l , while b represents the neigh-
borhood size. Typically, the distance measures in geo-
graphical weighting are selected to be Euclidian.

Geographically weighted regression models will 
be used to show geographically differentiated tempo-
ral trends for pH following the principles described 
by von Brömssen et al. (2023a).

TWR models

When processes other than geographical location 
are expected to drive environmental change, the 
geographical coordinate system in a GWR could be 
replaced by a coordinate system that is defined by 
such underlying driving processes. For this, we can 
use dimension reduction techniques, such as PCA or 
PLS, on a dataset containing station-wise summa-
ries of variables that describe recovery from acidi-
fication, changes in climate, or catchment proper-
ties. The coordinates, i.e., scores, from such a model 
can replace geographical coordinates in a weighted 
regression context. This means that the k near-
est neighbors of a lake would be identified as lakes 
that are similar in their level or change in chemistry, 
climate, and/or catchment characteristics and the 
weights in the weighted regression model are deter-
mined by distances in the same coordinate system. 
Thus, the goal of the analysis is to investigate if tem-
poral trends are notably prominent in selected areas 
defined by these thematic coordinates.

Using PCA to define a coordinate system  PCA 
(e.g., Johnson & Wichern, 2019) identifies hyper-
planes in the multidimensional space that approxi-
mate the data and maximize the explained variance 
of the variables included. PCA is unsupervised, 
meaning that no response variable is included. The 
components are orthogonal to each other and can be 
directly used as a coordinate system with the value of 
the observations in the coordinate system given as the 
PCA scores. Which of the original explanatory vari-
ables are predominantly represented by the different 
principal components can be studied using the PCA 
loadings. The variables included and pre-processing 

w
lm

=

{(
1 −

(
d
lm
∕b

)2)2

if ||dlm < b||
0 otherwise
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of these variables is described in the “Data” section, 
“Data pre-processing” section, and Table  S.1. Since 
the variables included have different scales, they are 
standardized to mean 0 and variance 1 before the 
PCA is conducted.
Using PLS components as a coordinate sys‑
tem  Similarly, PLS (Wold et  al., 2001) identi-
fies components that reduce the dimensions of the 
original dataset. By using PLS, the components are 
extracted to maximize the covariances between the 
explanatory variables and one or more response vari-
ables. It is therefore necessary to define a goal vari-
able, such as a site-specific quantification of the pre-
vailing trend, to define a relevant coordinate system. 
For this, an average annual change for pH was com-
puted as the difference between the last and the first 
observation in time divided by the number of years 
between these observations (“Producing station-spe-
cific covariates” section). The explanatory variables 
were the same as for the PCA and are standardized to 
mean 0 and variance 1 prior to the analysis.

R packages

The fitting of weighted regression models, both on the 
geographical and on the thematic coordinate system, 
was carried out using the readily available software 
package GWmodel (Gollini et  al., 2015; Lu et  al., 
2014) in the free statistical software R (R Core Team, 
2025). The size of the k-nearest-neighborhood (knn) 
was determined by leave-one-out cross-validation 
and a bi-square kernel was selected as the weighting 
function. The PCA was performed using the function 
prcomp, while additional outcome and visualizations 
were constructed using the package factoextra (Kas-
sambara & Mundt, 2020). PLS was fitted using the 
package plsdepot (Sanchez, 2023).

The R scripts and data used in this study are avail-
able on GitHub (https://​github.​com/​claud​iavon​broms​
sen/​TWR-​for-​ident​ifica​tion-​of-​drive​rs).

Data

The national monitoring program the SLS includes 
approximately 4800 lakes larger than 0.01 km2 from the 
national lake register within geographical and lake size 
strata (Fölster et  al., 2014a, 2014b). Additional lakes 
were selected regionally by the same principles at dif-
ferent extents throughout the years, resulting in a total of 

about 6230 lakes. The lakes cover a gradient in climate 
and impact with higher temperature and stronger impact 
from air pollution, land use, population, and industries 
in the south compared to the north. To account for the 
higher diversity in anthropogenic impact, the geographi-
cal stratification of the lakes allowed a larger number of 
lakes in southern Sweden (Fig. 1).

The programs have a revisit time of 6 years, mean-
ing that a single station has one observation every 
6 years and each year about one sixth of the lakes are 
monitored. Mid-lake surface samples are taken dur-
ing autumn circulation, which usually occurs between 
September and December, since these measurements 
are considered to be representative of the entire lake 
(Göransson et  al., 2004). Occasional late observa-
tions (up to January) are attributed to the autumn of 
the previous year. During the autumn of 2018 and 
January 2019 fewer lakes were sampled due to the 
technical breakdown of the helicopter that is used for 
their monitoring. The remaining lakes were sampled 
together with the panel planned for 2019. Certain 
data quality problems were detected for the first year 
of monitoring in the SLS (2007); therefore, only data 
from 2008 was included in this study.

In the present study, pH, alkalinity, conductiv-
ity, magnesium (Mg), chloride (Cl), calcium (Ca), 
sodium (Na), and sulfate (SO4) were selected to 
describe a lake’s chemistry. pH is selected as the vari-
able of interest to be modelled, while the remaining 
variables are used as explanatory variables. Alkalin-
ity describes the buffer capacity to resist acidity and 
is determined by titration to a fixed endpoint of 5.6 
(SS-EN ISO 9963–2:1994), while Ca and Mg repre-
sent the contribution of soil weathering to alkalinity. 
Conductivity indicates the total ionic concentration. 
SO4 reflects the impact from acid deposition and 
Cl the impact from marine influences, respectively. 
Na may origin from both soil weathering and from 
marine influence.

Additionally, information concerning the preva-
lent land use in the different catchments was avail-
able from the national land use map (Naturvårds-
verket, 2020) aggregated into 15 classes following 
the national reporting to HELCOM (Widén Nilsson 
et  al., forthc). These variables describe the com-
position and management of forests, as well as the 
amount of urban and arable land in the area, which 
can affect levels of lake pH. Concentrations or 
organic acids could be naturally high in catchments 

https://github.com/claudiavonbromssen/TWR-for-identification-of-drivers
https://github.com/claudiavonbromssen/TWR-for-identification-of-drivers
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with a high share of peatlands. Land-use activities 
such as forest harvest could also influence pH val-
ues due to changes in flow pathways that mobilize 
organic acids from soil to surface waters (Schelker 
et al., 2012). Air temperature and precipitation data 

were downloaded as annual mean values between 
1990 and 2020 from the Swedish Meteorologi-
cal and Hydrological Institute (SMHI Open Data 
PTHBV; SMHI, n.d.) and were included to describe 
effects of spatial differences in climate and effects 
of climate change.

