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Abstract 
 

Soil is fundamental to agricultural productivity and sustainability. Soil organic matter (SOM) is 

important as a “revolving nutrient fund”, which determines plant nutrient availability. 

Microbes are key determinants of SOM turnover and of SOM dynamics. Their activities are 

influenced by organic inputs from plants (Priming Effects). Understanding these interactions 

has the potential to reduce external N input by better predicting the soil N supply. However, 

which microbes are involved in primed SOM mineralization is unknown. 

Analytical methods utilised to investigate this were 13C isotope ratio source partitioning for 

quantifying C mineralised fluxes, 16S rDNA and 16S rRNA sequencing to determine growing 

and potentially active taxa, and metaproteomics of contrasting soil extracts for illuminating 

proteins involved in SOM decomposition. A sample-specific soil interference correction was 

developed for quantification of protein and humic substances content in contrasting soil 

extracts. Results showed that correction factors differed with soils and buffer extract. Further, 

the potential for metaproteomics to profile contrasting extracts was assessed. Results in labile 

extracts showed that transporter proteins for carbohydrates, amino acids and nitrogenous 

compounds, and arylsulfatase for enzymes were most abundant, while the humic extracts 

remain to be successfully profiled. Results from incubation experiments indicated, that several 

genera, among others from the phylum Actinobacteria (e.g. (Pseud)Arthrobacter), were 

implicated in mediating primed fluxes. In another incubation experiment, the magnitude of 

labile C additions in relation to primed SOM mineralisation responses were tested. Dynamics 

of specific bacterial populations showed that primarily r-strategists were implicated with the 

bacterially mediated SOM-C mineralisation flux at all magnitudes. Bacterial, K-strategists were 

only activated at higher magnitudes of labile C additions.  

This thesis addressed knowledge gaps on bacterial population dynamics involved in SOM and 

nutrient dynamics. This can inform on sustainable practices for the provision of ecosystem 

functions of nutrient cycling and soil C dynamics. 
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1.1. Background 
Soil is the fundamental basis of agriculture for the production of food, feed, and fibre. Soil not 

only determines the productive capacity, it also strongly influences the provision of and the 

delivery of ecosystem services like water cycles, carbon (C) sequestration, and disease 

suppression (Hedlund and Harris, 2012; Veerman et al., 2020; Janvier et al., 2007). For good 

reasons, the General Assembly of the United Nations declared 2015 as the International Year 

of Soils. Despite their importance, about one third of the world’s soils are now in a degraded 

condition, affected by erosion, salinization, compaction, acidification, nutrient imbalance, 

chemical pollution, and urbanisation (Montanarella et al., 2015). Thus, if the world continues 

to lose productive soils at the current rate, feeding 9 to 10 billion people will not be possible 

and global food security will be severely at risk (Montgomery, 2007; Godfray et al., 2010). 

Green revolution technologies, which relied on high external inputs to foster productivity, 

have contributed to various types of soil degradation and have endangered sustainability 

(McIntyre et al., 2009). Further, adverse external effects of greenhouse gas emissions and 

degradation of water quality are resulting from high input agricultural practices (European 

Environmental Agency, 2020). Society’s growing concern about environmental degradation 

and global warming have resulted in more restrictive regulatory frameworks, governing the 

agricultural sector and its practices. Examples are the EU’s Nitrates Directive (1991/676, CEC, 

1991) to protect drinking water, the EU directive 2016/2284, (CEC, 2016) regulating gaseous 

emissions of ammonia, fine particles, and nitrous oxide, and the UN climate framework 

convention (United Nations, 1992). To foster the achievement of its sustainability goals in 

agriculture, the EU has recently been promoting a “Farm to Fork” strategy (European 

Commission, 2020) and a technical report details the background and steps towards a more 

“sustainable land and soil management as part of a wider, green transition“ (Veerman et al., 

2020).  

To reverse current environmental impacts, sustainable soil management concepts must be 

developed, which put the soil’s biological functions and interactions into the context of 

external interventions, such as for example the carefully-chosen, knowledge-based supply of 

mineral fertilizers. As regards nutrient management, the “Farm to Fork” strategy (European 

Commission, 2020) promotes specific goals like reducing overall nutrient loads, cutting 

nutrient losses by 50% without reduction in soil fertility, diminish fertiliser use by 20%, achieve 

balanced fertilisation by managing N & P throughout the crop’s lifecycle, and promote the use 

of integrated nutrient management in order to reduce nutrient pollution at its source. To 

achieve a more sustainable management of soil, one needs to recognize that soil is a multi-

functional natural body. As pointed out in principle 5 of the world soil report (Montanarella et 

al., 2015, p. 5), “the specific functions provided by a soil are governed, in large part, by the 

suite of chemical, biological, and physical properties present in that soil. Knowledge of the 

actual state of those properties, their role in soil functions, and the effect of change – both 

natural and human-induced – on them is essential to achieve sustainability”. 

Soil organic matter (SOM) is especially important for soil fertility and nutrient dynamics. It 

thereby constitutes a central leverage for achieving agricultural sustainability. In agricultural 

practice, SOM is important as a “revolving nutrient fund”, and for soil structure/soil tilth, 
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which in turn determines nutrient availability, water holding capacity, and aeration for root 

and microbial respiration. Also, SOM and soil particle aggregation are important to minimise 

soil erosion. Understanding SOM dynamics has the potential to reduce external N input, by 

being able to better predict the soil nutrient supply from the microbially mediated 

decomposition of SOM (Bot and Benites, 2005; Montgomery, 2007; Ashman and Puri, 2013; 

Paul, 2014). Against the backdrop that soil organic C stocks have been decreasing in managed 

arable and grasslands soils (Montanarella et al., 2015; Veerman et al., 2020), the build-up of 

SOM would also tie in with international efforts to improve soil management practices, so that 

agricultural, mineral soils are used for atmospheric C sequestration (Minasny et al., 2017).  

A definition of what is regarded as SOM is not harmonized. SOM mainly refers to the dead 

organic matter (OM), but may in other definitions also include the living components in soil, 

such as microorganisms, roots, and fauna (Kuzyakov, 2010). The dead OM may be further 

distinguished between OM recognizable as litter and tissue of for example senescing plants 

and animals, and that OM decomposed further to varying degrees. The latter is often referred 

to as “native SOM”, “SOM-humus”, and “humus” (Tan, 2014; Paul, 2016). SOM-/humus as 

defined by Tan (2014) could then further be divided into the non-humic and humic matter 

fraction. The non-humic fraction is defined as decomposition products from polymeric OM, 

which are for example lignin (polymeric) and its monomeric or oligomeric decomposition 

products. The humic matter fraction is harder to define in respect to chemical structure, 

stoichiometry, composition, and size (Tan, 2014). This is reflected in the long lasting scientific 

debate, if the analyses of humic matter fractions “humin”, “humic acids”, and “fulvic acids” 

are grounded in intrinsic properties of the SOM, or are caused by changes to the original SOM 

substances by the extraction procedure (Tan, 2014; Lehmann and Kleber, 2015). More 

generally, to frame the issue of humic matter SOM fractions, the analytical approaches have 

been grouped as the chemical approach based on chemical properties of the extracts, 

operational approach based on differences from different extraction procedures, or the 

functional approach based on e.g. biological responses to the fractions (Tan, 2014). However, 

the importance given to intrinsically recalcitrant properties of SOM for explaining the 

magnitude of SOM mineralized fluxes has shifted to SOM stabilization mechanisms through 

for example remoteness of substrate from microbes (co-location), occlusion from microbes, 

and organo-mineral and biochemical stabilization (Paul, 2016; Lehmann and Kleber, 2015; 

Cotrufo et al., 2015). Irrespective of the importance given to recalcitrance or stabilization 

mechanisms of SOM, it has long been observed that most SOM is mineralizable by microbes 

when supplied with energy (Löhnis, 1926; Broadbent, 1948) and this points to microbes as the 

central mediators of those fluxes. 

In their seminal paper, Kuzyakov et al. (2000) defined Priming Effects as “strong short-term 

changes in the turnover of SOM caused by comparatively moderate treatments of the soil”. 

These treatments may be organic matter inputs (e.g. rhizodeposits, green manure, animal 

manure), mineral fertiliser and mechanical treatments of soil. In particular, Priming Effects 

with an increase in the rate of SOM mineralisation (positive or real Priming Effects) are of 

further interest for nutrient release. Through the connection between microbially mediated 

SOM decomposition and mineralisation, and SOM being a nutrient store, Priming Effects have 

relevance to agricultural management practices and agronomic and environmental outcomes. 
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A better understanding of the Priming Effect dynamics would for example enable the 

minimisation of the amount of mineral fertilizers used, which would have positive effects on 

externalities such as groundwater pollution or nitrous oxide emissions from nitrate fertilisers. 

It is against this background that this research was conducted and written. The overall theme 

of the thesis focuses on the microbial determinants of primed SOM mineralisation and 

nutrient availability.  

This research is novel in several regards. Firstly, it takes a multi-“omics” approach, which 

employs genomics and transcriptomics to clarify the identities and potential activities of 

microbes involved in SOM mineralisation, proteomics for the functional and phylogenetic 

identification of proteins underlying the mechanics of transformational processes, and 

couples this with isotope ratio source partitioning of C mineralised fluxes to determine 

magnitude of primed fluxes. In particular, the identities of microbes mediating Priming Effects 

remains to be determined. Secondly, the Priming Effect experiments using “omics” were 

based on mineral, grassland soils rich in organic matter (OM), in contrast to most arable and 

grassland soils in mainland Europe with much reduced/degraded C content (Veerman et al., 

2020). Temperate grassland soils represent among other land use types and biomes important 

land uses and soil organic C stocks (Paul, 2014; Minasny et al., 2017) and their understanding 

has broader importance for understanding soil processes. These OM-rich, mineral grassland 

soils would also present challenging conditions for “omics” methods in comparison with sandy 

or glacial fore field soils used for previous studies (Di Lonardo et al., 2017; Rime et al., 2016). 

However, investigation of such soils in the context of Priming Effects would allow to better 

understand microbial activities in a “healthy” soil context (Karlen, 2013) with putative general 

relevance for soil biodiversity and functioning in the context of soil C and nutrient dynamics. 

In the next section a more detailed analysis of the research gaps that exist in connection with 

studies on Priming Effects is submitted. 

1.2. Research gaps on microbes and Priming Effects 

determining nutrient availability 
Already 100 years ago, research on the microbial mediation of soil nutrient dynamics 

produced knowledge, which is still relied on today (Waksman, 1922; Waksman and Starkey, 

1924; Starkey, 1924; Löhnis, 1926). However, the role of specific microorganisms involved in 

the transformation of elements and soil nutrient supply still requires further explication 

(Kuzyakov et al., 2000; Cheng and Kuzyakov, 2005; Bengtson et al., 2012). The large diversity 

and functional redundancy of microbes in soil (Cordero and Polz, 2014; Torsvik and Øvreås, 

2002) poses challenges even to modern molecular methods in terms of sequencing and eco-

physiological insights (Howe et al., 2014; Dini-Andreote and van Elsas, 2013; Prosser, 2012).  

It has long been hypothesised that the increased rate of SOM decomposition associated with 

alleviation of microbial energy limitation, serves to increase supply of growth limiting 

nutrients (Broadbent and Norman, 1948; Craine et al., 2007). Microbes in soil are generally 

shown to be energy limited, rather than specifically N-limited (De Nobili et al., 2001; Hobbie 

and Hobbie, 2013; Demoling et al., 2007). The decomposition of SOM, when enabled by 

availability of labile C, may then serve to avail of N and other nutrients, which may be 
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complexed in N-rich moieties (Fontaine et al., 2011; Murphy et al., 2015; Sinsabaugh, 2010; 

Sinsabaugh and Shah, 2011; Burns et al., 2013). As plants in pasture grasslands can allocate 

ca. 30-50 % of their photosynthate C into roots and root-derived compounds (Paul, 2016), 

which enables microbes to drive soil respiration and SOM decomposition (Cheng and 

Kuzyakov, 2005; Bengtson et al., 2012), the mechanisms of this “work partitioning” between 

microbes and plants would be of further interest. Despite the occurrence and advantages of 

direct commensal/mutualistic relations e.g. endophyte/root nodulating bacteria or 

mycorrhizal associations, there is a majority of free living microbes in soil (Cheng et al., 2014). 

