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A B S T R A C T

The timing of the spring season in the boreal region is shifting under global warming, with profound impacts on 
ecosystems and hydrological processes. However, the mechanisms driving this transition and its considerable 
interannual variability are not well described, especially regarding the influence of large-scale atmospheric 
teleconnection patterns. This study examines the temporal variability of the observed thermal spring season 
across Finland, a boreal country warming faster than the global average. Key spring timing indices, including 
onset, end, duration, and growing season onset, were calculated and analyzed using high-resolution (1 km × 1 
km) daily mean temperature data from 1961 to 2023. Spatial and temporal patterns were identified through 
Empirical Orthogonal Function (EOF) decomposition, and their associations with major atmospheric tele
connection patterns were examined. Results indicated that during the past six decades, the spring onset has 
advanced by 2–6 days/decade, with the most pronounced changes in the coastal and southwestern parts of the 
country. The duration of the spring season has extended by 3–6 days/decade in the northern areas and along the 
southwestern coast. The early spring onset was associated with a strong positive phase of the Arctic Oscillation 
(AO), and delayed spring end and growing season onset were linked to the positive phase of the East Atlan
tic–West Russia (EAWR) pattern. By contrast, an early growing season start was linked to the positive phase of 
the North Atlantic Oscillation (NAO). The duration of the thermal spring season showed a strong association with 
the Scandinavian (SCA) pattern.

1. Introduction

Global warming has exhibited a successive decadal increase in global 
temperature; over the past four decades, each consecutive decade has 
been warmer than any preceding one since 1850 (Intergovernmental 
Panel on Climate Change (IPCC), 2023). Ongoing global warming is 
altering the seasonal climatological cycle worldwide, leading to shifts in 
the onset, end, and duration of thermal seasons (Lin and Wang, 2022). 
Investigating the seasonal cycle characteristics under climate change, 
including their timing and intensity, has gathered increasing attention in 
recent scientific publications (Zhu et al., 2025; Jo et al., 2024; Hek
matzadeh et al., 2020), as it has a wide range of influences on regional 
ecosystem services, farming practices, and socio-economic attributes 
(Parmesan, 2006).

Global warming has also altered the seasonal cycle in the boreal 
region, particularly affecting the timing of spring. Spring is especially 
important among all thermal seasons, as it marks the onset of snowmelt, 
a process that regulates the hydrological cycle (Wu et al., 2018). Spring 
is a critical period when nature rejuvenates, animals migrate, insects 
emerge, and generally, it affects both fauna and flora, and consequently, 
human life (Ren et al., 2024; Ault et al., 2011). As a consequence of 
anthropogenic climate change, the transition into summer has acceler
ated and winters have become shorter, leading to reduced snow cover, 
shorter ice periods, earlier and smaller spring floods, and higher winter 
discharges (Olsson et al., 2015; Luomaranta et al., 2014). Additionally, 
the growing season has undergone significant alterations in its onset, 
termination, and overall duration. Over the last 50 years, the length of 
the growing season in Europe has increased by approximately 5 days per 

* Corresponding author at: Department of Geography and Geology, University of Turku, Vesilinnantie 5, FI-20014 Turku, Finland.
E-mail address: sadegh.kaboli@utu.fi (S. Kaboli). 

Contents lists available at ScienceDirect

Atmospheric Research

journal homepage: www.elsevier.com/locate/atmosres

https://doi.org/10.1016/j.atmosres.2026.108752
Received 14 October 2025; Received in revised form 17 December 2025; Accepted 5 January 2026  

Atmospheric Research 334 (2026) 108752 

Available online 6 January 2026 
0169-8095/© 2026 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY license ( http://creativecommons.org/licenses/by/4.0/ ). 

mailto:sadegh.kaboli@utu.fi
www.sciencedirect.com/science/journal/01698095
https://www.elsevier.com/locate/atmosres
https://doi.org/10.1016/j.atmosres.2026.108752
https://doi.org/10.1016/j.atmosres.2026.108752
http://creativecommons.org/licenses/by/4.0/


decade (Cornes et al., 2019). This shift in spring timing disrupts forests 
and agricultural cycles, affecting crop yields and food security (Ghag 
et al., 2024; Seidl et al., 2017). Furthermore, the timing of biological 
events, such as plant blooming and animal migrations, may be mis
aligned, leading to ecological imbalances (Vaitkuviene et al., 2015; 
Linkosalo et al., 2009).

In Finland, climate change has altered the seasonal cycle of 
temperature-driven phenomena. According to Luomaranta et al. (2019), 
winters are characterized by reduced snow depth and shorter ice dura
tion. The growing season has become longer and warmer (Aalto et al., 
2023), the number of frost days in spring has decreased, and spring 
snowmelt floods now occur earlier (Lintunen et al., 2024; Aalto et al., 
2023). Furthermore, Okkonen and Kløve (2010) reported that reduced 
groundwater levels in spring and decreased river baseflow in summer 
are expected, which increases the risk of summer drought. Therefore, 
these changes have raised environmental concerns and highlighted the 
need for adaptation in sectors such as agriculture, infrastructure, and 
ecosystem management within the boreal zone.

However, natural climate variability also contributes to the inter
annual and decadal dynamics of thermal indices, the large-scale atmo
spheric teleconnection patterns playing a key role (Naderian et al., 2025; 
Irannezhad and Kløve, 2015; Jaagus et al., 2003). In the context of 
Finland, several studies have demonstrated this influence. For instance, 
atmospheric circulation patterns have been identified as important 
explanatory factors for climatological drought variability in the country 
(Irannezhad et al., 2017). Additionally, research on the operating season 
of the Oulu–Hailuoto ice road has shown that both the start and end of 
the season are linked to freezing and thawing degree-days, which are 
also influenced by atmospheric teleconnection patterns (Kiani et al., 
2018).

Other critical factors of the natural variability include latitude, 
altitude, distance from coastlines, and vegetation cover, which modulate 
local thermal responses to broader climatic factors (Aalto et al., 2022; 
Deng et al., 2019). As indicated by both climatological data and 
remotely sensed phenological indices, spring season timing variation has 
exhibited consistent annual fluctuations that are spatially coordinated 
across regions (Schwartz et al., 2006; Cayan et al., 2001). This syn
chronization suggests that the onset of spring may be influenced by 
specific modes of climate variability, and it motivates an analysis of the 
relationship between variations in thermal spring timing and regional 
climatological patterns, which can provide insights into the drivers of 
thermal spring dynamics.

