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Abstract:

Non-growing season carbon fluxes can contribute to a significant amount of the full-year ecosystem
carbon balance. Year-round net ecosystem exchange (NEE) data from 17 years was used to analyse
the non-growing season carbon dioxide (CO) fluxes together with environmental and meteorological
variables at Siikaneva fen in Southern Finland. Generally, the fen acted as a sink of CO,with a mean
annual carbon balance of -50.9 (+ 39.4) g C m. On average, the CO, emissions during non-growing
seasons offset 57% of the following growing seasons CO; uptake. Two years from the 17-year dataset
were a consistent net source of CO,, 2018 and 2016. In 2016, a strong respiration release during the
winter-spring transition period turned the annual balance of CO;to positive, resulting in the highest
emission of CO, during the entire study period. The period of anomalous respiration alone offset 38%
of the following growing seasons CO; uptake. Since the biological activity during non-growing season
is low, the CO> fluxes likely composed mainly of heterotrophic respiration, and thus were likely driven
by soil temperature. The relative importance of air and soil temperature, vapor pressure deficit, water
table depth, and photosynthetically active radiation (PAR) on NEE of CO,was analyzed with a
random forest algorithm. PAR and soil temperature were the most important drivers during non-
growing season, growing season and year-round periods. PAR had the highest importance during
growing season while during non-growing seasons, PAR and soil temperature had an equal relative
importance. A wavelet coherence analysis further revealed that the mean annual cycles of NEE and
soil temperature were coherent during the summer months across the diurnal scale. For instance, NEE
correlated positively (decreasing the net carbon sink) with soil temperature and lagged the response to
temperature by 4-6 hours. There was no coherence between the annual cycles of soil temperature and
NEE during winter. The results emerging from this thesis stress the importance of studying what
controls the interannual variation in soil temperature and the possible accumulation of CO;in soil
during non-growing season, but also how they contribute to spring-time CO; releases like the one
observed in spring 2016.
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1 Introduction

Boreal and sub-arctic peatlands are one of the world’s largest terrestrial carbon pools,
with estimates ranging from 400 - 600 Gt of carbon (Gorham, 1991; Yu et al., 2011) to
1000 Gt of carbon (Nichols & Peteet, 2019). Even with the conservative estimates,
boreal and sub-arctic peatlands account for 30% of the global soil carbon pool
(Friedlingstein et al., 2022). Increased soil respiration triggered by global warming
could strengthen the release of such large amount of carbon stored in soils (Bond-
Lamberty et al., 2018), causing a positive feedback to the atmosphere further
accelerating global warming (Frey et al., 2013). There are high uncertainties in the
magnitude of the soil-climate feedback (Bradford et al., 2016), with the greatest

uncertainties found in northern latitudes (Warner et al., 2019).

High latitudes are warming over three (Arctic Monitoring and Assessment Program
[AMAP], 2021) to four (Rantanen et al., 2022) times as fast as the global average.
Likewise, winters are observed (AMAP, 2021; Mikkonen et al., 2015) and projected
(Intergovernmental Panel on Climate Change [TPCC], 2022) to warm faster than any
other period throughout the year. Warming during winter can intensify microbial
processes and thus increase the amount of carbon emitted via heterotrophic

respiration (Lopez-Blanco et al., 2018; Natali et al., 2019).

The winter carbon cycle is dominated by the ecosystem respiration processes and is
primarily controlled by soil temperature (Natali et al., 2019; Curiel Yuste et al.,
2007). Soil temperature during wintertime is controlled by both the ambient air
temperature and the insulating effect from the snowpack. The projected increase in
temperature and decrease of snowfall (AMAP, 2021; IPCC, 2022) will thus very likely
have contrasting impacts on the temperature conditions along the soil profile. The
reduction in snow cover, even with generally warmer temperature during winter, may
lead to colder temperatures at the soil surface in the future (Groffman et al., 2001).
However, the warming could be enhanced at the deeper soil layers due to generally
warmer air temperature throughout the year: once warmed, the deeper layers have
found to retain the heat longer, while the surface layer can get cooler without the
insulating effect of snow (Qian et al., 2011). Wintertime carbon fluxes could therefore
be exposed to these two competing processes in the future driven by changes in

climate forcing.



Currently, the wintertime carbon flux observations are poorly understood, scarce and
underrepresented compared to summertime observations (Virkkala et al., 2022). In
the ABCFlux database (Virkkala et al., 2022), a comprehensive dataset including data
from 244 stations that focuses on carbon fluxes from boreal and arctic ecosystems,
only 18 % of the observations cover the winter months. Out of all the observations
from all the sites at the database, the annual carbon budgets can be calculated for
only 267 site-years (Virkkala et al., 2022). This recent synthesis effort points to an
important knowledge gap and why long, year-round datasets of ecosystem carbon
dynamics are valuable for understanding the ecosystem processes across seasons that
shape the annual carbon balance and its associated sensitivity. Ignoring the
wintertime fluxes can lead to severely overestimating the annual carbon sink (Aurela
at el., 2002), and thus accounting for the non-growing season cumulative carbon
budget of the year-round carbon balance is crucial to reliably understand the sink-
source potential of northern ecosystems. To address the uncertainties in the
terrestrial carbon cycle (Arora et al. 2020; Friedlingstein et al., 2022), increased

understanding of the non-growing season carbon fluxes is critically needed.

Recent studies suggest that the winter conditions, such as changes in soil
temperature and presence of snow or ice, can potentially have carry-over effects in
the respiration events during spring in the time of snow melt and soil thawing. A
small number of studies has observed bursts of carbon dioxide (CO.) during spring-
thaw periods, highlighting the importance to study these rarely observed events
(Arndt et al., 2020; Mastepanov et al., 2013; Raz-Yaseef et al., 2017; Yu et al., 2010;
Wang et al., 2023). Even if not frequent in time, the magnitude of such pulses can
reduce the annual carbon uptake by 46% (Raz-Yaseef et al., 2017), and therefore
contribute greatly to the annual carbon balance. In fact, a period of anomalously high
respiration has also been found in Siikaneva fen in Spring 2016. There are various
processes that can lead to these pulses of emissions. For instance, snow and ice can
act as a physical barrier between the soil and atmosphere, resulting in the
accumulation of winter-time CO. emissions in soil and snowpack that may later be
released into the atmosphere (e.g. Sullivan et al., 2012). Furthermore, the thawing of

soil after freezing can trigger an increase in microbial respiration (Schimel & Clein,

1996).



To understand the role of wintertime periods on the overall year-round carbon
balance, this thesis analyses an extensive time series dataset covering the 2005-2021
period from Siikaneva fen. Siikaneva fen is a long-term Eddy Covariance
measurement site with year-round measurements in southern Finland. The dataset
used in this thesis is unique in its temporal coverage both in length and in terms of
measurements including wintertimes. The 17 years of year-round net ecosystem
exchange (NEE) observations from Siikaneva fen accounts for 6% of all the site-years
with year-round data from 244 sites included in the ABCFlux database (Virkkala et
al., 2022). The net ecosystem exchange (NEE) of CO. data from Siikaneva fen has
been previously studied in four studies, covering data from 2005 to 2015 and the year
2018. The NEE during the 2004 to 2005 period was studied by Aurela et al. (2007).
The NEE from 2006 to 2008 was compared to a northern fen site by Aurela et al.
(2009). Rinne et al. (2018) studied the relationship between methane and NEE of
CO. for the period of 2005-2015. The impact of a drought period to the NEE in

summer 2018 was analyzed by Rinne et al. (2020).