This raises questions as to the plant, as well as microbial mechanisms, which lead to increased 

nutrient availability.  

Plants can modulate the amount and form of below-ground allocated C, rhizodeposits, to 

adapt to eco-physiological requirements, e.g. nutrient mobilisation. In the rhizosphere when 

compared to bulk soil, generally a higher microbial biomass as well as higher degree of 

cultivable microbes are found giving rise to the so called “Rhizosphere effect” (Nguyen, 2003). 

Rhizodeposits consist mainly of rhizoexudates, mucilage, root cap/border cells, and root hairs. 

Mucilage is implicated in soil particle aggregation and microbial uptake, while rhizoexudates 

may, apart from microbial uptake, also serve as signalling molecules picked up by microbes 

(Nguyen, 2003; Jones, 1999; Dennis et al., 2010). Rhizoexudates contain a mixture of simple 

and complex sugars, amino acids, organic acids, phenolics, alcohols, polypeptides, and 

proteins. The relative quantities of the compounds vary with plant species and eco-

physiological state (Nguyen, 2003; Jones, 1999; Dennis et al., 2010). Organic acids have 

additional effects on SOM and the microbial community. It is thought that organic acids are 

secreted by plants primarily as metal chelators to mobilise metals or detoxify Al. Also, organic 

acids, despite their low mobility in soil, have been found to be rapidly mineralised by microbes, 

with substantial portions incorporated into microbial biomass (Nguyen, 2003; Jones, 1999; 

Dennis et al., 2010). Furthermore, organic acids have been found to have a SOM destabilising 

effect and this may further influence microbial community composition by making further 

stabilised SOM moieties accessible to microbial mineralisation (Keiluweit et al., 2015; 

Clarholm et al., 2015; Falchini et al., 2003).  

To date, agricultural practices have led to the loss of ca. 116 Pg C (Sanderman et al., 2017), 

which is equivalent to ca. 13% of the current soil organic C (SOC) stock of the upper 0.3 m of 

soil. This total lost C amount would constitute the C sink potential of soils. The potential for 

mineral soils to store annual anthropogenic C emissions of 8.9 Pg a-1, would require an average 

annual increase of SOC by 1% a-1 within the upper 0.3 m or 0.4% a-1 within the upper 2 m of 

soil and was assessed to be viable on average, even with considering strong heterogeneity for 

soils and land uses (Minasny et al., 2017). C sequestration measures for agricultural land, for 

example, consist of growing cover crops to reduce fallow periods, reduction or halting of 

tilling, and the use of high residue crops or organic amendments to enhance C input (Paustian 

et al., 2016). The latter effect of C sequestration is hypothesised to arise from root derived C 

being more stable than plant residue C (Kätterer et al., 2011). 

That rather labile C is forming stable SOM requires explication of SOM stabilisation concepts. 

The gradual degradation and mineralisation of more labile fractions and the retention of more 
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recalcitrant compounds by “selective preservation” or “chemical recalcitrance” can be 

thought of as a reason for persistence of organic matter (OM) in soil. However, it has been 

observed that even more chemically recalcitrant OM is almost completely decomposable 

within a year and recalcitrance is not regarded to be the foremost reason for persistence of 

OM. Rather, microbial derived carbohydrates, amino sugars, and lipids have been associated 

with stable OM in soil and would explain the relatively narrow C:N ratio of those stable 

fractions (Dungait et al., 2012; Cotrufo et al., 2013). Despite that root derived C was observed 

to be more labile than the recalcitrant parts of above ground plant litter, while also labile C is 

associated with more stable soil C, this can be reconciled with another observation that stable 

soil C is rather of microbial origin (Cotrufo et al., 2013; Dungait et al., 2012). Due to labile C 

exhibiting a higher microbial C use efficiency (CUE) – ratio of C incorporated into biomass to 

total C taken up – than more recalcitrant C, relatively more labile C is incorporated and also 

enables a larger microbial biomass. For example, glucose exhibits a CUE of 73% in contrast to 

lignin with CUE of 8-31% (Cotrufo et al., 2013). Several mechanisms then lead to OM 

compounds becoming stabilised in soil. Firstly, OM compounds can become stabilised on 

mineral particles (i.e. clays) and surfaces by metal-ligand exchange, polyvalent cation ion 

bridging, complexation/coating with metals, and van der Waals forces (von Lützow et al., 

2006). Secondly, occlusion in aggregates and organic molecules, mineral intercalation, and 

hydrophobicity can lead to inaccessibility of OM to decomposition/chemical weathering. 

Hydrophobicity can, for example, form by heterogenous compounds aggregating to form 

supramolecular aggregates (Piccolo, 2001), and hydrophobic arrangements might reduce 

accessibility to microbes/enzymes (Kleber et al., 2007). Thirdly, the “remoteness” or non-“co-

location” of OM compounds and microbes/enzymes is further thought to be responsible for 

OM stability in in soil. For example, enzymes may be ecologically too costly for an organism to 

produce in order to decompose a distant substrate and rely on the diffusion of the products 

(Allison et al., 2005). However, when confluence of microbes are considered, for example in 

narrow crevices, pores, or hotspots such as biofilms, their joint effort to produce enzymes and 

degrade SOM may lead to common profit by diffusive distribution of products or higher 

intensity of products (Ekschmitt et al., 2005; Spohn and Kuzyakov, 2014). Considering the large 

specific surface area in soil and the sparse population coverage in soil, would then explain that 

SOM, despite its degradability, can persist due to its “partial refuge” from decomposition 

(Ekschmitt et al., 2005). “Partial refuge” was termed as SOM that is not decomposed due to 

its patchy distribution in soil and the (temporal) absence of co-located organisms capable of 

its decomposition (Ekschmitt et al., 2005). Further refuge from decomposition by 

microorganisms can be a result from variable soil water status and connectedness of pore 

space (Poll et al., 2008). It has therefore been proposed that an “abiotic regulatory gate” 

supplies microbes with SOM compounds, but it is also the rate limiting step in microbial SOM 

mineralisation (Kemmitt et al., 2008; Brookes et al., 2017). This aspect of microbial accessible 

SOM ties in with questions on the degree of microbial control on the rate of SOM 

mineralisation (Kuzyakov et al., 2009; Paterson, 2009).  

Despite indication that priming mobilises stable SOM pools (Guenet et al., 2012; Derrien et 

al., 2014), many studies have reported net C storage even with positive Priming Effects (for an 

overview see: Liu et al., 2017). Consequently, as Janzen (2006) discussed, the soil C balance as 
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a possible trade-off between storing/sequestering C and mineralising soil C for nutrient 

release would need to be considered. Priming Effects, which are concerned with the variability 

in the outcome of labile OM inputs (e.g. rhizodeposits, manure) and outputs (mineralisation 

and nutrient release) mediated by microbes (biological factors) would therefore be central to 

better predict soil C balance. Different factors influence Priming Effects and their direction (for 

an overview see: Kuzyakov, 2010) and it depends on the biological and experimental context, 

which (stable or labile) SOM moieties are being accessed and decomposed. Some factors are 

1) amount of added substrate (Liu et al., 2017; Paterson and Sim, 2013; Blagodatskaya and 

Kuzyakov, 2008), 2) differences in frequency and mode of application (e.g. once-off, pulse 

monthly vs. weekly) (Qiao et al., 2014; Zhou et al., 2021), 3) differences in labile substrate 

quality/recalcitrance (Hamer and Marschner, 2005; Di Lonardo et al., 2017), and 4) soil horizon 

(de Graaff et al., 2014; Wang et al., 2015). Negative priming, a decrease in SOM mineralisation 

rate, has also been frequently observed, and it is hypothesised that this is due to preferential 

substrate utilisation of microbes, when they switch from the decomposition of SOM to the 

utilisation of substrate when nutrients are abundant (Kuzyakov, 2010; Blagodatskaya and 

Kuzyakov, 2008; Wang et al., 2015). Despite that positive relationships of labile C input to 

primed SOM mineralisation were found (Wang et al., 2015; Rousk et al. 2015; Paterson and 

Sim, 2013; Liu et al., 2017) the relation is not constant. It was hypothesised in Wang et al. 

(2015) that this may be due to 1) other nutrients than C become limiting when adding 

increasing C amounts, 2) SOM not being accessible in sufficient quantities due to spatial 

separation or insolubility (mentioned previously), or 3) the added labile C input might be 

quickly taken up and stored in microbial biomass and thus the exhaustion of C would prevent 

further priming. Considering the likely heterogeneity of SOM moieties, while at the same time 

these are biochemically decomposable but persist in a state of “refuge” from decomposition 

(Ekschmitt et al., 2005; Dungait et al., 2012), and that positive priming may be a directed “N-

mining” activity (Blagodatskaya and Kuzyakov, 2008; Murphy et al., 2015; Chen et al., 2014; 

Fontaine et al., 2011) raises questions as to the specific primed SOM mineralisation activity. 

On a higher level, Priming Effects can be responsible for increased nutrient availability to 

plants. First, SOM nutrient mobilisation and subsequent immobilisation in microbes would not 

immediately increase nutrient availability to plants. However, it is regarded to enhance 

nutrient availability nevertheless, as the nutrients have transitioned from a SOM-stabilised 

state into a more bio-available/labile form, due to microbes exhibiting a higher turnover rate 

than plants (Cheng, 1999; Cheng and Kuzyakov, 2005; Murphy et al., 2015). For example, 

microfaunal grazing of microbial cells is a mechanism that leads to higher nutrient availability, 

where the higher trophic levels exhibit wider C:N ratios than the bacteria, and this may then 

lead to surplus N in soil solution (Bonkowski and Clarholm, 2012; Clarholm, 1985). Second, 

due to the differing stoichiometry of heterogeneous SOM moieties, there may be a 

stoichiometric mismatch between SOM sources and microbes utilising these moieties. Clearly, 

when the C:N ratio of the SOM is lower than that of the microbes (e.g. bacteria with 5:1), it 

would lead to oversupply of N, which would be ejected from microbial cells into the 

environment to maintain homeostasis. Moreover, the following mechanism suggests, that this 

is also possible when the stoichiometric relations are the other way round. When considering 

C utilisation for respiration, then for bacteria already a SOM source with a C:N ratio below 
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12.5:1 would lead to stoichiometric oversupply of N (Hodge et al., 2000). Similarly, for fungi a 

SOM source at a C:N ratio below 30.3:1 would lead to stoichiometric oversupply of N (same 

reference). Thirdly, it was hypothesised, that the proportion of growth-active to substrate 

responsive microbes (no growth but respiration) may lead to nutrient release, as the latter 

group is only consuming C for energy generation in aerobic respiration (Bottomley et al., 

2012). Fourthly, temporal dynamics of energy availability and energy limitation may also lead 

to the release of nutrients, especially of N, when cell internal amino acids are oxidised for 

energy purposes in energy limiting conditions and surplus N is ejected (Dundon, 2006; 

Geisseler et al., 2010; Mooshammer et al., 2014). 