Therefore, to be able to make region-specific predictions and plan 
effective adaptation strategies, it is crucial to better understand the 
factors driving spring dynamics, what part of the variation is due to 
natural environmental factors and teleconnection patterns, and what 
can be attributed to anthropogenic climate change. This requires iden
tifying the relationship between thermal spring timing variability and 
regional climatological modes, alongside a thorough evaluation of long- 
term changes that cannot be attributed to natural variability.

In this study, we investigate the timing of the boreal thermal spring 
season, its interannual associations with atmospheric teleconnection 
patterns, and its long-term changes related to anthropogenic climate 
change, using high-resolution temperature observations across Finland 
over the past 6 decades. First, we examine how the timing of the thermal 
spring season changed across Finland during the period 1961–2023. 
Second, we investigate the relationship between the dominant modes of 
spring timing variability and large-scale atmospheric teleconnection 
patterns. Third, we classify geographical regions based on their spring 
timing characteristics to identify spatial patterns and regional 
distinctions.

2. Materials and methods

2.1. Study area

Finland, located in northern Europe, covers an area of approximately 
338,000 km2. It extends 1150 km from south to north within the boreal 
environment. The country lies approximately between 59◦ and 70◦ N 
latitude and 20◦ and 32◦ E longitude (Fig. 1). The topography in Finland 
is generally flat, gradually increasing from the western coast to the east. 
However, in the north, the terrain elevation is connected to the Scan
dinavian Mountains, which represent the highest elevations in the 
country (Fig. 1b). Lakes are prominent, especially in the central and 
eastern parts of the country, influencing climatic variations in the re
gion. The climate in Finland is generally categorized as boreal, charac
terized by cool, short summers in most areas and mild, warm summers in 
the southernmost region (Olsson et al., 2015; De Castro et al., 2007). 
Long-term averages of annual mean temperature indicate a natural 
decrease in temperature from south to north (Fig. 1c). Similarly, annual 
precipitation decreases from south to north (Pirinen et al., 2012).

Finland's climate is shaped by its unique geographical setting. The 
Arctic Ocean to the north and the Baltic Sea to the south and west in
fluence the regional temperature and precipitation patterns (Aalto et al., 
2016). In addition, factors such as the high latitudes, the Scandinavian 
Mountains chain, and the proximity of the extensive Eurasian landmass 
further modulate the country's climatic conditions.

2.2. Data

2.2.1. Climatological data
This study's gridded daily mean air temperature data are sourced 

from the Finnish Meteorological Institute (FMI). The datasets used in 
this study span the period from 1961 to 2023 and cover the entirety of 
Finland at a 1 × 1 km spatial resolution. The gridding process is based on 
the geostatistical prediction of observational data collected from sta
tions in Finland and neighboring countries. The interpolation model has 
been refined and enhanced using various external predictors, including 
latitude, longitude, lake cover, elevation, proximity to the sea, and 
relative elevation. A detailed description of this comprehensive data 
generation process and methodology is provided by Aalto et al. (2016).

2.2.2. Teleconnection data
This study examines the six most influential teleconnection patterns 

(TCPs, Table 1) affecting the Nordic regions, particularly Finland, as 
identified in previous research (Naderian et al., 2025; Irannezhad and 
Kløve, 2015). The characteristics of these patterns are summarized in 
Table 1.

Since atmospheric teleconnection patterns influence air temperature 
almost immediately and without significant lag, each TCP index was 
calculated by averaging the monthly values over the months corre
sponding to each timing index (Irannezhad and Kløve, 2015). The cor
responding months for each index are discussed in more detail in Section 
2.3.2.

2.3. Methods

2.3.1. Definition of the spring season timing indices
To investigate the temporal dynamics of the thermal spring season, 

region-specific temperature thresholds were used (Ruosteenoja et al., 
2020). We employed four timing indices to define the spring timing: 
Spring Season Onset (SSO), Growing Season Onset (GSO), Spring Season 
End (SSE), and Spring Season Duration (SSD). SSO, GSO, and SSE are 
determined using the temperature deviation integral method 
(Ruosteenoja et al., 2016), which is widely used by researchers in boreal 
countries (Aalto et al., 2022; Ruosteenoja et al., 2020). Using this 
approach, the thermal season onset can be determined by finding the 
absolute minimum point of the time integral as follows: 
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I =
∫ t

t0
(T − Tbase)dt (1) 

This approach (eq. 1) utilizes daily mean temperature data and a 
fixed thermal threshold (Tbase) as the base temperature for defining the 
start of the season. The initial date, t0, is considered to be the first of 
January. However, if the temperature on the first of January is higher 
than Tbase, the first date when the temperature falls below Tbase is 
considered t0.

We defined the beginning of the summer season as the termination of 
the spring season. The base temperatures (Tbase) used to identify the 
onset of spring and summer are 0 ◦C and 10 ◦C, respectively (Finnish 
Meteorological Institute, 2025a). After determining the onset and end 
dates of the spring season, we considered the number of days between 
them as the spring season duration (SSD).

Within the spring season, an important timing characteristic is the 
start of the growing season, calculated using a base temperature of 5 ◦C. 
This threshold, which is widely applied in studies of the Nordic region 
(Ruosteenoja et al., 2020), is additionally considered in this study as an 
indicator of the midpoint of the thermal spring season.

2.3.2. Identification of corresponding months for each timing index
The timing associated with each thermal spring index, including 

SSO, GSO, and SSE, was determined using box plots that depict the 10th 
and 90th percentiles of each index across Finland from 1961 to 2023 
(Fig. 2). Considering the whole country, over the past six decades, the 
10th and 90th percentile dates for SSO occurred on the 79th and 120th 
days of the year, respectively. For GSO, these dates correspond to the 
110th and 145th days, and for SSE, to the 130th and 167th days. Based 

on these thresholds, the mean values of each standardized tele
connection index were calculated for four distinct periods: (1) March
–April, representing the onset of spring; (2) April–May, corresponding to 
the spring midpoint or the onset of the growing season; (3) May–June, 
associated with the end of spring; and (4) March–June, encompassing 
the full duration of the spring season.

2.3.3. Identifying spatial and temporal patterns of spring dynamics
We used the Empirical Orthogonal Function (EOF) method to iden

tify the dominant modes of variability in the timing indices. This method 
(Lorenz, 1956) is useful for simplifying the interpretation of annual 
meteorological variability by capturing the majority of meteorological 
variability with just a few orthogonal spatial modes (Lin et al., 2022).