The aim of this study is to analyze the non-growing season dynamics of NEE and soil
temperature and their overall impact to the annual CO. balance, and to study the
conditions during the respiration event in spring 2016. I hypothesize that soil
temperature is a key driver of NEE during the non-growing seasons. Additionally, I
expect that soil temperature leads the NEE, meaning that there is a lag between them.
I hypothesize that the lag is longer during winter due to the insulating effect of snow

cover. To address these hypotheses, I ask the following research questions:

1. How much does the non-growing season carbon balance account for the whole

annual carbon balance?

2. What is the relationship between soil temperature and NEE and to what

extend does soil temperature drive the carbon exchange across seasons?

3. What were the meteorological and environmental conditions before and
during the anomalous winter-spring transition period in 2016, and how much

did it contribute to the overall annual net carbon balance?



2 Background
2.1 Ecosystem scale carbon fluxes and the Eddy Covariance method

The CO. cycles between the ecosystem and atmosphere by two competing fluxes,
photosynthesis and respiration. Gross primary production (GPP) is a measure of CO.
fixed in photosynthesis per unit time at an ecosystem level, while ecosystem
respiration (Reco) refers to CO. released by decomposition and metabolic processes
of both autotrophs and heterotrophs (Chapin et al., 2011, p. 210). The Net Ecosystem
Exchange (NEE) is the net balance between these two competing gross fluxes, i.e.,
GPP and Reco, and it indicates the net CO. balance between ecosystem and
atmosphere. The sign convention used in this thesis uses negative values to represent
a net CO. uptake and positive values to characterize net CO. emission. GPP, Reco,
and NEE typically follow a well-defined annual cycle, with the highest GPP and Reco
occurring in summer due to optimal environmental conditions for photosynthesis
and biological activity (Chapin et al., 2011, p. 210). Despite the peak Reco in summer,
photosynthesis usually offsets the emission outputs, resulting in a negative NEE, i.e.,
a net sink of CO. (Chapin et al., 2011, p. 210). During winter, however, a lack of
photosynthesis results in a positive NEE, despite the lower Reco levels compared to

the summer period (Chapin et al., 2011, p. 210).

The NEE of CO. can be measured with the Eddy Covariance (EC) technique, which is
used to quantify the exchange of energy, mass, and momentum between a surface
and the atmosphere (Aubinet et al., 2012, p. 1). The atmosphere contains turbulent
motions, referred to as eddies, that transport trace gases such as CO. between the
surface and atmosphere. The vertical flux between the surface and atmosphere can be
determined by calculating the covariance of the vertical wind velocity and
concentration of CO.. This method can be applied continuously over large, preferably
homogenous and flat areas, providing a whole-ecosystem scale CO. balance at very
high temporal resolution (Baldocchi et al., 2003). The measured NEE can be
partitioned into GPP and Reco by using different statistical models, which can be
further used to fill data gaps. Since GPP and Reco are eventually model outputs and
not true observations, they bring unavoidable uncertainty to analysis featuring them.
Thus, analysing them and the gap-filled data based on them should be done with care
to avoid circularity issues since they are based on environmental variables (e.g PAR

and air temperature).



2.2 Winter conditions impact on soil temperature and the soil efflux

During winter, plants are not photosynthetically active and generally the biological
activity is low (Chapin et al., 2011, p. 210). However, microbes can remain active
below freezing temperatures (Panikov et al., 2006), in boreal soil likely at least until
-9 °C (Martz et al., 2016). Therefore, the winter-time carbon fluxes are comprised
mostly of heterotrophic respiration. Even though the positive fluxes are generally
small during winter, the long duration of the cold period in high latitudes can
significantly contribute to the annual carbon balance (Natali et al., 2019; Lopez-

Blanco et al., 2018).

Heterotrophic respiration is mostly regulated by temperature and moisture in soils
(Chapin et al. 2011, p. 192). During the cold season, soil temperature is affected by
both the ambient air temperature and the presence of snow. Snow insulates the soil
from cold air, and a snowpack of 40 cm deep can fully decouple soil temperature
from the air temperature (Zhang, 2005). Snow can thus sustain warmer
temperatures, and therefore by preventing water from freezing, also moister
conditions in soil. Snow cover can thus enhance the conditions for microbial activity
in the soil and as a result, maintain higher respiration rates than with lower snow

depth (Morgner et al., 2010).

Climate change is expected to decrease the depth and duration of snow cover in most
regions at high latitudes in the future (AMAP, 2021). As a consequence, with less
snow to insulate the ground the soil temperatures at the surface could be colder
during the winter compared to ambient conditions (Groffman et al., 2001). A
decrease in soil temperature could ultimately result in lower soil carbon efflux even

though generally winters would get warmer.

However, without the insulating effect over ground from the snowpack, soil
temperature can fluctuate with air temperature, which could lead to cycles of soil
freezing and thawing if the air temperature fluctuates below and above 0 °C. Freeze-
thaw cycles can have contrasting impacts on the soil microbes and thus on the
respiration (Li et al., 2021). Freezing of soil can kill some microbial communities, but
as a consequence, a large amount of easily decomposable carbon and nutrients
becomes available in the soil, which in turn favors the remaining communities

(Brooks et al., 2005). This process can promote a pulse of respiration during soil
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thaw (Schimel & Clein et al., 1996). However, these pulses get smaller in magnitude
with repetitive freeze-thaw cycles (Schimel & Clein et al., 1996; Li et al., 2021). The
changing conditions affect the microbial species composition in the soil, which results
in higher species richness after freeze-thaw cycles, and altered temperature and
moisture sensitivity since cold-tolerant microbes are adapted to colder and drier
conditions (Aanderud et al., 2013). This means that the freeze-thaw cycles have
largest impact when the microbial communities are not adapted to them. These
pulses of respiration associated with freeze-thaw cycles could offset some of the

decreased soil carbon efflux caused by colder soils.