While specific microbial populations are likely agents to-be discovered in the proposed 

mechanisms, there lies an enigma regarding the microbial community composition per se as 

an explanation for Priming Effects. This is because the physico-chemical environment may 

shape the microbial community composition itself. Factors for shaping microbial communities 

in soil are habitat heterogeneity in terms of space and time (“patchiness”) and in terms of 

resources, conditions, and interacting populations, primary productivity, and disturbance 

(Horner-Devine et al., 2004). It has long been regarded in Ecology, that the physico-chemical 

constraints determine where an organism cannot be found (Putman and Wratten, 1984). In 

turn, for temperate conditions, it is rather the biological interactions that determine the 

relative abundance of an organism (Putman and Wratten, 1984). Indeed, it has been found, 

that the absence of microbial community members can inhibit primed fluxes (Garcia-Pausas 

and Paterson, 2011). This aspect ties in with a central hypothesis for explaining positive 

Priming Effects based on microbial r- and K-strategists dynamics (Fontaine et al., 2003). The 

microbial populations adapted to rapidly growing upon availability of labile substrate are 

classed as r-strategists, sensu Pianka (1970). It was hypothesized that the low energetic quality 

of SOM limits the energetic yield to r-selected microorganisms from breaking down these 

compounds and this results in low mineralization rates. In contrast, those populations which 

exhibit continuous activity, slow growth, and allocation of more of their resources to 

extracellular enzyme production for SOM decomposition and defence from predation would 

adhere to selection as K-strategists (Fontaine et al., 2003; Pianka, 1970). It was hypothesised 

in Fontaine et al. (2003), that by providing r-strategists with energy and nutrients, the 

mineralization of SOM would increase by activating those microbes, which in turn also “co-

metabolize” increased portions of SOM. Also, it was hypothesised that the more similar the 

substrate would be to the SOM moieties, the stronger the effect of the primed “co-

metabolization” on these SOM moieties would be through co-specificity of enzymes to added 

substrates and SOM. In other situations, where the addition of easily assimilable compounds 

would not lead to the increased mineralization of SOM, Fontaine et al. (2003) suggested that 

individual microorganisms are not limited by energy, but that the Priming Effect results from 

the dynamics of r- and K-selected populations, where initially r-strategists would grow but not 

decompose SOM, and their rise or their necro mass would then activate K-strategists.  

Results in Chen et al. (2014) supported the hypothesis that different microbial strategists were 

involved in Priming Effects, depending on N availability. In low N availability, the increased 

SOM mineralization was ascribed to K-strategists, while in higher N availability the increased 

SOM mineralization was ascribed to r-strategists. Experiments in Rousk et al. (2015), De Graaff 
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et al. (2010), and Di Lonardo et al. (2017), which investigated the Priming Effect with regard 

to the dynamics of bacteria (r-strategists) and fungi (K strategists), found both bacteria and 

fungi to be responding to the addition of labile C, but that their relative importance for the 

SOM mineralisation fluxes depended on several factors such as the initial soil conditions, 

fungal to bacterial ratios, and level of added substrate, or were not correlated. While fungi, 

due to their capabilities to decompose recalcitrant OM, are regarded to be key players in SOM 

decomposition (Fontaine et al., 2011; Di Lonardo et al., 2017), high taxonomic resolution 

bacterial investigations have indicated specific bacterial taxa to exhibit responses also relevant 

to Priming Effects (Morrisey et al., 2017; Rime et al., 2016; Di Lonardo et al., 2017; Cleveland 

et al., 2007; Eilers et al., 2010). All in all, it may be that r- and K-selection applies to both fungi 

and bacteria. 

Therefore, the research gap lies in the determination of microbes involved in primed SOM 

mineralization, whether they be bacterial and/or fungal. This requires high resolution 

characterization of taxa, population abundance changes, and determination of activity in the 

specific experimental/environmental context. However, to characterize identity and activity 

of microbes in soil poses challenges to current methodologies. Especially the extraction and 

identification of proteins from soil, which would reveal specific activities of e.g. enzymatic 

functions, is still unresolved. 

1.3. Research gaps on soil organic matter fractions and soil 

proteins 
Also in soil, proteins underpin transformation activities. For example, enzymes act in the 

break-down of polymeric, oligomeric, and dimeric molecules and thereby facilitate their 

transport (via transporter proteins) into the microbial cell. Many investigated enzymatic 

activities in soil concern the break-down of cellulose, hemi-cellulose, lignin, proteins, and 

amino-sugars especially via hydrolytic and oxido-reductive enzymatic reactions (Burns and 

Dick 2002; Burns et al., 2013). In addition to enzymes, functions in soil are performed by e.g. 

transporter, signalling, and defence proteins (Burns et al., 2013; Geisseler et al., 2010). 

However, soil proteins may not only be reflective of the activity of active microbes, as proteins 

may also stem from dead or disintegrating microbial cells and their resting stages such as 

spores, cysts, and endospores (Burns et al., 2013), and animal or plant cells (Nannipieri and 

Smalla, 2006). Also, enzymes can become soil-stabilised and resist degradation (Burns and 

Dick, 2002; Burns et al., 2013; Nannipieri and Smalla, 2006). Soil stabilized proteins are not 

only highly relevant in terms of soil N stocks, as they were reasoned to constitute the majority 

of soil N, as compared to a minor portion as intracellular N, but also due to their residual 

enzymatic activity (Nannipieri and Smalla, 2006). Thus, investigations of proteins and their 

functions can give valuable clues as to the specific SOM decomposition activity in (positive) 

Priming Effects.  

However, the extraction and identification of proteins from soil is still severely hampered by 

technical challenges (Wilmes et al., 2015). Nonetheless, on the basis of “operational” 

fractionations of SOM by extractions, which have traditionally corresponded to SOM fractions 

of e.g. labile or “humic” fractions, this combined with protein identification may well furnish 
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further insights into the Priming Effects by specifying co-extracted protein functions. The 

research gap then lies in the identification of in operational fractions presumably co-located 

proteins (i.e. enzymes), which transform organic compounds, and thereby providing clues to 

e.g. the specific decomposition activity and its microbial origin. Indeed, Rousk et al. (2015) and 

Di Lonardo et al. (2017), hypothesised that soil proteins/enzymes could provide further insight 

into the Priming Effect.  

1.4. Outline of the study 
The research approach taken in this thesis is conceptualized in Figure 1.4-1, depicting two 

parts. The first part was concerned with revealing proteins involved in the decomposition of 

organic compounds from contrasting fractions, as these relate to different SOM 

transformational processes, as indicated by question marks in black circles in the figure below. 

The second part of the thesis was concerned with bacteria mediating Priming Effects of C and 

N mineralised fluxes. This part is schematized in violet question marks in Figure 1.4-1, and 

investigated which bacterial populations were implicated in mediating the SOM derived 

mineralisation fluxes, when the energy limitation is lifted by labile C addition. The 

methodology employed consisted of operational fractionation of SOM with protein and humic 

substances quantification (Part 1), proteomic profiling of operational fractions with liquid 

chromatography tandem mass spectrometry (LC-MS/MS) (Part 1), isotope ratio source 

partitioning for quantification of primed C fluxes (isotopics) (Part 2), and molecular methods 

of 16S rRNA gene (genomics) and 16S rRNA reverse transcript (transcriptomics) amplicon 

sequencing for determination of potential growth, activity, and identity of the bacterial 

community (Part 2). 

In chapter 2, soil protein and humic substances quantification from three contrasting 

extraction buffers were studied. Initially, to enhance understanding of the proportions of 

protein and humic substances in contrasting extracts, a correction method to the colorimetric 

Lowry assay based on sample specific corrections was developed, where previously 

calibrations were done in clean matrices. Contrasting extracts from two organic matter rich, 

mineral soils were used to discuss corrections and compare with fluorometric protein 

quantification and hydrolysable amino acids methods made. 

In chapter 3, the goal was to identify microbial origin and function of proteins associated with 

labile and humic soil extracts, thereby giving clues to e.g. enzymatic transformation activities 

on SOM decomposition. This is set out with scissors in black circles in Figure 1.4-1. Extracts 

were concentrated and cleaned for proteomic analysis with liquid chromatography tandem 

mass spectrometry (LC-MS/MS). The metaproteome of the contrasting extracts was compared 

and bioinformatic strategies investigated. Further development needs were then discussed. 

In chapter 4, the soil incubation experiment investigated basal and primed conditions and 

bacteria implicated with the respective SOM fluxes as outlined by violet elements in Figure 

1.4-1. The semi-continuous labile C addition in two contrasting grassland soils was designed 

to resemble rhizosphere conditions (Rhizodeposits in figure below). The SOM-C and net 

inorganic N mineralised fluxes between soils were compared, the basal active and primed 

bacterial communities identified, and their strategies discussed.  
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In chapter 5, hypothesised mechanisms at the basis of Priming Effect responses at different 

magnitudes of labile C additions, made previously in a critical review by Blagodatskaya and 

Kuzyakov (2008), were tested. The response functions of primed SOM-C fluxes, net inorganic 

N fluxes, and the bacterial r- and K-strategist dynamics along different magnitudes of pulse 

labile C additions were probed.  

 

Figure 1.4-1: Conceptual framework of the research 
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2.1. Introduction 
In soil, organic N is considered the original source for released inorganic N (Booth et al., 2005) 

and its transfer from organic forms to inorganic forms is important to agricultural productivity 

in particular and biogeochemical cycles on a larger scale. Proteins in soil are a major 

proportion of that soil N, with soil stabilised proteins argued to represent the major pool 

(Nannipieri and Smalla, 2006). At the same time, proteins, and especially enzymes, are a major 

factor responsible for the break-down of soil organic substances into smaller compounds and 

ultimately for the mineralisation of N (Nannipieri and Paul, 2009). The accurate quantification 

of proteins from soil extracts is relevant for assessing soil quality (Hofman and Dušek, 2003) 

and soil N cycle (Jan et al., 2009). There is a further need for reliable protein quantification for 

normalisation purposes in downstream proteomic analyses. Increasingly, the elaborate 

analysis of hydrolysable amino acids in soil extracts is recommended (Roberts and Jones, 2008; 

Bastida et al., 2014; Philben et al., 2014). In contrast, rapid and simple quantification assays 

of extracted soil proteins based on dyes/fluorophores/colour-complex have cost and 

material/consumables advantages for analysing larger experimental designs, but however, 

have been hampered by soil interfering substances (Redmile-Gordon al., 2013).  

In the context of soil, co-extracted interfering substances can adversely impact 

dyes/fluorophores/colour-complex mechanisms. For example, fluorophore based assays have 

been found to be affected by quenching of excitation and emission waves from humic 

substances (Roberts and Jones, 2008), thereby underestimating protein content. Absorbance 

based assays such as the dye-protein binding method developed by Bradford (1976) and the 

colour-complex forming method of Lowry et al. (1951) have been shown to under-

/overestimate protein content when challenged with soil substances (Redmile-Gordon et al., 

2013). The Bradford assay was found to overestimate protein content due to soil derived and 

experimentally added humic substances, but also underestimated added proteins due to 

interaction with humic substances (Redmile-Gordon et al., 2013). Therefore, despite the 

Lowry assay conflating humic substances for protein content, it was found to be preferable 

for rapid soil protein quantification (Redmile-Gordon et al., 2013). Arguably, the property of 

an assay inflating protein estimates in the presence of interfering substances is preferable to 

an assay giving variable protein estimates, when one can remove the interference as far as 

possible and/or account for it. A closer look at the Lowry assay mechanism and previous work 

on dealing with interference is needed.  

The assay of Lowry et al. (1951) was a modification based on the assay employing the Folin-

Ciocalteu (FC) reagent (Folin and Ciocalteu, 1927), which greatly enhanced colour 

development. The FC reagent is primarily reduced by tyrosine and tryptophan – the 

chromogenic amino acids - and to a lesser degree by another few amino acids (Peterson, 

1979). In the modified assay of Lowry et al. (1951), copper acts as electron mediator in alkaline 

medium, and leads to enhancement of colour formation. Peptide linkages interacting with FC 

are implicated in causing these additional chromogenic effects (Peterson, 1979; Lindeboom, 

and Wanasundara, 2007). However, the FC is liable to react with a range of other compounds, 

which have also been associated with soil and humic substances (Table S-2.7.1-1), and this 

results in conflation of phenolic/humic substances with protein content. According to Lowry 
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et al. (1951) there is three modes of interference: 1) Reduction of Folin-Ciocalteau reagent, 2) 

Colour development, and 3) Increase/decrease of blank. The effect of these interferences is 

noticeable as a response in the blank or in underlying effects on protein readings, which can 

be discovered measuring protein standards. Most substances interfere by increasing the 

absorbance of the reagent blank and often these also affect colour yield/development 

(Peterson, 1979). In a thorough study on a wide range of substances from phenols, thiols, 

vitamins, amino acids, proteins, nucleotide bases, unsaturated fatty acids, carbohydrates, 

organic acids, inorganic ions, metal complexes, aldehydes, to ketones, Everette et al. (2010) 

have found that the Folin-Ciocalteau reagent is reactive to most substances tested and the 

Lowry assay reactivity is rather to be seen as a measure of total antioxidant capacity than 

phenolic content. This would further underscore the necessity to correct the background 

reactivity in the sample matrix in order to more reliably quantify proteins. 