EOF technique has three components: eigenvectors, which represent 
the spatial patterns (EOFs); eigenvalues, which indicate the variance 
explained by each mode; and corresponding principal components (PCs) 
time series. To obtain all these parameters, the annual index values were 
first calculated as described in the Section 2.3.1, after which EOF 
analysis was performed using the Climate Data Toolbox for MATLAB 
(Greene et al., 2019). We used the North significance test (North et al., 
1982) to separate significant physical signals from noise in the estimated 
spatial patterns.

2.3.4. Spatial clustering of spring duration
To examine regional variations in the duration of the spring season, 

K-means clustering was applied to the annual standardized SSD time 
series across all grid points to identify regions exhibiting coherent 
spring-duration characteristics over time. Dimensionality-reduction 
approaches such as EOF truncation retain only the leading high- 

Fig. 1. Overview of Finland's geographical and climate characteristics. (a) Map of Finland and its neighboring countries, with key internal regions highlighted, 
including Lapland and Southwestern Archipelago; (b) digital elevation model (meters above sea level); (c) long-term average of annual mean temperature from 1961 
to 2023 (◦C).
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variance components of the field, which may suppress low-variance 
temporal features that can still be scientifically important. Using the 
complete dataset for clustering ensures that all temporal information at 
each grid cell is preserved (Kuschnerus et al., 2021).

This approach grouped grid points into K distinct clusters by mini
mizing intra-cluster variability and identifying regions with similar 
temporal patterns in spring duration. The classical K-means clustering 
technique (Lloyd, 1982; MacQueen, 1967), which is an unsupervised 
nonhierarchical algorithm, was performed using the squared Euclidean 
distance metric with 10 random initializations of the centroids and a 
maximum of 500 iterations to ensure stable clustering results. To 
determine the optimal number of clusters in a range of 1 to 15 clusters 
(K), the Elbow method was employed by plotting the sum of squared 

errors between sample points within each cluster and the cluster 
centroid. The elbow is the point at which adding more clusters does not 
significantly improve the model.

Since the subjective methods, such as the Elbow method alone, may 
be insufficient for the selection of the optimum number of K in high- 
resolution gridded samples (Zhang et al., 2016), we complemented it 
with the Silhouette method (Rousseeuw, 1987) to enhance the accuracy 
of cluster selection. Silhouette scores range from − 1 to +1, representing 
the quality of a sample's position within its cluster, with − 1 and + 1 
representing a poor and a good fit, respectively. Zero values in this index 
indicate neutrality toward any cluster. The average silhouette score, 
along with box plots showing the 25th and 75th percentiles of all scores, 
was used to determine the optimum number of clusters.

2.3.5. Trend detection in spring season dynamics
The Mann-Kendall significance test (Kendall, 1957; Mann, 1945) and 

Sen's slope method (Sen, 1968) were employed to detect significant 
trends and calculate the slope of change on a grid-by-grid basis. Addi
tionally, the Pettitt test (Pettitt, 1979) was applied to identify potential 
change points within the time series.

In this study, a confidence level of 95 % (p < 0.05) was used to 
identify statistically significant trends in the time series. These 
nonparametric statistical methods are commonly applied in various 
climatic studies at both station-based and pixel-based spatial resolutions 
(Naderian et al., 2025; Zhao et al., 2024; Kaboli et al., 2021; Sobral et al., 
2019). One advantage of these nonparametric approaches is that the 
data do not need to follow a specific distribution. However, positive 
autocorrelation in time series can increase the likelihood of incorrectly 
rejecting the null hypothesis of no trend (Yue et al., 2002; Serinaldi and 
Kilsby, 2016). To address this issue, we employed the trend-free pre- 
whitening method (TFPW) (Yue et al., 2002) before conducting trend, 
slope, and change point analyses to detect and remove any existing 
autocorrelation in the time series.

Table 1 
Summary of the Considered Climatological Teleconnection Patterns (TCP).

Teleconnection Action Center Positive Phase Reference

North Atlantic 
Oscillation 
(NAO)

Ponta Delagada 
(Azores) and 
Stykkisholmur 
(Iceland).

Intensifies the 
westerly flow and 
directs warm and 
moist air toward 
northern Europe, 
with high pressure 
over the Azores and 
low pressure near 
Iceland.

(Fabiano et al., 
2020; Hurrell, 
1995)

East Atlantic 
(EA)

North Atlantic from 
east to west.

Results in positive 
temperature 
anomalies in 
Europe, with high 
pressure over 
Western Europe 
and low pressure 
over the subpolar 
North Atlantic.

(CPC, 2012; 
Barnston and 
Livezey, 1987)

East Atlantic/ 
West Russia 
(EAWR)

North Atlantic, 
northern China, 
north of the Caspian 
Sea, and Europe.

Causes negative 
temperature 
anomalies over 
western Russia, 
with high pressure 
over Europe and 
northern China, 
and low pressure 
over the northern 
Caspian Sea and 
the central North 
Atlantic.

(CPC, 2012; 
Barnston and 
Livezey, 1987)

Scandinavia 
(SCA)

Over Scandinavia, 
with less intense 
centers of reverse 
sign over eastern 
Russia/western 
Mongolia and 
western Europe.

Causes drier air to 
flow toward 
Finland, with high 
pressure over 
Scandinavia and 
low pressure over 
eastern Russia and 
western Europe.

(Bueh and 
Nakamura, 
2007; Barnston 
and Livezey, 
1987)

Polar/Eurasia 
(POL)

Over the polar 
region, as well as 
northern China and 
Mongolia

Causes positive 
temperature 
anomalies in 
eastern Siberia, 
with high pressure 
over northern 
China and 
Mongolia and low 
pressure over the 
polar region.

(CPC, 2012)

Arctic 
Oscillation 
(AO)

A dipole pattern 
spans between the 
polar cap and the 
adjacent zonal belt 
centered around 
45◦N.

Causes more humid 
and warmer 
weather in 
Scandinavia, with 
high pressure in the 
adjacent zonal belt 
centered around 
45◦N and low 
pressure in the 
polar cap.

(Thompson 
and Wallace, 
1998)

Fig. 2. Box plots of Spring Onset, Growing Season Onset, and Spring End across 
Finland (1961–2023). Boxes represent the 10th to 90th percentiles range, with 
the red line indicating the median. Whiskers extend to 1.5 times the inter
quartile range (25th–75th percentiles), and points beyond this range are shown 
as outliers. The green histogram shows the frequency distribution of the indices 
across Finland from 1961 to 2023. (For interpretation of the references to 
colour in this figure legend, the reader is referred to the web version of 
this article.)
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3. Results

3.1. Long-term variability and trends of spring timing characteristics

The temporal average of gridded spring timing indices (1961–2023) 
revealed a south-to-north gradient for SSO, GSO, and SSE. This spatial 
pattern reflects the extensive latitudinal gradient across Finland, with 
earlier occurrences of the spring timing indices in the southern regions 
and progressively later occurrences toward the north (Fig. 3). Based on 
the multi-year average, spring typically started earliest in the south
western areas, including the Åland Islands, around early March, while 
the latest onset occurred in high Lapland around late April (Fig. 3a). 
Conversely, spring usually ended by mid-May in the southern regions 
but extended until approximately early July in northern Lapland 
(Fig. 3c). The GSO followed a similar south-to-north pattern, occurring 
around late April in the south and reaching its latest timing in the 
northern and northwestern areas around the third week of May (Fig. 3b).