Data pre‑processing

Data between 2012 and 2023 was selected for the 
trend analysis. This period is short enough to make 
a reasonable assumption of an approximately lin-
ear trend, while we still have at least two observa-
tions for each station. The earlier years of the survey 
(2008–2013) are used to define initial levels of both 
the response and explanatory variables. Basic pre-
processing of the data and the construction of relevant 
summaries is described in the following sections. In 
total, 36 explanatory variables were constructed, 8 
of which represented change, 10 initial levels, and 18 
constants (Table S.1).

Basic pre‑processing

Climatic data and catchment characteristics were 
available for 5127 lakes. Stations that had less than 
two observations throughout 2012 to 2023 were 
removed to ensure that only time series type of data 
was included when trends were computed. Addition-
ally, two lakes (Vitvattentjärnen and Stensjön) were 
removed due to unreasonable values in observed 
levels or changes. This resulted in a final number of 
4962 lakes for further analysis.

All water chemistry variables except pH were 
log10-transformed prior to analysis to account for the 
skewed data distribution and to decrease the effect of 
potential outliers. Spatial variables that represented 
the percentage of land use were transformed by a 
centered log ratio transform (Filzmoser et  al., 2010) 
to enable their representation in the Euclidean space. 
This was conducted using the package compositions 
in R (Van den Boogaart & Tolosana-Delgado, 2008).

Values below the reporting limit were replaced 
with half of the reporting limit’s value (USEPA, 
2000). For Cl, where the reporting limit changed over 
time, all values at or below the highest reporting limit 
were replaced with half its value.

Fig. 1   Geographical distribution of the lakes monitored in the 
Swedish Lake Survey
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Producing station‑specific covariates

The goal of defining a new coordinate system is to 
establish where individual lakes are placed in relation 
to their water chemical, climatic, and landscape prop-
erties. We distinguished between three general types 
of identified site-specific covariates for the trend anal-
ysis: (i) constant values, (ii) values that define the ini-
tial level of an otherwise varying covariate, and (iii) 
values that define the temporal change of covariates.

Constant lake‑specific covariates  The constant 
covariates that were used were the size of the catch-
ment and elevation. Percentages of land use within the 
catchments, such as the percentage of arable land or 
forested areas (Table S.1), were only available once for 
each lake and are therefore also considered constant.

Initial level of lake‑specific covariates  Initial 
levels of chemical variables were computed for the 
period 2008 to 2013 to evaluate if stations with par-
ticularly high or low initial levels in certain variables 
tend to show a stronger change in the response vari-
able. For several stations, no observations were avail-
able for this period, and therefore, the first value after 
that was used if it was observed before 2018. Simi-
larly, the initial level of pH is determined for each sta-
tion and added as explanatory variable.

For both temperature and precipitation, annual 
averages were available between 1980 and 2020. We 
computed initial levels as mean values for the same 
period that was used for the chemistry variables 
(2008–2013). Further, we computed an overall mean 
for all years. Although the 6-year mean of initial lev-
els and the overall mean were expected to be similar, 
using separate summaries provided us with the possi-
bility to distinguish effects if the period between 2008 
and 2013 deviates from the long-term mean.

Covariates describing lake‑specific change  To 
quantify temporal changes in the available chemical 
variables from the SLS, excluding pH and alkalinity, 
we computed the average annual change as

where y indicates the variable in question and i and j 
are the years where observations were made. For this, 

Variablechange =
yj − yi

j − i
,

the first and last observations during 2012 and 2023 
were used.

For the variables temperature and precipitation that 
are measured with a higher time resolution, the Theil-
Sen slope was computed for the period 2012–2020, 
because data after 2020 was not available.

Preprocessing of response variable

The response variable in TWR consists of the indi-
vidual measurements of pH over time per station 
between 2012 and 2023. To reduce the variation 
between pH levels of individual lakes the data is 
station-wise mean centered, as described by von 
Brömssen et al. (2023a) before analysis.

Results

Thematically weighted regression models on a PCA 
coordinate system

Principal components were extracted and visualized 
pairwise in components plots using variables describ-
ing initial levels and change in chemical and climatic 
variables, as well as constant catchment properties 
(Table  S.1). The first four components explained 
24.5%, 11.4%, 9.7%, and 8.2% of the variation in the 
included variables, respectively. The first component 
was tightly connected to initial values of many of the 
included chemical variables, together with elevation 
and average temperature, indicating a north–south 
gradient. The second component co-varied with vari-
ables indicating temporal change in chemical vari-
ables that describe ionic strength (Fig. 2; Figure S.1, 
Table S.2). The third component had a connection to 
the initial levels of pH and alkalinity and the percent-
age of deciduous forests and was inversely related to 
percentages of other types of forests and forests on 
wetlands (Figure  S.2). The fourth component was 
connected to the overall level of precipitation and the 
percentage of artificial surfaces.

A TWR was computed on thematical windows 
based on the PCA results. The first two PCA-com-
ponents were selected, and observation scores were 
extracted and used as coordinates in the weighted 
regression, where station-wise centered values of pH 
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Fig. 2   The first two princi-
pal components defined for 
the explanatory variables 
by PCA. The color of the 
arrows indicates the extent 
to which they contribute to 
the two components, with 
red colors and long arrows 
indicating strong contribu-
tions and short and blue 
arrows indicating either 
no or little contribution. 
Only the 18 most important 
variables are shown for 
readability

Fig. 3   The results of the 
TWR for trends in pH 
2012–2023 on the first two 
PCA coordinates. Using 
cross-validation a band-
width of 1224 (knn) was 
selected. Positive trends are 
given in red and negative 
trends in blue. The x-axis 
represents the first principal 
component and the y-axis 
the second principal 
component equivalent to 
the components presented 
in Fig. 1
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for the years 2012–2023 were used as the response. The 
size of the windows, i.e., how many observations were 
analyzed together, was determined by cross-validation. 
The analysis shows that negative trends in pH were 
strongest when the second PCA-coordinate was posi-
tive (Fig. 3, blue). These stations had negative changes 
in Cl, Ca, Na, Mg, conductivity, and SO4. They were 
more strongly negative when the first PCA-coordinate 
did not have very high or very low values, i.e., if initial 
values of variables of ionic strength and temperature, as 
well as elevation, was medium, which could be trans-
lated to locations in Mid to Southern Sweden. The fitted 
TWR showed local R2 values of about 0.28 in this area 
and estimated trend slopes were approximately − 0.03 
units per year. Positive trends in pH were both generally 
weak and observed when the initial values of variables 
describing ionic strength were high and when changes 
in these variables were positive.

