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GENERAL INTRODUCTION

Permafrost soils

Importance of permafrost in times of global warming

The year 2023 was the warmest year on record with global mean temperature reaching
1.48 °C above pre-industrial baseline average (1850-1900) (Copernicus Climate Change
Service, 2024). Global warming is on track to exceed 1.5 °C within this decade and 2 °C
before 2050 (Hansen et al., 2022), threatening ecosystem stability and biodiversity, water and
food security, and infrastructure and human health, among other things (Lee et al., 2023).
Polar regions warm even faster than the global average, a phenomenon called
Polar Amplification, caused by sea-ice loss, lower surface albedo, increased water vapor and
cloud formation, changes in atmospheric and oceanic heat transport, Planck feedback
(radiative response) and lapse-rate feedback (effect of vertical atmospheric temperature
profile) (Pithan and Mauritsen, 2014; Goosse et al., 2018). Arctic Amplification was considered
to be two to three times greater than the average worldwide temperature increase (Overland
et al., 2019; Richter-Menge and Druckenmiller, 2020; Arctic Monitoring and Assessment
Programme, 2021). However, a recent study found that the Arctic actually warms four times
faster compared to the global average and that climate models generally underestimated

Arctic Amplification (Rantanen et al., 2022).

Higher air temperatures cause permafrost to thaw. Permafrost is defined as ground remaining
below the freezing point for more than two consecutive years, and is mostly frozen since
glaciation in the Pleistocene (thus at least 11,000 yr old) (Muller, 1945). Globally permafrost
temperature has increased by 0.29 °C from 2007 to 2016 (Biskaborn et al., 2019). Since 1850
Arctic permafrost has lost about 12 % of area; the continuous permafrost zone even got
smaller by 20 %. On average 136 000 km? of permafrost area was lost per decade since
the 1950s (Langer et al., 2022). According to the latest IPCC report, up to 99 % of permafrost
area could be lost by 2100, following the high-emissions scenario (RCP8.5). Even if global
warming stays below 2 °C (RCP2.6) a loss of 66 % is to be expected (Meredith et al., 2019).

Arctic lowlands are particularly prone to thawing because of their high ground ice content
(Jorgenson and Osterkamp, 2005). Thawing of ice-rich permafrost leads to ground
destabilization and subsidence, patterned ground, and thermokarst development, associated
with changes in hydrology and biogeochemistry (Olefeldt et al., 2016; Nitzbon et al., 2021).
For thousands of years permafrost has acted as a carbon sink as carbon-rich organic matter
from decaying plants was preserved in a frozen state and thereby protected from microbial
decomposition. With warming and thawing, microbes are now able to take up and decompose
this old organic carbon, ultimately releasing part of it in the form of CO2 or CH4, thereby turning

permafrost to a potential greenhouse gas source (Tornocai et al., 2009; Koven et al., 2011;



MacDougall et al., 2012; Schuur et al., 2015; Natali et al., 2021). According to the IPCC Sixth
Assessment Report this permafrost carbon climate feedback will release additional 18 Pg CO2-C
and 2.8 Pg CH4-C per degree of global warming until 2100 (Canadell et al., 2021).

Carbon losses from permafrost are not necessarily gradual and could intensify after initial lag
time. Terrestrial permafrost is predicted to reach an irreversible tipping point at 5 °C of global
warming, but cascading effects of other global tipping elements (e.g., ice sheet melt, changes
in ocean circulation) could lead permafrost to tip at even lower temperatures (2 °C) (Steffen
et al., 2018). According to the Global Tipping Point Report 2023 (Lenton et al., 2023),
permafrost is already at risk of crossing an irreversible tipping point at the current level of
global warming. Apart from this global impact, permafrost thaw also directly threatens four
million people living in the Arctic. Communities and industries likely need to relocate because
of permafrost thaw and thermokarst development, which will cause flooding, ground erosion,
subsidence and ground collapse. Moreover, indigenous people will be affected by food and
water insecurity and health related risks, due to loss of traditional hunting and transportation
routes, and contamination of drinking water by changes in hydrology and mercury input from
thawed permafrost (Meredith et al., 2019; Ramage et al., 2021).

Permafrost definition and distribution

Permafrost is defined as permanently (perennially) frozen soil, bedrock or deposit whose
temperature stays below freezing point for more than two consecutive years. The majority of
permafrost is thousands of years old, stemming from glaciations in the Pleistocene (2.58 Myr
to 11,000 yr) (Muller, 1945), and has persisted through interglacials. The oldest intact
permafrost that was found so far dated to 650 000 to 700 000 years (Froese et al., 2008;
Murton et al., 2022). Permafrost can be found in the Arctic (Alaska, Canada, Russia, Svalbard,
Iceland, Greenland), the Antarctic, and in high mountainous regions (Scandinavian Mountains,
European Alps, Pyrenees, Carpathians, Tatra Mountains, Balkan Mountains, Taurus Mountains,
Pontus Mountains, Caucasus Mountains, Elburz Mountain Range, Daisetsuzan Mountains and
Mt. Fuji, Himalaya, Tibetan Plateau, Altai Mountains, Tien Shan, Rocky Mountains, Andes,
New Zealand Alps, and East African Plateau) (Obu et al.,, 2019; Dobinski et al., 2023).
Additionally, subsea permafrost can be found in polar continental shelfs (Kara Sea, Laptev Sea,
Chukchi Sea, Bering Sea, Beaufort Sea, and circum-Antarctic), which developed when sea
levels were lower (Osterkamp, 2001; Overduin et al., 2019). Furthermore, Yedoma deposits
can be found in Siberia, Alaska and Northwestern Canada. This Pleistocene-age permafrost is
characterized by syngenetic ice wedges and well-preserved organic matter accumulation of up
to 50 m thickness, that formed through water-related and aeolian processes in a very cold
climate (Strauss et al., 2017).

Four zones are commonly differentiated from high to low latitude (or altitude) depending on

percentage of land area underlain by permafrost: continuous permafrost (90 - 100 % of the



surface frozen), discontinuous permafrost (50 - 90 %), sporadic permafrost (10 - 50 %), and
isolated patches (0 - 10 %) (Muller, 1945; Ferrians, 1965; Brown et al., 1997; Obu et al.,
2019) (Fig. 1). All zones together encompass roughly 21 million km? of frozen ground
worldwide, although not the entire area is underlain by permafrost. Global permafrost area
makes up approximately 17 million km? (including 2.5 million km? circum-Arctic subsea
permafrost). Accordingly, 11 % of global land surface area and 15 % of the Northern

Hemisphere are underlain by permafrost (Obu, 2021).
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Fig. 1: Permafrost region and zonation in the Northern Hemisphere. Data modelled based on
permafrost probability calculated as the fraction of model runs with mean annual ground temperature
below 0 °C. Coverage (%) corresponds to 1 km?2 pixel underlain by permafrost. Figure from Obu et
al., 2019 CC BY 4.0.

Carbon storage in permafrost

Over millennia, limited decomposition of plant litter due to low temperatures and poor
drainage, as well as repeated alluvial and aeolian deposits have caused the buildup of huge
organic carbon stocks within permafrost soils (Davidson and Janssens, 2006; Hugelius et al.,
2014). The northern circumpolar permafrost region stores approximately 1,300 (£200) Pg
organic carbon. Thereof, 217 (£12) Pg carbon are contained in the first 30 cm depth of soil.
472 (£27) Pg are found up to the first meter and 1,035 (£150) Pg are preserved up to three
meters depth. Beneath three meters depth deltaic deposits, Yedoma deposits, and perennially

frozen thermokarst basin deposits are estimated to store 91 (£52), 74 (£20), and



107 (£50) Pg carbon, respectively. 63 % of the total permafrost carbon stocks (822 Pg) are
perennially frozen and 37 % (485 Pg) thaw seasonally in the active layer or deeper taliks
(Hugelius et al., 2014). A previous study had estimated larger carbon stocks of 1,672 Pg for
the total northern permafrost region, with 88 % (1,466 Pg) being perennially frozen, and
predicted 407 Pg for Yedoma deposits and 241 Pg for deltaic deposits (Tornocai et al., 2009).
New estimates propose even up to 466 Pg carbon for the total Yedoma domain (Strauss et al.,
2017). The IPCC (Meredith et al., 2019) states the current best estimate for terrestrial
permafrost soil organic carbon stocks in the northern circumpolar region is 1,460 - 1,600 Pg C
(Schuur et al., 2018). However, this does not include carbon storage in subsea or mountain
permafrost. Subsea permafrost is estimated to contain approximately 560 Pg carbon in organic
matter and additional 45 Pg CH4 deposits (Sayedi et al., 2020). A recent modelling study
predicted even 2,822 Pg of subsea permafrost carbon (Miesner et al., 2023). The global
mountain permafrost region was estimated to hold 66.3 Pg organic carbon (Bockheim and
Munroe, 2014). Though another study found that the Tibetan permafrost region alone holds
36.6 Pg carbon and states that ecosystem models had so far underestimated alpine permafrost
soil organic carbon stocks (Ding et al., 2019). Nonetheless, circumarctic permafrost soils alone
store more soil organic carbon than the atmosphere and about the same amount as tropical
soils. When comparing to the sum of soil organic carbon within the first three meters of soil

depth, permafrost alone makes up a third of global soil carbon storage (Fig. 2).
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Fig. 2: Comparison of global carbon stocks (Pg C). Carbon stored in the atmosphere (Ciais et
al., 2013) and in global vegetation biomass (Erb et al., 2018). Non-permafrost soil carbon stocks of
0 to 3 m depth: cropland soils, desert and sclerophyllous shrubland soils, temperate soils (grassland,
deciduous & evergreen forests) and tropical soils (grasslands/savannah, deciduous & evergreen
forests) based on Jobbagy and Jackson, 2000. Circumarctic permafrost soil carbon stocks for 0 to 3 m
and with deep deposits (deltaic, thermokarst basins, Yedoma) below 3 m (Hugelius et al., 2014).
Here, global soil carbon storage is the sum of non-permafrost and permafrost soil carbon of 0 to 3 m
depth.
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Permafrost soil profile and cryoturbation

According to the World Soil Reference Base, permafrost- or frost-affected soils are classified
as Cryosols. Other common names are Gelisols (USDA Soil Taxonomy) or Cryozems (Russian
Soil Classification). They are characterized by a permanently frozen sublayer (permafrost) in
the first meter, ice and irregular dynamic horizons. The parent material can be very diverse,
including glacial till, aeolian, and alluvial and colluvial deposits (IUSS Working Group WRB,
2014). A major soil-forming process is the increase in soil volume upon freezing. Cryogenic
processes also cause thermal cracking, ice segregation, frost heave, cryoturbation and
patterned ground (Soil Survey Staff, 1999; IUSS Working Group WRB, 2014). The USDA Saoil
Taxonomy distinguishes three subtypes: Histels, Turbels, and Orthels. Histels are hydric soils
characterized by organic carbon accumulation of greater than 30 %, water saturation and
anaerobic conditions. Cryoturbation and distorted horizons are the main features of Turbels.
They can also be saturated with water, accumulate organic matter on top of the permafrost
and contain ice wedges. Turbels make up about half of global Gelisols. Orthels show no
cryoturbation, ice wedges or organic matter accumulation and are generally drier than Turbels
and Histels (Soil Survey Staff, 1999).

Permafrost soil is primarily divided into two layers: the upper active layer and the underlying
perennially frozen permafrost (denoted Cf with ice or Cff if dry). The active layer consists of an
organic horizon (O) and a cambic mineral soil (denoted Bw if weathering is present or Bg with
gleying due to poor drainage). Occasionally one can find a humus-rich surface mineral soil (A)
(Ping et al., 2015). Additionally, there is cryoturbated material of organic (Qjj) or surface
mineral origin (Ajj) within the active layer, that was transported from the surface to deeper
layers. The active layer is highly dynamic and thaws seasonally. Thaw depth varies regionally
and annually from 15 cm to over 5 m. Active layer thickness is influenced by air temperature,
slope orientation, soil type, snow cover, drainage and vegetation. The contact zone between
permafrost and active layer is termed transient layer and results from fluctuations of the
permafrost table (the top of the permafrost layer) between years. On a decadal to century
scale an ice-rich intermediate layer can form from suspended previous surface organic layers
due to permafrost aggradation. The transient and intermediate layer together build the
uppermost part of the permafrost layer. Underneath, permafrost has remained frozen for

centuries or millennia (French and Shur, 2010; Ping et al., 2015) (Fig. 3).

Cryoturbation is a central soil-forming process of permafrost-affected soils and refers to all
vertical and lateral material displacements caused by ice segregation, thermal cracking,
surface collapse and other frost-related processes. If freezing occurs at the same time

downward from the surface and upward from the permafrost table, the layer between is
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active laver

transient layer

permafrost

Fig. 3: Schematic of a permafrost soil profile. The division into active layer, transient layer and
passive permafrost is shown on the left. The depicted permafrost (Cf) has an ice wedge and an
intermediate layer. The active layer consists of organic (O), surface mineral (A) and mineral (B) soils.
Cryoturbated matter of organic (Ojj) and surface mineral origin (Ajj) are also represented.
© Cornelia Rottensteiner

subjected to high, uneven pressure conditions and gets distorted. Moreover, heave and
subsidence cause downward and outward movement in the active layer, but upward and
inward movement above the permafrost table, leading to a circulation of matter. The process
is favored by silty parent material, frequent freeze-thaw cycles, and poor drainage.
Cryoturbation causes irregular and broken horizons, bands, involutions, deformed and
displaced soil material and organic matter accumulation on top of the permafrost table. This
mixing of partially decomposed organic materials from the surface into the subsoil is one of
the main reasons for high organic carbon content in permafrost soils (Bockheim and Tarnocai,
1998; Ping et al., 2015). Decomposition is delayed in cryoturbated organic matter, compared
to the soil surface, because of unfavorable conditions, such as extended winter freeze, lower
summer temperatures and higher soil moisture content. Microbial carbon and nitrogen
mineralization rates were found to be considerably reduced (Kaiser et al., 2007) and a
functional decoupling of organic matter and microbial community composition could explain
persistence of cryoturbated carbon (Schnecker et al., 2014). Moreover, cryoturbation changes
microbial community structure (Gittel et al., 2014a), decreases fungal abundance, leading to
reduced protein breakdown capacity (Wild et al., 2013), and selects for Actinobacteria (Gittel
et al., 2014b) and oligotrophic bacterial taxa that degrade recalcitrant organic matter
(Varsadiya et al., 2021). With soil warming and deepening of the active layer cryoturbated

organic matter, which is relatively fresh with a large particulate fraction, could become a highly
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bioavailable fast-decomposing substrate for microorganisms (Mueller et al., 2015; Beer et al.,
2022).