Removing interfering substances in the supernatant by quantitative protein precipitation has 

been shown to reduce interference (Bensadoun and Weinstein, 1976; Lindeboom and 

Wanasundara, 2007; Masciandaro et al., 2008), however, humic substances have been found 

to co-precipitate with proteins (Qian and Hettich, 2017). Due to incomplete removal, the 

precipitation of humic substances is not able to alleviate interference. Absorbance corrections 

are another/additional implement for deriving more confident protein estimates. An 

absorbance correction was proposed in Potty (1969) to deal with interference from phenols 

and pectins and considers two absorbances. Firstly, the absorbance from a protein standard 

series after the method of Lowry et al. (1951) is measured as “Absorbance A” with copper in 

assay. Secondly, the base colour absorbance only from chromogenic amino acids is measured 

without copper, often denoted “Absorbance B” or “absorbance blind”, which is subtracted 

from Absorbance A. However, this unweighted subtraction, would remove the valid portion 

of Absorbance B stemming from chromogenic amino acids. 

To date, it remains unclear how to give weightings/corrections to Absorbance A and B for 

carrying out subtractions. Weighed factor methods in Frolund et al. (1995), Lindeboom and 

Wanasundara (2007), and Winters and Minchin (2005) established the relationship between 

Absorbance A and B in clean matrices or by model interfering substances addition to protein 

standard matrices. Following this, interactions of substances found in the 

sample/environmental matrix with that standard series would need to be considered and 

constitute a research gap. 

In order to account for the effect of sample/environmental matrices and improve protein 

quantification, this experiment proposes correction factors, for Absorbance A and B, derived 

from sample/environmental matrices (e.g. soil extracts). To this end, a harmonised theory and 

notation from previous work for the case of protein additions in clean matrix (Case 1, 

supporting material 2.7.2) and the case of phenolic/model humic substances addition in clean 

matrix (Case 2, supporting material 2.7.3) was synthesised. Initially, the core problem was to 

quantify the base contribution of environmental phenolic/humic substances to absorbances 

A and B in the presence of environmental protein. At the point of no protein addition (x=0) 

the base contribution of phenolic/humic substances could originally not be inferred, as the 

environmental sample would contain protein and interfering substances to yield a “total” 
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Lowry assay reactive content. Triangulation of Absorbance A and B regression lines over 

protein additions into the environmental matrix, would yield an intersect at which the 

“virtual” protein content is zero (Figure 2.1-1). This makes the same assumption of previous 

work (Compare case 1 and 2) in that phenolic/humic substances make the same contribution 

to Absorbance A as to Absorbance B, as they do not exhibit the copper-peptide linkages 

mediated absorbance effects. The intersect of the regression lines, viz. Absorbance A equals 

Absorbance B, can then be calculated from the y-intercepts (bA and bB) and the slopes (mA and 

mB): 

𝑥 =
𝑏𝐵−𝑏𝐴

𝑚𝐴−𝑚𝐵
        (1) 

The value for x yields the environmental phenolic/humic substances content with either linear 

regression equation fA(x) or fB(x), for Absorbance A or B, respectively (Note that bA ≠ bB due to 

different contributions of environmental protein to Absorbance A and Absorbance B, which 

was the original problem). The protein content can now be calculated by subtraction of fA(x) 

from the sample Absorbance A value (at x=0, subtraction from Absorbance B value yields 

chromogenic amino acid contribution only). 

 

Figure 2.1-1: Scheme of protein additions to environmental matrix (Case 3), e.g. soil extract, which contains 
environmental/humic substances and environmental proteins. To these, proteins are added and the response in Absorbance 
A and Absorbance B is measured. The problem is quantifying the base contribution of environmental phenolic/humic 
substances so these can be subtracted from the absorbances to yield protein content. Triangulation of the absorbance lines 
(A and B) yields a virtual intersect at which the protein content is zero, according to previous demonstrations and thereby 
allows subtraction of the base contribution from Absorbance A to yield estimated protein content. Influences on slopes mA # 
and mB ** can occur (see explanation on case 1 supporting material 2.7.2, and case 2 supporting material 2.7.3) 

Remaining with the assumption that the intersect (x, f(x)) is the point of zero protein content, 

indeed, a more general form of equations can be derived to express protein content from 
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Absorbance B to A slope relations alone and this readily corresponds to multivariate 

regression equation notations (see equation 2 and for derivation see equations A-13 to A-18 

in supporting material section 2.7.3). 

In generalised form, with slope B (mB) over slope A (mA) = γ: 

𝐴𝑏𝑠𝑜𝑟𝑏𝑎𝑛𝑐𝑒 𝑝𝑟𝑜𝑡𝑒𝑖𝑛 𝐴 =  𝛽1,𝑝 × 𝐴𝑏𝑠𝑜𝑟𝑏𝑎𝑛𝑐𝑒 𝐴 −  𝛽2,𝑝  ×  𝐴𝑏𝑠𝑜𝑟𝑏𝑎𝑛𝑐𝑒 𝐵  (2) 

With weighing factors (co-factors), here correction factors: 

𝛽1,𝑝 =
1

1−𝛾
          (3) 

𝛽2,𝑝 = − 
1

1−𝛾
          (4) 

It is also possible to write a more generalised equation for estimating proportion of humic 

substances (see equations A-19 to A-23 in annex section 2.7.3). 

The research questions of this experiment were: 

1. Do sample-specific correction factors differ from those derived from clean matrices 

(i.e. in the absence of interfering substances)? 

2. How do protein estimates from the Lowry assay (sample-specific and in-clean matrix 

corrections) compare to fluorophore-based Qubit protein assay and total hydrolysable 

amino acids in soil extracts? 

It was hypothesised that: 

1. Sample-specific correction factors would differ to in-clean matrix derived corrections 

as a function of soils and soil extraction buffer specific differences. 

2. In protein extraction buffers, which enhance the extraction of humic substances 

(NaPPi buffers), protein estimates with uncorrected Lowry assay Absorbance A, would 

be higher than estimates with fluorophore-based Qubit protein assay, and 

hydrolysable amino acids content. Sample-specific or in-clean matrix derived 

corrections for the Lowry assay would yield similar protein estimates to the other 

methods. In extracts with low humic content (water buffer), all methods report similar 

magnitudes. 

2.2. Materials and methods 

2.2.1. Soil samples and extractions 
Two organic rich, mineral grassland soils were used for extractions. Bulk soil was sampled from 

top 10 cm and stored in the cold room until further analysis. Portions of soils were sieved to 

below 2 mm at field moisture (without air drying). Some portions were then flash frozen in 

liquid nitrogen and stored at -80 °C to assess effect of soil handling. As the soil handling factor 

was not controlled for temporal effects, these differences are not analysed. Un-sieved and 

sieved portions of soil were kept in the cold room in the dark at <10°C until extractions 

commenced. 
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The “Athenry” soil (N 53°17’47.4” W 8°48’02.1”) was classed as a brown earth associated with 

the Ballincurra (1150b) soil association, which is fine loam over limestone bedrock. It was 

sampled in July 2016 and organic matter (OM) content was determined by loss-on-ignition at 

550 °C (LOI 550) to be 11.54 %. The flash frozen soil’s actual acidity was determined with a 

1:2.5 soil to water ratio at pHH2O 6.83±0.05 (mean±sd). The “Grange” soil (N 53°31’, W 6° 39’) 

was classed as a gley soil and was associated with the Straffan (700d) soil association, which 

is fine loamy drift with limestones. It was sampled in February 2017 and OM content was 

determined to be 12.22 %. The actual acidity was determined at pHH2O 6.87±0.16 (mean±sd). 

Extractions were conducted in duplicate from combinations of two soils, three soil handling 

conditions, and three extraction buffers to yield extracts contrasting in protein and humic 

substances content. In total there were 18 treatment combinations (Table 2.2.1-1, details on 

extraction buffers given there). Treatment combinations of soil extraction buffers were 

extracted sequentially. Due to lack of interspersion and randomization, the significance of 

treatment effects through extraction buffers were not tested with inferential statistics.  

Table 2.2.1-1: Experimental design from combinations of soil, extraction buffer and soil handling. 

# Soil Buffer Soil handling n 

1 Athenry ddH20 fresh 2 
2   2mm sieved + re-extract (2 µm PES filtered) 2 + 2 
3   Sieved & flash frozen 2 
4  Neutral NaPPi (2 µm PES) fresh 2 
5   2mm sieved 2 
6   Sieved & flash frozen 2 
7  Alkaline NaPPi (2 µm PES) fresh 2 
8   2mm sieved 2 
9   Sieved & flash frozen 2 
10 Grange ddH20 fresh 2 
11   2mm sieved + re-extract (2 µm PES filtered) 2 + 2 
12   Sieved & flash frozen 2 
13  Neutral NaPPi (2 µm PES) fresh 2 
14   2mm sieved 2 
15   Sieved & flash frozen 2 
16  Alkaline NaPPi (2 µm PES) fresh 2 
17   2mm sieved 2 
18   Sieved & flash frozen 2 

   Total 36+4 

Note: Extraction buffers: 1) water from Milli-Q grade system (“ddH20”), 2) neutralised 0.1 M tetra sodium pyrophosphate (Bremner and 

Lees, 1949) in 0.1 M Gomori-type buffer (Joseph and David, 2001) with a final pH 7.53 (“neutral NaPPi”), and 3) unbuffered, alkaline 0.1 M 

tetra sodium pyrophosphate (Bakina and Orlova, 2012) with final pH 9.87 (“alkaline NaPPi”). Soil handling conditions: 1) un-sieved (“fresh”), 

2) 2 mm sieved (“2 mm sieved”), and 3) 2 mm sieved and flash frozen in liquid nitrogen and stored at -80 °C (“sieved & flash frozen”). Soil 

extracts of NaPPi were 2 µm filtered with PES membrane, while water extracts only when indicated. 

For extractions, soil amounts of ca. 10 g fresh weight (FW) were weighed into 50 mL PP screw 

cap tubes (Fisher Sci or Sarstedt) and to these 30 mL of buffer at room temperature were 

added and then vortexed 2-3-times for 30 s with intermittent 5-times 20 s treatment in an 

ultrasonication water bath at ca. 1.5 J cm-3 energy input (Decon FS 100b). Mild ultrasonication 

may increase efficiency of soil OM extraction, solubilize soil-stabilized proteins, and detach 

microorganisms from particles (Ogunseitan, 2006; Nannipieri and Smalla, 2006; Benndorf et 

al., 2009). To separate liquid from soil mineral matrix, tubes were centrifuged in a cooled 

swing bucket centrifuge (Beckmann Avanti J26 XP, J-5.3) at 6800g for 10 min. The supernatant 

was recovered and NaPPi extracts were filtered through 0.2 µm PES membrane filter discs 
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(Sarstedt Filtropur). Initially, units of water extracts, which showed low protein content (trials 

not shown) were not filtered to minimise protein loss in that step. Water extractions were 

repeated with 0.2 µm filtering for comparison of protein yields of 2 mm sieved soil extracts 

with the Lowry assay, Qubit, and total hydrolysable amino acid assays. Then, parts of the crude 

supernatant were frozen for further analysis (not shown), and the other part ca. 13 ±3 mL 

(mean±sd) was further concentrated in cooled centrifugal concentrators (Sartorius Vivaspin 

6) with PES membrane and 3000 Da molecular weight cut-off (MWCO). The concentrated 

protein extract was split into aliquots and stored at -80 °C until further analysis. 