PCA components were optimized without account-
ing for a response variable. Therefore, we also fitted 
TWR using scores from PCA components 3 and 4 to 
determine if any of the later components carry impor-
tant information about pH trends. These components 
identified trends with magnitude of at most − 0.02 
units per year, indicating a gradient in the third com-
ponent, with the highest negative trends where initial 
levels of pH and alkalinity were low (Figure S.2). The 
highest local R2 values in this model were approxi-
mately 0.13.

Thematically weighted regression models on a PLS 
coordinate system

Similarly, the TWR can be fitted on a coordinate system 
that is based on PLS components. The PLS approach 
used change in pH as a response variable and determined 
the components that maximized covariation between this 
change and the explanatory variables. Again, scores were 
extracted for the first and second component and used in 
a TWR model, where the observed station-wise centered 
values of pH were used as response variable. The first 
PLS component was primarily determined by changes 
in chemical variables notably Ca, Mg, and conductiv-
ity. The second component is connected to elevation and 
temperature, which represent both a north–south gradi-
ent and was also connected to the initial values of Ca, 
Cl, Mg, Na, SO4, and conductivity (Fig. 4; Figure S.4, 
Table  S.3). Changes in SO4 and Cl were more closely 
related to the second component than to the first. The 

first two components explain 9.1 and 5.5% of the varia-
tion in pH, respectively. It is important to note that this 
is not comparable to the explained percentages by PCA, 
which are in regard to the variation in the explanatory 
variables, and not in a response variable.

The trend estimates in the PLS-based TWR showed 
stronger negative trends compared to the PCA-based 
analysis. The strongest identified trends indicated a 
change as large as − 0.075 units per year and positive 
trends of approximately 0.036 units per year (Fig.  5). 
Negative trends in pH were observed when changes in 
Ca, Mg, and conductivity were negative, and the per-
centage of deciduous forest was small. Changes in SO4 
and Cl were predominantly connected to the second 
PLS component, i.e., positive changes in SO4 and Cl 
were connected to negative trends in pH, but this con-
nection was not strong. Local R2 values were as high as 
56% where strong negative pH trends were observed.

Certain stations lay further away from the bulk of 
observation, which could influence how PLS compo-
nents were determined, and which trends were identi-
fied in the TWR (Fig.  4). However, an analysis after 
omitting the 18 most deviating observations did not 
lead to any important changes in the overall results. In 
this analysis, several of the stations that exhibited the 
highest positive changes were removed and the remain-
ing stations showed smaller increases at a maximum of 
0.013 units per year (not shown). Conclusions for areas 
with negative trends were not affected.

Comparisons of thematic‑based and geography‑based 
temporal trends

Estimated trend slopes obtained from a TWR can be 
presented on geographical coordinates to better under-
stand spatial patterns of both response and explanatory 
variables. For comparison, we conducted an analysis 
using only geographical coordinates as drivers, i.e., we 
used a standard GWR model to identify spatially dif-
ferentiated trends in pH (von Brömssen et al., 2023a). 
This approach identified negative trends in the south-
west of Sweden, as well as Mid-Sweden and positive 
trends in the south-east (Fig. 6, left).

The results of the TWR that was calculated using 
PCA coordinates (Fig.  6, mid) and the one using 
PLS coordinates (Fig.  6, right) were plotted in the 
same geographical system and showed overall simi-
lar patterns to the traditional GWR. Negative trends 
were prevailing in the southwest of Sweden for all 
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models, but the slopes from the TWR-PLS indicated 
stronger trends than the other two models. In general, 
the TWR-PLS showed a higher diversity of strong 
positive and negative trends throughout the country. 
Although many of the stations indicated in dark red 
could be classified as outliers because there were very 
few catchments with similar characteristics, when 
these were excluded, there was still an indication of 
generally increasing pH levels in the alpine region 
in the north of Sweden. GWR suggested a slight 
increase in pH in the southeast of Sweden which 
was not reproduced by the TWR models to the same 
extent. In large parts of the country observed trends 
were weak (green, yellow, and orange colors).

Discussion

An evaluation of environmental trends when data 
is sparse over time for individual stations must rely 
on smoothing or averaging over several similar sta-
tions. Similarity can be expressed by geographical 
location using geographically weighted regression 
models (von Brömssen et al., 2023a). However, even 

geographically close stations can be fundamentally 
different due to varying catchment characteristics. In 
this study, we evaluated if similarities can be deter-
mined by other station characteristics aside from spa-
tial proximity and if these characteristics can be quan-
tified by coordinate systems based on either PCA or 
PLS. Subsequently, we suggested that smoothed tem-
poral trends can be computed on these coordinate sys-
tems using the same principles as for geographically 
weighted regression (Brunsdon et al., 1998). To high-
light the difference in coordinate systems, we denoted 
these models as thematically weighted regression.

Thematically versus geographically weighted trend 
analyses

Geographically weighted regression, i.e., a group-
ing by geography, is motivated if important drivers 
are expected to have regional-scale patterns. For lake 
water pH levels, such drivers could be recovery from 
acid deposition or effects of climate change. How-
ever, lakes in Sweden are highly diverse due to local 
variability that could be caused by catchment size, 
lake location (agriculture, mire, forest), or variations 

Fig. 4   The first two com-
ponents defined in the PLS. 
The color and length of the 
arrows indicate the extent 
to which different variables 
contribute to explaining the 
variation in the two com-
ponents, using R2 values as 
an index. Only the 18 most 
important variables are 
shown for readability
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in soil type. Therefore, relying solely on geography 
could lead to oversimplification and may smooth out 
prevailing local trends that are only present for a sub-
group of stations.

When defining the basis for coordinate systems for 
thematically weighted regression models, we used 
variables that describe the initial state of and changes 
in chemical and climate variables, as well as constant 
values describing land use in the catchment, loca-
tion, elevation, and catchment size. While geography 
is not explicitly included in the model, this informa-
tion is provided by the temperature gradient, and by 
elevation, which is highest in the north-west of Swe-
den. We demonstrate that thematically weighted pH 
trends were identified as stronger than the geographi-
cally weighted pH trends. Naturally, they are also less 
smoothed out in space and allow for a more in-depth 
interpretation of the influences of prevailing changes.