Across most of Finland, particularly in the central regions between 
62◦ and 68◦N, excluding the western coastal areas, the long-term 
average duration of the spring season was approximately 50 days. 
However, in high Lapland, where the influence of the Arctic Ocean on 
regional temperature has been documented (Aalto et al., 2016), spring 
lasted around 60 days. The longest spring durations, exceeding 80 days, 
occurred in the southwestern coastal areas and the Åland Islands 
(Fig. 3d).

Based on the analysis of this study, the timing of spring shifted earlier 

across most of Finland over the past six decades, with the greatest 
changes observed in the southern and southwestern regions. The grid- 
based temporal trend analysis across Finland revealed a predomi
nantly negative trend for SSO, GSO, and SSE over the past 63 years 
(Fig. 3e–g). Among all indices, the highest rates of change were observed 
in the southern and southwestern regions of the country (Fig. 3e–h). SSO 
in the south and southwestern coastal regions exhibited a statistically 
significant decreasing trend, with a rate of 2 to 6 days per decade 
(Fig. 3e). In contrast, the rate of change in the eastern regions, partic
ularly between latitudes 60◦ and 63◦N, was the lowest and not statisti
cally significant. In Lapland, the negative trend was also statistically 
significant, ranging from approximately 2 to 4 days per decade, except 
in central northern Lapland, where the trend was less pronounced.

High rates of change in GSO were observed along the southern and 
western coasts, with a negative trend of approximately 1 to 3 days per 
decade (Fig. 3f). A comparable negative trend was also detected in 
Lapland, with stronger rates in the northern areas. In most central re
gions of the country, mostly between latitudes 62◦ and 65◦N, GSO 
showed only a weak negative shift, which was not statistically signifi
cant at the 95 % confidence level.

The SSE exhibited a negative trend across most of the study area; 
however, the trends were largely significant in the central and southern 
regions, the coastal areas, and parts of the high-elevation northwest of 
Lapland (Fig. 3g). In these regions, the shift ranged from 1 to 3 days per 
decade.

The trends in SSD grid points were predominantly positive, 

Fig. 3. Long-term averages (1961–2023) of (a) SSO, (b) GSO, (c) SSE, and (d) SSD and grid-based temporal trend analysis using the Mann-Kendall test and Sen's slope 
for (e) SSO, (f) GSO, (g) SSE, and (h) SSD across Finland for the period 1961–2023.
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particularly in the northern region, especially north of 66◦N (Fig. 3h), as 
well as in the southwestern islands and coastal areas. Although trends 
are not statistically significant in the majority of the country, the 
magnitude of the statistically significant trends varied from 2 days per 
decade in Lapland to 6 days per decade in the southwestern islands 
(Fig. 3h).

3.2. Leading modes of spring timing variability and their linkage to 
atmospheric teleconnection patterns

EOF analysis captured the leading modes of variability in spring 
timing indices by analyzing anomalies from the mean through covari
ance matrix decomposition. The first three EOFs for each timing index 
collectively explained at least 70 % of the total variance (Fig. 4a–l) and 
were retained for further analysis. All three modes are statistically 
distinct from each other and do not form a degenerate pair based on the 
results of the north test, as the error intervals of the adjacent eigen
vectors do not overlap (Fig. S1a–d; Supplementary Information).

The interannual variability corresponding to these spatial modes was 
illustrated as time series in Fig. S2a–d for the first three modes, and 
separately in Fig. 5 for the first mode. To assess the physical relevance of 
the EOF maps identified in this study to the spring timing variables, we 
examined the spatial patterns of the timing indices associated with 
different intervals of PC1. For each index, we mapped the average spring 
timing values for time steps below the 10th percentile of PC1 (low 
scores), and for time steps above the 90th percentile of PC1 (high scores) 

(Fig. S3a–h). The resulting spatial patterns resembled the leading EOF 
structures. For example, for SSO (Figs. S3a and S3b), the fields associ
ated with low PC1 scores reproduced the characteristic EOF1 pattern 
(Fig. 4a) and showed substantially earlier spring onset across southern 
regions, consistent with the dominant EOF1 map. The map representing 
the upper end of the PC1 distribution (Fig. S3b) displayed a gradual 
south-to-north gradient, which further confirms the EOF1 structure 
(Fig. 4a). Similar agreement between the EOF1 patterns and the 10th- 
and 90th-percentile composites is observed for the remaining indices, 
including GSO, SSE, and SSD (Fig. S3c–h). This coherence supports the 
physical reality of the principal components identified in this study.

The onset of spring exhibited a clear south-to-north shift, with 
accelerated changes in southern Finland beginning in the late 1980s 
(Figs. 4a and 5a). The dominant spatial mode of variability in spring 
onset dates, represented by EOF1, accounted for approximately 45 % of 
the total variance. Although the pattern revealed a uniform directional 
shift across the study area, southern regions exhibited more than twice 
the magnitude of shift compared to northern regions (Fig. 4a). In 
contrast, the second mode (EOF2) explained approximately 20 % of the 
variance and highlighted an opposing directional trend between the 
southern and northern grid points (Fig. 4b).

The spatial patterns of GSO and SSE were similar, with EOF1 
explaining 48.38 % and 45.35 % of the total variance, respectively 
(Fig. 4d, g). Both indices exhibited a comparable shift across the coun
try, with higher intensity in the central regions. In contrast, the EOF2 
spatial patterns for both indices showed two distinct zones (Fig. 4e, h), 

Fig. 4. Spatial pattern of EOF1 (a, d, g, j), EOF2 (b, e, h, k), and EOF3 (c, f, i, l) for SSO, GSO, SSE, and SSD across Finland; the black thick line represents where the 
grids' direction shifts from positive (red grid points) to negative (blue grid points). (For interpretation of the references to colour in this figure legend, the reader is 
referred to the web version of this article.)
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with one zone extending from the south to the center and an opposing 
zone from the center to the north. The SSD index exhibited positive 
values for all grid points in EOF1, which explained 43.17 % of the 
variance, with the highest values observed in the southern and south
western regions (Fig. 4j). To further investigate the physical drivers of 
the identified EOF modes, we evaluated their spatial correlations with 
four key geographical characteristics: elevation, distance from the sea, 
latitude, and longitude. Among these factors, latitude displayed a rela
tively linear relationship with specific EOF patterns of the spring indices 
(Figs. S4j, S5k, and S7j), while the others demonstrated more complex 
spatial associations. Notably, latitude and elevation exhibited the 

strongest correlations with spring timing indices, as indicated by the 
Spearman correlation test (Figs. S4–7). These findings suggest that large- 
scale spatial gradients, particularly latitudinal and altitudinal in
fluences, play an important role in shaping the observed patterns.