2.2.2. Modified Lowry assay, absorbance blind and protein 

spikes 
The concentrated protein extracts were precipitated according to the sodium deoxycholate – 

trichloroacetic acid (DOC-TCA) method of Bensadoun and Weinstein (1976) (modified Lowry 

assay). Briefly, concentrate was made to 500 µL with MQ grade water. To the sample 0.15 % 

(w/v) sodium deoxycholate (DOC) was added at 10 % (v/v) of sample volume and rested on 

ice. Subsequently, 72 % (w/v) trichloroacetic acid (TCA) solution was added at 10 % (v/v) of 

original sample volume and rested on ice. To precipitate protein, samples were centrifuged 

for 15 min in a cooled, fixed-angle microtube centrifuge. The supernatant was removed, and 

the pellet re-suspended in 500 µL of 2 % (w/v) Na2CO3 in 0.1 M NaOH (“reagent C” after Lowry 

et al. (1951)). The recovery efficiency was quantified via BSA protein standards from 0 -200 µg 

mL-1 processed in the same way (process BSA standards, see details in supporting material 

2.7.4). 

Samples were prepared in technical triplicate for the Lowry assay protein quantification assay. 

The Lowry assay method was scaled-down and optimised for microplate measurement to a 

total volume of 240 µL (not shown). Reagents for all samples were made up in a single batch 

(storability for up to 2 weeks), and for Lowry assay measurements all sample extract 

combinations were randomized and measured within ca. 24 hours of each other. Briefly, 20 

µL of sample were mixed with 200 µL of “combined reagent +” or “combined reagent -“ by 

multichannel pipette. For Absorbance A measurement, “combined reagent +” was made 

containing copper (cupric ions) and made of a 1:1:100 mix of 2 % (w/v) sodium tartrate 

(“reagent B”), 1 % (w/v) copper sulphate (“reagent A”), and “reagent C” (McCarthy and Tuohy, 

2011). The “combined reagent -“ for Absorbance B (blind) measurement was made after 

Frolund et al. (1995), by omitting “reagent A” and substituting with “reagent C”. After 10 min 

of addition to the last well, 20 µL of 1 N Folin-Ciocalteu’s reagent (FC) (Sigma Aldrich, F9252, 

2 N stock diluted with MQ grade water) were mixed in by repeat strong pipetting. Plates were 

dark incubated at 25 °C for 30 min in a plate incubator with shaking at 250 rpm. Absorbances 

were read at 680 nm in an automated microplate spectrophotometer (Biotek Powerwave XS2) 

and data exported as .csv file. 

Sample absorbances A and B were converted to protein concentrations (in BSA equivalent) via 

BSA calibration curve after plate-wise blank subtraction of “combined reagents +” or 

“combined reagent –“. Five levels of BSA standards were made directly in “reagent C” (direct 

BSA standard curve) and eleven levels of BSA standards including DOC-TCA precipitation 
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(process BSA standard curve) were made spanning concentrations from 0 µg mL-1 to 200 µg 

mL-1. Absorbance A of standard protein concentrations were regressed against designated 

concentrations (R2 = 99.4 % and 99.3 %, respectively). Conversion of sample absorbances was 

done with direct BSA standard curve established in the first plate instead of with standards in 

each sample plate. This should be uncritical, as all samples and standard curves were 

established within ca. 24 h from the same reagent stocks, whereby the reagent stocks are 

stable for 2 weeks. Samples were also measured in a randomized fashion to intersperse 

potential temporal effects. Each plate contained a 200 µg mL-1 BSA standard for plate-to-plate 

absorbance level correction (coefficient of variation, cv = 3.5 %), e.g. through plate material 

variation, and assuming the linear relation of the BSA standard curve holds, the sample 

absorbances were taken for conversion into BSA equivalent. A 2000 µg mL-1 BSA control varied 

in absorbance by cv = 6.8 % but was not used for level correction. 

After an initial range find, samples were diluted into range with “reagent C”. To achieve two 

levels of protein additions in samples, BSA stock solution of 2000 µg mL-1 was diluted and 

added to soil extract samples to achieve final concentration levels of +100 µg mL-1 and + 200 

µg mL-1 , mixed and left overnight in the fridge (ca. 4°C). The addition level was chosen to 

match the total reactive content of soil samples (Figure S-2.7.5-1). In principle, 2 µL of diluted 

stock solution was added to 18 µL of soil extract volume. As the sample would thereby contain 

10 % (v/v) less of native absorbance, for further calculations the spiked samples were 

corrected for this with addition of 10 % of the native absorbance of the neat sample. 

Absorbance correction was linear over a large dilution range (Figure S-2.7.6-1). The inverse of 

correction is also possible, that neat samples are measured at 90 % volume and contain only 

90 % of native absorbance, but this would underestimate the native content (Figure S-2.7.5-1). 

The designated BSA spikes of +100 µg mL-1 and + 200 µg mL-1 final concentration were checked 

for achieved concentrations over several plates and actual mean values achieved (+53 µg mL-

1 and +110 µg mL-1) were used for calculations. One biological replicate’s no-spike absorbance 

value (Athenry, alkaline NaPPi, flash frozen) had a mistaken double addition of FC reagent, 

which did not impact the series by evaluation of the whole series and was not excluded from 

calculations. 

Estimated protein contents are reported as in-assay values (underlying dilution into range) 

and are taken for calibration of weighing/correction factors or are reported as crude extract 

concentration for comparison between assays. For reporting estimated crude concentration, 

in-assay values were corrected for dilution into range (factor α1, multiplication for mostly 

positive values, division for negative values of some water extracts), dilution of concentrate 

(α2), transformed with DOC-TCA recovery standard curve (y = 2.0649x + 12.831, Figure S-

2.7.4-1), and divided by ultrafiltration concentration factor (α3), see equation 5: 

𝐶𝑟𝑢𝑑𝑒 𝑒𝑥𝑡𝑟𝑎𝑐𝑡 𝑝𝑟𝑜𝑡𝑒𝑖𝑛 𝑐𝑜𝑛𝑐. (𝜇𝑔 𝑚𝐿−1) =
(𝑖𝑛 𝑎𝑠𝑠𝑎𝑦 𝑝𝑟𝑜𝑡𝑒𝑖𝑛 𝑣𝑎𝑙𝑢𝑒 (𝜇𝑔 𝑚𝐿−1)×𝛼1×𝛼2× 2.0649 )+ 12.831 

𝛼3
  (5) 

For reporting crude extract as mg protein g-1 FW, crude concentrations were multiplied by 

total buffer volume of 30 mL and divided by respective g fresh weight (FW) soil weighed in. 
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2.2.3. Multivariate analysis of Lowry assay 
The equations for estimating corrected protein content (Eq. 2) and for humic substances (Eq. 

A-19) as a function of Absorbance A and Absorbance B as laid out in introduction can serve in 

the multivariate regression determination of the co-factors (here correction factors). 

Multivariate methods have been used in spectral analysis and for protein content calibration 

before (Thomas and Haaland, 1990; Ruisánchez et al., 2002), and are part of approaches 

generally known as “chemometrics”. Multivariate models enable the inclusion of multiple 

spectra (here Absorbance A and Absorbance B) to develop empirical models to calibrate 

against known concentrations and thereby enable prediction of unknown samples (Thomas 

and Haaland, 1990). Here the values of protein content or phenolic/humic substances content 

determined by the intersect (fA(x)) method approach of equation (1) were taken as the 

reference value and Absorbance A and Absorbance B as inputs for the general multivariate 

equation: 

𝑅𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒 𝑣𝑎𝑙𝑢𝑒 = 𝛼0 + 𝛽1 × 𝐴𝑏𝑠. 𝐴 + 𝛽2 × 𝐴𝑏𝑠. 𝐵      (6) 

Whereby α0, β1, β2 are parameters estimated by the model. The estimated parameter β1 would 

then correspond to β1,p in equation (3) or β1,h in equation (A-22). Likewise, the estimated 

parameter β2 would correspond to β2,p in equation (4) or β2,h in equation (A-23). The underlying 

assumption of the intersect being zero can be checked against the model intercept α0. 

Multivariate regression is carried out with Gaussian models in “lm” function in R version 3.6.1 

(Team R, 2019). Tests for model assumptions were carried out in R and results are reported 

with value and if accepted or failed:  

1) Normality of residuals was tested with Shapiro-Wilk test and null-hypothesis that 

distribution is not different to normal distribution accepted at p>0.05 

2) Test of homoscedasticity of response variable by groups {Global/All grouped by 

combinations of soil and buffer, soil separate grouped by buffer, soil and buffer 

separate grouped by soil handling} with Bartlett test and the null-hypothesis that the 

variance in groups are the same was accepted at p>0.05 

3) Correlation of explanatory variables was tested with cor.test function and Pearson 

correlation, and the null-hypothesis that the correlation was zero accepted at p>0.05 

4) Test of normal distribution of explanatory variables for Absorbance A and 

Absorbance B was done separately with Shapiro-Wilk test and null-hypothesis that 

distribution is not different to normal distribution accepted at p>0.05 

Reference values for protein content contained many zeros and exhibited a left skewed 

distribution (Figure S-2.7.10-1) and the multivariate regression model was carried out with 

Poisson distribution in addition to standard Gaussian distribution. 

2.2.4. Qubit total protein assay 
Fluorophore based Qubit total protein assay (Molecular probes, Life technologies, Q33211) 

was used as per manufacturer instructions with 10 µL sample in 200 µL total. Samples were 

measured in assay triplicates. In preliminary trials it was found that after DOC-TCA 

precipitation and sample re-suspension in “reagent C”, there was a large background increase 

in Qubit reading (not shown). To reduce interference on Qubit reading as far as possible, soil 
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extract concentrates were diluted to 500 µL total volume with MQ grade water, thereby 

achieving a sample dilution of 10.4±4.2 -times (mean±sd). A further 20-times sample dilution 

arose from the chosen sample volume for the assay (see above). 

2.2.5. Total hydrolysable amino acids 
The method to determine total hydrolysable amino acids is a modification to Jones et al. 

(2002) (Dr. M. Tuohy, personal communication, October 31, 2017). Instead of washing the 

ultrafiltrated retentate with 2 M KCl, a MgO treatment to remove free ammonium ions was 

employed. Briefly, 400 µL of diluted concentrate were added to 25 mg MgO and incubated 

overnight in a horizontal shaker placed in a cold room to allow conversion of ammonium to 

ammonia and volatilization. The MgO was sedimented by centrifugation and 200 µL of 

supernatant were taken further for hydrolysis with 200 µL 12 M HCl (aq) for 20 h at 110 °C. 

The remaining supernatant was assayed later for total free amino acid content (FAA). The 

hydrolysate was evaporated to dryness in a centrifugal concentrator at 50 °C and re-

constituted in 1 mL of MQ grade water until assaying as total hydrolysable amino acids (HAA) 

(Note: there was some particulate hydrolysate which did not redissolve, Figure S-2.7.7-1). 

Sample amino acid content was quantified employing ninhydrin reagent (Sigma Aldrich, 

N7285). Briefly, 100 µL of sample diluted to standard range with MQ grade water were mixed 

with 50 µL ninhydrin reagent and heated at 100 °C for 25 min. The samples were cooled in an 

ice-water bath and 950 µL stopping reagent (50 % Ethanol) were added. An aliquot of 250 µL 

was transferred into optical grade microplates and the absorbance read at 570 nm in an 

automated microplate spectrophotometer (Biotek Powerwave XS2). Samples were corrected 

for reagent blank and sample matrix blank (containing no ninhydrin) and quantified against 

glycine standards from 0 to 0.200 µmol mL-1. Concentration expression in µg mL-1 were yielded 

with conversion of molar mass of glycine at 75.07 µg µmol-1. Net hydrolysable amino acids 

(HAA.FAA) was calculated by subtraction of free amino acids (FAA) from hydrolysed amino 

acids (HAA). 

2.2.6. General statistical analysis 
Ordinary least squares linear regression was used for fitting lines through each sample’s 

protein standard curve of protein-equivalent response to protein added. Slope, intercept, and 

coefficient of determination were calculated with MS Excel SLOPE, INTERSECT, RSQ functions. 

R version 3.6.1 (Team R, 2019) was used for further statistical analysis. 

For descriptive statistics, protein concentration data for treatments are shown with boxplots 

from ggplot2() function in R (Wickham 2016). Boxplots show quartiles (Q) enclosed by first 

whisker to box (Q1), box (Q2 to Q3) with line being Q2 (= median), and Q4 the upper whisker. 