PCA‑ vs PLS‑based coordinate systems

Two different methods have been applied to create 
the coordinate systems that the thematically weighted 
regression models were based on. PCA determines 
the orthogonal factors that best describe the varia-
tion in the explanatory variables without taking any 
response variable into account. Contrastingly, PLS 

selects the factors that maximize the covariance to a 
specified response variable. As a proxy for the pre-
vailing trend in pH, we used estimated changes per 
year based on the two available measurements per 
station.

Both procedures have clear advantages and disad-
vantages. PCA creates a coordinate system that is not 
based on assumptions on prevailing pH trends and, 
thus, provides objective coordinates that describe 
the selected explanatory variables. PLS creates an 
intrinsically more relevant coordinate system, but 
these could easily be affected by a small number of 
stations that exhibit large differences in the two reg-
istered observations, whereof one could be faulty. In 
our application, both methods led to reasonable esti-
mates. The removal of stations with suspected outly-
ing values in the PLS factors led to no major changes 
in the results.

In both PCA and PLS, one of the first factors was 
based on changes in concentrations describing ionic 
strength, which in both cases was identified as the 
most important driver in pH trends. While these vari-
ables were relatively clustered in the PCA approach, 
they were more spread out in the PLS results. There, 
positive correlations to changes in pH were observed 
particularly regarding changes in Ca concentrations. 
This may reflect that Ca is more related to weathering 

Fig. 5   The results of the 
TWR for trends in pH 
2012–2023 on the first two 
PLS components. Using 
cross-validation a band-
width of 602 (knn) was 
selected. Positive trends are 
shown in red and negative 
trends in blue. The x-axis 
represents the first PLS 
component and the y-axis 
the second PLS component 
equivalent to the compo-
nents presented in Fig. 4
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processes generating alkalinity than Na and Cl that 
correlate more to deposition of neutral sea salt. The 
correlation between decreases in Ca and pH can also 
be caused by changes in liming activities, that aim 
to mitigate acidification and have decreased by 30% 
between 2008 and 2020 (data from the national lim-
ing database) affecting 7% of the survey lakes.

Selection of drivers

The selection of potential driver variables is, of 
course, central in this approach, not least when PCA is 
used. We chose easily available drivers to investigate 
what can be accomplished with the suggested meth-
ods without exerting a large effort of collecting more 
specific explanatory variables. As a result, much of 
the variation in trends remains unexplained, with local 
R2 values up to approx. 28% in thematically weighted 

regression based on the PCA approach and 58% for 
the PLS approach. To establish more informative 
coordinate systems, variables describing changes in 
land use or land management for individual catch-
ments could be used. This could include changes in 
forested areas within catchments, e.g., documented 
levels of clear-cutting or when the main land-use type 
in the catchment changes from agricultural to forested 
land. Both recent and past changes can be of impor-
tance as, e.g., afforestation could lead to acidification 
of soils for a longer time period (McGivney et  al., 
2019). Similarly, a better description of the lake sur-
roundings could include explicit information of soil 
and bedrock types as well as soil chemistry. For this, 
the characteristics of the riparian zone should also be 
described, rather than just the catchment area. The size 
of the lake as well as the turnover time can influence 

Fig. 6   Left (A): Geographically weighted pH trends in Sweden (2012–2023). Mid (B) and right (C): Thematically weighted pH 
trends in Sweden (2012–2023) based on PCA coordinates and PLS coordinates, respectively, presented in a geographical perspective
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how fast temporal trends are observed and should also 
be included when possible.

In the current approach, we also included initial 
levels of both pH and other chemicals as well as cli-
matic variables as potential drivers. The period used 
to quantify these initial levels for chemical variables 
was 2008 to 2013, while the period for the trend anal-
ysis was 2012 to 2023, i.e., the periods overlapped 
for 2 years. Since observations were made only once 
every 6 years, this was the only method to define ini-
tial values. However, for trends in pH these initial val-
ues showed little to no effect on the prevailing trends 
and in future studies with additional years of monitor-
ing, this problem will decrease.

Alternative models

A more straightforward approach to include driv-
ers into GWRs would involve explanatory vari-
ables directly into the model function. This could be 
achieved with either basic GWRs, where the smooth-
ing bandwidth is the same for all included variables 
or, more attractively, using multiscale GWRs (Fother-
ingham et al., 2017), where separate smoothing band-
widths are determined for each variable, or multiscale 
geographically and temporally weighted regression 
models (Li et  al., 2025; Wu et  al., 2019) that esti-
mate spatial–temporal dynamics within the model. 
Interpreting bandwidths obtained from these models 
would also allow us to determine which drivers work 
on a local, regional, or global scale. However, such 
models are extremely computationally expensive, 
making it essential to keep the number of potential 
driving variables very low.

Using a GWR or TWR approach is strongly moti-
vated by the sparsity of data in the current data set. 
Since only a small number of observations are made 
at each station, we have to rely on smoothing over 
similar stations to obtain reasonably stable results 
that can be generalized. Without this demand, several 
other types of statistical models could be investigated. 
For example, using the observed average change in 
pH levels as a response to different types of regres-
sion models may be possible. Multiple linear regres-
sion is likely not an option due to the underlying 
assumption that all relationships between drivers and 
the response should be approximately linear. While 
we use such relationships in our current approaches 
when defining the PCA and PLS coordinates, this 

assumption is later relaxed when TWR models are fit-
ted, as these allow the magnitude or sign of trends to 
change non-parametrically.

Generalized additive models (GAM, Hastie & Tib-
shirani, 1986) or random forest models (Breiman, 
2001) could be used when the linearity assumption 
is not desired and sparsity of observations is not an 
issue. Information regarding the geographical loca-
tion could be included in these models using the geo-
graphical coordinates or by using proxies such as tem-
perature gradients or elevation. Spatial dependence of 
observations should then be directly included into the 
model. For GAM, this is straightforward using a spa-
tial process on the error term. However, for GAMs, it 
is also recommended to keep the number of potential 
variables low, even if shrinkage methods could be used 
for variable selection (Marra & Wood, 2012). For ran-
dom forests, adjustments that include spatial aspects 
into the models have seen increased research efforts 
(Saha et al., 2023; Talebi et al., 2022). One major dif-
ference between GAM and random forest models and 
TWR is that the former assume that the relationship 
between temporal changes in the response and the 
included variables is constant for the entire data set, 
while TWR lets this relation change by smoothing over 
the selected coordinates, providing an even more data-
driven approach. Within the GWR research, geograph-
ical random forests (GRF; Georganos et al., 2021) have 
been proposed to overcome this limitation. Additional 
research is needed to identify which model approach is 
most favorable for given circumstances.