Fluctuations in the PC1 of the SSO (Fig. 5a) indicated that the 
dominant spatial pattern represented by EOF1 was not stationary but 
evolved over time. A statistically significant shift (p < 0.01) from a 
predominantly positive to a negative phase was detected using the 
Pettitt test, with the turning point identified in 1988. Additionally, the 
Sen slope estimator indicated a consistently strong negative trend over 
the study period (p < 0.01). This decreasing trend, particularly 

Fig. 5. Original time series of the first principal component (PC1) for (a) SSO, (b) GSO, (c) SSE, and (d) SSD during 1961–2023, showing abrupt change years (Pettitt 
test), trend lines (Sen's slope), and Spearman correlations with key teleconnection patterns (TCPs). Thick red lines indicate mean values before and after detected 
shifts. Bar charts display significant correlations: light gray (p < 0.05), dark gray (p < 0.01). (e) Spearman correlations between six TCPs and the first three PCs, with 
significance levels indicated as *p < 0.05 and **p < 0.01. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version 
of this article.)
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pronounced in the southern and southwestern coastal areas, supports 
the grid-based temporal findings in the previous section on SSO.

PC1 analysis of the GSO and SSE revealed a significant downward 
trend (p < 0.05) from a positive to a negative dominant phase, with 
change points detected in 1982 for GSO and 2009 for SSE (Fig. 5b, c). 
The Sen's slope analysis further confirmed a strong negative trend (p <
0.01) for both indices over the study period. However, PC1 for the SSD 
indicated a non-statistically significant upward trend, with the upward 
tendency detected in 1988 (Fig. 5d).

Clear associations were revealed through Spearman correlation 
analysis between major TCPs and the time series of the first PCs of the 
spring timing indices. Earlier SSO was associated with the positive 
phases of the AO and the NAO (Fig. 5a), whereas delayed SSE was linked 
to the positive phase of the EAWR pattern (Fig. 5c). The growing season 
tended to start earlier under the influence of positive NAO and EA 
phases, and later under the positive EAWR pattern (Fig. 5b).

The strongest correlation was found between SSO dates and the AO 
index, with a correlation coefficient of − 0.43 (Fig. 5e). Similarly, the 
standardized NAO index also exhibited a strong negative correlation 
with SSO over the past six decades, with a coefficient of − 0.36 at the 
0.01 significance level. These negative correlations suggest that strong 
positive phases of the NAO and AO tend to advance SSO in Finland. 
Conversely, a statistically significant positive correlation was found 
between SSO and the SCA at the 0.05 significance level, with a 

correlation coefficient of 0.25. This implies that the positive phase of the 
SCA may be associated with delayed spring onset.

SSE and GSO were positively correlated with the EAWR pattern, with 
correlation coefficients of 0.41 (p < 0.01) and 0.31(p < 0.05), respec
tively. This correlation suggests that a robust positive phase of the 
EAWR is associated with a delayed end of the spring season and a later 
occurrence of the thermal growing season. In contrast, SSE and GSO 
showed significant negative correlations with the NAO index, with 
correlation coefficients of − 0.31 (p < 0.05) and − 0.35 (p < 0.01), 
respectively (Fig. 5e).

PC1 of the spring season duration exhibited a strong negative cor
relation with the SCA (r = − 0.42, p < 0.01) and a positive correlation 
with the AO (r = 0.28, p < 0.05) (Fig. 5e). These correlations suggest 
that a positive phase of the SCA and AO are associated with shorter and 
longer spring durations in Finland, respectively.

In general, PC2 and PC3 of the spring timing indices showed no 
strong significant correlations with TCPs, except that PC2 of GSO 
exhibited a relatively strong negative correlation with the EAWR pattern 
(r = − 0.35, p < 0.01) (Fig. 5e). Notably, this correlation exhibited the 
opposite sign in the northern region, corresponding to negative grid 
values in the EOF2 map for GSO (Fig. 4e). The positive phase of the EA 
also showed weak positive relationships with the PC3 of SSO (r = 0.25, 
p < 0.05) and SSE (r = 0.28, p < 0.05). However, these coefficients were 
negative in the northern and southern parts of the country, based on the 

Fig. 6. Overview of regional clusters of spring season duration and the spatial histograms of indices for two time periods within each cluster. (a) Regional clusters of 
spring duration. (b-f) Spatial histograms depicting the average values of SSO, GSO, and SSE across two 31-year periods for the following clusters: (b) Northern 
Lapland; (c) Southern Lapland; (d) Central Finland; (e) Southern Finland; and (f) Archipelago and South Coast of Finland.
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EOF3 patterns of SSO (Fig. 4c) and SSE (Fig. 4i).

3.3. Regional clustering of spring timing

To investigate regional differences in spring timing trends across 
Finland, spatial K-means clustering was applied to the annual stan
dardized SSD time series from 1961 to 2023, which delineated five re
gions with distinct spring timing characteristics across Finland (Fig. 6a). 
The optimal number of clusters was determined using the elbow 
method, based on the sum of squared errors between the sample data 
and centroid values. Although the elbow point suggested five clusters, 
the smoothness of the graph made this determination less distinct 
(Fig. S8a). To validate this selection, silhouette scores were calculated. 
The 25th and 75th percentile box plots, along with the average silhou
ette scores, provided further support for five as the most suitable number 
of clusters (Fig. S8b).

The analysis of spring timing characteristics within each cluster 
revealed distinct regional variations in spring timing, with a gradual 
delay observed from the southern cluster to the northern cluster 
(Table 2). The Northern Lapland cluster showed the latest spring onset 
by late April, with a spring season duration of approximately 51 days 
and a standard deviation of 3.6 days (Table 2). The standard deviation in 
this cluster indicated relatively high spatial variability for SSE and SSD.