Outliers were computed as values greater than Q3+ 1.5x median value. Additionally, in tables 

the Min, Mean and Max values are computed with summary() function.  

Normality of data was tested with Anderson-Wilk test and the null-hypothesis accepted that 

the distribution is not different from a normal distribution at p> 0.05. Data were transformed 

by SQRT or log10 transformation if normality was not met initially. 
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Significant differences of a normally distributed sample set against a comparison value was 

tested with one-sided t.test function, with the null-hypothesis that the mean is not greater 

than the comparison value and rejected at p<0.05. 

Association between variables (values of analytical methods) were analysed by computing 

correlation coefficients with Pearson, where data were normally distributed, or otherwise 

with Spearman rank-order correlations. Missing data were treated with pairwise deletion. The 

significance of associations was tested with cor.test function, with two-sided test at the 

significance level at 0.95. The correlation was considered significant with rejection of null-

hypothesis at p<0.05. Degrees of freedom (df) were calculated as (df) = N-2. 

2.3. Results 

2.3.1. Sample-specific correction factors for the Lowry 

assay 
Soil extracts were spiked with BSA protein and each sample’s slope, y-intercept, and slope 

derived co-factors were calculated individually. From the individual values, averages were 

calculated for soil and buffer combinations (Table S-2.7.8-1). The coefficient of determination 

(R2) for Absorbance A was mostly very strong with the averages for soil and buffer 

combinations between R2=92 % to 99 %, except R2=77 % for Athenry alkaline NaPPi. The 

coefficient of determination for Absorbance B was high for water extracts and Grange neutral 

NaPPi with R2=93 % to 97 %. Lower coefficients of determination with R2=66 % to 78 % were 

found for Athenry neutral and alkaline NaPPi, and for alkaline NaPPi extract from Grange. The 

average slopes (mA) of Absorbance A were high for water extracts of the Athenry and Grange 

soils, respectively, at mA =1.00 and 0.94, between mA =0.84 and 0.89 for neutral NaPPi extract, 

and lowest at mA =0.60 to 0.69 for alkaline NaPPi extracts. Absorbance B slopes were 

consistently lower than Absorbance A slopes for all treatment combinations (see γ in Table 

2.3.1-1). The average of slope ratios of Athenry alkaline NaPPi extracts yielded oddly -36 %. 

The average of slopes thereof, however, yielded a more sensible ratio of 33 %. This does not 

influence results, as sample-individual values are taken further for calculations. In the next 

section the correction factors were calculated and compared to previous publications. 
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Table 2.3.1-1: Results for regression slopes, y-intercepts, coefficient of determination R2, virtual slope intersect, virtual 
phenolic/humic substances and slope ratio (γ). 

 
Absorba

nce A 
slope 

Absorba
nce A y-

intercept 
(µg mL-1) 

Absorba
nce A  

R2 

Absorba
nce B 
slope 

Absorba
nce B y-

intercept 
(µg mL-1) 

Absorba
nce B  

R2 

Slopes 
intersect 
x-value 

Intersect 
y-value  

(µg mL-1) 

Average  
slope 
ratio γ 

Athenry water 1.00 -3.55 0.99 0.61 -5.41 0.97 -4.57 -8.20 0.60 

Grange water 0.94 4.77 0.99 0.53 5.60 0.93 1.83 6.63 0.56 

Athenry neutral 
NaPPi 

0.89 216.31 0.91 0.47 208.04 0.78 -20.23 199.26 0.51 

Grange neutral 
NaPPi 

0.84 236.28 0.97 0.46 211.13 0.97 -74.42 169.49 0.54 

Athenry alkaline 
NaPPi 

0.60 279.87 0.77 0.20 270.71 0.70 -24.75 270.29 
-0.36 

*(0.33) 

Grange alkaline 
NaPPi 

0.69 227.94 0.92 0.30 203.47 0.66 -69.60 176.60 
0.38 

*(0.43) 

Note: Values are averages calculated over units with same soil and extraction buffer (n=6, consisting of 2 biological replicates where three 

soil handling conditions were not resolved for). For details see eq. (1). “*” = values in brackets are slope ratio of average slopes. 

The sample-specific correction factors were calculated as co-factors according to equations 

(3) and (4) based on the slope ratio (γ). A summary of co-factors calculated for both soils, 

separate for soils including all buffers, separate for soil and buffer, and resolved for soil 

handling are presented in Table 2.3.1-2. The mean of co-factors β1,p = 2.12 for all treatments 

and soils was significantly higher (one-sided t-test, n=36 of all biological replicates, p<0.001, 

data of β1,p was normally distributed, Shapiro-Wilk test, p=0.259. As the other factors β2,p, β1,h, 

and β2,h are different forms of the same input with the same standard deviation these are not 

tested separately) than the reference value β1,p = 1.25 calibrated in clean matrix in Frolund et 

al. (1995) and used in Redmile-Gordon et al. (2013) on soil extracts. Athenry and Grange water 

extract co-factors were also significantly higher than the reference value (one-sided t-test, 

p<0.001). Athenry neutral NaPPi and Grange neutral NaPPi were significantly higher than the 

reference value (one-sided t-test, p=0.001 and p=0.006, respectively). Athenry alkaline NaPPi 

and Grange alkaline NaPPi extract co-factors were not significantly different than the 

reference value (one-sided t-test, p =0.247 and p=0.072, respectively).  

To compare the Lowry assay method implementation here with the reference values from 

clean matrix, measurements for a BSA standard curve in clean matrix were also conducted 

here (Figure S-2.7.9-1). The correction factors for clean matrix were found to be closer to the 

reference value than to environmental matrices derived weighing factors (Table 2.3.1-2). 
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Table 2.3.1-2: Results for correction factors (Co-factors) for Absorbance A and Absorbance B calculated via eqs. 3 and 4 and 
for calculating humic substances content via eqs. A-22 and A-23 in supporting material 2.7.3. Correction factors calculated 
from other publications for comparison. Data distribution of factors was normally distributed (Shapiro-Wilk, p=0.259). 
Correction factors are shown as averages. Standard deviation calculated for categories, are the same for correction (co-factor) 
identities β1,p, β2,p, β1,h, β2,h 

 Co-factor for 
Absorbance A 
protein 

Co-factor for 
Absorbance B 
protein 

Co-factor for 
Absorbance A 
humic 
substances 

Co-factor for 
Absorbance B 
humic 
substances 

 

 

 

β1,p β2,p β1,h β2,h 

Standard 
deviation 

± 

Replicates 
(n) 

All/ Both soils all buffers 2.12 -2.12 -1.12 2.12 0.66 36 

Athenry all buffers 2.04 -2.04 -1.04 2.04 0.63 18 

Grange all buffers 2.20 -2.20 -1.20 2.20 0.68 18 

Athenry water 2.53 -2.53 -1.53 2.53 0.12 6 

unsieved 2.68 -2.68 -1.68 2.68  2 

2 mm sieved 2.50 -2.50 -1.50 2.50  2 

Sieved & flash frozen 2.42 -2.42 -1.42 2.42  2 

Grange water 2.29 -2.29 -1.29 2.29 0.14 6 

unsieved 2.21 -2.21 -1.21 2.21  2 

2 mm sieved 2.37 -2.37 -1.37 2.37  2 

Sieved & flash frozen 2.29 -2.29 -1.29 2.29  2 

Athenry neutral NaPPi 2.10 -2.10 -1.10 2.10 0.34 6 

unsieved 2.05 -2.05 -1.05 2.05  2 

2 mm sieved 2.36 -2.36 -1.36 2.36  2 

Sieved & flash frozen 1.89 -1.89 -0.89 1.89  2 

Grange neutral NaPPi 2.30 -2.30 -1.30 2.30 0.62 6 

unsieved 1.80 -1.80 -0.80 1.80  2 

2 mm sieved 2.04 -2.04 -1.04 2.04  2 

Sieved & flash frozen 3.07 -3.07 -2.07 3.07  2 

Athenry alkaline NaPPi 1.48 -1.48 -0.48 1.48 0.70 6 

unsieved 1.04 -1.04 -0.04 1.04  2 

2 mm sieved 2.09 -2.09 -1.09 2.09  2 

Sieved & flash frozen 1.31 -1.31 -0.31 1.31  2 

Grange alkaline NaPPi 2.00 -2.00 -1.00 2.00 0.97 6 

unsieved 2.49 -2.49 -1.49 2.49  2 

2 mm sieved 1.86 -1.86 -0.86 1.86  2 

Sieved & flash frozen 1.66 -1.66 -0.66 1.66  2 

Other studies       

Potty (1969) BSA in clean 
matrix, direct subtraction 
(own calculation) 

1 
(1.39) 

-1 
(-1.39) 

n.a. 
(-0.39) 

n.a. 
(1.39) 

 1 

Frolund, Griebe et al. 
(1995) BSA and other 
proteins, in clean matrix 

1.25 -1.25 -0.25 1.25  1 ea. 

Lindeboom, 
Wanasundara (2007), 
BSA in clean matrix 

1.24 -1.24 -0.24 1.24  1 

BSA in clean matrix, own 
results  
(annex 2.7.9) 

1.50 -1.50 -0.50 1.50  1 

BSA in NaPPi soil extract, 
own results (annex 2.7.5) 

1.78 -1.78 -0.78 1.78  1 
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2.3.2. Multivariate regression of interference correction 

factors for estimating humic substances 
Results for the multivariate regression model for estimating humic substances content are 

presented first (Figure 2.3.2-1). The multivariate regression was carried out with data for 

Absorbance A and Absorbance B as independent factors (Equation 6, method section 2.2.3). 

The multivariate regression model containing all groups is reported as “Global/All”, while 

subsets for soil and for soil and buffer combinations were also calculated (Table 2.3.2-1) and 

reports estimated humic substances concentration of soil extracts. 

 

Figure 2.3.2-1: Scatterplot of estimated humic substances (f(x) from equation 1) used as reference value (z-axis) as a function 
of Absorbance A (x-axis) and Absorbance B (y-axis). Colours indicate extraction buffers, shapes indicate soils with a total of 
n=36 biological units. Symbols are mean of triplicate assay value. Errors bars not shown. Multivariate regression will fit a line 
through the datapoints with Absorbance A and B as independent factors. 

The Global/All model’s regressed co-factors with β1,h=-1.92 and β2,h =2.99 (Table 2.3.2-1) were 

different to slope derived factors (prev. section) at β1,h=-1.12 and β2,h = 2.12 when taking the 

range of all co-factors into account (see Table 2.3.1-2) but exhibited the same sign. The 

regressed model’s intercept α0=3.84 was not significant (p>0.05). The models of other 

treatment combinations also did not exhibit significant intercepts α0, except for the model 

based on Grange and water extract dataset. Regressed co-factors β1,h and β2,h for the other 

models exhibited the same sign as their slope derived method counterparts, except for β1,h 

from the model of Athenry alkaline NaPPi extract dataset.  
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Table 2.3.2-1: Results for multivariate regression models for humic substances content with reporting of intercept α0, 
coefficient β1 for Absorbance A, coefficient β2 for Absorbance B, model/adjusted R2, F-statistic and regression assumptions 
(passed or failed, see explanations below table). Co-efficients correspond to correction factors. 