Conclusion

Exploring changes in both space and time is a demand-
ing but important task in environmental research and 
water management. Using time series with sampling 
frequencies high enough to allow for a single site 
trend analysis often leads to spatial coverage that is too 
sparse to connect observed changes to specific spatially 
changing drivers. Additionally, it is often not possible 
or even desirable to randomly select stations for moni-
toring of temporal change. A general SLS provides a 
unique possibility for an unbiased description of the 
state of the lakes in one country and, thus, covers a 
wide range of different states of potential drivers. In 
this study, we have demonstrated that this rather unique 
type of data in combination with dimension reduction 
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and weighted regression techniques can provide a 
deeper understanding of what drives changes in pH, 
especially when a PLS approach is used that allows a 
proxy of the time trend to be included when the coordi-
nate-basis is established.

Author contribution  C.v.B conceptualized the presented 
idea, worked on the methodology, conducted the formal analy-
sis and wrote the original draft. J.F. curated the data. J.F. and 
K.E. discussed the results, reviewed and edited the manuscript.

Funding  Open access funding provided by Swedish Univer-
sity of Agricultural Sciences. This study was funded by the 
Swedish Research Council for Environment, Agricultural Sci-
ences and Spatial Planning (Formas) (Grant No. 2022–00942).

Data availability  All code and selected data is available at 
https://​github.​com/​claud​iavon​broms​sen/​TWR-​for-​ident​ifica​
tion-​of-​drive​rsand in von Brömssen et al. (2025). The remain-
ing data containing climate and land-use is available from the 
author upon request.

Declarations 

Conflict of interest  The authors declare no competing interests.

Open Access  This article is licensed under a Creative Com-
mons Attribution 4.0 International License, which permits 
use, sharing, adaptation, distribution and reproduction in any 
medium or format, as long as you give appropriate credit to the 
original author(s) and the source, provide a link to the Creative 
Commons licence, and indicate if changes were made. The 
images or other third party material in this article are included 
in the article’s Creative Commons licence, unless indicated 
otherwise in a credit line to the material. If material is not 
included in the article’s Creative Commons licence and your 
intended use is not permitted by statutory regulation or exceeds 
the permitted use, you will need to obtain permission directly 
from the copyright holder. To view a copy of this licence, visit 
http://creativecommons.org/licenses/by/4.0/.

References

Abel, C., Horion, S., Tagesson, T., De Keersmaecker, W., Sed-
don, A. W. R., Abdi, A. M., & Fensholt, R. (2021). The 
human–environment nexus and vegetation–rainfall sensi-
tivity in tropical drylands. Nature Sustainability, 4, 25–32. 
https://​doi.​org/​10.​1038/​s41893-​020-​00597-z

Asmala, E., Carstensen, J., & Räike, A. (2019). Multiple 
anthropogenic drivers behind upward trends in organic 
carbon concentrations in boreal rivers. Environmental 
Research Letters, 14, Article 124018. https://​doi.​org/​10.​
1088/​1748-​9326/​ab4fa9

Breiman, L. (2001). Random forests. Machine Learning, 45, 
5–32. https://​doi.​org/​10.​1023/A:​10109​33404​324

Brunsdon, C., Fotheringham, S., & Charlton, M. (1998). Geo-
graphically weighted regression. Journal of the Royal Sta‑
tistical Society: Series D (The Statistician), 47, 431–443. 
https://​doi.​org/​10.​1111/​1467-​9884.​00145

de Wit, H. A., Garmo, Ø. A., Jackson-Blake, L. A., Clayer, F., 
Vogt, R. D., Austnes, K., Kaste, Ø., Gundersen, C. B., 
Guerrerro, J. L., & Hindar, A. (2023). Changing water 
chemistry in one thousand Norwegian lakes during three 
decades of cleaner air and climate change. Global Biogeo‑
chemical Cycles, 37, Article e2022GB007509. https://​doi.​
org/​10.​1029/​2022G​B0075​09

Dehaspe, J., Sarrazin, F., Kumar, R., Fleckenstein, J.H., 
Musolff, A., (2021). Bending of the concentration dis-
charge relationship can inform about in-stream nitrate 
removal. Hydrology and Earth System Sciences 1–43. 
https://​doi.​org/​10.​5194/​hess-​2021-​16

Erlandsson, M., Buffam, I., Folster, J., Laudon, H., Temnerud, 
J., Weyhenmeyer, G. A., & Bishop, K. (2008). Thirty-
five years of synchrony in the organic matter concentra-
tions of Swedish rivers explained by variation in flow 
and sulphate. Global Change Biology, 14, 1191–1198. 
https://​doi.​org/​10.​1111/j.​1365-​2486.​2008.​01551.x

Erlandsson, M., Cory, N., Fölster, J., Köhler, S., Laudon, H., 
Weyhenmeyer, G. A., & Bishop, K. (2011). Increasing 
dissolved organic carbon redefines the extent of surface 
water acidification and helps resolve a classic controversy. 
BioScience, 61, 614–618. https://​doi.​org/​10.​1525/​bio.​
2011.​61.8.7

Evans, C. D., Monteith, D. T., & Cooper, D. M. (2005). Long-
term increases in surface water dissolved organic carbon: 
Observations, possible causes and environmental impacts. 
Environmental Pollution, 137(1), 55–71. https://​doi.​org/​
10.​1016/j.​envpol.​2004.​12.​031

Filzmoser, P., Hron, K., & Reimann, C. (2010). The bivari-
ate statistical analysis of environmental (compositional) 
data. Science of the Total Environment, 408, 4230–4238. 
https://​doi.​org/​10.​1016/j.​scito​tenv.​2010.​05.​011

Fölster, J., Johnson, R. K., Futter, M. N., & Wilander, A. 
(2014b). The swedish monitoring of surface waters: 50 
years of adaptive monitoring. Ambio, 43, 3–18. https://​doi.​
org/​10.​1007/​s13280-​014-​0558-z

Fölster, J., Hallstan, S., Johnson, R., (2014a). Utvärdering av 
de nationella miljöövervakningsprogrammen av sjöar 
(Rapport No. 2014:3). Uppsala.