Besides of controlling the soil temperature, snow and ice can act as a physical barrier
between the surface and atmosphere, which can cause the respiratory fluxes to
accumulate in the soil (Martz et al., 2016; Morgner et al., 2010). This accumulated
respiration is then later released back to the atmosphere when soil thaws, causing a
lag between the changes in soil temperature and the respiration flux to the
atmosphere (Sullivan et al., 2012). Therefore, snow cover affects both the rate of the
respiration and the temporal dynamics of it. Changing conditions in snow cover can
thus cause interannual variation in temporal dynamics in the observed CO. fluxes. A
lag between changes in environmental variables like soil temperature and measured

fluxes creates a challenge when assessing how these variables control the fluxes.
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3 Methods
3.1 Site description

Siikaneva wetland is an oligotrophic fen located in southern Finland (61°50N,
24°12E, 162 m above sea level). The measurements at the site have been ongoing
since 2005. The site has been part of the ICOS research infrastructure since 2017 and
is a class 2 ecosystem station. The peat depth varies from 2-6 meters at the site. The
site has no permafrost. The surface is generally flat, and the vegetation is dominated
by peat mosses (Spaghnum balticum [Russow] C.E.O. Jensen, S. majus [Russow]
C.E.O. Jensen, S. papillosum Lindb.), sedges (Carex rostrata Stokes, C. limosa L.,
Eriophorum vaginatum L.) and Rannoch rush (Scheuchzeria palustris L.) (Rinne et
al., 2007). The site is surrounded by a Scots pine forest. The mean annual
temperature during 1971-2000 was 3.3 °C and annual total precipitation 713 mm at

Hyytidla weather station, located 5 km from Siikaneva (Drebs et al., 2002).

Picture 1. Siikaneva in September 2022, including the Eddy covariance tower in the middle. Photo by
Maximilian King.

3.2 Definition of non-growing season and growing season

Dividing the year into conventional seasons like winters and summers can be
challenging due to the lack of set definitions, and inherent inter-seasonal variability.

Instead, terms like growing season and non-growing season can be used to define the
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period in the year when plants are able to grow, since these terms captures the impact
of what location-specific climatic conditions have on ecosystem processes. The
distinction between non-growing season and growing seasons lacks a standardized
definition. Different definitions can be used that are based on environmental
variables such as air temperature or presence of snow cover (Arndt et al., 2020; Rafat
et al., 2022), or seasonality derived from GPP information (Bottcher et al., 2014). In
this study, I use the terms growing season (GS) and non-growing season (NGS) to
refer to the parts of the year when the ecosystem is a net carbon sink (GS) and a net
carbon source (NGS), based on the daily values of NEE (Aurela et al., 2004). I chose
the GS definition based on NEE information to avoid circularity issues from further
analyzing different forcing variables controlling NEE between the two seasons. The
chosen definition divides the year into only two seasons and does not make a

distinction between the shoulder (autumn and spring) seasons.

The first day of the GS was defined as the first day of three consecutive values of
negative NEE and similarly, the last day of GS as the first day of three consecutive
values of positive NEE, following a definition for sink period presented by Aurela et
al. (2004). NGS started when the GS ended and, similarly, ended when the next GS
started.
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3.3 Eddy covariance (EC) measurements

Picture 2. Eddy covariance mast in July 2022 (left, photo by Maximilian King) and March 2023 (right,
photo by Eyrin Gyda Gunnlaugsdaottir).

The NEE of CO. observations have been measured in Siikaneva since 2005, although
there was a major instrumentation upgrade in late 2015. The instruments used
between 2005 and 2015 were Metek USA-1 anemometer (Metek GmbH, Elmshorn,
Germany) and LI-COR LI-7000 gas analyzer (LI-COR, Lincoln, NE, United States).
In 2016-2021 the instruments used were Gill HS-50 anemometer (Gill Instruments
Ltd., England, United Kingdom) and LI-COR LI-7200 gas analyzer (LI-COR, Lincoln,
NE, United States). The flux tower was set up at 2.7 m height. The change of the
instrumentation caused an unavoidable gap in the time series from September 2015

to February 2016.

The NEE data has been filtered with turbulence intermittency and atmospheric
stability, corrected by CO. storage flux and subsequently gap-filled. The data was
readily available at SmartSMEAR database upon the start of the thesis
(https://smear.avaa.csc.fi/download). In case of missing data, NEE was calculated as
the sum of modelled GPP and Reco. GPP was modelled with site- and time-specific
parameters using PAR and air temperature. GPP was forced to zero during air
temperatures below 0 °C. Reco was modelled by using site- and time-specific

parameters based on air temperature. The respiration function used air temperature
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instead of soil temperature due to the inconsistent soil temperature time series at the
site. On other parts, the method follows the process described in Kulmala et al.
(2019). Pre-processed and gap-filled hourly averaged NEE data was further
aggregated into daily sums and converted from micromoles of CO. to grams of
carbon. The fluxes are expressed from the perspective of the atmosphere: negative

flux indicating net carbon uptake and positive sign indicating net carbon efflux.

3.4 Ancillary measurements

Soil temperature was measured with Campbell 107 thermistor (Campbell scientific,
inc., Logan, UT, United States) between 2005 and 2016. Soil temperature was
measured at two microsites at Siikaneva in 2005-2016 (named hummock and lawn
microsite at the SmartSMEAR database). I used data measured at the lawn site since
it represents the footprint area around the EC tower. During 2017-2021 the soil
temperature was measured with UMS TH3-s temperature profile probe (UMS GmbH
& Co. KG, Willmars, Germany) and was an average of five microsites inside the EC
footprint area. I used data measured at 5 and 50 cm depths for 2005-2016 and 5 and
45 cm depth for 2017-2021. From hereafter, the temperature measured at either 50

cm or 45 cm depth is referred to as “soil temperature at 50 cm depth”.

Photosynthetically active radiation (PAR) was measured with Li-Cor Li-190R
quantum sensor (LI-COR, Lincoln, NE, United States). The data for years 2009-2015

were excluded due to instrument malfunction.

Air temperature and relative humidity were measured with Rotronic HC2 sensor
(Rotronic AG, Bassersdorf, Switzerland). I then calculated vapor pressure deficit
(VPD) with a function fCalcVPDfromRHandTair from an R package Reddyproc
(Wutzler et al., 2022) that calculates VPD from relative humidity and air
temperature. VPD describes the deficit between the amount of vapor that the
saturated air can hold at a current air temperature and the observed amount of water

vapor currently in the air.

Water table depth (WTD) was measured with Druck PDCR1830 (Campbell scientific,
inc., Logan, UT, United States) and Campbell CS451 pressure transducer (Campbell
scientific, inc., Logan, UT, United States). WTD is expressed as height of the water

table from the surface, negative value referring to a WTD below surface.
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Precipitation was measured with ARG-100 tipping bucket rain gauge (Campbell
scientific, inc., Logan, UT, United States) for 2005-2016. The instrument does not
reliably detect sleet or snow. In 2017 the instrument was changed to OTT Pluvio2S

weighing rain gauge (OTT HydroMet, Kempten, Germany).

Many of the instrumentations were renewed in late 2015, causing a gap in the
measurements for most of the variables. The duration of the gap differs between the
variables. To gain better understanding of the conditions in the autumn and winter
2015, air temperature and snow depth data was reviewed from Hyytiala forestry
station, which is located 5 km from Siikaneva. At Hyytiil4, the air temperature was
measured with Pt100 sensor inside a custom shield. A linear regression model with
air temperatures from the two stations had a coefficient estimate close to 1 (0.98) and
an R-square of 0.98, which validated using the air temperature data from Hyytiala.
However, the snow depth varied between the stations, and thus interpreting Hyytiala
snow depth as a proxy for snow condition in Siikaneva should be taken as indicative

only.