The Southern Lapland cluster extended approximately from 64◦N to 
67◦N in northern Finland (Fig. 6a), with an SSD of around 47 days 
(Table 2). The lower standard deviation in this cluster suggests more 
consistent spring timing. The melting of the ice cover in the northern 
Bothnian Bay typically begins in early May and may persist until late 
May or early June (Finnish Meteorological Institute, 2025b). This pro
longed ice cover delays coastal warming, causing the coastal tempera
ture regime to align more closely with that of Southern Lapland. 
Consequently, this influence may explain the extension of this cluster 
toward the Bothnian coast (Fig. 6a).

The Central Finland cluster exhibited an SSD of approximately 47 
days and a standard deviation of 1.9 days. The consistency of SSO, GSO, 
and SSE was highest in this cluster (Table 2). The Southern Finland 
cluster encompassed the inland areas of the southern part of the country. 
On average, spring lasted 53 days in this region, from late March to mid- 
May, and this cluster exhibited relatively high spatial variability in SSO.

The Archipelago and South Coast of Finland cluster was distin
guished by the longest coastal stretch and included the highest number 
of coastal grid points compared to inland grid points (Fig. 6a). This 
cluster exhibited unique spring timing characteristics, with the longest 
mean SSD of 73 days, ranging from mid-March to late May, and the 
greatest standard deviation of 7.5 days among all clusters (Table 2).

To further explore and illustrate the consequences of the observed 
trends, spatial histograms of SSO, GSO, and SSE were computed as grid- 
wise temporal averages for two 31-year periods: 1961–1991 and 
1993–2023, across all clusters (Fig. 6b–f). Overall, these spatial histo
grams highlight the ongoing shift toward earlier occurrences. Among all 
indices, the largest shift was observed in the SSO when comparing the 
spatial histograms between the two time periods, particularly in the 
Southern Lapland and Central Finland clusters (Fig. 6c, d). In contrast, 
shifts in the spatial frequencies of the spring timing indices between the 
two periods were relatively small in the Northern Lapland and Southern 

Finland clusters (Fig. 6b, e).
Further analyses were conducted on the time series derived from 

each cluster for each timing index to evaluate the consistency with the 
grid-based temporal analysis and the national-scale EOF analysis. Spe
cifically, we calculated the correlation and trend of the area-averaged 
time series for each index within each cluster (Fig. 7).

Regional correlations derived from the time series of each cluster 
further confirmed the connections between AO, NAO, SCA, and EA with 
SSO (Fig. 7a–e); EAWR and NAO with GSO (Fig. 7a–c); NAO, AO, and 
EAWR with SSE (Fig. 7a–e); and SCA and AO with SSD (Fig. 7a–e). 
However, these analyses offered more detailed insights into the influ
ence of the TCPs across different regions of the study area. For instance, 
earlier SSO timing, in the Southern Finland and Archipelago clusters, 
showed linkages to positive phases of the NAO and AO, with correlations 
of approximately − 0.41 (Fig. 7d, e). However, the positive phase of the 
EA primarily affected the northern clusters, resulting in an earlier SSO (r 
= − 0.33) (Fig. 7a).

The delayed GSO timing exhibited a connection to the positive phase 
of the EAWR in the Northern and Southern Lapland clusters (r = 0.44 
and 0.39, respectively) (Fig. 7a, b). In contrast, the NAO was the most 
influential TCP for GSO in the Central Finland cluster (Fig. 7c), where its 
positive phase was associated with earlier GSO timing (r = − 0.33). The 
earlier SSE timing in the Northern Lapland cluster was correlated with 
the positive phases of the NAO and AO (Fig. 7a), with correlation co
efficients of approximately − 0.33 and − 0.34, respectively. In contrast, 
the positive phase of the EAWR was the primary teleconnection pattern 
influencing the delayed SSE timing, in the central (r = 0.40) (Fig. 7c) and 
southernmost clusters (r = 0.33) (Fig. 7e).

SSD was linked to SCA across all clusters (Fig. 7a–e); however, this 
relationship was strongest in the Southern Lapland cluster and the 
southernmost cluster, where the positive phase of SCA led to a shorter 
SSD, with correlation coefficients of − 0.42 and − 0.40, respectively. In 
this section, we focused on the correlations of the most influential TCPs 
(p < 0.01). For a comprehensive overview of correlations between all 
TCPs and spring timing indices across all clusters, see Fig. S9.

The long-term trends of each index within the clusters revealed the 
highest rates of change in the Archipelago and Southern Coast of Finland 
cluster, with SSO and SSD exhibiting the largest changes (Fig. 7j). SSO 
and GSO generally showed a significant negative trend across all clus
ters, except for GSO in central region (Fig. 7h). SSE also exhibited a 
negative trend, particularly in the central and southern clusters 
(Fig. 7h–j).

Assessment of the Pettitt test results for change point detection in the 
cluster-based time series revealed that 1988 was identified as the year of 
change for SSO, GSO, and SSD in the Archipelago and Southern Coast of 
Finland cluster (Fig. 7j). Changes were also observed in the late 1990s or 
early 2000s for SSO and GSO in the central and northern clusters 
(Fig. 7f–h); however, the SSO time series in the northernmost cluster 
exhibited a change point in the early 1980s (Fig. 7f). SSE exhibited 
different shift points at both the national scale, based on its fundamental 
mode, and at the cluster scale for the central and southernmost regions, 
with change points detected between the mid-2000s and late 2000s 
(Fig. 7h, j).

Table 2 
Spatial mean and standard deviation of the temporal mean spring timing indices (SSO, GSO, SSE, and SSD) across clusters for the period 1961–2023.

Clusters SSO (day of year) GSO (day of year) SSE (day of year) SSD (days)

Mean Std Mean Std Mean Std Mean Std

Northern Lapland 115.8 (April 26) 3.6 142.4 (May 21) 3.6 166.7 (June 16) 5.7 51 3.5
Southern Lapland 106.1 (April 16) 2.7 132.2 (May 11) 2.4 152.8 (June 2) 2.6 46.7 1.1
Central Finland 96.7 (April 7) 2.6 122.6 (May 1) 2.3 143.5 (May 23) 2.1 46.8 1.9
Southern Finland 85.8 (March 27) 4.4 116.7 (April 26) 2.6 139.1 (May 19) 2.7 53.3 3.8
Archipelago and South Coast of Finland 70.9 (March 12) 6.2 117.1 (April 26) 2.9 144.2 (May 24) 3.6 73.3 7.5
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4. Discussion

Seasonal cycles in boreal regions are changing more rapidly than in 
most other parts of the world. Although there is a broad consensus that 
climate change is driving these shifts, characterizing the variability 
associated with atmospheric teleconnection patterns remains essential 
for identifying the drivers of abnormal seasonal changes. Given its 
ecological and societal importance and sensitivity to climate, this study 
focused on spring season timing changes in the boreal region.