Fotheringham, A. S., Yang, W., & Kang, W. (2017). Multiscale 
geographically weighted regression (MGWR). Annals of 
the American Association of Geographers, 107, 1247–
1265. https://​doi.​org/​10.​1080/​24694​452.​2017.​13524​80

Futter, M. N., Valinia, S., Löfgren, S., Köhler, S. J., & Fölster, 
J. (2014). Long-term trends in water chemistry of acid-
sensitive Swedish lakes show slow recovery from historic 
acidification. Ambio, 43(Suppl 1), 77–90. https://​doi.​org/​
10.​1007/​s13280-​014-​0563-2

Futter, M., Nilsson, J., Camiolo, S., Huser, B., Agstam-Norlin, 
O., (2024). Widespread and persistent oligotrophication of 
northern rivers. https://​doi.​org/​10.​21203/​rs.3.​rs-​40138​77/​v1

Garmo, Ø. A., Skjelkvåle, B. L., de Wit, H. A., Colombo, L., 
Curtis, C., Fölster, J., Hoffmann, A., Hruška, J., Høgåsen, 

https://github.com/claudiavonbromssen/TWR-for-identification-of-drivers
https://github.com/claudiavonbromssen/TWR-for-identification-of-drivers
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1038/s41893-020-00597-z
https://doi.org/10.1088/1748-9326/ab4fa9
https://doi.org/10.1088/1748-9326/ab4fa9
https://doi.org/10.1023/A:1010933404324
https://doi.org/10.1111/1467-9884.00145
https://doi.org/10.1029/2022GB007509
https://doi.org/10.1029/2022GB007509
https://doi.org/10.5194/hess-2021-16
https://doi.org/10.1111/j.1365-2486.2008.01551.x
https://doi.org/10.1525/bio.2011.61.8.7
https://doi.org/10.1525/bio.2011.61.8.7
https://doi.org/10.1016/j.envpol.2004.12.031
https://doi.org/10.1016/j.envpol.2004.12.031
https://doi.org/10.1016/j.scitotenv.2010.05.011
https://doi.org/10.1007/s13280-014-0558-z
https://doi.org/10.1007/s13280-014-0558-z
https://doi.org/10.1080/24694452.2017.1352480
https://doi.org/10.1007/s13280-014-0563-2
https://doi.org/10.1007/s13280-014-0563-2
https://doi.org/10.21203/rs.3.rs-4013877/v1


Environ Monit Assess (2025) 197:1212	 Page 15 of 16  1212

Vol.: (0123456789)

T., Jeffries, D. S., Keller, W. B., Krám, P., Majer, V., 
Monteith, D. T., Paterson, A. M., Rogora, M., Rzychon, 
D., Steingruber, S., Stoddard, J. L., … Worsztynowicz, 
A. (2014). Trends in surface water chemistry in acidified 
areas in Europe and North America from 1990 to 2008. 
Water, Air, and Soil Pollution, 225, 1880. https://​doi.​org/​
10.​1007/​s11270-​014-​1880-6

Georganos, S., Grippa, T., Niang Gadiaga, A., Linard, C., Len-
nert, M., Vanhuysse, S., Mboga, N., Wolff, E., & Kalo-
girou, S. (2021). Geographical random forests: A spatial 
extension of the random forest algorithm to address spa-
tial heterogeneity in remote sensing and population mod-
elling. Geocarto International, 36, 121–136. https://​doi.​
org/​10.​1080/​10106​049.​2019.​15951​77

Godsey, S. E., Kirchner, J. W., & Clow, D. W. (2009). Concen-
tration-discharge relationships reflect chemostatic charac-
teristics of US catchments. Hydrological Processes, 23, 
1844–1864. https://​doi.​org/​10.​1002/​hyp.​7315

Gollini, I., Lu, B., Charlton, M., Brunsdon, C., & Harris, P. 
(2015). GWmodel: An R package for exploring spatial 
heterogeneity using geographically weighted models. 
Journal of Statistical Software, 63(17), 1–50. https://​doi.​
org/​10.​18637/​jss.​v063.​i17

Göransson, E., Johnson, R. K., & Wilander, A. (2004). Repre-
sentativity of a mid-lake surface water chemistry sample. 
Environmental Monitoring and Assessment, 95, 221–238. 
https://​doi.​org/​10.​1023/B:​EMAS.​00000​29905.​07072.​b0

Grennfelt, P., Engleryd, A., Forsius, M., Hov, Ø., Rodhe, H., & 
Cowling, E. (2020). Acid rain and air pollution: 50 years 
of progress in environmental science and policy. Ambio, 
49, 849–864. https://​doi.​org/​10.​1007/​s13280-​019-​01244-4

Hastie, T., & Tibshirani, R. (1986). Generalized additive mod-
els. Statistical Science, 1, 297–310. https://​doi.​org/​10.​
1214/​ss/​11770​13604

Huser, B. J., Futter, M. N., Wang, R., & Fölster, J. (2018). Per-
sistent and widespread long-term phosphorus declines in 
Boreal lakes in Sweden. Science of the Total Environment, 
613–614, 240–249. https://​doi.​org/​10.​1016/j.​scito​tenv.​
2017.​09.​067

Imtiazy, M. N., Paterson, A. M., Higgins, S. N., Yao, H., Cou-
ture, S., & Hudson, J. J. (2020). Dissolved organic carbon 
in eastern Canadian lakes: Novel patterns and relation-
ships with regional and global factors. Science of the Total 
Environment, 726, Article 138400. https://​doi.​org/​10.​
1016/j.​scito​tenv.​2020.​138400

Johnson, R., Wichern, D., (2019). Applied multivariate statisti-
cal analysis, Pearson modern classics for advanced statis-
tics series. Pearson.

Kassambara, A., & Mundt, F. (2020). factoextra: Extract and 
visualize the results of multivariate data analyses. https://​
doi.​org/​10.​32614/​CRAN.​packa​ge.​facto​extra

Lepistö, A., Räike, A., Sallantaus, T., & Finér, L. (2021). 
Increases in organic carbon and nitrogen concentrations in 
boreal forested catchments — Changes driven by climate 
and deposition. Science of the Total Environment, 780, Arti-
cle 146627. https://​doi.​org/​10.​1016/j.​scito​tenv.​2021.​146627

Li, Z., Xu, Z., Chen, Y., Gu, S., & Li, C. (2025). Impacts of 
landscape patterns on habitat quality in coal resource-
exhausted cities: Spatial–temporal dynamics and non-
stationary scale effects. Environmental Monitoring 

and Assessment, 197, 297. https://​doi.​org/​10.​1007/​
s10661-​025-​13707-1

Lu, B., Harris, P., Charlton, M., & Brunsdon, C. (2014). The 
GWmodel R package: Further topics for exploring spa-
tial heterogeneity using geographically weighted models. 
Geo-Spatial Information Science, 17, 85–101. https://​doi.​
org/​10.​1080/​10095​020.​2014.​917453