3.5 Wavelet coherence analysis

Wavelet coherence analysis is a method to identify significant relationships between
two time series over different periods (Grinsted et al., 2004). Coherence is a measure
similar to correlation, that is used in time series analysis to detect similarities
between local oscillations (i.e., waves) in two time series. Wavelet coherence analysis
can be used to identify these correlating oscillations and to quantify the temporal
difference, or a lag, between them. I explicitly used wavelet coherence analysis to
study whether there was coherence between the average annual cycles of NEE and
soil temperature, if the coherence was different between NEE and soil temperature at
5 cm and 50 cm depth, and if there was a lag between them that would change
seasonally. I aggregated all years together to calculate an average value for each hour
of each day. The average hourly values for day of year (DoY) 1-366 thus represented
typical oscillations or patterns that occur yearly. I separately conducted the analysis

between NEE and soil temperature measured at 5cm and 50 cm depth, respectively.

Spring 2016 was found to have anomalous dynamics both in NEE and soil
temperature at depth 50 cm. Thus, I additionally performed a similar analysis

between NEE and soil temperature measured at 50 cm depth for the year 2016
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independently, to study the level of coherence between them. I then compared the
results for 2016 to a wavelet coherence analysis of the mean values of the complete
time period excluding the year 2016. There was a gap in the data for DoY 188-246 for
soil temperature at 50 cm depth in 2016. I gap-filled the missing data using a
transition function based on functions from two linear regression models that used
soil temperature at 50 cm depth measured at Hyytiala site to model the missing
temperature data at a corresponding depth from Siikaneva. One of the models were
trained with 50 days of data before the gap and the other with 50 days of data after
the gap. I then used a function that incrementally changed at each time step from the
function obtained from the model for before the gap to the function obtained from
the model for after the gap (Appendix 2 Fig. A2). The adjusted R-squares were 0.94
for the model before the gap (for DoY 138-187) and 0.99 for the model after the gap
(for DoY 247-296).

3.6 Random forest

Random forest is a machine-learning algorithm used for complex multi-regression
(e.g. Lopez-Blanco et al., 2017) and classification (e.g Rudd et al., 2021) data
analyses. In this thesis I used random forest to quantify the relative variable
importance of different environmental drivers controlling the carbon sink or source
strength (i.e., NEE). Random forest creates multiple decision trees that use different
random subsets of the training data (Breiman, 2001; Pedregosa et al., 2011). The
random forest classifier partitions explanatory variables (covariates) into groups, and
for each resulting cluster, a multiple linear regression model is constructed to predict
NEE (response variable) based on the corresponding driving factors. The variable
importance is expressed as the fraction (percentage, 0-100%) of decisions in which
the variable is used for clustering the data in ratio to all decisions. This analysis used
PAR, VPD, soil temperature, WTD and air temperature to explain the variability of
NEE. I assessed the variable importance over the whole period of 2005-2021.
Additionally, I partitioned the time series into NGSs and GSs to explore how the

variable importance varies between these seasons.

This analysis does not include precipitation data as explanatory variable since the
instrument measuring precipitation was not able to reliably detect snow and sleet.
Therefore, such data could introduce biases in the analysis by underestimating the

amount of precipitation during winter (aggregated to NGS) compared to summer
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(aggregated to GS). Although precipitation is an important factor in climate
variability, including precipitation as a covariate in the random forest analysis could
have created artifacts due to the consistent uncertainty in the dataset between NGSs

and GSs.

3.7 Data analysis

I analyzed the data in RStudio (version 4.1.1, 10.8.2021). Wavelet coherence analysis
was done with a package Biwavelet (Tarik et al., 2021). I used packages ggplot2
(Wickham, 2016) and gridextra (Auguie, 2017) for the data visualization. For general
processing and gap-filling, packages dplyr (Wickham et al., 2021) and imputeTS
(Moritz et al., 2017) were used. VPD was calculated with a function
fCalcVPDfromRHandTair from package REddyProc (Wutzler et al., 2022). For
random forest analysis I used Python language (version 3.8.6rc1). I used
RandomForestRegresso-function from sklearn library (Pedregosa et al. 2011) for the
random forest analysis. Additionally, I used libraries NumPy (Harris et al., 2020) and

matplotlib (Hunter, 2007) for general data wrangling and exploration.
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4 Results
4.1 Duration of NGS

On average, 60% of the year was part of the NGS. NGS started on average on
September 17th (DoY 260 +19) and ended on April 30th (DoY 120 +15), lasting on
average for 226(+27) days (Fig. 1).

NGS started latest in 2011 on October 26t and earliest in 2018 on July 30t (Fig. 1, in
figure the years 2012 and 2019). NGS ended the earliest in 2006 on March 18th and
latest in 2016 on June 214, The NGS that started in 2018 and ended in 2019 was the
longest NGS (278 days) in the whole study period due to an exceptionally early start
of the season (Fig.1, in figure the year 2019). Similarly, the early end of the NGS in
2006 resulted in the shortest (162 days) NGS in the study period.

2021 ; :
2020 - _ _ .

2019 - . : NGS
2018 - ; : GS
2017 - -

2016 -
2015 -
2014 -
2013 -
2012 -
2011 -
2010 -
2009 -
2008 -
2007 -
2006 -

Year

Aijg Oct Déc

Féb Apr Jle

Figure 1. Non-growing season (NGS) and growing season (GS) in years 2005-2021. Year on the y
axis refers to the year starting in January. The dashed line on the left represents the DoY when the
NGS started on average (DoY 260, September 17th) and the dashed line on the right the DoY when
the NGS ended on average (DoY 120, April 30th).

4.2 Ancillary information
4.2.1 Meteorological variables, water table depth and snow depth

The mean temperature for the whole time period was -1.5 °C during NGS and 12.9 -C
during GS (Fig. 2A). The mean precipitation during GS was 250 mm and 242 mm
measured with the ARG-100 tipping bucket rain gauge for 2005-2016 and the OTT
Pluvio2S weighing rain gauge for 2017-2021, respectively (Fig. 2C). The mean
precipitation during NGS was 200 mm in 2005-2016 and 350 mm in 2017-2021 (Fig.