Ground ice, thermokarst and polygonal landscapes

Frozen ground typically contains ice in form of dispersed ground ice crystals, and ice veins,
lenses or wedges, which are particularly common in lowlands and valleys due to runoff (Muller,
1945). The thawing of ice-rich permafrost and melting of ground ice leads to collapse of the
land surface and characteristic landforms subsumed under the term thermokarst (permafrost
degradation). Studies have so far identified 22 thermokarst landforms, for example active layer
detachment slides, retrogressive thaw slumps, thermal erosion gullies, thermokarst lakes,
bogs, fens, troughs and pits (Kokelj and Jorgenson, 2013). Water-filled pits and troughs are
caused by the degradation of ice wedges (Kokelj and Jorgenson, 2013; Nitzbon et al., 2019).
Ice wedges form with annual freeze-thaw cycles (French and Shur, 2010) and can account for
10 to 50 % of ground volume (Kanevskiy et al., 2013; Jorgenson et al., 2015, 2022). In brief,
extremely low temperatures during winter cause soil to shrink irregularly, inducing stress that
exceeds the soils strength to resist deformation, thus causing thermal contraction cracks in
the ground. Each year these cracks fill with water in summer and refreeze in winter, which
increases pressure and causes even more cracks. Over time, repeated freezing and thawing
let small ice veins (less than 0.01 x 1 m) grow into large ice wedges (up to 4 x 50 m) (French
and Shur, 2010). Vertical and lateral material displacement cause elevated rims above ice
wedges and lowered ground between them, leading to patterned ground surfaces, often in the
form of hexagonal polygons (Krantz, 1990; Fritz et al., 2016). These initial stage polygons with
intact ice wedges and depressed, often water-logged, centers are termed low-center polygons
(Fritz et al., 2016; Liljedahl et al., 2016). Melting of ice wedges, typically induced by active
layer deepening and flooding during unusually warm and wet summers (Kanevskiy et al.,
2017), leads to a transition in the surface microtopography. During initial ice wedge
degradation, ground above ice wedges subsides and meltwater accumulates above the ice
wedges forming isolated troughs or channels. At the same time polygon centers get
increasingly drained. These flat-center polygons represent an intermediate stage of polygon
succession. Continued ice wedge melting causes more meltwater, deeper troughs and a
connected trough-network that leads to further drainage. In a late successional stage, the rims
above melted ice wedges degrade leading to a topographic inversion of the ground to an
elevated center. These landscape features with raised centers are called high-center polygons
(Fritz et al., 2016; Liljedahl et al., 2016; Wolter et al., 2018) (Fig. 4). In contrast to this
successional evolution of ice wedge polygons, there also exist cyclic frameworks that suggest
a dynamic development with stabilization mechanisms and reversibility. In this understanding,
topographic, hydrological and vegetational feedbacks can interrupt or reinforce degradation of

polygon development (Jorgenson et al., 2015; Kanevskiy et al., 2017; Nitzbon et al., 2019,
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2021). For instance, plant growth can reduce radiation and heat transfer and thereby stabilize
the surface (Jorgenson et al., 2015) and accumulation of organic matter can form an ice-rich
intermediate layer that protects ice wedges from further thaw (Kanevskiy et al., 2017). In fact,
Kanevskiy et al. (2017) proposed that most ice wedges in the continuous permafrost zone
eventually stabilize or even regrow and complete melt is rare. However, ice wedges are highly
vulnerable to warming and climate change has already accelerated the rate and magnitude of
their degradation (Jorgenson et al., 2006; Kokelj and Jorgenson, 2013; Wolter et al., 2018).
Stronger weather extremes, such as intense summer heat and increased winter precipitation,
could enhance ice wedge degradation even more (Liljedahl et al., 2016). Even small increases
in active layer depth in hot summers are enough to cause ground subsidence of up to 90 cm
(Farquharson et al., 2019). From 1950 to 2018 the area of ice wedge degradation increased
almost tenfold from 2 % to 19 %. Degradation has also been associated with changes in
trough width, water depth, thermal regime, and soil pH (Jorgenson et al., 2022).
Transformation from low-center to flat-center and high-center polygons causes shifts in plant
community composition (Wolter et al., 2016; Jorgenson et al., 2022) and microbial community
composition and was found to change metabolic pathways and greenhouse gas fluxes (Tas et
al., 2018).

low-center polygon flat-center polygon high-center polygon

deep

trough trough

Fig. 4: Schematic of ice wedge degradation and polygon types. Increasing ice wedge
degradation from left to right: Low-center polygons with intact ice wedges, outer rims and subsided
centers, that are commonly water-filled. Flat-center polygons with slightly degraded ice wedges and
outer troughs. High-center polygons with largely degraded ice wedges, deep connected and drained
troughs and raised dry centers. © Cornelia Rottensteiner
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Soil microbial carbon cycling

Microbial decomposition

Heterotrophic microbes are an essential part of the global carbon cycle. Without them, carbon
would be drawn from the atmosphere and pile up on Earth’s surface through photosynthetic
fixation by plants and autotrophic microbes. Decomposition by heterotrophic microbes, and
consequently the respiration of carbon to the atmosphere, is therefore crucial to keep the
organic carbon cycle running (Crowther et al., 2019). However, microbes can also function as
carbon stabilizers, if more carbon is invested into biomass growth than is lost via respiration,
because microbial necromass can persist as soil organic matter (Liang et al., 2017; Sokol et
al., 2022; Tao et al., 2023). With anthropogenic perturbations of the global carbon cycle
through fossil fuel combustion and subsequent rising atmospheric carbon concentrations this

microbial function to store carbon in the soil becomes increasingly important.

Heterotrophic microbes require carbon to grow and generate energy. Assimilated carbon is
respired as CO: (at aerobic conditions) or CH4 (at anaerobic conditions) to produce ATP or is
invested into growth (i.e., cell size or cell division), and enzyme and metabolite production
(Manzoni et al., 2012; Soong et al., 2020). In soil, carbon derives primarily from plant inputs
via rhizodeposition (i.e., plant exudates) or above- and belowground litter (Gougoulias et al.,
2014). Moreover, microbial necromass and remains make up a significant proportion of soil
organic matter (Miltner et al., 2012; Liang et al., 2017). While microbes can directly take up
small molecules like sugars, amino acids and organic acids, large polymers like cellulose, chitin,
and proteins need to be depolymerized outside the cell (Gougoulias et al., 2014). To do this,
microbes produce different extracellular enzymes, which hydrolyze or oxidize large organic
compounds into their individual components. Multiple enzymes from a diverse microbial
community are needed to efficiently decompose soil organic matter (Wallenstein and
Weintraub, 2008) (Fig. 5).

Soil organic matter

Soil organic matter (SOM) is a “complex mixture of plant and microbial residues at various
stages of decay” (Miltner et al., 2012). Plant litter contributes to the formation of soil organic
matter from decaying plants and root turnover. Litter is either physically fragmented into
smaller particles that form particulate organic matter (POM) (Cotrufo et al., 2015), or shredded
into smaller particles by soil meso- and macrofauna and distributed through the soil profile.
Soil invertebrates also transform litter chemically through ingestion, egestion and excretion
(Frouz, 2018). This conversion of detritus to fecal pellets by detritivores was found to
accelerate decomposition via increased lability and leaching (Joly et al., 2020). Soluble carbon
compounds, i.e., dissolved organic matter (DOM), are leached and transported into the soil by

water flow and can, if they are not instantly assimilated, attach to mineral surfaces and form
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Fig. 5: Schematic of microbial decomposition. Soil organic matter derives from plant litter and
root exudates. Microbes produce extracellular enzymes that degrade soil organic matter into smaller
molecules, which can be taken up. Assimilated carbon is allocated to growth, enzyme production and
respiration. When microbes die their necromass and remains contribute to soil organic matter
formation. © Cornelia Rottensteiner

mineral associated organic matter (MAOM) (Cotrufo et al., 2015). Additionally, plant roots
exude carbon-rich compounds (e.g., sugars, amino acids, organic acids) into the soil. These
labile carbon inputs have been shown to stimulate overall decomposition of solid SOM and
increase respiration rates, a process termed rhizosphere priming (Jones et al., 2009; Canarini
et al., 2019; Keuper et al., 2020). Furthermore, microbes transform plant-derived carbon into
biomass and their necromass contributes significantly to soil organic matter formation (Miltner
et al., 2012). Adapting the concept from marine sciences, this transformation of bioavailable
carbon to a persistent carbon pool via microbial biomass was termed soil microbial carbon
pump (Liang, 2020). It was shown that across ecosystems on average 30 to 60 % of soil
organic carbon can be derived from microbial necromass (Liang et al., 2019). To a minor
extent, SOM also consists of extracellular microbial material, e.g., exuded metabolites or

enzymes, or extracellular polymeric substances (EPS) (Kdgel-Knabner, 2017).

Soil organic matter composition is, amongst others, influenced by soil depth (i.e., soil age),
geochemistry (Rumpel and Kégel-Knabner, 2011; Mainka et al., 2022), water status (Védere
et al., 2022), and vegetation and land-use type (Quideau et al., 2001; El Moujahid et al., 2017;
Thai et al., 2021). Recent evidence also suggests that distinct bacterial communities form
different chemical compositions of SOM (Domeignoz-Horta et al., 2021). Soil organic matter
consists of various compound classes. The major compounds of plant litter are polysaccharides
(cellulose, hemicellulose, pectin, starch), lignin, polyphenols, cutin, suberin, lipids, and
proteins. While polysaccharides are easily degraded by microorganisms, lignin is a high
molecular weight macromolecule, specific to higher plants, that is fairly resistant to
decomposition and cannot be fully degraded under anoxic conditions. Chitin is the major

structural component of fungi, but can also stem from insect remains. Fungal residues also
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include polysaccharides, proteins, lipids, melanins, and tannins. The main component of
bacterial necromass is peptidoglycan (murein), which consists of glucosamine, muramic acid,

and amino acids. Yet, bacteria also contain lipids and proteins (Kégel-Knabner, 2002).

Two common methods to assess soil organic matter composition at different levels of resolution
are nuclear magnetic resonance (NMR) spectroscopy and pyrolysis gas chromatography mass
spectrometry (pyr-GC-MS) (Kdgel-Knabner, 2002). Solid-state 3C NMR reveals structural
composition, but major drawbacks are its low sensitivity and low spectral resolution.
Additionally, NMR requires the reduction or removal of paramagnetic material, such as Fe,
usually by treatment with hydrofluoric acid (Schmidt et al., 1997). Solution-state 'H NMR is
able to capture distinct microbial- and plant-derived compounds, but is limited to soluble or
extracted organic matter. In contrast, GC-MS is more sensitive and facilitates precise
separation and quantification of compounds (Simpson and Simpson, 2012). Pyrolysis-GC-MS
allows to analyze a number of different compounds, that are typically classified into the
following compound classes: aromatics, carbohydrates, lignins, lipids, nitrogen-containing
compounds and phenols (Vancampenhout et al., 2009). However, pyrolysis-GC-MS typically

targets specific biomarkers, while NMR is non-targeted (Simpson and Simpson, 2012).

Soil microbial communities

Soils are the most biodiverse ecosystem, likely being home to 59 % of all species on Earth.
About 20 % of archaea, 50 % of bacteria and 90 % of fungi can be found in soils (Anthony et
al., 2023). Globally, soils hold 12 Gt carbon of fungal biomass, 7 Gt carbon of bacterial biomass
and 0.5 Gt carbon of archaeal biomass (Bar-On et al., 2018). One gram of soil harbors several
thousand bacterial species (Delgado-Baquerizo et al., 2018) and hundreds of fungal species
(Baldrian et al., 2012; Taylor et al., 2014; Peay et al., 2016). Microorganisms, that is archaea,
bacteria, fungi, microalgae, protists, and viruses, live on numerous resources, compete and
cooperate with each other, or prey on one another (Weiland-Brduer, 2021). Soil microbial
communities play a crucial role in the biogeochemical cycling of the main elements of life:
hydrogen, carbon, nitrogen, oxygen, sulfur and iron (Falkowski et al., 2008). While carbon
mineralization is a universal feature of heterotrophic microbes, other functions are only
performed by specialist groups in distinct environments (e.g., methanogenic archaea in
anaerobic wetlands) (Crowther et al., 2019; Hartmann and Six, 2023). Microbial communities
are strongly influenced by climate and edaphic factors, particularly soil pH (Fierer and Jackson,
2006; Rousk et al., 2010; de Vries et al., 2012; Tedersoo et al., 2014), which shapes not only
their composition but also their functional potential (Bahram et al., 2018). In turn, it has also
been shown that microbes can modify their environment, e.g., changing the pH via proton
turnover through biochemical reactions (Ratzke and Gore, 2018). Microbial communities are
also closely linked to differences in soil texture (Xia et al., 2020) and plant functional traits (de

Vries et al., 2012). Moreover, resource stoichiometry, quality and diversity are important
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factors that determine community structure (Chapman and Newman, 2010; Zechmeister-
Boltenstern et al., 2015). Microbial richness, diversity, activity and function also vary with soil
depth, corresponding to physical and chemical changes across the soil profile (Fierer et al.,
2003; Naylor et al., 2022).

Microbial community structure can be analyzed by phospholipid fatty acid (PLFA) profiling,
marker gene sequencing, other biomarker approaches, or metagenomics and
metatranscriptomics. These methods provide different resolutions of microbial community
structure and choosing one of them depends on the research question. However, they can also
be complementary (Orwin et al., 2018). PLFA analysis, especially when coupled to stable
isotope probing, is a powerful tool to detect shifts in the active community composition. It can
also be used to estimate microbial biomass and to assess storage compounds (NLFA),
necromass formation (NLFA) and potential markers for environmental stress (GLFA) (Gorka et
al., 2023). However, PLFA profiling gives little insight into changes of specific microbial
populations (Ramsey et al., 2006) and only performs better than metabarcoding, when
differences occur in higher taxonomic groups. In contrast, metabarcoding is the best choice to
detect differences on the taxon-level (Orwin et al., 2018) and can be coupled to gPCR or ddPCR
(Jian et al., 2020; Alteio et al., 2021). However, metabarcoding is limited to specific marker
genes: for example, specific regions of the 16S rRNA gene to target bacteria and archaea, the
ITS region to target fungi and the 18S rRNA gene for eukaryotes. While the databases available
for the assignment of sequences to taxa are far from being complete, they improve
continuously with strong increases in available sequences. Fungal classification is particularly
challenging, because of the high variability of the ITS region (George et al., 2019; Pérez-Cobas
et al., 2020). Metagenomics offers an untargeted approach, that covers the entire genetic
diversity in a sample. It obtains whole-genome sequences and informs not only on the
taxonomic composition, but also on the functional potential (Pérez-Cobas et al., 2020).

However, it is very cost and labor intensive, and depends on sequence availability in databases.

Microbial growth, respiration, and carbon use efficiency

Microorganisms drive both soil organic carbon formation and carbon losses through two
processes: growth and respiration. As previously described, respiration of CO2 leads to carbon
losses from the soil to the atmosphere, while newly produced biomass (i.e., growth) and
subsequent necromass formation upon the death of microbes, can lead to new soil organic
matter formation. The efficiency by which organic carbon taken up is converted into new
biomass is termed carbon use efficiency (CUE). It is defined as the amount of newly produced
bacterial biomass (growth) per unit of consumed organic carbon (uptake), which is
operationally often defined as the sum of growth and respiration (del Giorgio and Cole, 1998;
Manzoni et al., 2012; Sinsabaugh et al., 2013). Accordingly, high CUE indicates efficient

growth, while low CUE indicates inefficient growth and larger carbon losses through respiration.
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The allocation of carbon to microbial growth or respiration depends on temperature (activation
energy and metabolic rate), water availability (accessibility, osmotic adjustment, and oxygen
availability), substrate quality (degree of reduction, size and regularity of substrates), nutrient
limitation (stoichiometric imbalances) and microbial community composition and ecology
(fungi-bacteria-ratio, growth strategies, predation) (del Giorgio and Cole, 1998; Manzoni et
al., 2012; Mooshammer et al., 2014). Positive and negative effects of biotic interactions
(competition, facilitation, mutualism, predation) on carbon use efficiency have been thoroughly
discussed in Iven et al. (2023). Microbial biomass, growth, respiration, and carbon use
efficiency show high variability throughout the year (Schnecker et al., 2023) and season was
even the best predictor for microbial activity in a climate change experiment (Simon et al.,
2020). Growth of heterotrophic microbes is ultimately limited by the availability of carbon
(Soong et al., 2020). Given the decline in carbon content from topsoil to subsoil, carbon uptake
rates decrease with soil depth. However, subsoil microbes can compensate lower carbon
uptake by prolonging the turnover time of their biomass (Spohn et al., 2016). Resource quality
and stoichiometry have been shown to have species-specific effects on carbon use efficiency
and different responses for bacteria and fungi. While bacterial CUE is affected by nitrogen and
phosphorus availability, fungal CUE is constrained by carbon (Keiblinger et al., 2010). Microbial
growth was also found to be affected by soil pH, with contrasting effects for bacteria and fungi.
While bacterial growth decreases with decreasing pH, fungal growth increases (Rousk et al.,
2009). Moreover, it must be noted that microbes have different growth strategies
(slow-growing degraders and fast-growing opportunists) with differing carbon use efficiencies
(Manzoni et al., 2012) that were proposed to be two evolutionary distinct classes for growth
optimization (nutrient acquiring copiotrophs vs. cell maintaining oligotrophs) (Weissman et al.,
2021). Walkup et al. (2023) showed that bacterial growth rates are phylogenetically constraint
across ecosystems and suggests that the genetic basis of bacterial growth rate is hereditary.
However, Metze et al. (2023, 2024) observed that environment induced changes in bacterial
activity is rather driven by shifts in the number, diversity and identity of growing taxa than in

their individual growth rates.

Temperature controls microbial physiology and decomposition

Temperature is a major regulator of biochemical processes. Microorganisms and all their
functions are completely dependent on the ambient temperature, as they are unable to
regulate their intracellular temperature. Microbes can profit from higher temperatures by
increasing enzyme rates and subsequently growth, but temperatures above a certain threshold
can also cause denaturation and loss of function. Detecting a direct relationship between
growth rates and temperature is sometimes challenging. On the one hand because each
reaction involved in cellular growth might be differentially affected by temperature (Knapp and

Huang, 2022). On the other hand, because microbial growth may not be temperature-limited
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after all in soil, as soil microbes are likely more limited by carbon or energy (Soong et al.,
2020). The review of Knapp and Huang (2022) provides insights into general principles of the
growth-temperature relationship, pointing to temperature-dependencies of enzyme activation
energies, processes involved in DNA replication, transcription and translation, membrane
fluidity, as well as cellular adaptations, and ecological implications. Many of these processes
followed Arrhenius’ law and had similar activation energies, which led the authors to conclude
that enzyme kinetics influence how temperature affects growth. According to Arrhenius (1889),
process rates increase exponentially with increasing temperature, because the activation
energy needed to start a reaction decreases. Arrhenius’ theory builds upon the van’t Hoff
equation (van't Hoff, 1884), which describes the relative change of a process rate with a given
change in temperature. The temperature coefficient Quo is a widely used parameter in ecology,
that expresses the factor by which a process rate increases with a 10 °C temperature rise:
Qu=(R2/R1)~(10/(T2-T1)), where R1l is the measured rate at the first
temperature (T1) and R2 is the measured rate at the second temperature (T2). For example,
a Quo of 2 translates into the doubling of a process rate with a 10 °C change in temperature
(Kirschbaum, 1995).