Marra, G., & Wood, S. N. (2012). Coverage properties of 
confidence intervals for generalized additive model com-
ponents. Scandinavian Journal of Statistics, 39, 53–74. 
https://​doi.​org/​10.​1111/j.​1467-​9469.​2011.​00760.x

McGivney, E., Gustafsson, J. P., Belyazid, S., Zetterberg, T., 
& Löfgren, S. (2019). Assessing the impact of acid rain 
and forest harvest intensity with the HD-MINTEQ model 
– Soil chemistry of three Swedish conifer sites from 1880 
to 2080. The Soil, 5, 63–77. https://​doi.​org/​10.​5194/​
soil-5-​63-​2019

Minella, M., De Laurentiis, E., Buhvestova, O., Haldna, M., 
Kangur, K., Maurino, V., Minero, C., & Vione, D. (2013). 
Modelling lake-water photochemistry: Three-decade 
assessment of the steady-state concentration of photore-
active transients in the surface water of polymictic Lake 
Peipsi (Estonia/Russia). Chemosphere, 90, 2589–2596. 
https://​doi.​org/​10.​1016/j.​chemo​sphere.​2012.​10.​103

Monteith, D. T., Evans, C. D., Henrys, P. A., Simpson, G. L., 
& Malcolm, I. A. (2014). Trends in the hydrochemistry of 
acid-sensitive surface waters in the UK 1988–2008. Eco‑
logical Indicators, Threats to Upland Waters, 37, 287–
303. https://​doi.​org/​10.​1016/j.​ecoli​nd.​2012.​08.​013

Muggeo, V. M. R. (2003). Estimating regression models with 
unknown break-points. Statistics in Medicine, 22, 3055–
3071. https://​doi.​org/​10.​1002/​sim.​1545

Naturvårdsverket. (2020). Nationella marktäckedata 2018 
basskikt. Produktbeskrivning. No 2.2.

R Core Team. (2025). R: A Language and Environment for 
Statistical Computing. R Foundation for Statistical Com-
puting, Vienna, Austria. https://​www.R-​proje​ct.​org/

Räike, A., Taskinen, A., Härkönen, L. H., Kortelainen, P., & 
Lepistö, A. (2024). Browning from headwaters to coastal 
areas in the boreal region: Trends and drivers. Science of 
the Total Environment. https://​doi.​org/​10.​1016/j.​scito​tenv.​
2024.​171959

Rose, L., Karwan, D., & Godsey, S. (2018). Concentration-dis-
charge relationships describe solute and sediment mobi-
lization, reaction, and transport at event and longer time 
scales. Hydrological Processes. https://​doi.​org/​10.​1002/​
hyp.​13235

Ryu, J., Liu, K., Bianchette, T. A., & McCloskey, T. (2021). 
Identifying forcing agents of environmental change and 
ecological response on the Mississippi River Delta, 
Southeastern Louisiana. Science of the Total Environment, 
794, Article 148730. https://​doi.​org/​10.​1016/j.​scito​tenv.​
2021.​148730

Saha, A., Basu, S., & Datta, A. (2023). Random forests for spa-
tially dependent data. Journal of the American Statistical 
Association, 118, 665–683. https://​doi.​org/​10.​1080/​01621​
459.​2021.​19500​03

Sanchez, G. (2023). plsdepot: Partial least squares (PLS) data 
analysis methods. R package version 0.2.0. https://​doi.​org/​
10.​32614/​CRAN.​packa​ge.​plsde​pot

https://doi.org/10.1007/s11270-014-1880-6
https://doi.org/10.1007/s11270-014-1880-6
https://doi.org/10.1080/10106049.2019.1595177
https://doi.org/10.1080/10106049.2019.1595177
https://doi.org/10.1002/hyp.7315
https://doi.org/10.18637/jss.v063.i17
https://doi.org/10.18637/jss.v063.i17
https://doi.org/10.1023/B:EMAS.0000029905.07072.b0
https://doi.org/10.1007/s13280-019-01244-4
https://doi.org/10.1214/ss/1177013604
https://doi.org/10.1214/ss/1177013604
https://doi.org/10.1016/j.scitotenv.2017.09.067
https://doi.org/10.1016/j.scitotenv.2017.09.067
https://doi.org/10.1016/j.scitotenv.2020.138400
https://doi.org/10.1016/j.scitotenv.2020.138400
https://doi.org/10.32614/CRAN.package.factoextra
https://doi.org/10.32614/CRAN.package.factoextra
https://doi.org/10.1016/j.scitotenv.2021.146627
https://doi.org/10.1007/s10661-025-13707-1
https://doi.org/10.1007/s10661-025-13707-1
https://doi.org/10.1080/10095020.2014.917453
https://doi.org/10.1080/10095020.2014.917453
https://doi.org/10.1111/j.1467-9469.2011.00760.x
https://doi.org/10.5194/soil-5-63-2019
https://doi.org/10.5194/soil-5-63-2019
https://doi.org/10.1016/j.chemosphere.2012.10.103
https://doi.org/10.1016/j.ecolind.2012.08.013
https://doi.org/10.1002/sim.1545
https://www.R-project.org/
https://doi.org/10.1016/j.scitotenv.2024.171959
https://doi.org/10.1016/j.scitotenv.2024.171959
https://doi.org/10.1002/hyp.13235
https://doi.org/10.1002/hyp.13235
https://doi.org/10.1016/j.scitotenv.2021.148730
https://doi.org/10.1016/j.scitotenv.2021.148730
https://doi.org/10.1080/01621459.2021.1950003
https://doi.org/10.1080/01621459.2021.1950003
https://doi.org/10.32614/CRAN.package.plsdepot
https://doi.org/10.32614/CRAN.package.plsdepot


	 Environ Monit Assess (2025) 197:12121212  Page 16 of 16

Vol:. (1234567890)

Schelker, J., Eklöf, K., Bishop, K., & Laudon, H. (2012). 
Effects of forestry operations on dissolved organic carbon 
concentrations and export in boreal first-order streams. 
Journal of Geophysical Research: Biogeosciences. https://​
doi.​org/​10.​1029/​2011J​G0018​27

SMHI. (n.d.) SMHI Open Data API Docs - PTHBV [WWW 
Document]. https://​www.​smhi.​se/​data/​neder​bord-​och-​
fukti​ghet/​neder​bord/​gridd​ad-​neder​bord--​och-​tempe​ratur​
data. Accessed 5.6.24.