2C) with similar instrumentation set up, respectively. The precipitation in NGS’s in
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2005-2016 was lower than NGS’s in 2017-2021 since ARG-100 tipping bucket rain
gauge does not detect snow or sleet (Fig 2C). Daily PAR was 68 pmol m-2s in NGS
and 314 umol m-2stduring GS (Fig. 2B). The mean WTD was higher during NGS (-
3.6 cm) than in GS (-10.5cm, Fig. 2E). Vapor pressure deficit was 0.07 kPa during
NGS and 0.4 kPa during GS (Fig. 2D). There was on average 150 days of snow on the
ground (snow depth > 0 cm) during the NGS’s, with mean snow depth varying from
3.0 cm in NGS that started in autumn 2016 to 28 cm in NGS that started in 2020
(Fig. 2F).
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Figure 2. Time series of air temperature (A), precipitation (B), photosynthetically active radiation (C),
vapor pressure deficit (D), water table depth (E) and snow depth (F) in 2005-2021. Precipitation is
expressed as daily sums and is calculated from the hourly summed data. The other variables are
expressed as daily means and are calculated from hourly averaged data. Data for PAR in 2009-2015
was not used due to instrument malfunction. Snow depth measurements started at spring 2016.
Precipitation data shown in the figure is measured with ARG-100 tipping bucket rain gauge in 2006-
2016 and with OTT Pluvio2S weighing rain gauge in 2017-2021.
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4.2.2 Soil temperature

The soil was colder at the surface (2.4 °C at 5 cm) than at deeper layer (4.7 °C at 50
cm) during NGS, and warmer at the surface than at deeper layers during GS (12.9 -C
and 10.9 °C at 5 and 50 cm depth, respectively, Fig. 3). The annual mean soil
temperature was 6.5 °C and 77 °C at 5 and 50 cm depth, respectively. The coldest
surface temperature (-0.76 °C) was measured in January 2016 (Fig. 3). A similar peak

in soil temperature was not found in other years (Fig. 3).
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Figure 3. Time series of daily means of soil temperature at 5 cm depth (red line) and 50 cm depth
(brown line). Daily means are calculated from hourly averaged data. The measurement practices
changed in 2017, including the measurement depth. The figure of the time series of soil temperature
at 50 cm depth includes the temperature measured at 50 cm depth for 2005-2016 and temperature
measured at 45 cm depth for 2017-2021. The data for both measuring depths is from lawn microsite
for 2005-2016 and an average of five microsites for 2017-2021.

At the surface, soil temperature dropped below 0 °C in 15 years out of 16 (Fig. 4. For
the winter 2016 to 2017 there was no available data, year 2017 in the figure). At 20
cm depth, the soil temperature dropped below 0 °C across 7 years (Fig. 4). Based on
the available data, on average the soil stayed below o0 °C for 66 days at 5 cm depth and
17 days at 20 cm depth. However, there were long periods of missing data (Fig. 4). In
20035, it is likely that the soil temperature dropped below 0 C before the period of
available data, because the soil temperature was already below o C at 20 cm depth
during the first measurements (Fig. 4). Also, it is likely that the soil stayed longer
below 0 °C in 2010 and 2011, and through the period of missing data in the middle of
the winter 2008 (Fig. 4). Despite this bias that underestimates the duration of soil
temperature below 0 °C for the earlier years in the study period, there was a

decreasing trend in the duration of soil T below 0 °C at 5 cm depth (correlation -0.61).
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Figure 4. Days of daily mean soil temperature below 0-C at 5 cm (light blue) and 20 cm (dark blue)
depth. Year on the y axis refers to the year starting in January. Data availability of soil temperature is
marked as light grey.

4.3 CO2fluxes
4.3.1 Annual fluxes and balances

The annual carbon balance (the cumulative sum of the daily NEE for the period of
DoY 1-365 and DoY 1-366 in leap years) was -50.9 + 39.4 g C m 2, meaning that
during the whole study period, on average the fen acted as a net carbon sink. The
annual balances ranged from -105.4 g C m2in 2012 to 28.4 g C m2in 2016 (Fig. 5B).
In addition to the year 2016, the fen was a source of carbon in 2018, with annual
balance of 21 g C m-2 (Fig. 5B). In the whole study period across the 2005-2021
period, the daily NEE varied from -2.8 to 1.49 g C m2 (Fig. 5A), with the mean of
-0.13 £ 0.6 g C m2. Throughout the whole period the fen fixed 866 g C m-2in total.
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Figure 5. Time series of daily sums of gap-filled NEE for 2005-2021 (A) and the cumulative annual
sum (B) of NEE for DoY 1-365 and 1-366 for leap years. Daily sums are calculated from hourly
averaged data.

4.3.2 NGS CO2 fluxes

The mean cumulative carbon balance during NGS was 49.37 (£15.05) g C m=2. The
year 2012 had the lowest cumulative carbon balance over the NGS and 2016 the
highest, releasing 26 g C m2 and 84.4 g C m2, respectively (Fig. 6). On average, 57%
of the growing season’s carbon uptake (-99.75 + 30.58 g C m-2) was offset by the
previous emissions during the NGS. However, there was high variability between the
years (+ 33%). Both the duration of the NGS and the daily fluxes correlated equally
well with the cumulative sums (duration 0.73, mean daily values 0.77). The mean
daily CO. flux was 0.21 (+0.048) g C m2 and ranged from 0.14 in 2012 t0 0.33 g C m=2
in 2016 during NGS (Fig. 6).

It is important to note that there was an extensive data gap in the EC measurements
lasting from 22.9.2015 to 25.2.2016. The annual balance of 2016 was the highest in
the whole study period (Fig. 5B): to confirm that this result was not affected by a long
period of gap-filled data, I additionally calculated the annual balances by excluding
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the period of 1.1-25.2 (Appendix 1, Fig. A1). Since the year 2016 remained having the
highest annual balance out of all years, I find evidence to conclude that the period

with gap-filled data does not necessarily bias the results presented.
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Figure 6. Cumulative CO:2 balance during NGS, aggregated to the year of the end of the NGS (e.g
2006 NGS refers the NGS that starts in autumn 2005 and ends in spring 2006). Colouring indicates
the mean daily sum of NEE (unit: g C m2 d!) during each NGS.

4.4 Variable importance controlling NEE

The random forest analysis isolated PAR and soil temperature as the most important
variables driving NEE during GS, NGS and in the whole time period (annual, Fig. 7).
Specifically, PAR had its highest importance during GS as expected, with a relative
importance of 77% controlling NEE, whereas soil temperature was most important
during NGS with a relative importance of 40% (Fig. 7). However, PAR was equally
important during the NGS as soil temperature (Fig. 7). During the GS, soil
temperature had only slightly higher relative importance (11%) compared to the other
three variables (Fig. 7). At an annual scale, PAR had a relative importance of 61%

over NEE, while soil temperature had a relative importance of 26%.

The three other covariates’ (air temperature, VPD and WTD) relative importance
were consistently lower compared to PAR and soil temperature (Fig 7.). Air
temperature, VPD and WTD had their highest importance during NGS (Fig. 7). WTD
had the highest relative importance after PAR and soil temperature with an
importance of 10% during NGS (Fig. 7). The standard deviation was consistently low

for all variables and during all seasons (less than 1 unit of percentage).
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Including WTD as a covariate (Fig. 7 vs. Appendix 3, Fig. A3) resulted in a slight
decrease in the relative importance of air temperature and VPD during GS, while
increasing the importance of PAR, and slightly decreasing the importance of soil

temperature during NGS.
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Figure 7. Relative importance of PAR, air temperature (Tair), soil temperature measured at 5 cm
depth (Tsoil), vapor pressure deficit (VPD) and water table depth (WTD) to NEE in the whole time
period of 2005-2021 (annual) and in GS and NGS.