Global temperatures rise continuously and persistently and have been shown to strongly
impact soil microbial processes. Higher temperatures affect enzyme activity (Fanin et al.,
2022), microbial activity, biomass, growth and growth strategy, respiration, and carbon use
efficiency (Allison et al., 2010; Walker et al., 2018; Soong et al., 2021; Wang et al., 2021;
Purcell et al., 2022; Propster et al., 2023), and ultimately decomposition (Kirschbaum, 1995;
Fierer et al., 2005; Davidson and Janssens, 2006; Conant et al., 2011; Hopkins et al., 2012;
Stuble et al., 2019). Microbial decomposition is generally temperature-dependent and
constrained by physical and chemical protection of organic matter (e.g., aggregation, mineral
sorption) as well as soil hydrology (e.g., water film thickness, oxygen availability, freezing)
(Davidson and Janssens, 2006). Following kinetic theory, decomposition should increase with
temperature, as long as there are enough substrates and enzymes available (Conant et al.,
2011). Rising temperatures have been shown to increase respiration rates more than growth
rates and thus decrease CUE (Sinsabaugh et al., 2013). However, the impact of increasing
temperatures has been shown to be positive, negative, or neutral, often depending on
associated indirect effects. Moreover, short- and long-term warming have different, sometimes
contrasting, results. For instance, carbon losses were found to fluctuate over the period of a
26-year forest soil warming experiment (Melillo et al., 2017). Changes in soil respiration were
found to relate to structural and functional changes within the soil microbial community.
Initially, warming led to high respiration rates and a depletion of labile carbon. Thus, respiration
was low in the second phase, before a community reorganization again enabled higher
respiration rates, but henceforth based on the degradation of recalcitrant compounds. When

this resource gets depleted as well another shift in community composition and function is to
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be expected. Another study using geothermal warming found that microbial activity does not
acclimate even after 50 years of warming (Walker et al., 2018). Microbial growth and
respiration rates remain accelerated per unit of biomass. They decrease, however, per unit of
soil, if substrate is depleted, to which microbes respond with biomass reduction, suggesting
long-term effects of climate warming on microbial physiology. Microbes also react to
short- (weeks), medium- (8 years) and long-term (50 years) warming by downregulating their
protein biosynthesis machinery (i.e., ribosome content per cell) to liberate resources to be able
to maintain these high growth rates (Séllinger et al., 2022). Warming also leads to changes in
microbial community composition (Weedon et al., 2023) and microbial interactions (Burman
and Bengtsson-Palme, 2021), which could alter microbial growth under climate change.
Bacterial growth temperature traits have been shown to be more responsive to warming than
those of respiration, or fungal growth (Cruz-Paredes et al., 2023). Moreover, temperature
sensitivity (Qio) of microbial growth varies between phylogenetic groups and their abundances
can drive temperature sensitivities at the community level (Wang et al., 2021), supporting
that community microbial growth rates depend on microbial community composition. However,
this was not true when looking at taxon-specific growth, as warming did not change individual
growth rates, but rather led to more actively growing taxa (Metze et al., 2024). It was also
shown that temperature sensitivity of CUE cannot be explained by genomic composition across

taxa, but rather depends on the physiological response to the environment (Pold et al., 2020).

Changes in decomposition under higher temperatures (Kirschbaum, 1995; Hopkins et al.,
2012) also relate to warming-induced alterations of soil organic matter and edaphic factors.
For instance, warming can decrease soil pH (e.g., Ji et al., 2014; Tian et al., 2023b). Lower pH
was found to reduce bacterial growth and enhance fungal growth (Rousk et al., 2009), thereby
indirectly changing community composition and decomposition potential. Long-term soil
warming decreases soil organic matter content. Resulting changes in soil organic matter
composition reduce water holding capacity, and hydrological and thermal buffering, leading to
further warming and decreasing SOM (Werner et al., 2020). Warming also reduces soil water
content across all seasons (Simon et al., 2020), which, on the microbial scale, causes habitat
fragmentation and reduced substrate accessibility (Védére et al., 2022). Pore connectivity and
diffusion of substrates determine organic matter composition in aggregates. For example, soil
moisture can increase organic matter aromaticity by physically protecting complex carbon from
increased decomposition rates under warmer temperatures (Cates et al., 2022). Higher
temperatures change physical protection and chemical composition of soil organic matter (van
den Enden et al., 2021; Cates et al., 2022) and affect sorption-desorption processes of organic
matter to minerals (Conant et al., 2011). Temperature was shown to affect the organic carbon
composition of bulk soil and aggregates (micro- and macro-aggregates, fractions occluded
within macroaggregates, and silt and clay fractions). Warming increased the relative

abundance of condensed and unsaturated hydrocarbons, tannins and amino sugars, but
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decreased protein compounds (Cates et al., 2022). Warming also accelerates soil organic
matter decomposition and thereby changes its composition. For instance, the ratio of alkyl to
O-alkyl carbon compounds increases, because microbes preferentially take up O-alkyl
compounds (i.e., carbohydrates). Moreover, plant-derived compounds, such as lipids, sugars,
long-chained alkanoic acids, terpenoids and lignins are reduced by warming, while suberin and
cutin compounds from roots and leaf wax coatings increase (van den Enden et al., 2021). Feng
and Simpson (2008) showed that individual soil organic matter components exhibit different
temperature responses. Lignins showed higher Qio values than alkanes, alkanols, alkanoic
acids, and steroids. Thus, the authors pointed out that Qio of soil respiration does not
necessarily reflect the temperature sensitivity of individual organic matter compounds.
Warming has also been shown to affect decomposition of various organic matter fractions
differently across the soil profile, yet induces high respiration rates in all soil depths (Soong et
al., 2021).

Furthermore, organic matter composition, decomposition and microbial activity can be affected
indirectly by warming-induced changes in plant biomass, community composition, litter
chemistry, and rhizodeposition (Pugnaire et al., 2019). Higher temperatures have also been
shown to affect soil invertebrate abundance, richness and community composition (Robinson
et al., 2018; Figueroa et al., 2021), which could feedback on litter decomposition and predation
on microbes, thereby changing their activity, biomass and composition. Moreover, increasing
temperatures lead to a downgrading of the soil food web and a strong increase in predatory
bacteria and phages (Dahl et al., 2023).

Decomposition and warming effects in permafrost soils

The Arctic is especially vulnerable to climate warming due to amplification (Rantanen et al.,
2022) and large carbon stocks in permafrost soils (Hugelius et al., 2014), that could cause a
positive feedback to climate change (MacDougall et al., 2012; Schuur et al., 2015). Warming
and thawing of permafrost removes a major kinetic constraint of decomposition and formerly
protected organic carbon becomes available to microbes (Davidson and Janssens, 2006).
Global warming thus increases decomposition rates in permafrost soils, given suitable soil
moisture content and oxygen availability (Aerts, 2006). Many studies have already shown that
warming and permafrost thaw increase soil respiration, leading to carbon loss (e.g., Dutta et
al., 2006; Biasi et al., 2008; Hicks Pries et al., 2013; Mauritz et al., 2017), also during winter
(Natali et al., 2014) and in anoxic soils (Treat et al., 2015). Dry bulk density has been found
to be the best predictor for carbon loss in permafrost soils, reflecting soil physical structure,
oxygen availability and organic matter availability (Faucherre et al., 2018). Temperature
sensitivity (Qio0) of permafrost soil respiration varies with soil depth (Roy Chowdhury et al.,
2015; Gentsch et al., 2018) and can be controlled by organic matter bonding to minerals

(Gentsch et al., 2018). While dissolved organic matter can be stabilized by mineral association,
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free particulate organic matter can be quickly respired upon thawing (Beer et al., 2022).
However, mineral associated organic matter makes up the dominant fraction in permafrost
soils (Gentsch et al., 2015). Microbial respiration and microbial biomass are higher in organic
topsoil than in mineral subsoil or cryoturbated organic matter (Kaiser et al., 2007). Enzyme
activities also vary between permafrost top- and subsoil, with more hydrolytic enzymes in the
topsoil and increasing oxidative enzyme activity in the subsoil, relating to changes in microbial
community composition (Schnecker et al., 2015). In general, microbial abundance,
microbiome structure and functional potential change throughout the permafrost soil profile
(Varsadiya et al., 2021). Fungal abundances decrease with soil depth, while Actinobacteria
increase with decreasing carbon content (Gittel et al., 2014a). In frozen permafrost, microbial
life is only possible within small capillaries of liquid water between ice crystals or in gas-fluid
inclusions within ice crystals, both being hypersaline due to concentration of the remaining
liquid water during freezing (Melnikov et al., 2011). Microbial diversity and composition differs
across tundra polygonal types (Tas et al., 2018). Warming and thawing restructure permafrost
soil communities (Biasi et al., 2005; Feng et al., 2020) and change functional gene abundance
(Yang et al., 2017). Warming of Arctic communities also leads to higher microbial growth rates.
While short-term warming increases average growth rates by 36 %, long-term warming
increases them by 151 % (Propster et al., 2023). Moreover, microbes change their resource
preferences and favor or must rely on recalcitrant compounds at higher temperatures (Biasi et
al., 2005). Warming and permafrost thaw also cause increased plant growth and changes in
water table dynamics, that cause indirect effects on carbon balance (Treat et al., 2015; Mauritz
et al., 2017). Warmer and longer summers together with CO: fertilization lead to increases in
plant productivity and biomass in 20 - 40 % of Arctic tundra (Heijmans et al., 2022).
Grass-like graminoid tundra is increasingly replaced by shrub and tree communities, with
higher carbon fixation potential. This Arctic greening was suggested to be able to mitigate part
of the permafrost carbon losses. However, there are other possible scenarios, where local
conditions (e.g., drought, waterlogging, thermokarst development) could decrease plant
growth (Schuur et al., 2022). Biasi et al. (2005) showed that warming-induced increases in
leaf area of Betula nana and in plant biomass, particularly in lichens, could not compensate for
carbon loss due to higher soil respiration. In addition, higher carbon sequestration in peak
plant growing season were found to be counterbalanced by higher ecosystem respiration in
late summer (Zona et al., 2022). Another study predicted that vegetation distribution shifts
and resulting albedo and evapotranspiration feedbacks could even enhance warming (Pearson
et al., 2013). Moreover, rhizosphere priming can amplify carbon losses from permafrost soils
(Keuper et al., 2020). Decomposition in permafrost subsoils can also be enhanced by increased
transfer of plant-derived organic carbon to deeper layers (Wild et al., 2016) and by increased

root growth and rooting depth (Blume-Werry et al., 2019).
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Research Objective

This study was conducted as part of the EU Horizon 2020 research project "Nunataryuk”, which
explores global and local impacts of thawing permafrost at the land-sea interface. The aim of
its Work Package 1 was to quantify soil organic matter storage and fluxes and to assess
thaw-vulnerability and thaw-effects of terrestrial permafrost. As part of this WP, our research
group focused on comprehensively investigating microbial decomposition in permafrost soils
under climate warming. Our study combined research into soil edaphic factors, soil organic
matter, microbial communities, microbial physiology and temperature effects. These research
topics are often looked at in isolation, either focusing on the microbial part or on soil
geochemical properties and therefore miss their interrelations. Moreover, studies on
permafrost soil microbial processes, though having received increased attention in recent
years, are still scarce in comparison to other soil research areas. In particular, we have no
knowledge about the specific factors that control microbial processes (i.e., growth, respiration)
in permafrost soils and how these processes respond to climate warming. To our knowledge
this study was the first attempt to integrate all of these aspects to get a thorough
understanding on the impact of climate warming on permafrost soils and possible feedbacks.
We tried to overcome the present research gap by simultaneously analyzing soil properties,
soil organic matter composition, and microbial community composition and by conducting a
laboratory warming experiment to determine microbial growth and microbial respiration at
4 °C (ambient) and at 14 °C (warmed) to ascertain temperature responses. To be able to give
a good estimate for circumpolar lowland tundra, the heterogeneity of permafrost soils must be
considered. We investigated two sites in the lowland Canadian Arctic and examined the typical
soil layers (organic, mineral, cryoturbated, permafrost) within three typical landscape features
emerging from different stages of ice wedge degradation (low-, flat-, and high-center

polygons). The project aimed to address the following central questions:
How does permafrost heterogeneity affect microbial activity?
How do permafrost microbes respond to warming?

These research questions will be presented in forthcoming publications by PhD candidate
Victoria Sophie Martin (victoria.sophie.martin@univie.ac.at). See Declaration on Data and

Contributions for details on workshare within this project.

The work presented here focuses on post-hoc analysis to assess possible underlying factors
that lead to the observed temperature responses of microbial growth and respiration. Given
that soil organic matter (i.e., the microbial resources) and microbial communities (i.e., the
acting entities of decomposition) have been implicated in microbial community growth and
respiration and considering that both are affected and altered by temperature, we posed the

following research questions:

24



e Do soil organic matter composition and/or microbial community composition explain
microbial growth and respiration patterns in permafrost soils and does this relationship
change with warming?

e Do soil organic matter composition and/or microbial community composition explain

the temperature responses of microbial growth and respiration in permafrost soils?

To answer our research questions and obtain high-quality results, we employed a range of
state-of-the-art techniques. We developed a new pyrolysis-GC-MS fingerprinting approach that
facilitates an untargeted quantitative analysis of soil organic matter composition. We also
combined amplicon sequencing and digital droplet PCR (ddPCR) of the 16S rRNA gene and the
ITS1 region allowing for quantitative microbiome profiling of archaea, bacteria and fungi. We
used principal coordinate analysis to determine compositional profiles of soil organic matter
and microbial communities. Subsequently, linear mixed effect models were used to elucidate
whether soil organic matter composition, microbial community composition, or soil
physicochemical parameters affect or control microbial growth, microbial respiration and their

temperature responses.

With this study we wanted to provide the first integrative analysis of the main drivers of
microbial growth and respiration in permafrost soils and investigate possible consequences of

climate warming.
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MANUSCRIPT

Soil organic matter and microbial community composition
explain microbial growth and respiration in permafrost

soils, but not their response to temperature



Abstract

Global warming leads to permafrost thaw and makes organic carbon available to microbial
decomposition, that was frozen and stored in these soils for millennia. The fate of permafrost
carbon is largely dependent on how it is partitioned between microbial growth (potential carbon
stabilization in soil) and microbial respiration (carbon loss to the atmosphere). Yet, our
understanding of microbial growth, respiration and corresponding temperature responses in
permafrost soils remains limited. Here, we investigated four soil layers (organic, mineral,
cryoturbated, permafrost), within three lowland tundra polygon types (low-, flat-, high-center)
from two sites (catchments) in the Canadian Arctic. We found soil organic matter composition
(analyzed by pyrolysis-GC-MS fingerprinting) and the structure of the microbial communities
(based on amplicon sequencing and quantitative PCR) to be distinctly different across different
soil layers and polygon types. Both the structure of the microbial communities and the soil
organic matter composition proved to be good predictors for mass-specific growth and
respiration rates of soil microorganisms, measured after an eight-week incubation experiment
at ambient (4 °C) and warmed condition (14 °C). However, the temperature responses of
growth and respiration could not be explained by either the soil organic matter composition,
the microbial community structure, or the physicochemical soil parameters, suggesting a
rather uniform response of these microbial key processes to global warming across a wide

range of lowland tundra ecosystems.
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Zusammenfassung

Der Klimawandel lasst Permafrostbéden auftauen, wodurch organischer Kohlenstoff, der fir
Jahrtausende in diesen Bdden gefroren und gespeichert war, fir mikrobielle Zersetzung
verfigbar wird. Die Verteilung des von Mikroorganismen aufgenommen Kohlenstoffs auf
mikrobielles Wachstum (moégliche Kohlenstoffstabilisierung) und mikrobielle Atmung
(Kohlenstoffabgabe an die Atmosphdre) entscheidet (ber das Schicksal dieser alten
Kohlenstoffspeicher. Unser Wissen Uber mikrobielles Wachstum und Atmung in
Permafrostbéden sowie deren Reaktion auf steigende Temperaturen ist begrenzt. In der
vorliegenden Studie untersuchten wir vier Bodenschichten (organisch, mineralisch,
kryoturbiert, gefroren) aus drei Landschaftstypen der Tieflandtundra (Polygone mit vertieftem,
flachem, oder erhéhtem Mittelpunkt) von zwei Standorten in der Kanadischen Arktis. Wir
fanden Unterschiede in der organischen Bodenzusammensetzung (analysiert durch
Pyrolyse-GC-MS) und in der Struktur mikrobieller Gemeinschaften (basierend auf
Amplicon-Sequenzierung und quantitativer PCR) zwischen verschiedenen Bodenschichten und
Polygontypen. Sowohl die mikrobielle Gemeinschaftsstruktur als auch die Zusammensetzung
der organischen Bodensubstanz erwiesen sich als gute Pradikatoren flir massenspezifisches
Wachstum und massenspezifische Atmung von Mikroorganismen, welche nach einem
achtwochigen Inkubationsexperiment bei 4 °C (arktische Sommertemperatur) und 14 °C
(Wérmebehandlung) gemessen wurden. Hingegen konnte die Temperaturreaktion von
Wachstum und Atmung weder durch die organische Bodenzusammensetzung, noch die
mikrobielle Gemeinschaftsstruktur, noch durch die physikochemische Bodenparameter erklart
werden. Dies weist auf eine einheitliche Reaktion dieser mikrobiellen Schllisselprozesse auf die

globale Erwdrmung in verschiedenen Tieflandtundra-Okosystemen hin.
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Introduction

The year 2023 was the warmest year on record (Copernicus Climate Change Service, 2024)
and the Arctic warms about four times faster than the global average (Rantanen et al., 2022),
causing extensive permafrost thaw. Since 1850 Arctic permafrost area has already shrunk by
about 12 % (Langer et al., 2022) and a loss of 66 % is to be expected by 2100, even if global
warming stays below 2 °C (Meredith et al., 2019). At current global warming rates, permafrost

is already at risk of crossing an irreversible tipping point (Lenton et al., 2023).