The results of this study show clear evidence of an overall trend to
ward an earlier onset of spring in the boreal region, consistent with 
previous studies focusing on hydrological and ecological variables 
(Blåfield et al., 2024; Lintunen et al., 2024; Helama et al., 2020; Luo
maranta et al., 2014). By applying specific thermal timing indices across 
Finland, this study shows that the start, midpoint, and end of the spring 
season have advanced, accompanied by an overall increase in duration. 
Based on a wide scientific evidence (Intergovernmental Panel on 
Climate Change (IPCC), 2023) and studies reporting earlier onset of the 
thermal growing season in Finland (Helama et al., 2020; Irannezhad and 
Kløve, 2015), this long-term shift in the spring timing is likely attrib
utable to anthropogenic global warming.

Findings from this study across Finland reveal considerable regional 
variation in spring timing trends, with distinct clusters identified in the 
timing indices. The regional clusters demonstrate how different physical 
characteristics affect the similarity of thermal seasons across regions: 

The Southern Finland cluster showed a relatively long SSD of 53 days, 
while the Central Finland cluster exhibited a shorter and more consistent 
SSD of 47 days (standard deviation = 1.9), even though both clusters are 
lake-dominated which strongly influence the ecological and hydrologi
cal processes of the region (Pöysä, 2022). We also found that the 
Southern Lapland cluster, extending toward the Bothnian coast, reflects 
the influence of prolonged sea ice cover, which delays coastal warming 
and aligns its phenology with inland northern regions (Finnish Meteo
rological Institute, 2025b).

The results indicate that a significant increase in SSD is evident in 
both northern Finland and the southwestern archipelago; this length
ening suggests that the SSO advanced more strongly than SSE. Notably, 
this finding aligns with projections that suggest an extended spring 
duration in the region under future climate scenarios (Ruosteenoja et al., 
2020). According to long-term trends, the SSD in southwestern Finland 
and the surrounding archipelago shows a significant change, extending 
by nearly six days per decade. This noticeable shift parallels the greatest 
increases in growing season length recorded at stations along the Baltic 
Sea coast (Linderholm et al., 2008). The regional analysis conducted in 
this study reveals that spring in southwestern Finland and the sur
rounding archipelago exhibits the longest durations and the greatest 
spatial variability. The pronounced spatial variability is likely influ
enced by frequent and increasing temperature fluctuations around 0 ◦C 
at lower latitudes (Aalto et al., 2023; Freistetter et al., 2022), meaning 
that even small temperature changes can substantially affect both SSO 

Fig. 7. Associations of spring timing indices with TCPs, their trends, and change points across clusters. (a–e) Correlation coefficients between spring timing indices 
and TCPs within clusters. (f–j) Slopes of change (day/year) and change points for each spring timing index within clusters. Panels correspond to: (a,f) Northern 
Lapland, (b,g) Southern Lapland, (c,h) Central Finland, (d,i) Southern Finland, and (e,j) the Archipelago and South Coast clusters. Dark bars indicate significant 
correlations at p < 0.01, light bars indicate correlations at p < 0.05, and hollow bars indicate no significant trends. The x-axis in panels (f–j) shows change points 
identified by the Pettitt test; dashes indicate the absence of statistically significant change points.
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and SSD. In addition, proximity to the sea is an important factor influ
encing the timing of spring in the region. For example, the Baltic Sea has 
been characterized as having highly regular and seasonally variable 
water temperature patterns that can influence the coastal zone, with the 
strongest sea effects observed in spring and autumn (Veneranta et al., 
2016; Väyrynen et al., 2017). This conclusion is further supported by 
Lintunen et al. (2024), who found that spring floods have advanced 
particularly along Finland's coastal areas. The Northern Lapland cluster 
also exhibits similarly high spatial variability of SSD, where summers 
are cooler and shorter (De Castro et al., 2007), and fluctuations around 
the 10 ◦C threshold are more frequent, which in turn explain the greater 
variability in the SSE and therefore the SSD as well. In addition to lati
tude, altitude may also be an influential factor, as northern Lapland in 
Finland has higher elevations compared to the rest of the country. Pre
vious studies have similarly linked seasonal timing to topographic and 
latitudinal gradients (Deng et al., 2019; Ziska et al., 2011).

Although the findings offer clear evidence that spring timing vari
ability and long-term trends are linked to latitude, altitude, and prox
imity to the sea, spring timing in the boreal zone also appears to be 
closely connected to multiple teleconnection patterns. Analysis of the 
data revealed significant relationships between large-scale atmospheric 
oscillations and the timing of spring events in Finland, based on both 
national-scale and cluster-based analysis. For example, the NAO 
appeared to drive earlier SSO, GSO, and SSE. Similarly, the AO showed a 
strong association with earlier SSO, suggesting that the positive phases 
of NAO and AO, which are typically associated with milder winters in 
northern Europe (Myoung et al., 2017; Hurrell and Van Loon, 1997; 
Thompson and Wallace, 2001), lead to earlier spring occurrences and an 
accelerated snow melt process in the boreal area. The cluster analysis 
showed similar results; however, it also indicated that these two tele
connection patterns were more influential for SSO in the southern 
clusters and for SSE in the Northern Lapland cluster, while the NAO was 
mainly influential for GSO in the central region.

On the other hand, we found that regional atmospheric blocking 
associated with positive phases of the SCA was connected to delayed 
spring. Previous studies have shown that positive SCA phases during 
winter and spring are often linked to lower regional temperatures (Bueh 
and Nakamura, 2007), which can, in turn, delay biological responses 
such as animal migration (Gołębiewski and Remisiewicz, 2023). The 
positive phase of the SCA is also associated with positive summer tem
perature anomalies over the Scandinavian region (Dutton, 2021). In this 
study, these contrasting winter–summer temperature anomalies under 
strong positive SCA phases were found to be strongly linked to a shorter 
thermal spring season. This relationship was confirmed by the cluster 
analysis, which revealed a connection between SSD and SCA across all 
clusters, with more notable influences in southern Lapland, the central 
region, and the archipelago area.

The results suggest that the EAWR pattern is a key driver of the GSO 
and SSE, with its anomalies associated with delays in both. Earlier 
studies support these results, as the positive phase of the EAWR has been 
linked to colder conditions over western Russia and eastern Europe 
(Ceglar et al., 2017; CPC, 2012). The cluster correlation analysis showed 
that the EAWR primarily influences GSO timing in northern and 
southern Lapland, and SSE timing in the central and southernmost 
clusters.