Phenolic/ 
Humic 

substances 
Model 

Intercept 
α0 

Absorbance A 
coefficient β1 

(=β1,h) 

Absorbance B 
coefficient β2 

(=β2,h) 

Model R2 
(adjusted R2) 

F statistic Regression assumptions 

Global/All 
N=36 

3.8416 -1.9235*** 2.9861*** 
0.9811 
(0.98) 

F2,33=857.8*** 

1) p=0.08477 (pass) 
2) p=5.58e-05 (fail) 
3) p< 2.2e-16 (fail) 

4) pi=0.0001017 (fail) 
pj=0.000191 (fail) 

Soil separate       

Athenry 
N=18 

0.4740 -0.1821 1.1841* 
0.9918 

(0.9907) 
F2,15=909.8*** 

1)p=0.002064 (fail) 
2)p=0.0003306 (fail) 

3)p<2.2e-16 (fail) 
4)pi=0.01466 (fail) 
pj=0.009908 (fail) 

Grange 
N=18 

5.3992 -2.5511*** 3.6939*** 
0.9774 

(0.9744) 
F2,15=324.5*** 

1)p=0.2218 (pass) 
2)p=0.006496 (fail) 

3)p<2.2e-16 (fail) 
4)pi=0.0006398 (fail) 

pj=0.0009194 (fail) 
Soil& buffer 
separate 

      

Athenry& water 
N=6 

1.0242 -0.4163 1.3570* 
0.9441 

(0.9068) 
F2,3=25.32** 

1)p=0.5274 (pass) 
2)p=0.1629 (pass) 

3)p=0.008827 (fail) 
4)pi=0.4962 (pass) 

pj=0.1947 (pass) 

Athenry& 
neutral NaPPi 

N=6  
49.959 -0.509 1.254 

0.9189 
(0.8649) 

F2,3=17.01* 

1)p=0.9695 (pass) 
2)p=0.04941 (fail) 

3)p=3.99e-05 (fail) 
4)pi=0.3633 (pass) 

pj=0.4825 (pass) 

Athenry& 
alkaline NaPPi 

N=6 
-3.2070 0.4104 0.6073 

0.978 
(0.9633) 

F2,3=66.55* 

1)p=0.7516 (pass) 
2)p=0.3266 (pass) 

3)p=3.62e-05 (fail) 
4)pi=0.7343 (pass) 

pj=0.7347 (pass) 

Grange& water 
N=6 

6.5553** -1.2075 2.1717† 
0.9779 

(0.9631) 
F2,3=66.3* 

1)p=0.02423 (fail) 
2)p=0.3492 (pass) 

3)p=5.596e-05 (fail) 
4)pi=0.3654 (pass) 

pj=0.2495 (pass) 

Grange& 
neutral NaPPi 

N=6 
26.9560 -2.4341* 3.4423* 

0.9064 
(0.844) 

F2,3=14.53† 

1)p=0.4085 (pass) 
2)p=0.1653 (pass) 
3)p=0.1459 (pass) 
4)pi=0.3806 (pass) 

pj=0.01784 (fail) 

Grange& 
alkaline NaPPi 

N=6 
-67.718 -2.154 3.615* 

0.9648 
(0.9413) 

F2,3=41.07* 

1)p=0.1021 (pass) 
2)p=0.3754 (pass) 

3)p=0.0002177 (fail) 
4)pi=0.222 (pass) 
pj=0.5024 (pass) 

Codes for significance level: <0.001 =‘***’, ≤0.001 =‘**’, <0.01 = ‘*’, ≤0.05 = ‘†’, >0.05 = ‘ ’ 
Regression assumptions tested:  
1)Test of normality of model residuals, Shapiro-Wilk test ,H0:p=p(distribution not different to normal distribution), viz. accept at greater 5 %  
2)Test of equal variances (homoscedasticity) of response variable by groups{Global/All grouped by combinations of soil and buffer, soil 
separate grouped by buffer, soil and buffer separate grouped by soil handling}, Bartlett test, H0:p=p(Variance in groups are same), viz. 
accept/pass at greater 5 %  
3) Correlation of explanatory variables, Pearson correlation, H0:p=p(correlation is zero), viz. accept that explanatory variables are not 
correlated at values greater 5 %  
4) Test of normal distribution of explanatory variables i=Lowry assay protein value & j=Lowry assay HAE value, Shapiro-Wilk test, 
H0:p=p(distribution not different to normal distribution), viz. accept/pass at greater 5 %  

To assess the loss in goodness of fit through using more general models, data of Absorbance 

A and Absorbance B were used with multivariate model factors from Table 2.3.1-2 to calculate 



Chapter 2: Potential enhancement of the Lowry assay 

32 
 

predicted humic substances values and compare coefficients of determination (R2). It was 

expected that the predicted values of the most detailed model, with resolution from all soil 

and buffer combinations, would fit the reference values best. Already the coefficient of 

determination (R2) with the most general coefficients (Global/All) was with R2=98.1 % very 

close to the coefficient of determination of the most detailed model at R2=99.3 % (Figure 

2.3.2-2). Using factors derived from the soils separately (soil as factor but not buffer) improved 

the fit slightly, over the more general Global/All model derived factors, with a value of R2=98.7 

%. 

 

Figure 2.3.2-2: Model predicted values are regressed on reference values (regression intersect=humic substances) for humic 
substances content. Soil as factor employs values generated by models for Athenry and Grange separately. Soil and buffer as 
factor use respective models for all combinations to generate predicted values. Lines and metrics are generated by ordinary 
least squares regression in MS EXCEL. 

2.3.3. Multivariate regression of interference correction 

factors for estimation of protein content 
The interference corrected protein content of soil extract samples can be calculated by 

subtraction of humic substances’ proportion fA(x) (Equation 1, section 2.1) from the value of 

Absorbance A (total reactive content, compare Figure 2.1-1). This corrected protein value was 

taken as the reference value to calibrate Absorbance A and Absorbance B against (Equation 6, 

method section 2.2.3). The multivariate regression was carried out for data from both soils 

and three buffers (Figure 2.3.3-1). The multivariate regression model containing all groups is 

reported as “Global/All”, while also subsets for soil and for soil and buffer combinations were 

calculated (Table 2.3.3-1).  

y = 0.9811x + 2.5601
R² = 0.9811

y = 0.9871x + 1.7428
R² = 0.9871

y = 0.993x + 0.9269
R² = 0.9931
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Figure 2.3.3-1: Scatterplot of estimated interference corrected protein content used as reference value (z-axis) as a function 
of Absorbance A (x-axis) and Absorbance B (y-axis). Colours indicate extraction buffers; shapes indicate soils with a total of 
n=36 biological units. Symbols are mean of triplicate assay value. Errors bars not shown. Multivariate regression will fit a line 
through the datapoints with Absorbance A and B as independent factors. 

The statistical power (F-value) of models explaining interference corrected protein 

concentration declined, when compared to models explaining humic substances (prev. 

section). Nonetheless, the co-efficients for the Global/All model, all soil separate models and 

one soil and buffer model were significant (p<0.05) in explaining interference corrected 

protein content (Table 2.3.3-1). Co-factors for the Global/All regressed model were with 

β1,p=2.83 and β2,p =-2.90 close to slope derived factors at β1,p=2.12 and β2,p=-2.12 (compare 

Table 2.3.3-1 with Table 2.3.1-2). All models’ intercepts α0 were not significant (p>0.05). The 

model based on Grange and water extract dataset could not be calculated due to all zero or 

below zero corrected protein values.  

Overall, by comparing results for correction factors (co-factors) of multivariate regression 

(Table 2.3.3-1) with correction factors from the slope derived method (Table 2.3.1-2), it was 

found that that they exhibited consistently the same sign, but did not have the same value. 

The difference in factor values between the multivariate regression and slope derived 

methods showed that multivariate regression factors β1,p were on average larger with a 

difference of 0.43±1.33 (mean±sd) and for factors β2,p were on average smaller with a 

difference of -0.40 ± 1.46 (mean±sd). However, the standard deviation was larger than the 

differences between means. Besides Gaussian linear regression, also regression based on 

Poisson distribution was carried out for the Global/All model. The Global/All multivariate 

model based on Poisson distribution exhibited significant intercept α0 and co-factors β1,p and 

β2,p (p<0.001, Table 2.3.3-1).  
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Table 2.3.3-1: Results for multivariate regression models for interference corrected protein content with reporting of 
intercept α0, coefficient β1 for Absorbance A, coefficient β2 for Absorbance B, model/adjusted R2, F-statistic and regression 
assumptions (passed or failed, see explanations below table). 

Estimated 
Protein  
Model 

Intercept 
α0 

Absorbance 
A 

coefficient β1 
(=β1,p) 

Absorbance B 
coefficient β2 

(=β2,p) 

Model R2 
(adjusted 

R2) 
F statistic 

Regression 
assumptions 

Global/All 
(Gaussian) 

N=36 -0.8852 2.8333*** -2.8971*** 
0.8466 

(0.8373) 
F2,33=91.04*** 

1)p=0.1993 (pass) 
2)p< 2.2e-16 (fail) 
3)p< 2.2e-16 (fail) 

4)pi=0.0001017 (fail) 
pj=0.000191 (fail) 

Soil separate       

Athenry 
N=18 

0.9475 0.9475† -0.9380† 
0.3515 
(0.265) 

F2,15=4.065† 

1)p=8.78e-05 (fail) 
2)p=0.001665 (fail) 

3)p< 2.2e-16 (fail) 
4)pi=0.01466 (fail) 
pj=0.009908 (fail) 

Grange 
N=18 

-0.4943 3.5249*** -3.6876*** 
0.9206 
(0.91) 

F2,15=86.96*** 

1)p=0.2879 (pass) 
2)p< 2.2e-16 (fail) 
3)p< 2.2e-16 (fail) 

4)pi=0.0006398 (fail) 
pj=0.0009194 (fail) 

Soil& buffer separate       

Athenry& water 
N=6 

2.0717 0.8583† -0.6984 
0.7823 

(0.6371) 
F2,3=5.39 

1)p=0.6601 (pass) 
2)p=0.623 (pass) 

3)p=0.008827 (fail) 
4)pi=0.4962 (pass) 

pj=0.1947 (pass) 

Athenry& neutral 
NaPPi  

N=6 
-42.967 1.322 -1.087 

0.7774 
(0.6291) 

F2,3=5.24 

1)p=0.9294 (pass) 
2)p=0.1607 (pass) 

3)p=3.99e-05 (fail) 
4)pi=0.3633 (pass) 

pj=0.4825 (pass) 

Athenry& alkaline 
NaPPi 

N=6 
-1.5247 0.3137 -0.2942 

0.3354 
(-0.1077) 

F2,3=0.757 

1)p=0.9955 (pass) 
2)p=0.4041 (pass) 

3)p=3.62e-05 (fail) 
4)pi=0.7343 (pass) 

pj=0.7347 (pass) 

Grange& water 
N=6 

NA, due to 
all responses 

zero 

NA, due to all 
responses 

zero 

NA, due to all 
responses 

zero 

NA, due to 
all responses 

zero 

NA, due to all 
responses zero 

1)p=NA 
2)p=NA 

3)p=5.596e-05 (fail) 
4)pi=0.3654 (pass) 

pj=0.2495 (pass) 

Grange& neutral 
NaPPi 

N=6 
-26.9560 3.4341** -3.4423* 

0.9326 
(0.8876) 

F2,3=20.74† 

1)p=0.4085 (pass) 
2)p=0.3407 (pass) 
3)p=0.1459 (pass) 
4)pi=0.3806 (pass) 

pj=0.01784 (fail) 

Grange& alkaline 
NaPPi 

N=6 
67.718 3.154† -3.615* 

0.8469 
(0.7448) 

F2,3=8.298 

1)p=0.1021 (pass) 
2)p=0.7057 (pass) 

3)p=0.0002177 (fail) 
4)pi=0.222 (pass) 
pj=0.5024 (pass) 

Global/All  
(Poisson) 

1.396875*** 0.064856*** -0.062524*** NA NA NA 

Codes for significance level: <0.001 =‘***’, ≤0.001 =‘**’, <0.01 = ‘*’, ≤0.05 = ‘†’, >0.05 = ‘ ’ 
Regression model assumptions tested:  
1)Test of normality of model residuals, Shapiro-Wilk test, H0:p=p(distribution not different to normal distribution), viz. accept/pass at greater 
5 %  
2)Test of equal variances (homoscedasticity) of response variable by groups{Global/All grouped by combinations of soil and buffer, soil 
separate grouped by buffer, soil and buffer separate grouped by soil handling}, Bartlett test, H0:p=p(Variance in groups are same), viz. 
accept/pass at greater 5 %  
3) Correlation of explanatory variables, Pearson correlation, H0:p=p(correlation is zero), viz. accept that explanatory variables are not 
correlated at values greater 5 %  
4) Test of normal distribution of explanatory variables i=Lowry assay protein value & j=Lowry assay HAE value, Shapiro-Wilk test, 
H0:p=p(distribution not different to normal distribution), viz. accept/pass at greater 5 %  
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The loss in goodness of fit through using more general categories was higher for models 

explaining interference corrected protein concentration than for models explaining humic 

substances (compare here Figure 2.3.3-2 with Figure 2.3.2-2). Here, the coefficient of 

determination (R2) for the Global/All model exhibited a lower R2=84.7 %. Using factors derived 

from the soils separately (Soil as factor), the coefficient of determination (R2) improved to 

R2=90.5 %. The most detailed models with soil and buffer as factor exhibited an R2=94.5 %, 

which was lower than for models explaining humic substances. 