Arctic lowlands are particularly affected by warming (Jorgenson and Osterkamp, 2005), as
ice-rich ground is destabilized and thermokarst develops, leading to changes in hydrology and
biogeochemistry (Olefeldt et al., 2016; Nitzbon et al., 2021). For millennia permafrost has
acted as a carbon sink. Low temperatures and poor drainage restricted microbial
decomposition and preserved organic matter from decaying plants as well as alluvial and
aeolian deposits. This led to the buildup of app. 1,500 Pg organic carbon in northern
circumpolar permafrost soils (Davidson and Janssens, 2006; Hugelius et al., 2014). As
temperatures rise, this carbon will be accessible to microbes and can, in part, be taken up and
respired to CO2 (at aerobic conditions) or CH4 (at anaerobic conditions) to generate ATP (Soong
et al., 2020), thereby turning permafrost to a potential greenhouse gas source (Tornocai et
al., 2009; Koven et al., 2011; MacDougall et al., 2012; Schuur et al., 2015; Natali et al., 2021).
However, part of the carbon that microbes take up is also invested into microbial growth and
can be stabilized as microbial necromass after they die (Miltner et al., 2012; Liang et al., 2017;
Sokol et al., 2022; Tao et al., 2023). The partitioning of carbon into microbial growth and
respiration, commonly described as carbon use efficiency (del Giorgio and Cole, 1998; Manzoni
et al., 2012), therefore plays the key role in determining the fate of permafrost carbon in times

of global warming.

Heterotrophic microbes are inherently limited by organic carbon and energy (Soong et al.,
2020). However, organic carbon in soil is only available as a “complex mixture of plant and
microbial residues at various stages of decay” (Miltner et al., 2012). Its composition is
influenced, amongst other factors, by soil depth (age) and geochemistry (Rumpel and Kdgel-
Knabner, 2011; Mainka et al., 2022), water status (Védere et al., 2022), vegetation and
land-use type (Quideau et al., 2001; El Moujahid et al., 2017; Thai et al., 2021), and microbial
community composition (Domeignoz-Horta et al., 2021). Higher temperatures were found to
change the physical protection and chemical composition of soil organic matter (van den Enden
et al., 2021; Cates et al., 2022) and to directly affect the decomposition rate (Kirschbaum,
1995; Hopkins et al., 2012). The amount of assimilated carbon that is utilized for microbial
growth depends on the quality of available soil organic matter (i.e., stoichiometry, degree of

reduction, and type of chemical bonds) (del Giorgio and Cole, 1998; Manzoni et al., 2012;
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Mooshammer et al., 2014). Therefore, changes in organic matter quality due to climate

warming could also lead to changes in microbial growth.

One gram of soil holds thousands of bacterial taxa (Delgado-Baquerizo et al., 2018) and
hundreds of fungal species (Baldrian et al., 2012; Taylor et al., 2014; Peay et al., 2016) that
live on numerous resources, compete or cooperate with each other and interact with other
trophic levels (Weiland-Brauer, 2021). Apart from interactions, microbial community
composition is driven by climate and edaphic factors, particularly soil pH (Fierer and Jackson,
2006; Rousk et al., 2010; de Vries et al., 2012; Tedersoo et al., 2014). Microbial communities
also change with soil depth (Fierer et al., 2003; Naylor et al., 2022) and resource quality and
diversity (Chapman and Newman, 2010; Zechmeister-Boltenstern et al., 2015). Resource
quality also has a species-specific effect on carbon use efficiency and different responses for
bacteria and fungi (Keiblinger et al., 2010). Moreover, microbes are thought to have different
growth strategies (e.g., slow-growing degraders and fast-growing opportunists) with differing
carbon use efficiencies (Manzoni et al.,, 2012) that were recently proposed to be two
evolutionary distinct classes for growth optimization (nutrient acquiring copiotrophs vs. cell
maintaining oligotrophs) (Weissman et al., 2021). Walkup et al. (2023) also showed that
bacterial growth rates are phylogenetically constrained across ecosystems and suggests that
the genetic basis of bacterial growth rate is hereditary. We therefore have to assume that
microbial growth depends on microbial identity and varies with microbial community
composition and environmental conditions. Higher temperatures change microbial community
composition (Frey et al., 2008; Weedon et al., 2023) and microbial interactions (Burman and
Bengtsson-Palme, 2021) and could thereby alter microbial community growth under climate
change. Bacterial growth temperature traits have been shown to be more responsive to
warming than fungal growth (Cruz-Paredes et al., 2023). Moreover, temperature
sensitivity (Qi0) of microbial growth varies between taxa and their abundances can drive
temperature sensitivities at the community level (Wang et al., 2021), supporting that microbial
growth rates depend on microbial community composition. Moreover, microbial growth does
not acclimate to warming on the short- and the long-term (Walker et al., 2018) suggesting

long-term effects of climate warming on microbial physiology.

Despite the well-established fact that microbial growth is governed by soil organic matter and
microbial community composition, there is no study to our knowledge, that directly addresses
these relationships, especially not in permafrost soils. To close this research gap, we sampled
permafrost soils from two sites in the Canadian Arctic, including three landscape types of
lowland tundra (low-center, flat-center, high-center polygons) and four soil layer types
(organic soil, mineral soil, cryoturbated organic matter and upper frozen permafrost) to
capture the heterogeneity of permafrost soils (Siewert et al., 2021). We analyzed microbial
growth, soil organic matter composition and microbial community composition in all samples.

In addition, we performed a laboratory warming experiment to assess the effect of climate
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warming and measured the temperature response (Qio0) of microbial growth (Conant et al.,

2011), to answer the following research questions:

(1) Do soil organic matter composition and/or microbial community composition explain
microbial growth and respiration patterns in permafrost soils and does this relationship change

with warming?

(2) Do soil organic matter composition and/or microbial community composition explain the

temperature responses of microbial growth and respiration in permafrost soils?

Towards this end, we analyzed microbial growth through the incorporation of H280 into DNA,
bacterial, archaeal and fungal community composition by amplicon sequencing (16S rRNA
gene and ITS1 region) and soil organic matter composition by pyrolysis-GC-MS fingerprinting.
To test the effect of warming, we incubated the soils at an ambient temperature of 4 °C and
an elevated temperature of 14 °C, and calculated the temperature responses (Qio) of microbial
growth and respiration after eight weeks of warming (see Supplementary Information). We
used linear-mixed effect models to assess whether soil organic matter composition, microbial
community composition, or other physicochemical soil parameters could explain the observed
microbial growth, respiration and temperature responses. To our knowledge this is the first
study that provides an integrative analysis of two of the main drivers of microbial growth and

respiration in permafrost soils and additionally looks at possible climate change effects.
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Methods

The present work is part of a larger project that investigates the effect of climate warming on
permafrost microbes (see Declaration on Data and Contributions). A brief overview of the study
site and warming experiment is given below. Further details on site and sampling, as well as
analyses of soil physicochemical parameters, microbial biomass, growth, respiration, and
temperature responses can be found in the Supplementary Information. To assess influences
on microbial growth and respiration, and their temperature responses, we analyzed all field
soil samples for soil organic matter composition and microbial community composition and

used them as predictors in linear mixed effect models.

Study site

Two sampling campaigns were carried out in the Ivvavik National Park at the
Yukon Coast (Canada): one at Ptarmigan Bay (69°29'N, 139°10' W) in 2018 and one in
Komakuk Beach (69°34' N, 140°10' W) in 2019 (Fig. 6). Both sampling campaigns took place
in mid-August to guarantee full thawing of the active layer. Soil samples were taken from
18 soil pits: three low-center, three flat-center, and three high-center polygons in each of the

two sites. Pits of 1x1 m were excavated up to the permafrost table. Soil samples (n = 81) were
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Fig. 6: The study area is located at the Yukon Coast in northwestern Canada. The locations of all soil
pits are depicted as diamonds for both sampling campaigns, Ptarmigan Bay (blue) and
Komakuk Beach (green). The estimated maximum extent of the Laurentide Ice Sheet is depicted in
transparent grey, reaching to -139.8° W (Dyke and Prest, 1987; Fritz et al., 2012). LCP = low-center
polygon, FCP = flat-center polygon, HCP = high-center polygon. © Cornelia Rottensteiner
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collected from the active layer (organic soil, mineral soil, cryoturbated organic matter) and
from the upper permafrost (10 cm deep with a soil corer) (S.Tab. 1). Roots were picked from

the soil samples and soils stored at 4 °C until analysis.

Warming Experiment

A short-term warming experiment was performed to determine temperature responses for
microbial growth and microbial respiration. In brief, each soil sample was incubated for eight

III

weeks at two temperatures: 4 °C = “control” (representing average active layer temperature)
and 14 °C = “warmed” (+10 °C elevated temperature) in incubators (TC445S, Aqua Lytic).
After eight weeks of incubation, microbial biomass, microbial respiration and microbial growth
were measured in each sample and temperature responses (Qi1o0) were calculated.
_ process rate (T+10 °C)

process rate (T)

Qio

Microbial biomass carbon (Cmic) was determined by the chloroform-fumigation-extraction
method (Brookes et al., 1985; Vance et al., 1987). Microbial growth rates were measured via
H2180-incorporation into microbial DNA (Spohn et al., 2016; Walker et al., 2018). Microbial
respiration rates were assessed as the increase in CO2 concentration over time, measured by
gas sampling on GasBench-GC-IRMS (GasBench II, Thermo Scientific) in 2018 and by direct
injection into an infrared gas analyzer (EGM-4 Environmental Gas Monitor for CO2, PP Systems)
in 2019. Mass specific growth rates (ug C g Cmich!) and mass specific respiration
rates (4g C g™! Cmic h'') were calculated by dividing each rate per unit soil (ug C g dry soil h'1)
by microbial biomass carbon (ug Cmic g** dry soil). This approach ensures that effects from
biomass differences are excluded and allows to examine physiological responses of microbial

communities. See Supplementary Information for further details.

Soil organic matter composition

To characterize soil organic matter composition, we established a pyrolysis gas
chromatography mass spectrometry (pyr-GC-MS) fingerprinting approach that facilitates a fast
identification of compounds for many samples and allows to use the compositional information
of unidentified compounds. A detailed description of the method can be found in the
Supplementary Methods. In brief, finely powdered soils were pyrolyzed at 600 °C
(Pyroprobe 6200 and Autosampler 6250T, CDS) and the pyrolysis products were subsequently
separated and quantified on the gas chromatography time-of-flight mass spectrometry
systems (Pegasus BT GC-MS, LECO, with SUPELCOWAX™ 10 Capillary GC Column,
Sigma-Aldrich) and analyzed with the ChromaTOF software (version 5.51.50.068774, LECO).
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Soil microbial community composition

We extracted DNA from soil that was inactivated with RNAlater Stabilization Solution
(Sigma-Aldrich) in the field and stored at -80 °C. To remove the RNAl/ater from the soil
samples, we added 1 mL sodium phosphate buffer and centrifuged the samples. The
supernatant containing the RNA/ater solution was discarded, while the soil pellet containing
the microorganisms and nucleic acids was retained. This cleaning procedure was repeated five
times before starting with a DNA extraction kit (FastDNA™ SPIN Kit for Soil, MP Biomedicals).
Negative controls were included to rule out contaminations. The DNA extracts were cleaned
with OneStep PCR Inhibitor Removal (Zymo Research) and stored at -80 °C until further
analysis. DNA concentrations were quantified with a PicoGreen assay (Quant-iT™ PicoGreen®
dsDNA Assay Kit; Thermo Fisher Scientific) measuring fluorescence on a plate reader
(Infinite M200, Tecan).

Amplicon sequencing for archaeal, bacterial and fungal communities was performed at the
Joint Microbiome Facility of the Medical University of Vienna and the University of Vienna,
following the two-step barcoding approach described in Pjevac et al. (2021). In brief, the
primer pairs 515F-806R (Apprill et al., 2015; Parada et al., 2016) and ITS1F-ITS2 (White et
al., 1990; Smith and Peay, 2014) were used for amplification and sequencing of the
16S SSU rRNA gene and the fungal intergenic spacer region (ITS1), respectively. Sequencing
was performed in 2 x 300 cycle paired-end mode on an Illumina MiSeq sequencer using the
MiSeq Reagent Kit v3 (Illumina). The raw sequencing data were extracted with FASTQ in
BaseSpace (Illumina) and demultiplexed using the Python package “demultiplex” (Laros,
GitHub). The R package “"DADA2" (version 1.14.1, Callahan, McMurdie, et al., 2016; Callahan,
Sankaran, et al., 2016) was used to infer amplicon sequence variants (ASVs). Bacterial and
archaeal ASVs were classified with SINA (version 1.6.1, Pruesse, Peplies and Gléckner, 2012)
and SILVA SSU database (version 138.1, Quast et al., 2013) and fungal ASVs were classified
with UNITE database (version 8.2, Abarenkov et al., 2020).

For quantitative microbiome profiling we quantified 16S rRNA genes and ITS1 regions with
digital droplet PCR (ddPCR) using the same primer pairs as for sequencing and ddPCR
EvaGreen Supermix (Bio-Rad). Droplets were generated on a QX200TM Droplet Generator
(Bio-Rad), amplified (T100 Thermal Cycler, Bio-Rad) and measured fluorometrically with a
QX200 Droplet Reader (Bio-Rad). Gene copy numbers (copies g dry soil) were calculated
with the QX ONE Software (version 1.2, Bio-Rad). A detailed description can be found in the
Supplementary Methods.

Data analyses

All statistical analyses were performed in R (version 4.2.2 ‘Innocent and Trusting’, R Core
Team, 2022) and RStudio (version 2022.12.0.353 ‘Elsbeth Geranium’, RStudio Team, 2022).

The significance threshold for all statistical tests was set to 0.05. Boxplots were computed with
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the package “ggplot2” (Wickham, 2016) and “ggpubr” (Kassambara, 2023a). Tables were
generated with the package “flextable” (Gohel and Skintzos, 2023).