4.5 Coherence between mean annual cycle of soil temperature and NEE

Mean NEE and soil temperature at 5 cm depth were coherent at the time-scale of 4 to
16 hours from mid-November to the end of March, and had a positive correlation
between them (Fig. 8A). This means that the oscillations that happen on a 4 to 16
hour time-scale are correlating with each other. Soil temperature led NEE by 4 to 6
hours from June until September (Fig. 8), meaning that an increase in soil
temperature was followed by an increase in NEE with a lag of 4 to 6 hours. The lag is
the longest during peak of the growing season and then decreases towards November.
The time series of NEE and soil temperature were generally more coherent with soil
temperature measured at 5 cm depth (Fig. 8A) than at 50 cm depth (Fig. 8B). There
was also coherence between soil temperature and NEE at around 500-1024 h (i.e.,
monthly) scale with negative correlation (Fig. 8A and Fig. 8B). This indicates that

decreasing NEE is correlating with increasing soil temperature, as the soil
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temperature increases towards summer while simultaneously NEE decreases. There
was no significant relationship between the mean annual cycle of NEE and soil
temperature at either depth (5 or 50 cm) from mid-November to late March (Fig. 8A
and Fig. 8B). This result may suggest two different things. First, a lack of a coherence
between NEE and soil temperature during individual winters, which leads to
incoherent relationship between the mean values. Second, high interannual
variability in their measured values or in the lag between them during winter making
the mean hourly values aggregated by yearly unable to capture the coherence between

them.
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Figure 8. Wavelet coherence analysis between mean soil temperature measured at 5 cm (A) and 50
cm (B) depth and mean NEE from May 315 to next year's May 30" (Day of Year 150-149) for 2005-
2021. Color represents the coherence from 0-1 at 0.05 level of significance. The arrows represent the
phase status. Arrows pointing right indicate in-phase (positive correlation) and arrows pointing left
indicate anti-phase (negative correlation) relationship. Arrows pointing up indicate that the soil
temperature leads the NEE by a quarter cycle of the period. Arrows pointing down indicate that NEE
leads soil temperature by a quarter cycle of the period. Grey contour indicates the cone of influence.
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4.6 Respiration release in spring 2016

In April 2016 the ecosystem experienced a significant respiration release compared to
the same months from any of the other 16 years in the dataset (Fig. 9). Such large
carbon emission was large enough to shift the whole annual carbon balance from sink
to net source of carbon to the atmosphere (Fig. 5B). The balance remained the
highest during the whole time period even when calculated from the start of the true
measurements on February 26th (Appendix 1, Fig. A1). NEE started increasing above
average levels during the time of snow melt and peaked again when the surface layer

started thawing (Fig. 9.).
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Figure 9. NEE, snow depth and soil temperature in March-June 2016 and the mean value of NEE in
2005-2021, excluding the year 2016. The two y axis have a different scale: left y axis for snow depth
and soil temperature is multiplied by ten.

April and May cumulative emissions were large enough to offset the summer uptake
in the following GS by 38%. The daily emissions (positive NEE) in April 2016 were
nearly four-folded compared to the emissions in April on average, 0.53 and 0.133 g C
d* m=2, respectively (Fig. 10A). January 2016 had an extremely cold spell, resulting in
the second coldest air temperature measured in 2005-2021, -25.15 °C (Fig. 10B). The
air temperature dropped 30 °C in two weeks from late December to mid-January
(Fig. 10B). The cold spell lasted for nearly three weeks. At Hyytidla site located at 5
km from Siikaneva, there was no snowpack accumulated during the beginning of the
cold spell. The snow depth increased from 0 to 4 cm during the cold spell, which was
lower than the 2016-2021 average (16 cm). January was preceded by a warmer than

average autumn, and before the cold spell, the air temperature had stayed mostly
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above freezing temperatures. The soil temperature at the surface dropped during the
cold spell to the coldest measured in 2005-2021, and remained colder than average
until mid-April, and similarly thawed later than average (Fig. 10C). In contrast, the
soil was warmer than average at deeper (50cm) layers (Fig. 10D). The mean soil
temperature at 50 cm for January to March was 0.85 °C higher than the mean for all
Jan-March periods, 2.95 °C and 2.1 °C, respectively (Fig. 10D). However, wavelet
coherence analysis revealed no coherence between the soil temperature at 50 cm
depth and positive NEE during the time of respiration release or during the winter in

general (Appendix 4, Fig. A4).
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Figure 10. NEE (A), air temperature (B) and soil temperature at 5 cm depth (C) and 50 cm depth (D)
from June to June in 2015-2016 (black line) and the mean (coloured lines) for 2005-2021, excluding
the period from June to June in 2015-2016. Shading represents the standard error. Air temperature
data is measured in Hyytiala forestry site due to a gap of data in Siikaneva site in autumn 2015.
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5 Discussion

The aim of this thesis was to analyze how much the NGS carbon balances accounts for
the annual carbon balances, what is the relationship between soil temperature and
NEE across different seasons, and how were the conditions in 2016 before and during

the anomalous respiration release in spring.

5.1 Duration of NGS and contribution to the annual balance

The NGS accounted for 60% of the year in Siikaneva fen. On average, 222 days of the
year was part of the NGS (Fig. 1), which is a similar duration compared to a more
southern fen from Canada but at a climatically colder boreal zone (Cliche Trudeau et
al., 2014), and two months less than the NGS at a more northern fen in Finland
(Aurela et al., 2002). The CO. emissions during NGS offset (i.e., decrease) 57% of the
carbon uptake in the following GS, similar in magnitude as in other studies covering
boreal or arctic wetlands (Aurela et al., 2002; Wang et al., 2023; Lopez-Blanco et al.,
2018; Yao et al., 2022). The duration of NGS and average of daily fluxes during each
NGS correlated with an equal power (correlation coefficient of 0.73 and 0.77,
respectively) with the cumulative balances of NGS, suggesting that the interannual
variation in the cumulative balances is both a result of processes affecting the
duration of NGS (such as the onset of growing season) and the processes affecting the

fluxes during the NGS (such as processes affecting microbial activity).