Talebi, H., Peeters, L. J. M., Otto, A., & Tolosana-Delgado, 
R. (2022). A truly spatial random forests algorithm for 
geoscience data analysis and modelling. Mathemati‑
cal Geosciences, 54, 1–22. https://​doi.​org/​10.​1007/​
s11004-​021-​09946-w

Tzanopoulos, J., Mouttet, R., Letourneau, A., Vogiatzakis, 
I. N., Potts, S. G., Henle, K., Mathevet, R., & Marty, P. 
(2013). Scale sensitivity of drivers of environmental 
change across Europe. Global Environmental Change, 23, 
167–178. https://​doi.​org/​10.​1016/j.​gloen​vcha.​2012.​09.​002

USEPA. (2000). Guidance for data quality assessment - Prac-
tical methods for data analysis, EPA QA/G-9, QA00. 
https://​www.​epa.​gov/​sites/​defau​lt/​files/​2015-​06/​docum​
ents/​g9-​final.​pdf

Van den Boogaart, K. G., & Tolosana-Delgado, R. (2008). 
“Compositions”: A unified R package to analyze composi-
tional data. Computers & Geosciences, 34, 320–338.

von Brömssen, C., Betnér, S., Fölster, J., & Eklöf, K. (2021). A 
toolbox for visualizing trends in large-scale environmental 
data. Environmental Modelling & Software, 136, Article 
104949. https://​doi.​org/​10.​1016/j.​envso​ft.​2020.​104949

von Brömssen, C., Fölster, J., & Eklöf, K. (2023a). Temporal 
trend evaluation in monitoring programs with high spatial 
resolution and low temporal resolution using geographi-
cally weighted regression models. Environmental Moni‑
toring and Assessment, 195, 547. https://​doi.​org/​10.​1007/​
s10661-​023-​11172-2

von Brömssen, C., Fölster, J., Kyllmar, K., & Bieroza, M. 
(2023b). Modeling complex concentration-discharge 

relationships with generalized additive models. Environ‑
mental Modeling and Assessment. https://​doi.​org/​10.​1007/​
s10666-​023-​09915-z

von Brömssen, C., Fölster, J., & Eklöf, K. (2025). TWR for 
identification of drivers: Data and Script. https://​doi.​org/​
10.​5281/​zenodo.​17192​503

Vuorenmaa, J., Augustaitis, A., Beudert, B., Bochenek, W., 
Clarke, N., de Wit, H. A., Dirnböck, T., Frey, J., Hakola, 
H., Kleemola, S., Kobler, J., Krám, P., Lindroos, A.-J., 
Lundin, L., Löfgren, S., Marchetto, A., Pecka, T., Schulte-
Bisping, H., Skotak, K., … Forsius, M. (2018). Long-term 
changes (1990–2015) in the atmospheric deposition and 
runoff water chemistry of sulphate, inorganic nitrogen 
and acidity for forested catchments in Europe in relation 
to changes in emissions and hydrometeorological condi-
tions. Science of the Total Environment, 625, 1129–1145. 
https://​doi.​org/​10.​1016/j.​scito​tenv.​2017.​12.​245

Widén Nilsson, E., Back, E., Hellgren, S., Hellsten, S., Mark-
ensten, H., Olshammar, M., & Strömqvist, J. (forthc). 
Kartdata till PLC8 – Underlagsrapport till Pollution Load 
Compilation 8 (No. 25), SMED Rapport.

Wold, S., Sjöström, M., & Eriksson, L. (2001). PLS-regres-
sion: A basic tool of chemometrics. Chemometrics and 
Intelligent Laboratory Systems, 58, 109–130. https://​doi.​
org/​10.​1016/​S0169-​7439(01)​00155-1

Wu, C., Ren, F., Hu, W., & Du, Q. (2019). Multiscale geo-
graphically and temporally weighted regression: Explor-
ing the spatiotemporal determinants of housing prices. 
International Journal of Geographical Information Sci‑
ence, 33, 489–511. https://​doi.​org/​10.​1080/​13658​816.​
2018.​15451​58

Publisher’s Note  Springer Nature remains neutral with regard 
to jurisdictional claims in published maps and institutional 
affiliations.

https://doi.org/10.1029/2011JG001827
https://doi.org/10.1029/2011JG001827
https://www.smhi.se/data/nederbord-och-fuktighet/nederbord/griddad-nederbord--och-temperaturdata
https://www.smhi.se/data/nederbord-och-fuktighet/nederbord/griddad-nederbord--och-temperaturdata
https://www.smhi.se/data/nederbord-och-fuktighet/nederbord/griddad-nederbord--och-temperaturdata
https://doi.org/10.1007/s11004-021-09946-w
https://doi.org/10.1007/s11004-021-09946-w
https://doi.org/10.1016/j.gloenvcha.2012.09.002
https://www.epa.gov/sites/default/files/2015-06/documents/g9-final.pdf
https://www.epa.gov/sites/default/files/2015-06/documents/g9-final.pdf
https://doi.org/10.1016/j.envsoft.2020.104949
https://doi.org/10.1007/s10661-023-11172-2
https://doi.org/10.1007/s10661-023-11172-2
https://doi.org/10.1007/s10666-023-09915-z
https://doi.org/10.1007/s10666-023-09915-z
https://doi.org/10.5281/zenodo.17192503
https://doi.org/10.5281/zenodo.17192503
https://doi.org/10.1016/j.scitotenv.2017.12.245
https://doi.org/10.1016/S0169-7439(01)00155-1
https://doi.org/10.1016/S0169-7439(01)00155-1
https://doi.org/10.1080/13658816.2018.1545158
https://doi.org/10.1080/13658816.2018.1545158

	Thematically weighted regression models for identification of important drivers of environmental trends in lake survey data
	Abstract 
	Introduction
	Material and methods
	Weighted regression models
	GWR models 
	TWR models
	R packages

	Data
	Data pre-processing
	Basic pre-processing
	Producing station-specific covariates
	Preprocessing of response variable


	Results
	Thematically weighted regression models on a PCA coordinate system
	Thematically weighted regression models on a PLS coordinate system
	Comparisons of thematic-based and geography-based temporal trends

	Discussion
	Thematically versus geographically weighted trend analyses
	PCA- vs PLS-based coordinate systems
	Selection of drivers
	Alternative models

	Conclusion
	References