Soil organic matter composition

From the pyrolysis-GC-TOF-MS analysis, we obtained chromatographic areas for individual
peaks. We transformed the exported chromatographic areas to carbon (mg C g dry soil),
assuming that the total chromatographic area of a sample relates to the total C amount in the
sample weight and that all organic compounds have the same response factor on the mass
detector. While this is an obvious oversimplification, the procedure allows to partition carbon
to different pyrolysis products, which is helpful to compare substances between treatments or
other experimental units. A detailed description can be found in the supplementary methods.
Compounds were assigned to the most likely origin among soil organic matter classes, i.e.,
(1) aromatics & phenols, (2) carbohydrates, (3) lignins, (4) lipids and (5) nitrogen
compounds, based on literature (Saiz-Jimenez and De Leeuw, 1986; Hempfling and Schulten,
1990; Schulten and Schnitzer, 1997; Buurman et al., 2005; Vancampenhout et al., 2009;
Gonzalez-Pérez et al., 2012; Stewart, 2012; Said et al., 2015; Tolu et al., 2015; Ninnes et al.,
2017; Shen et al., 2018). If identified compounds were absent from literature, we grouped
them according to their chemical similarity to other classified compounds using the US National
Library of Medicine (NCBI) Medical Subject Headings (MeSH) Database (National Institutes of
Health, 2023). Compounds that could not be identified were put together as (6) Unclassified.
We used the “phyloseq” package (McMurdie and Holmes, 2013) to analyze the data, as it
allows to assemble compound abundance, compound classification and sample information
into a single data frame. We removed data below a relative abundance of 0.1 %, which mainly
omitted compounds with low signal/noise and small area. Consequently, 534 compounds were
used for analyses. Relative abundances were generated using the “phyloseq” function
transform_sample_counts() from the “phyloseq” package (McMurdie and Holmes, 2013). To
assess soil organic matter composition, we performed principal coordinate analysis (PCoA) on
Bray-Curtis dissimilarity matrices based on relative abundances, using the functions distance(),
ordinate() and plot_ordination() from the “phyloseq” package (McMurdie and Holmes, 2013).
We used permutational multivariate analysis of variance (PERMANOVA) applying the adonis2()
function of the “vegan” package (Oksanen et al., 2022) to test for compositional group
differences between polygon types or soil layers. We set soil layer as the primary factor
interacting with polygon type. Homogeneity of multivariate dispersions was tested with
betadisper() function to check for effects of within-group variation. Multilevel pairwise
comparisons were performed with the function pairwise.adonis() (Martinez Arbizu, 2020)

adjusting p-values with Bonferroni correction. All permutations were set to 999.

Microbial community composition
Raw sequencing datasets of the 16S rRNA gene and the ITS1 region were pre-filtered to

remove unspecific reads such as non-prokaryotic and non-fungal ASVs, respectively. Samples
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with less than 500 reads were considered unsuccessful sequencing and excluded. We corrected
total reads per ASV per sample from possible contaminations by subtracting the maximum
read number of each ASV found in the negative extraction controls. We used the “phyloseq”
package (McMurdie and Holmes, 2013) to assemble ASV abundance, taxonomy and sample
information. For quantitative microbiome profiling, we normalized relative ASV abundances by
multiplying with the corresponding gene or region copy numbers (copies g dry soil) obtained
from ddPCR quantifications and rounding to integers with round2() from the package “edbuildr”
(Brodzik et al., 2023). We used the function transform_sample_counts() from the “phyloseq”
package (McMurdie and Holmes, 2013) to filter all ASVs below 0.05 % relative abundance in
each individual sample. We combined abundances (gene copy humber corrected
reads g! dry soil) of bacteria, archaea and fungi with the function merge_phyloseq() from the
“phyloseq” package (McMurdie and Holmes, 2013) and subsequently transformed back to
relative abundances. Compositional differences of this combined microbial community
composition were explored by using Bray-Curtis dissimilarity matrices based on relative
abundances and performing principal coordinate analyses (PCoA) with the functions distance(),
ordinate() and plot_ordination() from the “phyloseq” package (McMurdie and Holmes, 2013).
To test for differences among polygon types or soil layers, we performed PERMANOVA in the

same manner as described above.

Linear mixed effect models

We assessed outliers in all variables using boxplots and QQ-plots, adjusting for normal or
log-normal data distributions. We confirmed outliers statistically with grubbs.test() and
rosnerTest() from the packages “outliers” (Komsta, 2022) and “EnvStats” (Millard, 2013),
respectively. Values of Qio greater than 5 (for growth) or 10 (for respiration) were considered
unrealistic methodological errors and thus excluded from analysis. We used linear mixed effect
models to assess whether soil organic matter composition and/or microbial community
composition and/or soil parameters (C, N, P, pH, SWC) control microbial mass-specific growth,
respiration, and their temperature responses (Qi0). We chose LMEs due to the unbalanced
nature of the dataset (S.Tab. 1) and to account for hierarchical structure by including soil pit
nested within site as a random effect (1 | Site / Pit). This allowed us to control for effects of
nestedness, location and sampling year. We extracted the coordinates of axes 1 and 2 from
the compositional PCoA plots of soil organic matter and combined microbial community
composition and used them as additive predictors. Each soil parameter and axis was tested
both as a single predictor and in combination. All predictor variables were centered and
checked for co-correlation using the function cor_test() from the package “rstatix”
(Kassambara, 2023b) with Kendall correlation coefficient, due to non-normality of data and
presence of rank ties (S.Fig. 3). We also used the function vif() from the package “car” (Fox
and Weisberg, 2019) to test variance inflation factors (VIFs) and excluded variables with VIFs
larger than 5 (James et al., 2017). We chose the best model based on the lowest AIC and BIC
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as well as direct comparisons with ANOVA in case of nested models. We used the package
“lme4” (Bates et al., 2015) for model computation. Significance of predictors was calculated
using Type III Analysis of Variance (ANOVA) with Satterthwaite’s method via the package
“ImerTest” (Kuznetsova et al., 2017). We used the function resid_panel() (Goode and Rey,
2019) to generate diagnostic plots for evaluation of goodness of fit and assumptions of the
models. In some cases, response variables had to be log- or sqrt-transformed to achieve
homoscedasticity and normality. Conditional and marginal coefficients of determination
(R2c and R2n) were calculated with the function r.squaredGLMM() from the package “MuMIn”
(Barton, 2022).
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Results

Soil organic matter composition varied across polygon types and soil layers

To relate microbial growth and respiration at different temperatures to the composition of soil
organic matter, we analyzed soil organic matter composition by pyrolysis-GC-MS
fingerprinting. Out of 534 total compounds, 223 were identified and grouped into common
compound classes (51 aromatics & phenols, 47 carbohydrates, 16 lignins, 68 lipids and
41 nitrogen-containing compounds). Soil organic matter composition differed between the
lowland tundra polygon types (PERMANOVA, F = 5.50, p = 0.001) and between the soil layers
(PERMANOVA, F = 15.05, p =0.001) (Fig. 7, S.Tab. 3). Post-hoc pairwise comparisons
showed that the low-center polygons were significantly different from flat-center polygons
(padj = 0.003) and high-center polygons (padj = 0.006). Organic and mineral soils were each
distinct from all other soil layers (all patj = 0.006). There was no difference between permafrost
soil and cryoturbated organic matter (padj = 0.126). The soil layers separated along the first
PCoA axis, which explained 43.2 % of variance and was highly correlated with soil organic
carbon content (Spearman’s p = -0.85, p < 0.001), reflecting a decrease of carbon from
carbon-rich organic soils over permafrost and cryoturbated organic matter to carbon-poor
mineral soils (S.Tab. 2). This reflected a gradient in the level of degradation of soil organic
matter, apparent upon closer examination of compound classes (S.Fig. 4, S.Fig. 5, S.Tab. 3,
S.Tab. 4). Organic soils were characterized by high amounts of plant-derived carbohydrates
and lignins, while mineral soils were enriched in aromatics, phenols and lipids, which are more
associated with microbial necromass. Cryoturbated organic matter and permafrost soils were

a mixture of organic and mineral horizons and/or in an intermediate decomposition stage.

Microbial community composition varied across polygon types and soil layers

To associate microbial community composition to microbial growth and respiration at different
temperatures, we used amplicon sequencing of the 16S rRNA gene and ITS1 region to
investigate the bacterial and archaeal, as well as the fungal community composition of the
different polygon types and soil layers. After removal of non-prokaryotic and non-fungal
sequences and samples below a read threshold of 500, we obtained a total of 676,224 reads
and 4963 ASVs (4771 bacterial and 192 archaeal ASVs) of the 16S rRNA gene and
555,849 reads and 1811 ASVs of the ITS1 region. Microbial community composition differed
between polygon types (PERMANOVA, F =5.49, p =0.001) and between soil layers
(PERMANOVA, F = 6.20, p = 0.001) (Fig. 8, S.Tab. 4). However, we also observed different
levels of dispersion by polygon (betadisper, F = 6.87, p = 0.002) and soil layer (betadisper,
F = 10.46, p < 0.001). Post-hoc comparisons revealed distinct microbial communities for
low-center polygons (all pagj = 0.003). Microbial communities of organic soils differed from
those of mineral, cryoturbated, and permafrost soils (padsj = 0.006). Permafrost microbial

communities were distinct from all other soil layers (all pagj = 0.006). Community compositions
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of mineral and cryoturbated soils were similar (padgj = 0.522). We also found an interaction
effect of polygon type and soil layer (PERMANOVA, F = 1.85, p = 0.001), apparent in two
clusters for organic soils, one for low-center polygons and one for both flat- and high-center
polygons. Microbial community differences across landscape features and throughout the soil
profile were also reflected in bacterial, archaeal and fungal alpha diversity (S.Fig. 6) and
composition of microbial phyla (S.Fig. 7).
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Microbial activity

Microbial mass-specific growth and mass-specific respiration rates were determined after eight
weeks of incubation at ambient temperature (4 °C) and elevated temperature (14 °C).
Mass-specific growth doubled with warming, while mass-specific respiration increased fourfold
(S.Fig. 1). Compositional differences in soil organic matter and microbial communities derived
from PCoA axes 1 and 2 as well as soil physicochemical parameters (SWC, pH, C, N, P) were
used as predictors in linear mixed effect models to explain mass-specific growth and

mass-specific respiration and corresponding temperature responses.

SOM and microbial community compositions both affected microbial growth

Microbial mass-specific growth was explained by soil organic matter composition and microbial
community composition both at ambient (4 °C) and at warmed (14 °C) conditions (Tab. 1,
S.Tab. 5). Soil organic matter composition (Axisl: F = 12.10, p < 0.001, Axis2: F = 2.33,
p =0.131) and microbial community composition (Axisl: F = 44.64, p < 0.001, Axis2:
F = 14.58, p < 0.001) together explained 56 % (R?w) of mass-specific growth at ambient
temperature (4 °C). The total explanatory power of the model was even 73 % (R%). The model
fit was slightly improved by including soil nitrogen as an additional fixed effect (ANOVA,
X2 =6.21, p =0.013). However, including soil nitrogen only captured more variance
associated with random effects, since it only improved conditional R2 to 75 %. Soil organic
carbon explained only a small proportion of variance in microbial growth (R*n = 8 %), while
soil organic matter composition accounted for 19 %, and microbial community composition
for 53 %. After eight weeks of warming at 14 °C microbial mass-specific growth was similarly
controlled by soil organic matter composition (Axisl: F = 22.71, p < 0.001, Axis2: F = 0.20,
p = 0.658) and microbial community composition (Axisl: F = 58.07, p < 0.001, Axis2:
F=7.39, p=0.009) (Tab. 1, S.Tab. 6). The model explained 54 % (R?n) and 75 % (R%) of
mass-specific growth at 14 °C. Irrespective of the temperature, microbial community
composition was found to have a stronger influence on microbial growth than soil organic
matter composition. Models with only microbial community composition explained more of
growth variance (R%: = 66-68 %) than models with only soil organic matter composition
(R% = 48-49 %). Models with soil organic matter composition (R% = 48-49 %) explained more
growth variance than models with soil organic carbon (R?c = 41-42). Models with microbial
community composition coupled to soil organic carbon (R% = 69-70) explained less variance

than those coupled to soil organic matter composition (R2c = 73-75) (S.Tab. 5, S.Tab. 6).

Microbial respiration was mainly driven by microbial community composition

Microbial mass-specific respiration was predominantly controlled by microbial community
composition. Yet, the effect was less pronounced than for microbial growth. At 4 °C ambient
temperature microbial community composition (Axisl: F = 20.11, p < 0.001; Axis2: F = 1.86,
p = 0.178) and soil organic matter composition (Axisl: F = 1.34, p = 0.252; Axis2: F = 9.56,
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p = 0.003) together explained 28 % (R?m) and 29 % (R%:) of mass-specific respiration (Tab. 1,
S.Tab. 7). The model was improved by adding soil nitrogen as an additional fixed effect
(ANOVA, X2 = 6.11, p = 0.013). This refined model explained 35 % (R?w) and 40 % (R%) of
mass-specific respiration at ambient temperature (4 °C). Adding soil nitrogen (F = 6.89,
p = 0.011) reversed the importance of soil organic matter predictors. Instead of compositional
change along axis 2 now axis 1 was a good predictor for microbial respiration (Axisl: F = 5.28,
p = 0.025; Axis2: F = 2.69, p = 0.106). The effect of microbial community composition did
not change by adding soil nitrogen (Axisl: F = 13.60, p < 0.001; Axis2: F = 0.23, p = 0.632).
Soil nitrogen alone accounted for 16 % of variance in mass-specific respiration, as did microbial
community composition. Soil organic matter composition only explained 7 %, while soil organic
carbon explained 12 %. The best model for mass-specific respiration at warmed
conditions (14 °C) was one with axis 1 of microbial community composition as a single
(F=13.36, p < 0.001), explaining 14 % (R?») and 34 % (R%) of variance

(S.Tab. 8). Models of microbial community composition in combination with soil organic carbon

predictor

and a full model including microbial community composition and soil organic matter
composition both improved R?: to 37 %, but did not provide any further explanatory power by
the other predictors (Tab. 1, S.Tab. 8).

Growth Growth Respiration | Respiration
4 °C 14 °C 4 °C 14 °C
R?%, | R% 0.56 0.73 0.54 0.75 0.28 0.29 0.14 0.37
" SOM-A1 B RIS n.s. n.s.
1S
% SOM-A2 n.s. n.s. * % n.s.
o
MIC-A2 RS s n.s n.s.
Tab. 1: Linear mixed effect model results for mass specific growth and mass-specific

respiration at ambient (4 °C, blue) and warmed (14 °C, orange) temperature. Depicted is a
direct comparison of the full models including soil organic matter composition (SOM) axis (A) 1 and 2
and microbial community composition (MIC) axis (A) 1 and 2 from principal coordinate analyses as
predictors. All models included soil pit nested within site as random effects. Significance indicated
with asterisks: *** p < 0.001, ** p < 0.01, * p < 0.05, n.s. not significant. Explanatory power of
the models is depicted as marginal (m) and conditional (c) R2 (grey). See S.Tab. 5, S.Tab. 6,
S.Tab. 7, S.Tab. 8 for detailed statistical results.

Temperature responses were independent of measured variables

Neither soil organic matter composition nor microbial community composition could explain
temperature responses (Qio) of microbial mass-specific growth or mass-specific respiration.
Temperature responses were also independent of soil water content, soil pH, soil organic

carbon, soil nitrogen and soil phosphorus (S.Tab. 9, S.Tab. 10).
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Discussion

Global warming leads to permafrost thaw and changes soil microbial processes, such as
respiration, likely leading to positive feedbacks to climate warming (Schuur et al., 2015; Natali
et al., 2021). While several studies have explored the effects of warming on microbes in the
Arctic (Biasi et al., 2005; Propster et al., 2023) and the Subarctic (Walker et al., 2018), the
specific factors that influence microbial processes (i.e., growth, respiration) and physiological
adaptations to warming remain uncertain. Soil organic matter and microbial communities
together are at the center of the decomposition process and the partitioning of carbon to
microbial growth and microbial respiration (Manzoni et al., 2012). Substrate availability and
quality as well as the community of microorganisms and their interactions change with
warming (Melillo et al., 2017; Feng et al., 2020; Burman and Bengtsson-Palme, 2021; van
den Enden et al., 2021; Cates et al., 2022; Weedon et al., 2023) and could thereby influence
the effect of warming on permafrost soil microbial activity and determine whether carbon can
be retained via microbial growth and necromass formation (Liang, 2020) or is lost to the
atmosphere by microbial respiration (Schuur et al., 2015). Therefore, we here investigated soil
organic matter composition and microbial community composition as potential drivers of
growth and respiration at the microbial physiological level. To capture the heterogeneity of
permafrost soils on the terrain scale and the soil pedon scale, we studied soils from two
catchments in the Canadian Arctic, comprising three lowland tundra polygon types (low-center,
flat-center, high-center polygons), and four soil layers (organic, mineral, cryoturbated, upper
permafrost). To explore the effect of warming on permafrost microbes, we assessed microbial
growth and microbial respiration after eight weeks of incubation at ambient
temperature (4 °C) and elevated temperature (14 °C). We here report (1) to what extent soil
organic matter composition and/or microbial community composition explain mass-specific
growth and mass-specific respiration in permafrost soils at ambient and warmed conditions,
and (2) whether soil organic matter composition and microbial community composition also

explain the temperature responses of microbial growth and respiration.

Substrates and microbes explain microbial growth and respiration

Microbial growth is limited by carbon availability in soil and carbon allocation to growth and
respiration depends on substrate quality, microbial community composition, and microbial
interactions (Manzoni et al., 2012; Roller and Schmidt, 2015; Soong et al., 2020; Gunina and
Kuzyakov, 2022; Iven et al., 2023). Our investigation of soil organic matter composition and
microbial community composition revealed that both factors influence microbial activity in
permafrost soils (Tab. 1). We found that microbial mass-specific growth was well explained by
microbial community composition and soil organic matter composition across a wide range of
permafrost soils, suggesting that both substrates and microbes control possible growth rates.