Additionally, the analysis of this study indicated that spring timing 
indices have experienced a pronounced shift, particularly since the 
1980s; this observation aligns with findings by Kaukoranta and Hakala 
(2008), who documented a similar acceleration in temperature-derived 
growing season in Finland during the 1980s. The regional time series 
derived from each cluster also revealed distinct change points during the 
1980s and 1990s. During these decades, all indices except SSE exhibited 
noticeable shifts in their respective temporal patterns. Although the 
Pettitt test detected change points in the time series, a key limitation of 
this method is that it can identify only a single change point, thereby 
partitioning the record into just two temporal periods (Guilpart et al., 

2021). Consequently, future research would benefit from applying 
methods capable of detecting multiple change points to better charac
terize the structure of climate fluctuations and regime transitions.

In summary, the results indicate that environmental factors, 
anthropogenic climate change, and large-scale teleconnection patterns 
collectively shape the timing and variability of the spring season across 
the boreal study area. However, disentangling the relative influence of 
anthropogenic climate change from that of teleconnection patterns re
mains challenging, and it is uncertain whether these drivers can be fully 
separated in terms of their effects on spring timing dynamics. The results 
revealed change points in the time series of spring timing indices around 
the 1980s and 1990s, which may be associated with shifts in tele
connection patterns, as several studies have reported changes in the 
dominant phases of the large-scale atmospheric patterns during the 
same periods (Gong et al., 2024; Wu et al., 2022; Yeager and Danaba
soglu, 2014). For example, the winter NAO experienced a major shift in 
the early 1990s, while the Pacific center intensity of the AO exhibited 
multidecadal fluctuations, with low amplitude before 1980, a peak from 
1980 to 2000, and a sharp decline following 2000 (Wu et al., 2022; Gong 
et al., 2024). On the other hand, the impacts of anthropogenic climate 
change have been detected globally during this period (Li et al., 2025; 
Reid et al., 2016), suggesting that the observed shifts in spring timing 
indices may be partly attributable to climate change. In addition, recent 
evidence indicates that anthropogenic warming can alter atmospheric 
teleconnections in the Northern Hemisphere, potentially contributing to 
these changes. For example, a recent study showed that global warming 
amplifies the variability of the summer North Atlantic Oscillation, 
thereby increasing the likelihood of extreme phases (Liu et al., 2025). 
Another study suggested that warming of the Indian Ocean sea surface 
temperatures is linked to the positive trend of the AO (Jeong et al., 
2022). These findings suggest that the influence of climate change on the 
evolving behavior of atmospheric patterns may also play a critical role in 
shaping the timing of thermal seasons, and should therefore be a focus of 
future research.

5. Conclusions

This study provides an assessment of the boreal thermal spring sea
son, emphasizing its links to atmospheric teleconnections, geographical 
drivers, and anthropogenic climate change. Using six decades of high- 
resolution temperature observations from Finland, the analysis offers 
insights into the mechanisms driving spring timing variability. The re
sults demonstrate that the proposed approach captures the influence of 
climate change and large-scale atmospheric patterns on both long-term 
trends and interannual variability of the thermal spring season, and 
provides a framework that can be applied in similar studies across other 
regions.

Results of the trend analysis over 6 decades reveal earlier spring 
onset and a prolonged spring season in the region, which can be asso
ciated with rising global temperatures. Interannual variability is largely 
driven by large-scale atmospheric patterns, whereas geographical fea
tures shape the spatial distribution of spring dynamics.

During the study period, the spring season in Finland has lengthened 
by 3–6 days per decade, particularly in northern regions and along the 
southwestern coast. Spring timing has advanced across the entire study 
area, with the strongest trends observed in spring onset, which has 
advanced by 6 days per decade in the southwestern archipelago. Sub
stantial spatial variability in spring timing indices was observed across 
the region, primarily driven by latitudinal gradients, where tempera
tures often hovered near critical thresholds, amplifying variability in the 
onset, end, and duration of spring. Additionally, proximity to the Baltic 
Sea has influenced regional responses.

The interannual variability of the spring season was linked to large- 
scale atmospheric patterns. Early spring onset was associated with the 
positive phase of the Arctic Oscillation (AO), while delayed spring end 
and delayed onset of the growing season were linked to the positive 
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phase of the East Atlantic–West Russia (EAWR) pattern. An early start of 
the growing season was associated with the positive phase of the North 
Atlantic Oscillation (NAO), and the shorter duration of the thermal 
spring season showed a connection to the positive phase of the Scandi
navian (SCA) pattern.

These results demonstrate that the boreal spring has both advanced 
and lengthened, influenced by geographic factors, global warming, and 
large-scale atmospheric drivers. The socio-economic implications of an 
earlier and prolonged boreal spring are likely to vary substantially 
across regions, underscoring the importance of identifying where 
adaptation measures should be prioritized. In addition, further research 
is needed to explain the factors behind the variability of teleconnection 
patterns, such as the potential influence of climate change.
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Grid-based daily mean temperature, latitude, and longitude data 
were obtained from the Finnish Meteorological Institute (FMI) via their 
gridded observational dataset (https://en.ilmatieteenlaitos. 
fi/gridded-observations-on-aws-s3). Monthly TCP indices for the 
period 1961–2023 were sourced from the Climate Prediction Center 
(CPC) of the National Oceanic and Atmospheric Administration 
(https://ftp.cpc.ncep.noaa.gov/wd52dg/data/indices/tele_index.nh). 

The distance from the sea was calculated using global coastline data 
provided by the Flanders Marine Institute (doi: 10.14284/542). Terrain 
elevation data at a spatial resolution of 90 m were obtained from the 
Copernicus Global Digital Elevation Model via the OpenTopography 
platform (doi: https://doi.org/10.5069/G9028PQB) and subsequently 
resampled to 1000 m to align with the spatial resolution used in this 
study. Supporting output maps and datasets generated from this study 
are available in the Zenodo repository (doi: https://doi. 
org/10.5281/zenodo.15797041). In this study, MATLAB 2024a, 
particularly the Statistics and Machine Learning Toolbox, was employed 
for data processing, index calculation, trend analysis, and clustering. We 
utilized the ‘sklearn.metrics’ Python package and the ‘silhou
ette_samples’ and ‘silhouette_score’ functions to calculate silhouette 
scores. QGIS Desktop version 3.34.8 was used for map visualization and 
measuring grid distances from the sea. Spearman correlation analysis, 
with 10,000 bootstrap samples, was performed using IBM SPSS Statistics 
version 29.0.20.
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