The fen ecosystem acted as a sink of CO. (-50.9 + 39.4 g C m2) during most years,
with the exception of 2016 and 2018 (Fig. 5B). In 2016, the positive annual carbon
balance was caused by ecosystem processes during the NGS, specifically a respiration
event that lasted around 6 weeks and occurred during the winter-spring transition
period in Spring 2016 (Fig 9). Conversely, the positive carbon balance in 2018 was
due to conditions during the GS, when a drought period in the summer of 2018
resulted in a weakened carbon sink strength during GS and an early onset of NGS
(Rinne et al., 2020). The respiration release in 2016, despite being a shorter event
than the dry summer of 2018, was significant enough to shift the entire annual

balance to the positive CO. balance and to an even higher balance than that of 2018
(Fig. 5B).
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5.2 Controlling variables on NEE across seasons

A random forest analysis was used to study the controlling variables (air and soil
temperature, VPD, WTD, and PAR) on NEE between NGS, GS and a full-year cycle.
Soil temperature was an important variable controlling the NEE of CO., and it had its
highest importance during NGS (Fig. 7). This is not necessarily a novel result as such,
but confirms that during NGS, soil temperature is one of the main controlling
variables of the NGS fluxes. Moreover, due to its relatively high importance during
the NGS, soil temperature was also the second most important variable on an annual
scale (Fig. 7). This highlights the importance of NGS dynamics at a year-round scale
with respect to carbon cycling dynamics. Soil temperature had higher importance
than air temperature even during GS (Fig. 7), despite day-time air temperature being
an important factor affecting photosynthesis at typical summer air temperatures in
Siikaneva (Chapin et al. 2011, p. 147). The higher relative importance of soil
temperature during the GS over air temperature could be explained by night-time
respiration, since night-time fluxes are dominated by heterotrophic respiration. Part
of the relative importance of soil temperature during GS could also be related to it
cross-correlating with WTD. In fact, excluding WTD in the random forest analysis
increased soil temperatures importance during NGS (Appendix 3, Figure A3.). This
suggests that changes in WTD as driving force could be captured at some level by

changes in soil temperature at 5 cm.

PAR was the most important driver across all seasons (Fig. 7), a result in line with
previous studies (Lindroth et al., 2007; Lopez-Blanco et al. 2017; Wei et al., 2022).
The relatively high importance during NGS is likely explained by the definition used
for seasons. Since the year was divided into only two seasons based on the sink
activity, NGS can include some periods of the shoulder seasons when plants are still
photosynthetically active, and thus driven by changes in PAR. Additionally, using
hourly aggregated data emphasizes variables to which plants respond on a short time-

scale, such as PAR (Lopez-Blanco et al., 2017).

Many studies stress the crucial role that WTD has in wetland ecosystems on
controlling NEE at various scales (e.g. Strachan et al., 2016; Peichl et al., 2014;
Helfter et al., 2015). In this study, WTD was the third most important variable, and
had lower importance than soil temperature during GS (Fig. 7). Similarly, Bubier et

al. (1998) found that soil temperature at 5 cm explained ecosystem respiration the
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best and including water table depth to the analysis increased the explanatory power

of the analysis only slightly.

Generally, these results confirm the importance of PAR and soil temperature
controlling hourly aggregated NEE. These variables are typically used in partitioning
NEE into GPP and Reco (e.g Kulmala et al., 2019). However, in Siikaneva wetland,
NEE is partitioned with using air temperature in the respiration function.
Interestingly this result highlights the potential uncertainties that using air
temperature could introduce to the calculation of Reco gross fluxes, since air

temperature showed a consistently lower importance compared to soil temperature.

5.3 Degree of coherence between the mean annual cycle of soil temperature
and NEE

Wavelet coherence analysis was used to study if the average annual cycle of NEE and
soil temperature were coherent and whether there was a systematic lag between
them. Despite soil temperature being a weaker driver for NEE during GS than NGS
(Fig. 7), the wavelet analysis suggests a significant pattern of positive correlation
between soil temperature (at 5 cm depth) and NEE in their mean annual cycle only
during April to mid-November (Fig. 8A), therefore suggesting no coherence during
most of the NGS.

During April to mid-November, NEE and soil temperature at 5 cm were positively
correlated (Fig 8A). Additionally, the coherence analysis suggests a consistent lag
with soil temperature leading NEE for most of the summer (Fig 8A). This coherent
relationship indicates that the oscillations at a timescale of 4-16 hours (i.e., at a
diurnal cycle) were consistent and coherent enough between the different years for
the mean values to capture it. Positive correlation means that increasing soil
temperature was associated to an increase in NEE, meaning that increasing soil
temperature likely promoted respiration. Additionally, the lag was consistent enough
to be captured by the mean values, suggesting that it is a consistent feature in their
relationship. Similar results of a coherence between surface soil temperature and
NEE during summer where soil temperature leads NEE has been found at wetland

site in Tibetan plateau by Yao et al (2022).

Soil temperature at 50 cm depth was significantly less coherent with NEE compared

to the surface temperature (Fig. 8B). Similarly, Bubier et al., (1998) found that
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ecosystem respiration was better explained by temperature at a 5 cm depth than by
warming at deeper soil layers. However, since during winter the surface of the soil is
colder than the deeper soil layers (Fig. 3), the heterotrophic respiration could take
place at those deeper layers rather than at the surface (Aurela et al., 2002). Despite
that, there was no coherence between NEE and soil temperature at 50 cm depth

during winter (Fig. 8B)

The period with no coherence between the NEE and soil temperature at 5 cm depth
lasted from mid-November to end of March. The timing of the incoherent
relationship takes mostly place during NGS, since on average NGS lasted from
September 17th to April 29th (Fig. 1). This lack of coherence between the mean annual
cycles does not mean that there would not be a significant relationship during
individual years. For instance, the data was aggregated by combining all years
together to create a mean hourly value for each hour of each day of the year (DoY 1-
365). The mean values of NEE and soil temperature represent the general fluctuation
(e.g. on a diurnal and annual scale) in both time series and thus they capture only
reoccurring trends. In fact, the period with incoherent relationship coincides with the
period when the NEE has no clear diurnal pattern, since according to Rinne et al.
(2018), at Siikaneva fen the CO. fluxes have a clear diurnal cycle from to mid-April to
mid-October. This could suggest that the daily cycle is the only feature that is
temporally consistent enough to be picked up by the data aggregation used. Processes
during NGS that would affect soil temperature and potentially NEE (like e.g snow
melt) are maybe not temporally consistent enough to be clearly reflected in the mean
annual cycles. Different data aggregation (e.g using daily mean values instead of
hourly values or using the full time series instead of mean values) could reveal more

efficiently the level of coherence during individual years.

Even though soil temperature was not found to be a strong driver during GS periods
(with a relative importance of 11%, see Fig. 7), the wavelet coherence analysis
suggests that the coherence between them is consistent (Fig. 8A). In fact, the
consistent lag between these two variables could suggest that the random forest
analysis underestimates the relative importance of the soil temperature since it does
not consider the lag when assessing the importance. Therefore, the two methods are

complementary to each other since random forest analysis assesses the hierarchy
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between the covariates and wavelet analysis expands the analysis to a wider temporal

scale.

5.4 The respiration release in Spring 2016 was likely enhanced by the
conditions in the previous winter

An anomalously high emissions of CO. were measured in April and May in 2016 (Fig.
9), large enough to turn the whole year’s carbon balance to positive (Fig. 5B). This
period with anomalous respiration offset 38% of the carbon uptake of the following
GS. This finding is consistent in magnitude with previously studied spring-time
pulses of CO- (e.g Raz-Yaseef et al., 2017; Sullivan et al., 2012; Arndt et al., 2020;
Wang et al., 2023). However, the duration of the respiration event is longer than the
ones observed at other sites, and NEE data shows more of a gradual increase rather

than a pulse-like behavior (Fig 9).