Even though research consistently showed strong influences of edaphic factors
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(C, N, P, pH, SWC) on microbial growth (Demoling et al., 2007; Rousk et al., 2009; Fernandez-
Calvifio and B3ath, 2010; Manzoni et al., 2012; Silva-Sanchez et al., 2019; Cruz-Paredes et
al., 2021), they did not well explain microbial mass-specific growth in our study, apart from
capturing more variance in the random effects (S.Tab. 5). Soil organic carbon as the main
energy source of heterotrophic microbes only explained 8 % of growth variance, while soil
organic matter composition accounted for 19 %. Therefore, it is not solely the availability of
carbon that controls microbial growth, but rather the composition of available substrates.
Organic compound quality, particularly energy content of the substance and energy demand
for degradation, determine growth efficiency (Manzoni et al., 2012). The partitioning of carbon
between catabolism and anabolism depends primarily on the nominal oxidation state of carbon
within low molecular weight decomposition products (Gunina and Kuzyakov, 2022). Reduced
carbon compounds (e.g., aromatics, lignins, lipids) are thought to be preferentially invested
into biomass production (i.e., growth), while oxidized compounds (e.g., carbohydrates,
carboxylic acids) are preferentially mineralized (i.e., respiration). Moreover, the more
enzymatic steps and metabolic pathways are required to decompose a compound, the
more CO2 will be respired per unit of assimilated carbon and less carbon can be invested into
growth (Manzoni et al., 2012; Roller and Schmidt, 2015). Thus, a functionally diverse
community is needed to efficiently degrade organic matter compounds. In fact, microbial
community composition was the best predictor for mass-specific growth rates in our study,
explaining 53 % of variance alone and 56 % of variance in combination with organic matter
composition (Tab. 1, S.Tab. 5). Specific community compositions may facilitate growth rates
by division of labor, metabolite production and improvement of the micro-scale environment,
while others could inhibit growth due to competition and forced investments into defense

strategies (Iven et al., 2023).

Overall, our models explained more variance of mass-specific growth than of mass-specific
respiration. Our best model explained 40 % of variance in mass-specific respiration and
included soil organic matter and microbial community compositions, as well as soil nitrogen
(S.Tab. 7). Microbial community composition and soil nitrogen predicted an equal amount of
variance. Since microorganisms need to maintain their biomass stoichiometry, soil nitrogen
may become important in case of nutrient limitation causing overflow respiration (Manzoni et
al., 2012; Mooshammer et al., 2014). Moreover, in contrast to mass-specific growth, part of
the variation in mass-specific respiration was explained by edaphic factors (S.Tab. 7). Soil
water content, soil organic carbon and soil nitrogen each explained more variance than soil
organic matter composition. This relative independence of mass-specific respiration from soil
organic matter composition is explainable by the fact that microbes always need to respire to
generate energy, independent of which substrate they take up. Considering that 60 % of
variance in mass-specific respiration remained unaccounted for, microbial respiration appears

to be also dependent on other factors, which were not captured by this study.
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Warming alters the controls of microbial growth and respiration

Microbial processes are temperature-dependent and should increase with temperature, as long
as substrates are available (Arrhenius, 1889; Davidson and Janssens, 2006; Conant et al.,
2011). We investigated the effect of warming on permafrost soil microbes by measuring
temperature sensitivity as the Q1o of microbial growth and respiration on a mass-specific level.
Higher temperatures increased mass-specific growth and mass-specific respiration in
permafrost soils (S.Fig. 1). Similar effects of warming have been described in other ecosystems
too (Walker et al., 2018; Tian et al., 2023a; Metze et al., 2024). We observed similar
temperature sensitivities across all soil layers and polygon types (S.Fig. 1). This suggests a
universal impact of global warming on microbial physiology throughout the lowland Arctic. Our
results of similar Qio for different polygon types are in concordance to observations that Qio
values of microbial growth and respiration are independent of soil moisture content (Cruz-
Paredes et al., 2021). However, different Q1o values for microbial respiration throughout the
permafrost soil profile have been reported (Song et al., 2014; Gentsch et al., 2018), which
was not apparent in our study on a mass-specific level. This highlights the importance of
expressing rates per unit of microbial biomass to understand the controls over physiological
processes. More importantly, our results demonstrate that warming altered the factors
controlling mass-specific growth and respiration (Tab. 1). The key drivers of microbial
mass-specific growth, microbial community composition and organic matter composition, were
similarly good predictors at higher temperatures as at ambient conditions. However, under
warming mass-specific respiration lost the link to soil organic matter composition completely
and also soil organic carbon and soil nitrogen lost explanatory power (S.Tab. 8). Instead,
microbial community composition remained the single factor that explained most of the
variance in mass-specific respiration. This unimportance of soil organic matter for
mass-specific respiration may be attributed to the alleviation of temperature constraints
(Davidson and Janssens, 2006). Higher temperature could reduce activation energies and
thereby increase the diversity of organic matter that is accessible to microbes. This would also

explain why the diversity of active microbes increases with warming (Metze et al., 2024).

Temperature responses are independent of substrate and community
compositions and edaphic factors

Even though microbial community composition and organic matter composition were good
predictors of mass-specific growth and mass-specific respiration, they did not explain the
temperature responses of these processes (S.Tab. 9, S.Tab. 10). Temperature sensitivity of
both mass-specific growth and mass-specific respiration were independent of substrate
composition and community composition. Since we observed similar associations under
ambient and warmed conditions, we assume that any relationship is nullified when calculating

temperature responses. Moreover, physicochemical soil parameters did also not explain

47



temperature responses (S.Tab. 9, S.Tab. 10). This shows that temperature responses of
microbial growth and respiration on a mass-specific level must be determined by other factors,
that have not been assessed in our study. Considering our sampling across two sites, three
landscape types and four soil layers, alongside this independence from substrates, microbial
communities and physicochemical soil parameters, we can expect similar temperature
responses to climate warming across other lowland permafrost ecosystems. There is at least
one other study, though in boreal forests, that came to similar results, as they did not find any
relationship between changes in soil organic carbon or in microbial community and the
temperature sensitivity of carbon mineralization (Coucheney et al., 2013). In contrast,
Sdez-Sandino et al. (2023) showed that the soil microbiome and microbial biomass were able
to explain the variation in Qi0 of microbial respiration in a global metastudy. However, this
study did not look at mass-specific respiration and measured respiration after a short
incubation period (10 hours) at different temperatures, which does hardly compare to our eight

weeks of incubation or to field conditions.
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Summary

It remains poorly understood how permafrost microbiomes will respond to global warming.
This study investigated possible abiotic and biotic controls of microbial growth and respiration
and their temperature responses in Arctic permafrost soils. We specifically studied the effects
of soil organic matter composition, microbial community composition, and physicochemical soil
parameters on two key processes in soil carbon cycling, namely microbial growth and
respiration. In contrast to other studies, which often focus on one of many permafrost soils
and overlook its heterogeneity at the landscape and soil profile scale, we explicitly investigated
soils from three common polygon types formed by ice wedge degradation and four different
soil layers, including cryoturbated organic matter and the upper frozen permafrost. Organic
matter composition and microbial community composition vary across the permafrost soil
profile and between polygon types. We demonstrate that soil organic matter composition and
microbial community composition both were good predictors for microbial mass-specific growth
and respiration rates, explaining more of the variance than physicochemical soil parameters.
Soil organic matter composition was found to explain more of the variation in growth than in
respiration, while microbial community composition influenced both processes equally. We
observed similar associations of organic matter and microbial community composition under
ambient and warmed conditions, elucidating why these variables were unable to explain the
temperature responses of these processes. This suggests a rather uniform microbial response
to climate warming that is not (strongly) dependent on the initial microbial community

structure or soil organic matter composition.
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SUPPLEMENT
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Supplementary Information

Study site

This study was conducted in the Ivvavik National Park, located on the Arctic coast of the Yukon
Territory, Canada. The Yukon Coastal Plain lies within the continuous permafrost zone
(Angelopoulos et al., 2020) and is characterized by static and turbic cryosols (Lacelle and Soil
Classification Working Group, 2001). The landscape is structured by periglacial polygons
formed by ice wedge growth and degradation (Wolter et al., 2016). The circumarctic vegetation
map classifies the area as low shrub Arctic tundra (bioclimate subzone E) with mean summer
temperatures of 10 — 12 °C and dense vegetation cover (80 — 100 %) comprised of mosses,
sedges (Carex sp), tussock cottongrass (Eriophorum vaginatum) and dwarf-shrubs (Ericales,

Salix spp, Betula glandulosa, Rubus chamaemorus) (Walker et al., 2005; Wolter et al., 2018).

Two sampling campaigns were carried out: one at Ptarmigan Bay (69°29'N, 139°10' W)
in 2018 and one in Komakuk Beach (69°34' N, 140°10' W) in 2019. During the last glacial
maximum Ptarmigan Bay was covered by the Laurentide Ice Sheet, while Komakuk Beach was
not glaciated (Dyke and Prest, 1987; Fritz et al., 2012) (Fig. 6). Mean annual temperature and
precipitation (1971-2000) are-10.4°C and 204 mm at Ptarmigan Bay and -10.8 °C
and 199 mm at Komakuk Beach, respectively. Under a high emissions scenario (SSP5-8.5)
mean annual temperature is projected to increase to -7.0 °C and -7.4 °C by 2050 and up
to -0.7 °C and -1.1 °C by the end of the century for Ptarmigan Bay and Komakuk Beach,
respectively. In both sampling areas mean annual precipitation will likely increase over 50 %
by the end of the century (ClimateData.ca, 2023). Both sampling campaigns took place in
mid-August to guarantee deep thawing of the active layer. Soil samples were taken from
18 soil pits: three low-center, three flat-center, and three high-center polygons per site. Pits
of 1x1 m were excavated up to the permafrost table. Soil samples (n = 81) were collected
from the active layer (organic soil, mineral soil, cryoturbated organic matter) and from the
upper permafrost (10 cm soil cores) and classified according to Schoeneberger et al. (2012).
Stones, roots and living plant material were removed from the soil samples. All samples were

stored at 4 °C until analysis.

Warming experiment

We performed a short-term warming experiment to determine temperature responses (Qio)
for microbial growth and microbial respiration. The temperature coefficient Qio is defined as
the factor by which a process rate changes when the temperature increases by ten degrees
Celsius. Thus, it can be used to describe the temperature sensitivity of microbial process rates
(Kirschbaum, 1995), where T is the incubation temperature of the ambient soil in °C.

_ process rate (T+10 °C)
B process rate (T)

Q10
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We incubated each soil sample for eight weeks at two temperatures: 4 °C = “control”
(representing average active layer temperature) and 14 °C = “warmed” (+10 °C elevated
temperature) in incubators (TC445S, Aqua Lytic). Subsets of each sample (between 30 and
50 g) were weighed into jars (192 mL) and placed on a fine mesh covered with ash-free
cellulose filters (Whatman), to allow air circulation but preventing the soil from falling through
the mesh. The jar lids had an opening (11 mm @) that was covered with polyethylene filter
wool (Sera) preventing contamination but allowing gas exchange during the incubation period.
We rewetted the soil each week with autoclaved water to maintain the initial water content
throughout the incubation period. After eight weeks of incubation we measured microbial
biomass, microbial respiration and microbial growth in each sample and calculated
temperature responses (Qo). At the end of the incubation, we measured soil parameters
again, and assessed bacterial community composition (16S rRNA gene) as described in the

Methods section in the main text.

Physicochemical soil parameters

All soil samples were analyzed for gravimetric water content (SWC), soil pH, total organic
carbon (C), nitrogen (N), 3'3C, d'°N and total phosphorus (P). In brief, soils were dried at 80 °C
for 48 h, weighed for gravimetric water content and finely ground with a ball-mill
(Mixer Mill MM200, Retsch) before analyzing total C, N and P. Total soil C and N, as well as
0!3C and d'°N, were determined by EA-IRMS (EA 1110, CE-Instruments, coupled to a Finnigan
DeltaPlus IRMS, Thermo Fisher Scientific). Total soil P was analyzed by estimating phosphate
with the malachite green assay after ignition at 450 °C for 5 h to convert all organic P into
inorganic forms and extraction with 0.5 M H2S04 (1w:40V) for 16 h (D'Angelo et al., 2001).
Soil pH was determined in a slurry of fresh soil and Milli-Q water (1:5, w:v) with a pH meter
(Sentron SI600 with ConeFET probe, Sentron Europe B.V.).

Microbial biomass, growth, and respiration

Microbial biomass carbon (Cmic) was determined by chloroform-fumigation-extraction (Brookes
et al., 1985; Vance et al., 1987) with some modifications. In brief, one subset of fresh soil for
each sample was directly extracted with 1 M KCI (1:7.5, w:v) for 30 min on an orbital shaker
and filtered through ash-free cellulose filters, while another subset was extracted in the same
manner after 48 h of fumigation with chloroform in a desiccator. The extracts were stored
at -20 °C until analysis of extractable organic carbon with a TOC-analyzer (TOC-V
CPH/CPN/TNM-1, Shimadzu). Microbial biomass C was calculated as the difference of
extractable organic C in the fumigated samples and the non-fumigated samples and divided

by an extraction correction factor of 0.45 (Joergensen, 1996).

We measured microbial growth rates and microbial carbon use efficiency (CUE) via a

substrate-independent method, using H2'80-incorporation into microbial DNA (Spohn et al.,
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2016; Walker et al., 2018). In brief, we incubated duplicates of each soil sample (400 mg) at
the respective incubation temperature (4 °C or 14 °C) in 27 mL headspace vials closed with
butyl septa (Supelco Analytical, Sigma-Aldrich). One subset was labelled with
H>'80 (97 at% H»'80, Campro Scientific) to reach 20 at% enrichment at 60 % soil water
content. The other subset received the same volume of Milli-Q water to serve as an isotopic
natural abundance control. To achieve sufficient 180-label incorporation, the incubation period

for samples at 4 °C was 48 h, while samples at 14 °C were only incubated for 24 h.

Microbial respiration was measured as the increase in CO2 concentration over time. Gas
samples of 5 mL were collected with a syringe at the beginning and end of the incubation
period. CO2 concentrations were measured on GasBench-GC-IRMS (GasBench II, Thermo
Scientific) in 2018 and by direct injection into an infrared gas analyzer (EGM-4 Environmental
Gas Monitor for CO2, PP Systems) in 2019. Microbial respiration rate (ng C g* dry soil h'') was
calculated as the increase in CO2 (ppm) from the start to the end of the incubation (dCOz) per
soil dry weight and incubation time (t) taking the ideal gas equation into account, where p is
atmospheric pressure (101.33 kPa), n is the number of moles of the gas (molecular mass of
C =12.01 g mol'), Ris the universal gas constant (8.314 J mol? K1), Tis the respective
incubation temperature (in Kelvin) and V is the volume of the headspace vial (in L).

dCo, p X n

dryweightxthxT XV x 1000

Respiration =

At the end of the incubation period all samples were frozen in liquid nitrogen and stored
at -80 °C. Microbial DNA was extracted with an extraction kit (FastbDNA™ SPIN Kit for Saoil,
MP Biomedicals) and quantified fluorometrically using a PicoGreen assay (Quant-iT™
PicoGreen® dsDNA Assay Kit; Thermo Fisher Scientific). The abundance of 80 and total
oxygen content was determined by TC/EA-IRMS (TC/EA coupled via a ConFlo III open split
system to IRMS, Delta V Advantage, Thermo Fisher Scientific).

We calculated DNA production (ug DNA g dry soil h'') as the product of the total oxygen
amount in DNA (Obna), the excess of 20 abundance (at%) in the labelled sample (*¥0L)
relative to the corresponding natural abundance sample (3¥0On.a) divided by the
80-enrichment (at%) in the soil water (3¥0sw) and the average oxygen content in
DNA (31.21 %).

180, - %0, .. . 100
18 31.21
SW

DNAproduction = Opna X

Microbial growth rates (ng C g dry soil h'!) were inferred by multiplying DNAproduction With a
conversion factor (fona) that was calculated for each sample separately, representing the ratio

of microbial biomass carbon (ug g dry soil) and microbial DNA content (ug g dry soil).
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fDNA X DNAproduction x 1000

Growth = dry weight x t

Total C uptake by the microbial community, Cuptake (Ng C gt dry soil h't), was estimated as the
sum of carbon allocated to the production of biomass, Carowth (Ng C g™t dry soil h'), plus the
production of CO2, Crespiration (Ng C g dry soil h™t). Microbial carbon use efficiency (CUE) was

then calculated as the quotient of growth and uptake (Manzoni et al., 2012).