It is worth pointing that across the winter period in 2016 there was a change in
instrumentation that caused a long gap in the measurements. The measurements
started again on the 26t of February, and there were approximately six weeks of
measurements before the observed CO. pulse. The data went through regular quality
screening processes before and during the pulse with no signs of instrument
malfunction (Pasi Kolari, personal communication). The annual balance remained
anomalously high even when calculated from the start of the true measurements in

February (Appendix 1, Fig. A1).

Spring-time CO. pulses can result from wintertime emissions that have accumulated
in the soil or snow and have been retained there due to snowpack or ice acting as a lid
on top of the soil surface (Sullivan et al., 2012). During snowmelt and soil thawing
periods, these emissions can burst from the soil into the atmosphere, causing a pulse
increasing emissions (Raz-Yaseef et al., 2017; Arndt et al., 2020). At Siikaneva fen,
the soil was anomalously warm at a depth of 50 cm, which could have promoted
higher-than-average respiration throughout the winter (Fig 10D). However, wavelet
coherence analysis did not reveal a significant relationship between the soil
temperature at 50 cm depth and the respiration release in April 2016 (Appendix 4,
Fig A4). This result could be due to the different periodicity of temperature
fluctuations in the soil and the respiration event in the spring. Although the wavelet
analysis identifies relationships between the two time series and can quantify the

temporal lag between them, the coherence is analyzed at the same timescale. Thus, it
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would not likely pick up a significant relationship with soil temperature and a
sudden, pulse-like increase in NEE, if the soil temperature does not have a similar
pulse-like fluctuation of similar duration. An ice cap could have contributed to the
accumulation of CO. in the soil (Martz et al., 2016; Morgner et al., 2010).
Unfortunately, there were no direct measurements or observations to confirm the
presence of a layer of ice on top of the soil, but the conditions were favourable for it.
Since before the cold spell the air temperature stayed mostly above o -C (Fig. 10B) it
is likely that a large portion of the precipitation came down as water, allowing the
cold spell in January to create an ice lid on top of the wet soil since there was no snow

to insulate the surface from the cold air.

An undetermined part of the respiration observed in April during snowmelt and soil
thawing periods could be derived from wintertime respiration retained in the soil.
However, there are also other ecosystem processes that could have boosted the
respiration during soil thawing periods. For example, soil freeze-up could have
created mechanical disturbance and break down biomass in the soil, which could
promote faster decomposition in the following spring (Brooks et al., 2005; Byun et
al., 2021.). Freezing and thawing can lyse the winter microbial populations, which
releases easily degradable carbon and nutrients to the surviving community, boosting
respiration post thaw (Brooks et al., 2005). The year 2016 was preceded by 3 years
when the soil temperature stayed below 0 °C for a relatively short periods (Fig. 4),
potentially stressing the impact of what the record-cold soil surface might have had to
the microbial communities. The melting snow can additionally promote respiration,
when the oxygen-rich snowmelt water brings oxygen to the deeper layers of soil
(Arndt et al., 2020), which, together with increasing soil temperature and available

carbon and nutrient creates a favourable environment for microbial activity.

The spring-time pulses of CO. are an unknown part of the boreal and arctic carbon

budget, but as growing evidence shows, they can significantly alter the sink capacity
of these ecosystems. Therefore, it is crucial to understand the potential mechanisms
behind them to reliably assess the future climate forcing’s impact to the carbon sink

strength of arctic and boreal wetlands.
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6 Conclusions

Full-year NEE of CO. and particularly wintertime fluxes are less studied compared to
carbon cycling dynamics during summer and growing seasons (GS). In this study, I
analyzed the non-growing season (NGS) fluxes of a boreal wetland in Siikaneva. NGS
CO. balance was a significant component of the annual carbon balance in this fen
system, offsetting nearly 60% of the following GS’s carbon sink. Full-year
observations are therefore crucial for reliable estimations on the sink potential of
northern ecosystems. CO. exchange during NGS was driven by PAR and soil
temperature. The relatively high percentage of importance of PAR was likely due to
the presence of some parts of the shoulder seasons in the NGS. This further
highlights the importance of studying these transition periods between summer and
winter in more detail. The mean annual cycles of NEE and soil temperature were not
coherent during the winter months, likely due to the lack of a clear diurnal cycle in
NEE and thus high interannual variability in their values. This stresses the
importance of studying the coherence during and across individual years. Since soil
temperature was a key driver during NGS, it is crucial to understand what drives its
variability, such as the timing, thickness, and duration of snow cover. Additionally,
the winter-spring transition periods can contribute greatly to the annual balance
through periods of high of respiration, as observed in Siikaneva in Spring 2016
during snowmelt and soil thaw periods. A six-week period in April and May shifted
the whole annual carbon balance of 2016 to a net source of CO., leading to the highest
positive carbon balance during the whole study period. A cold spell during January
preceding a warm autumn created a drastic temperature profile in the soil column
with the coldest temperatures in the whole study period measured at the surface,
while the deeper layers stayed warmer than average throughout the winter. This
thesis shows evidence that the variability of soil temperature can influence or trigger
respiration pulses such as the one documented 2016. Continuous year-round
measurements are thus needed to identify such possible non-trivial carry-over effect

acCross seasons.
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Appendix
Appendix 1 Cumulative annual CO2 balance excluding DoY 0-50
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Figure Al. Cumulative sums of gap-filled NEE for starting from DoY 57 (A) and starting from DoY 1
(B). Daily sums are calculated from hourly averaged data.

Appendix 2 Gap-filled soil temperature at 50 depth depth in 2016
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Figure A2. Soil temperature at 50 cm depth in 2016 in Siikaneva (black line) and Hyytidla site (grey
line), the modelled soil temperature for Siikaneva site by using two models (green and blue line), and
the final gap-filled soil temperature (pink line) The green line shows the modelled soil temperature
when using a linear regression model that is trained with soil temperature data from Hyytiala and
Siikaneva from DoY 138-188. The blue line shows a modelled soil temperature of a similar model but
that is trained with data from DoY 250-300. The final gap-filled values are obtained from using a

transition function that changes incrementally from using the function obtained from the model before
the gap to the function obtained from the model after the gap.
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Appendix 3 Random forest analysis excluding WTD
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Figure A3. Relative importance of PAR, air temperature (Tair), soil temperature measured at 5 cm
depth (Tsoil) and VPD to NEE in the whole time period of 2005-2021 (annual) and in GS and NGS.



Appendix 4 Coherence between soil temperature at 50 cm depth and NEE in

2016
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Figure A4: Wavelet coherence analysis between soil temperature measured at 50 cm depth and NEE
from Jan 15t to Oct 27" (Day of Year 1-300) in 2016 (A) and mean values for whole time period 2005-
2021 excluding 2016 (B). Colour represents the coherence from 0-1 at 0.05 level of significance. The

arrows represent the phase status. Arrows pointing right indicate in-phase (positive correlation) and

arrows pointing left indicate anti-phase (negative correlation) relationship. Arrows pointing up indicate
that the soil temperature leads the NEE by a quarter cycle of the period. Arrows pointing down indicate

that NEE leads soil temperature by a quarter cycle of the period. Grey contour indicates the cone of

influence.
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