CUE = CGrowth _ CGrowth

CGrowth + CRespiration CUptake

Mass-specific growth rates, Growth,,s (mg C g™! Cmic h''), and mass-specific respiration rates,
Respirationms (Mg C g Cmic h'!), were calculated by dividing each rate by the microbial biomass
carbon, Cmic (g Cmic g* dry soil).

CGrowth
Cmic

Growth =

CRespiration

Respiration . = C
mic
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Supplementary Methods

Sample Structure

S.Tab. 1: Categorization of samples (n = 81) to sites, polygon types and soil layers. Small sample
size in some soil layers reflect natural characteristics of the polygons and thus the heterogeneity of
permafrost soils.

Sample Structure (n=81)

glaciation-free: 42 samples
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Pyrolysis-GC-MS fingerprinting approach for SOM composition
Soil organic matter composition was analyzed by a newly developed pyrolysis-GC-MS

fingerprinting pipeline that enables a fast identification of compounds for many samples and

allows to use the compositional information of unidentifiable compounds.

Two different standards were applied for quality control. We used one external standard, the
IHSS Elliott Soil Humic Acid Standard IV (called Soil Standard hereafter), and a custom-made
project-specific reference standard, which was a mixture of four soils representative of all soil
layers, polygon types and sites (called Mixed Reference hereafter). Soil samples and standards
were weighed into pyrolysis glass tubes (constricted Quartz Tubes for 6000 DISC and
Autosampler, CDS Analytical). Pre-tests showed that using 0.1 mg for organic horizons
and 0.2 mg for mineral soils gave optimal chromatographic results concerning peak size and
resolution. All samples were analyzed in a randomized order within three runs to minimize any
potential batch effect. Each run included triplicates of the Mixed Reference, one Soil Standard
to check instrument performance and multiple blanks to exclude contaminations. The samples
were pyrolyzed with a Pyroprobe 6200 on an Autosampler 6250T (CDS Analytics) at an initial
temperature of 50 °C (5 sec) followed by a temperature ramp of 20 °C/sec and a final
temperature of 600 °C (20 sec). The pyrolysis products were transferred into a GC-TOF-MS
(Pegasus BT GC-MS, LECO) with a constant target flow of 1 mL helium/min at 280 °C. After
each sample the pyrolysis chamber was heated to 1,000 °C for 60 seconds to clean it before
the next sample. A leak check was performed for every sample. The GC (SUPELCOWAX™ 10
Capillary GC Column, Sigma-Aldrich) was set to 50 °C (2 min), followed by an increase
of 7 °C/min until a final temperature of 250 °C (5 min), resulting in a total GC time
of 35.6 min. The MS was set to an acquisition delay of 150 sec and an acquisition rate

of 10 spectra/sec with a mass range of 50 to 640 mu.

The chromatograms were analyzed with ChromaTOF software (version 5.51.50.068774,
LECO). We used the Mixed Reference to construct a custom-made library to which we
compared all samples. The NIST libraries mainlib and replib were used to identify peaks of one
Mixed Reference. Hits were automatically assigned at a similarity greater than 800. We
additionally checked all peaks in the reference sample manually by taking spectral similarity,
retention time, expected and observed ion and probability into account. All identified and
unidentified peaks (n = 1771) of the Mixed Reference were saved as a library. Unidentified
compounds kept their initial peak number as an identifier. This library was then used to analyze
all other samples. Peaks were identified by extracted ion chromatograms (XIC, 500 ppm) with
a minimum peak S/N of 100 to reduce background noise. Hits were assigned at similarities
greater than 700. We performed a quality check on all peaks by checking spectra similarity
and retention time of the assigned hits (including both identified and unidentified compounds).

Peak hits were cleared if the wrong compound was assigned.
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We processed the raw data in R (version 4.2.2 ‘Innocent and Trusting’, R Core Team, 2022)
and RStudio (version 2022.12.0.353 ‘Elsbeth Geranium’, RStudio Team, 2022). We used baseR
and the packages “dplyr” (Wickham et al., 2022), “tidyverse” (Wickham et al., 2019),
“phyloseq” (McMurdie and Holmes, 2013), “vegan” (Oksanen et al., 2022), “pairwiseAdonis”
(Martinez Arbizu, 2020) and “ggplot2” (Wickham, 2016).

All samples were blank corrected by calculating mean areas of each compound found in the
blanks of a specific run and subtracting those from the compound areas of each sample within
the same run. We transformed to relative data by dividing each compound area by the total
area of a sample (the sum of all blank corrected exported peak areas). We also converted area
to carbon content of each peak by correcting for sample C content es in the following equation.

Peakarea X CconcenTrRATION
total Sample

Peakcargon =
AREA

Peakcarson represents the carbon content (mg C g dry soil) of each peak obtained by dividing
the Peakarea with the total Samplearea and multiplying by carbon content (CconcentraTion
expressed in mg C g! dry soil). Here, we assume that the total chromatographic area of a
sample relates to the total C amount in the sample weight, and that each compound has the
same response factor. Thus, the total C was split to the relative share of each compound area

in the total area of the sample.

We used the “phyloseq” package (McMurdie and Holmes, 2013) to analyze the data, as it
allows to assemble compound abundance, compound classification and sample information
into a single data frame. We classified the compounds to chemical categories based on the
US National Library of Medicine (NCBI) Medical Subject Headings (MeSH) Database. We also
assigned the most likely origin among the main soil organic matter classes: (1) aromatics &
phenols, (2) carbohydrates, (3) lignins, (4) lipids and (5) nitrogen compounds, based on the
literature (Saiz-Jimenez and De Leeuw, 1986; Hempfling and Schulten, 1990; Schulten and
Schnitzer, 1997; Buurman et al., 2005; Vancampenhout et al., 2009; Gonzalez-Pérez et al.,
2012; Stewart, 2012; Said et al., 2015; Tolu et al., 2015; Ninnes et al., 2017; Shen et al.,
2018). If identified compounds were absent from literature, we grouped them according to
their chemical similarity to other compounds that could be classified. Compounds that could

not be identified were put together as (6) Unclassified.

We checked method performance visually in NMDS plots and statistically with permutational
multivariate analysis of variance (PERMANOVA, 999 permutations) based on Bray-Curtis
dissimilarities, followed by multilevel pairwise comparisons with Bonferroni correction. The
technical replicates of the Soil Standard and of the Mixed Reference formed specific clusters,
demonstrating the power and reproducibility of the method. Mixed References centered
between all study samples, confirming good coverage of all study samples (S.Fig. 2A).

Randomization of samples within and between the runs removed potential batch effects
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(S.Fig. 2B). We then excluded the Soil Standards and Mixed References from further analysis.
We filtered out all data below a relative abundance of 0.1 %, which mainly omitted compounds
with low signal/noise and small area and increased the share of identified compounds to 42 %

of total compounds. 534 compounds (226 identified, 308 unidentified) were used for final

analysis.
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S.Fig. 2: NMDS plots showing the performance of the pyrolysis-GC-MS method.
Stress = 0.1045. (A) Reproducibility is confirmed by technical replicates clustering together for
both Soil Standards (yellow) and Mixed References (red). Soil Standards cluster distant to all soil
samples (grey) demonstrating differences on an ecosystem scale (PERMANOVA, padj = 0.003).
Replicates of the Mixed Reference Sample form a cluster amidst all soil samples, confirming that
all sample types (sites, polygons, soil layers) are equally represented in the Mixed Reference. The
Mixed Reference that was used as a library lies a bit offside, showing that not all peaks can be
re-found. (B) Randomization of soil samples within the three runs on the pyrolysis-GC-MS allowed
to rule out a possible batch effect (PERMANOVA, p = 0.106).
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Analysis of gene copy humbers with digital droplet PCR

Digital droplet PCR (ddPCR) was used to quantify 16S rRNA genes and ITS1 regions from DNA
extracts of soils. Each ddPCR reaction (22 pL) contained 1x QX200 ddPCR EvaGreen Supermix
(Bio-Rad), 0.1 ymol L of primer pairs 515F-806R (Apprill et al., 2015; Parada et al., 2016) or
ITS1F-ITS2 (White et al.,, 1990; Smith and Peay, 2014) and 0.1 ng of template DNA for
16S rRNA gene quantification or 1 ng of template DNA for ITS1 region quantification (2 ng of

template were required for extracts with very low DNA concentrations).

Reagent Final conc. Vol. per PCR (pl) N.of PCRs  Total vol. (pl)
OX200 ddPCR EvaGreen Supermix (2x) 1x 11 97 1067

F primer (10 pM) 0.1 pm 0.2 15.4

R primer {10 pM) 0.1 um 0.2 19.4
DMase free water 8.6 834.2
DMNA template 2

Total PCR volume 22

Droplets were generated on a QX200TM Droplet Generator (Bio-Rad) and immediately
subjected to PCR amplification (T100 Thermal Cycler, Bio-Rad), with the following settings.

515F/806R ITS1F-ITS2

1 95 °C5 min 95 °C5 min
2 95 °C 30 sec 95 °C30 sec
. 57 °C 2,5 min (-1 °C each step) 60 °C 2,5 min (-1 °C each step)

Back to step 2 (x4) Back to step 2 (x4)
4 95 °C 30 sec 95 °C 30 sec
3 52 °C2,5 min 55°C 2,5 min

Back to step 4 (x34) Back to step 4 (x34)
() 4°C5 min 4°C5 min
7 90 °C5 min 90 °C5 min
8 4 °C hold 4 °C hold

Add a ramp rate of 2 °C/sec to all PCR steps.

Fluorescence intensity was measured on a QX200 Droplet Reader (Bio-Rad) and gene copy
numbers were calculated using the QX ONE Software (version 1.2, Bio-Rad) following Angel
and Petrova, 2020. The threshold between positive and negative droplets was set manually,
yet consistently. Final ddPCR results were expressed as gene or region copy numbers g dry

soil.
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Supplementary Results

Correlation of SOM and microbial community PCoA axes and soil parameters
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S.Fig. 3: Correlations between PCoA-Axes 1and 2 of soil organic matter

composition (SOM), microbial community composition (MIC) and physicochemical and
biological soil parameters. Kendall’'s rank correlation coefficient was chosen due to non-normality
and rank ties. Significant correlations are indicated with asterisks (p < 0.001 *** < 0.01 **,
< 0.05 *). Dot color and size indicate the strength and direction of the correlation (green = positive
correlation, orange = negative correlation). DNA in pg g dry soil; 16S rRNA gene and ITS1 region
copies as copy numbers g dry soil; Soil C, N and P in mg gt dry soil; 5*3C and &'°N in %o; Soil
water content (SWC) in g H,0 g dry soil.
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Physicochemical and biological soil parameters

S.Tab. 2: Physicochemical and biological soil parameters. Mean values per gram dry soil (d. s.)
with standard deviations (SD) and standard errors (SE) (A) for all samples (B) per polygon type
(C) per soil layer. (D) Differences between polygon types and between soil layers, derived from LME
model results [~ Polygon + Soil layer + (1|Site/Pit)] and Tukey adjusted pairwise comparisons.
Letters indicate differences at p < 0.05, with “a” denoting the highest values. Results were generated
with the packages “Ime4” (Bates et al., 2015), “ImerTest” (Kuznetsova et al., 2017) and “emmeans”
(Lenth, 2023).

A Parameter Total
Mean SD SE
water (gH,0g7"d.s) 2.3 1.6 0.2
pH (in H,0) 5.8 03 00
CmgcCgd.s) 240.0 1331 148
NmgNg'd.s) 12.8 7.2 0.8
PmgPgrd.s) 0.6 0.3 0.0
8"3C (%) -27.3 09 041
O"*N (%) 1.2 11041
DNA (ug DNAg—d. s) 25.3 317 35
16S copies Miog—d.s) 2,278.3 2,3495 261.1
ITS copies (Miogd.s) 69.9 1864 207
B Parameter Polygon
low-center flat-center high-center
Mean SD SE Mean SD SE Mean SD SE
water (gH,0g7d.s) 2.9 15 03 2.2 18 03 2.0 15 0.3
pH (in H,0) 5.7 04 041 5.9 0.3 0.0 5.7 0.3 0.1
CmgcCgd.s) 3124 1378 308 2042 1226 217 2296 1257 23.3
N(mgNgd.s) 18.1 85 19 10.0 51 09 121 6.5 1.2
PmgPgd.s) 0.4 0.2 0.0 0.7 0.3 0.0 0.6 0.3 0.1
8"3C (%) -27.9 06 0.1 -26.7 07 041 -27.4 0.9 0.2
8"5N (%h0) 0.3 06 0.1 1.3 11 02 1.6 1.2 0.2
DNA (ug DNAg™d.s) 18.3 254 57 28.2 374 66 27.0 28.8 54
16S copies Miog—'d.s) 1,511.3 1,898.0 4244  2,610.0 2,501.0 442.1 24412 24141 4483
ITS copies (Miogd.s) 10.5 180 4.0 72.6 1604 284 107.9 258.0 479
C Parameter Soil layer
organic mineral cryoturbated permafrost
Mean SD SE Mean SD SE Mean SD SE Mean SD SE
water (gH,0g7'd.s) 3.7 13 02 0.4 0.1 0.0 1.4 07 02 1.8 0.8 0.2
pH (in H,0) 5.6 0.4 0.1 5.9 0.2 0.1 58 0.3 0.1 5.9 0.3 0.1
CmgcCgd.s) 351.2 919 155 63.3 283 76 185.4 69.5 19.3 202.8 84.3 19.3
NmgNg'd.s) 18.4 6.1 1.0 3.6 15 04 10.1 3.9 1.1 11.0 3.9 0.9
PmgPgrd.s) 0.7 03 0.1 0.5 02 01 0.5 02 0.1 0.5 0.2 0.0
0"3C (%) -27.3 0.9 0.2 -27.6 1.0 0.3 -27.2 0.8 0.2 -27.0 0.8 0.2
O"*N (%o0) 14 12 02 1.6 1103 1.0 07 02 0.6 1.1 0.3
DNA (ugDNAgd.s) 47.7 374 63 6.3 44 12 15.2 6.8 19 53 41 0.9
16S copies Miog—d.s) 3,939.2 2627.1 4441 476.5 3345 894 1,664.0 1,057.5 293.3 966.6 8322  190.9
ITS copies Miog™d. s) 155.7 2614 442 24 32 09 10.3 151 4.2 25 48 1.1
D Parameter Polygon Soil layer
p-value low flat high p-value organic mineral cryoturbated permafrost
water (gH,0g7d.s) 0.603 <0.001 a c b b
pH (in H,0) 0.165 <0.001 b a ab a
CmgcCgd.s) 0.111 <0.001 a c b b
NmgNgd.s) 0.001 a b b <0.001 a c b b
PmgPgd.s) <0.001 b a a <0.001 a b b b
0"3C (%) 0.001 b a b 0.015 ab b ab a
O"°N (%0) 0.002 b a a 0.003 a ab b b
DNA (ugDbNAg™d.s) <0.001 b a a <0.001 a c b c
16S copies (Miog™d.s) <0.001 b a a <0.001 a b b b
ITS copies Miog™d.s) <0.001 b a a <0.001 a b b b
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Soil organic matter composition statistics

S.Tab. 3: Compositional differences in soil organic matter compounds between polygons
and soil layers. (A) Results of PERMANOVA. (B) Differences in dispersion. (C) Results of

pairwise PERMANOVA.

A PERMANOVA DF  SSq R? Fvalue p-value
Soil layer 3 1.91 0.34 15.05 0.001
Polygon 2 0.46 0.08 5.50 0.001
Interaction 5 0.23 0.04 1.08 0.318
Residuals 70 2.96 0.53
Total 80 5.56 1.00

B Dispersion DF SSq MSq Fvalue p-value
Soil layer 3 003 001 2.87 0.042
Residuals 77 0.25 0.00
Polygon 2 0.04 0.02 2.60 0.081
Residuals 78 0.56 0.01

C PERMANOVA pairs SSq R?  F value p.adj
Polygon low vs flat 0.37 0.1 6.30 0.003

low vs high 0.34 0.10 5.50 0.006
flatvs high 0.22 0.05 3.10 0.084
Soil layer org vs min 1.60 0.41 32.29 0.006
org vs cryo 0.55 0.21 12.17 0.006
org vs perm 0.35 0.14 8.54 0.006
min vs cryo 0.28 0.16 4.59 0.006
min vs perm 0.60 0.28 11.81 0.006
cryo vs perm 0.12 0.08 2.62 0.126

Microbial community composition statistics

S.Tab. 4: Compositional differences in microbial communities between polygons and soil
layers. (A) Results of PERMANOVA. (B) Differences in dispersion. (C) Results of pairwise

PERMANOVA.

A PERMANOVA DF SSq R? F value p-value
Soil layer 3 4.90 0.18 6.20 0.001
Polygon 2 2.89 0.1 5.49 0.001
Interaction 5 244 0.09 1.85 0.001
Residuals 65 17.13 0.63
Total 75 2736 1.00

B Dispersion DF SSq MSq Fvalue p-value
Soil layer 3 0.21 0.07 10.46 <0.001
Residuals 72 0.48 0.01
Polygon 2 0.07 0.03 6.87 0.002
Residuals 73 0.37 0.01

C PERMANOVA pairs SSq R? F value p.adj
Polygon low vs flat 1.83 0.1 5.49 0.003

low vs high 2.01 0.12 6.32 0.003
flatvs high 0.57 0.03 1.61 0.264
Soil layer org vs min 142 0.08 4.09 0.006
org vs cryo 1.67 0.10 4.98 0.006
org vs perm 2.99 0.16 9.32 0.006
min vs cryo 0.47 0.07 1.62 0.522
min vs perm 1.29 0.14 4.65 0.006
cryo vs perm 0.80 0.1 3.24 0.006
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Relative composition of microbial phyla
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S.Fig. 7: Relative abundances of archaea (top), bacteria (middle) and fungi (bottom)
between different polygon types (left) and soil layers (right). Data were computed with
“phyloseq” (McMurdie and Holmes, 2013) and visualized with “microViz” (Barnett et al., 2021).
L = low-center polygon, F = flat-center polygon, H = high-center polygon, O = organic,
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Linear mixed effect model results

S.Tab. 5: Linear mixed effect model results for mass-specific growth at 4 °C. Depicted are
one factor models of environmental parameters (soil water content (SWC), soil pH, soil C, N, P) and
PCoA axes (SOM1, SOM2, MIC1, MIC2), a model of soil organic matter composition (SOM) with both
PCoA axes, a model of microbial community composition with both PCoA axes, a model of microbial
community composition and soil C (MIC.C), a model including SOM and MIC compositions (full), and
an extended full model including soil N (full.N).

Model Predictor MSQ DDF F value p-value R2m R%c AlIC BIC logLik  Dev.
SWC SWC 1.24 61.39 3.01 0.088 0.03 0.42 16538 176.76 -77.69 155.38
pH pH 0.30 67.58 0.73 0.397 0.01 043 16744 17882 -78.72 157.44
C (6] 3.69 65.90 9.08 0.004 0.08 0.42 16045 17183 -7522 15045
N N 1.51 68.43 344 0.068 0.04 0.37 16570 177.08 -77.85 155.70
P P 218 61.99 5.24 0.026 0.04 045 163.88 17526 -76.94 153.88
SOM1 SOM.Axis1 4.37 65.19 11.47 0.001 0.10 0.45 187.72 169.10 -73.86 147.72
SOM2 SOM.Axis2 1.91 54.76 476 0.033 0.05 0.48 16393 17532 -76.97 153.93
SOM SOM.Axis1 6.51 67.30 1712 <0.001 0.19 048 15163 16529 -69.82 139.63
SOM.Axis2 3.72 28.71 9.77 0.004
MIC1 MIC.Axis1 5.1 63.56 13.97 <0.001 0.1 0.49 15570 167.09 -72.85 145.70
MIC2 MIC.Axis2 16.37 69.49 53.55 <0.001 0.37 0.53 13164 143.02 -60.82 121.64
MIC MIC.Axis1 6.94 68.00 33.34 <0.001 0.53 0.68 10563 119.29 -46.82 93.63
MIC.Axis2 16.14 68.36 77.51 <0.001
MIC.C MIC.Axis1 7.79 67.01 40.05 <0.001 0.54 0.70 10205 11799 -44.03 88.05
MIC.Axis2 3.82 67.31 19.63 <0.001
C 1.1 67.07 5.69 0.020
full SOM.Axis1 217 66.00 12.10 <0.001 0.56 0.73 9718 11539 -40.59 81.18
SOM.Axis2 0.42 66.20 2.33 0.131
MIC.Axis1 7.99 66.02 44 .64 <0.001
MIC.Axis2 261 66.19 14.58 <0.001
fullL.N SOM.Axis1 3.15 65.04 19.01 <0.001 0.56 0.75 9296 11345 -37.48 74.96
SOM.Axis2 1.13 65.27 6.81 0.011
MIC.Axis1 5.51 65.06 33.28 <0.001
MIC.Axis2 3.46 65.06 20.92 <0.001
N 1.03 65.14 6.23 0.015
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S.Tab. 6: Linear mixed effect model results for mass-specific growth at 14 °C. Depicted are
one factor models of environmental parameters (soil water content (SWC), soil pH, soil C, N, P) and
PCoA axes (SOM1, SOM2, MIC1, MIC2), a model of soil organic matter composition (SOM) with both
PCoA axes, a model of microbial community composition with both PCoA axes, a model of microbial
community composition and soil C (MIC.C), and a model including SOM and MIC compositions (full).

Model Predictor MSQ DDF F value p-value R?m R%c AlIC BIC logLik  Dev.
SWC Swc 088 63.10 249  0.120 002 038 14663 15802 6832 136.63
pH pH 050  60.39 148 0228 002 040 14732 15870 6866 137.32
G o 352 69.06 1037  0.002 009 041 14047 15155 -65.08 130.17
N N 220 6928 611 0016 006 035 14395 15533 6697 133.95
P P 090 6627 260  0.112 002 043 14662 15800 -68.31 136.62
SOM1 SOM.Axis1 505 69.16 1624  <0.001 013 043 13473 14641 6237 124.73
SOM2 SOM.Axis2 079 4866 229  0.136 002 043 14681 15820 -6841 136.81
SOM  SOM.Axis1 623 68.12 2154  <0.001 018 049 12978 14344 -5889 117.78
SOM.Axis2 209 68.02 721 0.009
MIC1  MIC.Axis1 445  66.74 1499  <0.001 011 049 13532 14671 6266 125.32
MIC2  MIC.Axis2 1038 6935 4281  <0.001 030 052 11563 12701 -52.81 105.63
MIC  MIC.Axis1 502 68.01 2914  <0.001 045 066 9258 10624 -4029  80.58
MIC.Axis2 1039 6827 60.30  <0.001
MIC.C MIC.Axis1 582  67.00 3624  <0.001 046 069 8876 10469 3738 7476
MIC.Axis2 221 6720 1375  <0.001
c 095 67.03 589 0018
full SOM.Axis1 291 6579 2271 <0.001 054 075 7617 9438 -3008 60.17
SOM.Axis2 003 5243 020 0658
MIC.Axis1 743 6573 5807  <0.001
MIC.Axis2 095 5475 739 0.009
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S.Tab. 7: Linear mixed effect model results for mass-specific respiration at 4 °C. Depicted
are one factor models of environmental parameters (soil water content (SWC), soil pH, soil C, N, P)
and PCoA axes (SOM1, SOM2, MIC1, MIC2), a model of soil organic matter composition (SOM) with
both PCoA axes, a model of microbial community composition with both PCoA axes, a model of
microbial community composition and soil C (MIC.C), a model including SOM and MIC compositions
(full), and an extended full model including soil N (full.N).

Model Predictor MSQ DDF F value p-value RZm R%*c AlC BIC logLik Dev.
SWC SWC 5.83 67.19 8.73 0.004 0.1 016 18047 19172 -8524 17047
pH pH 1.53 67.97 2.10 0.152 0.03 0.09 186.82 198.06 -88.41 176.82
7 C C 6.72 67.08 10.25 0.002 0.12 0.18 179.02 190.27 -84.51 169.027
N N 9.14 67.51 14.83 <0.001 0.16 0.26 175.74 186.98 -82.87 7 165.74
P P 1.72 67.30 2.36 0.129 0.03 0.08 186.32 19757 -88.16 176.32
SOM1 SOM.Axis1 1.04 67.60 1.41 0.240 0.02 0.07 187.29 19853 -8865 177.29
SOM2 SOM.Axis2 2.62 67.87 3.63 0.061 0.05 0.07 184.62 19586 -87.31 174.62
SOM SOM.Axis1 1.51 66.58 213 0.149 0.07 0.11 184.70 19819 -86.35 172.70
SOM.Axis2 3.06 66.61 4.32 0.042
MICA1 MIC.Axis1 8.03 67.18 12.90 <0.001 0.15 0.21 17719 18843 -8359 167.19
MIC2 MIC.Axis2 1.08 67.97 147 0.230 0.02 0.08 187.35 19860 -88.68 177.35
MIC MIC.Axis1 7.51 66.29 11.87 <0.001 0.16 0.21 178.07 19156 -83.03 166.07
MIC.Axis2 0.97 43.79 1.54 0.221
MIC.C MIC.Axis1 2.52 65.01 4.03 0.049 0.19 0.22 177.06 19279 -8152 163.05
MIC.Axis2 0.08 65.97 0.13 0.725
C 1.73 65.43 277 0.101
full SOM.Axis1 0.75 64.03 1.34 0.252 0.28 0.29 169.61 18759 -76.80 153.61
SOM.Axis2 5.39 64.29 9.56 0.003
MIC.Axis1 11.34 64.96 20.11 <0.001
MIC.Axis2 1.05 65.00 1.86 0.178
full.N SOM.Axis1 2.62 58.80 5.28 0.025 0.35 0.40 165.50 18574 -73.75 147.50
SOM.Axis2 1.34 58.24 2.69 0.106
MIC.Axis1 6.75 63.18 13.60 <0.001
MIC.Axis2 0.12 57.90 0.23 0.632
N 3.42 60.42 6.89 0.01
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S.Tab. 8: Linear mixed effect model results for mass-specific respiration at 14 °C. Depicted
are one factor models of environmental parameters (soil water content (SWC), soil pH, soil C, N, P)
and PCoA axes (SOM1, SOM2, MIC1, MIC2), a model of soil organic matter composition (SOM) with
both PCoA axes, a model of microbial community composition with both PCoA axes, a model of
microbial community composition and soil C (MIC.C), and a model including SOM and MIC
compositions (full).

Model Predictor MSQ DDF F value p-value R’m R?*c AIC BIC logLik Dev.
SWC SWC 4.63 63.01 8.76 0.004 0.10 0.28 1567.30 168.25 -73.65 147.30
pH pH 1.1 63.54 1.90 0.173 0.02 0.19 163.60 17455 -76.80 153.60
C C 3.26 63.00 5.93 0.018 0.07 0.27 159.95 17090 -74.98 14995
N N 3.45 63.16 6.29 0.015 0.07 0.24 156942 17037 -74.71 14942
P P 0.93 63.10 1:59 0.212 0.02 0.20 164.02 17497 -77.01 154.02
SOM1 SOM.Axis1 1.78 63.08 3.10 0.083 0.04 0.22 16252 17347 -76.26 15252
SOM2 SOM.Axis2 0.00 63.50 0.00 0.981 0.00 0.19 16568 176.63 -77.84 155.68
SOM SOM.Axis1 1.87 62.01 3.22 0.078 0.04 0.22 16441 17755 -76.20 15241
SOM.Axis2 0.09 62.45 0.16 0.695
MICA1 MIC.Axis1 6.63 63.00 13.36 <0.001 0.14 0.34 156340 164.35 -71.70 14340
MIC2 MIC.Axis2 0.14 63.35 0.24 0.626 0.00 0.19 16539 176.33 -77.69 155.39
MIC MIC.Axis1 6.54 62.00 12.99 <0.001 0.14 0.33 18527 16840 -71.63 143.27
MIC.Axis2 0.05 62.29 0.10 0.754
MIC.C MIC.Axis1 2.54 61.11 5.09 0.028 0.15 0.37 15580 171.13 -70.90 141.80
MIC.Axis2 0.28 61.58 0.57 0.453
C 0.78 61.40 1:5F 0.214
full SOM.Axis1 0.08 60.13 0.16 0.692 0.14 0.37 158.08 175,60 -71.04 142.08
SOM.Axis2 0.66 60.57 1.30 0.259
MIC.Axis1 4.71 60.00 9.27 0.003
MIC.Axis2 0.02 60.42 0.04 0.838

71



S.Tab. 9: Linear mixed effect model results for temperature response (Qi0) of mass-specific
growth. Depicted are one factor models of environmental parameters (soil water content (SWC),
soil pH, soil C, N) and PCoA axes (SOM1, SOM2, MIC1, MIC2), a model of soil organic matter
composition (SOM) with both PCoA axes, a model of microbial community composition with both
PCoA axes, a model of microbial community composition and soil C (MIC.C), and a model including
SOM and MIC compositions (full). A model of soil P did not meet model assumptions.

Model Predictor MSQ DDF F value p-value R?m R%c AlC BIC logLik Dev.

SwWC SswcC 0.31 66.00 0.62 0.432 0.01 0.01 15425 16534 -7212 144.25
pH pH 0.46 66.00 0.91 0.344 0.01 0.01 153.96 16505 -71.98 143.96
C C 0.38 66.00 0.75 0.389 0.01 0.01 15412 16521 -72.06 144.12
N N 0.08 66.00 0.17 0.684 0.00 0.00 154.72 165.81 -72.36 144.72
SOM1 SOM.Axis1 0.00 66.00 0.00 0.950 0.00 0.00 154.88 16598 -72.44 14488
SOM2 SOM.Axis2 1.60 66.00 3.30 0.074 0.05 0.05 15157 162,67 -70.78 141.57
SOM SOM.Axis1 0.12 65.00 0.24 0.623 0.05 0.05 153.31 16663 -70.66 141.31
SOM.Axis2 1.71 65.00 3.50 0.066
MIC1 MIC.Axis1 0.83 66.00 1.68 0.200 0.02 0.02 15318 164.28 -71.59 143.18
MIC2 MIC.Axis2 1.14 66.00 2.32 0.132 0.03 0.03 152.54 16363 -71.27 14254
MIC MIC.Axis1 0.80 65.00 1.64 0.205 0.06 0.06 152.84 166.16 -7042 140.84
MIC.Axis2 111 65.00 2.27 0.136
MIC.C MIC.Axis1 0.97 64.00 1.97 0.165 0.06 0.06 15442 16995 -70.21 14042
MIC.Axis2 0.1 64.00 0.23 0.631
C 0.20 64.00 0.40 0.529
full SOM.Axis1 0.02 63.00 0.03 0.855 0.08 0.08 155.14 17289 -69.57 139.14
SOM.Axis2 0.61 63.00 1.25 0.268
MIC.Axis1 0.19 63.00 0.39 0.537
MIC.Axis2 0.48 63.00 0.98 0.326

S.Tab. 10: Linear mixed effect model results for temperature response (Qio) of
mass-specific respiration. Depicted are one factor models of environmental parameters (soil water
content (SWC), soil pH, soil C, N, P) and PCoA axes (SOM1, SOM2, MIC1, MIC2), a model of soil
organic matter composition (SOM) with both PCoA axes, a model of microbial community composition
with both PCoA axes, a model of microbial community composition and soil C (MIC.C), and a model
including SOM and MIC compositions (full).

Model Predictor MSQ DDF  F value p-value R*m R?c AlC BIC logLik Dev.
SWC SWC 0.44 52.00 0.92 0.342 0.01 0.39 14405 15443 -67.02 134.05
pH pH 0.12 50.39 0.24 0.625 0.00 0.40 14482 15521 -67.41 134.82
C (] 117 54.84 2.51 0.119 0.03 0.38 14240 15279 -66.20 13240
N N 1.66 55.89 3.60 0.063 0.04 0.41 14150 15189 -6575 131.50
P P 1.36 55.13 3.04 0.087 0.03 0.43 142.03 15242 -66.01 132.03
SOM1 SOM.Axis1 0.51 52.57 1.10 0.299 0.01 0.40 143.89 15428 -66.95 133.89
SOM2 SOM.Axis2 0.31 32.00 0.63 0.434 0.01 0.35 14438 154.76 -67.19 134.38
SOM SOM.Axis1 0.53 51.08 1.09 0.301 0.02 0.36 14528 157.75 -66.64 133.287
SOM.Axis2 0.30 34.90 0.62 0.436
MIC1 MIC.Axis1 1.35 52.82 3.1 0.084 0.03 0.45 14215 15254 -66.08 13215
MIC2 MIC.Axis2 1.34 51.62 2.94 0.092 0.04 0.44 14219 15258 -66.10 132.19
MIC MIC.Axis1 0.85 54.86 1.96 0.167 0.05 0.46 14225 15471 -65.12 130.25
MIC.Axis2 0.86 47.26 199 0.165
7 MIC.C MIC.Axis1 0.82 53.62 1.87 0177 0.05 0.47 14417 158.71 -65.08 130.17
MIC.Axis2 0.64 54.29 147 0.231
C 0.05 51.66 0.12 0.726
full SOM.Axis1 0.45 51.90 1.00 0.321 0.07 0.45 14462 161.24 -64.31 12862
SOM.Axis2 0.20 41.49 0.44 0.513
MIC.Axis1 1.45 5295 3.20 0.080
MIC.Axis2 1.19 50.21 2.62 0.112
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