 

Figure 2.3.3-2: Model predicted values are regressed on reference values (corrected protein content). Soil as factor employs 
values generated by models for Athenry and Grange separately. Soil and buffer as factor use respective models for all 
combinations to generate predicted values. Lines and metrics are generated by ordinary least squares regression in MS EXCEL. 

2.3.4. Comparison of Lowry assay interference corrections 
The results of Lowry assay protein estimation methods based on sample-specific correction 

factors were compared to values generated with in-clean matrix derived correction factors. 

The latter correction factors were established in Frolund et al. (1995) and used in Redmile-

Gordon et al. (2013) on soil extracts and are denoted here as “Frolund_RG13”. The sample-

specific Lowry assay corrections considered were: 1) “Regression intersect” (based on Figure 

2.1-1, viz. subtraction of humic background from “total” reactivity), 2) “Individual correction 

factors” (based on equation 2, viz. slope relations derived), and 3) “Multivariate regression” 

(based on equation 6). Corrected Lowry assay protein estimates were contrasted to 

uncorrected Lowry assay “Absorbance A”, which is an estimate of “total” reactive content 

(Figure 2.3.4-1, values in Table S-2.7.11-1).  

Estimated protein contents with clean matrix derived correction factors “Frolund_RG13”, 

constituted on average over the three extraction buffer fractions 2 % and 9 % of “Absorbance 

A” values, for Athenry and Grange soil, respectively (Figure 2.3.4-1, Table S-2.7.11-1). For 

neutral NaPPi extracts, it was indicated that on average ca. 7 % of “Absorbance A” was protein 

content, and for alkaline NaPPi extracts ca. 5 % of “Absorbance A” was protein content.  

y = 0.8466x + 3.7628
R² = 0.8466

y = 0.9054x + 2.3212
R² = 0.9053

y = 0.9447x + 1.6318
R² = 0.9446
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The three sample-specific derived correction factors yielded on average over all three 

extraction buffers, estimated protein contents of 6 % and 18 % of “Absorbance A” values, for 

Athenry and Grange soil, respectively. With all correction methods (in-clean matrix or sample-

specific derived), alkaline NaPPi extracts were indicated to exhibit the least protein content as 

a proportion of total reactive content, as indicated by “Absorbance A”. Employing either NaPPi 

extract buffer (neutral buffered or alkaline), and with all correction methods, Grange soil 

extracts were indicated to contain more protein than Athenry soil. Inconsistent results were 

calculated with all correction methods for Athenry water extracts, with in-clean matrix derived 

weighing factors reporting negative protein content, and sample-specific correction factors 

reporting larger protein content than “Absorbance A” values (same figure and table). All 

values were also expressed for comparison in mg g-1 FW soil (Table S-2.7.11-2). Due to lack of 

temporal control, the soil handling conditions are not presented here (Figure S-2.7.11-1).



 

 

Figure 2.3.4-1: Boxplot showing crude extract protein concentration for calculation methods employed. The difference between “Absorbance A” and the corrected methods is the humic substances 
estimate. In-assay values were converted to crude values (see method section 2.2.2) to minimise biological replicate differences due to concentration and dilution factor differences arising from the 
processing. The symbol “*” indicates sample-specific correction variants. Frolund_RG13 are results for clean matrix derived correction factors. Absorbance A are uncorrected results. Samples from 
Grange and Athenry soil, three extraction buffers, and three soil handling conditions, with 2 biological replicates. Each bar consists of 6 samples (n=18 p. soil). Soil handling conditions are not shown 
here, see Figure S-2.7.11-1. 
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The associations of correction methods to each other and to uncorrected “Absorbance A” was 

calculated, to investigate which correction method was more distant from “Absorbance A” 

and to establish relatedness within corrections. Data were not normally distributed even after 

transformations (Table S-2.7.11-3) and non-parametric Spearman rank-order correlations 

were calculated (Table 2.3.4-1). The correction method most distant to “Absorbance A” was 

found to be “Frolund RG13” with a correlation coefficient of r=0.46 followed by “Individual 

correction factors” with an r=0.53. Both associations were, however, significantly correlated 

to “Absorbance A” (p<0.01). The remaining correction methods “Regression intersect” and 

“Multivariate regression” exhibited slightly higher correlation coefficients with “Absorbance 

A” at r=0.54 and r=0.60 (p<0.001), respectively. The correction methods correlated within 

themselves more strongly than with “Absorbance A”, with correlation coefficients between 

r=0.78 to r=0.95 and with high significances of the correlation (p<0.001) (Table 2.3.4-1).  

Table 2.3.4-1: Spearman rank-order correlation coefficient matrix of between calculation method results and Spearman's 
rank correlation test on full data set of N=36 replicates per calculation method. Results for soils separately Table S-2.7.11-4 
and Table S-2.7.11-5. 

 
Absorbance_A Frolund_RG13 

Individual_correc

tion_factors 

Regression_inter-

sect 

Multivariate_reg-

ression 

Absorbance_A 1 r= 0.46* r= 0.53* r= 0.54*** # r= 0.60*** 

Frolund_RG13  1 r= 0.81*** r= 0.78*** # r= 0.78*** 

Individual_correction_fac
-tors 

  1 r= 0.95*** # r= 0.89*** 

Regression_intersect    1 r= 0.88*** # 

Multivariate_regression     1 

Reject null-hypothesis that correlation is not significant at p<0.05.  
Codes for significance level: <0.001 =‘***’, ≤0.001 =‘**’, <0.01 = ‘*’, ≤0.05 = ‘†’, >0.05 = ‘ ’ 
Degrees of freedom (df) not available 
# Could not compute exact p-value with ties 

2.3.5. Comparison of sample subset with other protein 

assays 
A subset of 2 mm sieved soil extracts was also measured for protein content by Qubit total 

protein assay and total hydrolysable amino acids (free amino acids “FAA”, total hydrolysable 

amino acids “HAA”, net hydrolysable amino acids “HAA.FAA”). Extractions with water buffer 

were repeated, as described in method section 2.2.1, while the subsamples for other 

combinations remained the same. Lowry assay Absorbance B (without copper) was not 

measured on water re-extract units, as on that development stage other protein methods 

seemed more promising. Therefore, for water extracts, corrected Lowry assay protein 

estimates are not available. In the following graph, values are reported for crude extract 

concentration to allow for comparison across assays (Figure 2.3.5-1, Table S-2.7.12-1). The 

amino acid concentration (Glycine equivalent) is also given in the same units as protein 

concentrations (BSA equivalent). 

The Qubit assay estimated mean protein content of 24 µg mL-1 for neutral NaPPi was close to 

the sample-specific correction “Multivariate Regression” method and the clean matrix 

correction method “Frolund RG13” (same figure and table). For alkaline NaPPi extracts, the 
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relations were similar. In water extracts, the Qubit total protein assay was not able to detect 

protein content. The water extracts were measured at a quarter strength of concentrated 

extract (final 5x concentration of extract with a further 20x dilution in assay). In contrast, the 

Lowry assay “Absorbance A” assay was able to detect a total reactive concentration of 3 µg 

mL-1. The total (“HAA”) or net hydrolysed amino acid (“HAA.FAA”) concentrations for neutral 

and alkaline NaPPi extract were determined to be higher than the estimated protein content 

of all corrected Lowry assay methods, but lower than total reactive content indicated by Lowry 

assay “Absorbance A”. Net hydrolysed amino acid mean concentration in water extract was 

determined at 2 µg mL-1 (same figure and table). 

 
Figure 2.3.5-1: Boxplot of crude extract protein/amino acid concentration from 2 mm sieved soil subset. Methods were Lowry 
assay and its corrections (Regression intersect, Individual correction factors, multivariate regression), Qubit total protein, 
hydrolysable amino acids (HAA), free amino acids (FAA), and net hydrolysable amino acids (HAA.FAA). Graph shows data from 
both soils bulked (n=4 per bar, water extracts do not have value for corrected Lowry assay). 

Associations of the assay results were calculated with Pearson correlation coefficients (Data 

was normally distributed, Table S-2.7.12-2) and the correlations tested for significance (Table 

2.3.5-1). The corrected Lowry assay methods were not significantly correlated to “Absorbance 

A” in this sample subset (p>0.05). This stands in contrast to significant correlation in the full 

dataset (Table 2.3.4-1). Qubit total protein, free amino acids (FAA) and hydrolysed amino acids 

(total “HAA” and net “HAA.FAA”) were significantly correlated to “Absorbance A”. Overall, the 

Qubit total protein assay was not significantly correlated with any other method, except 

aforementioned “Absorbance A”, “HAA”, and net “HAA.FAA”. Net hydrolysable amino acid 

concentrations (“HAA.FAA”) were found to be significantly correlated with “Absorbance A” 

and with Qubit total protein assay at strong associations of r=0.80 and r=0.75, respectively. 
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Table 2.3.5-1: Pearson coefficient (ρ) correlation matrix with estimated correlation coefficients (r ≈ρ) in upper triangle matrix 
of 2 mm sieved soil of Grange and Athenry soil crude protein concentration data (µg mL-1) of measurement methods. Negative 
associations highlighted in bold. Pairwise deletion of missing values (i.e. water extract corrected Lowry assay). All variables 
have been tested for normal distribution (some sqrt or log10 transformed, Table S-2.7.12-2). Pearson correlation test two-
sided at 95 % confidence level. Significance level coding given below table. 

 
Absorban

ce_A 

Frolund_R

G13 

Individual

_correctio

n_factors 

Regressio

n_interse

ct 

Multivari

ate_regre

ssion 

Qubit HAA.FAA HAA FAA 

Absorbanc
e_A 

1 
r= -0.27 
df = 6 

r= -0.07 
df = 6 

r= -0.09 
df = 6 

 

r= -0.10 
df = 6 

 

r= 
0.62*** 
df = 10 

 

r= 
0.80*** 
df = 10 

 

r= 
0.87*** 
df = 10 

 

r= 0.67* 
df = 10 

 

Frolund_R
G13 

 1 
r= 0.78† 

df = 6 
 

r= 0.79† 
df = 6 

 

r= 0.87* 
df = 6 

 

r= -0.13 
df = 6 

 

r= 0.01 
df = 6 

 

r= 0.03 
df = 6 

 

r= 0.11 
df = 6 

 

Individual_
correction
_factors 

  1 

r= 
0.97***, 

df = 6 
 

r= 
0.96*** 

df = 6 
 

r= 0.03 
df = 6 

 

r= 0.10 
df = 6 

 

r= 0.16 
df = 6 

 

r= 0.31 
df = 6 

 

Regression
_intersect 

   1 

r= 
0.97*** 

df = 6 
 

r= 0.06 
df = 6 

 

r= 0.10 
df = 6 

 

r= 0.15 
df = 6 

 

r= 0.29 
df = 6 

 

Multivariat
e_regressi

on 
    1 

r= -0.06 
df = 6 

 

r= 0.13 
df = 6 

 

r= 0.17 
df = 6 

 

r= 0.28 
df = 6 

 

Qubit      1 

r= 
0.75*** 
df = 10 

 

r= 
0.70*** 
df = 10 

 

r= 0.06 
df = 10 

 

HAA.FAA       1 
r= 

0.98*** 
df = 10 

r= 0.30† 
df = 10 

 

HAA        1 
r= 0.48† 
df = 10 

 

FAA         1 

Reject null-hypothesis that correlation is not significant at p<0.05.  
Codes for significance level: <0.001 =‘***’, ≤0.001 =‘**’, <0.01 = ‘*’, ≤0.05 = ‘†’, >0.05 = ‘ ’ 
Degrees of freedom (df) = N-2 

2.4. Discussion 

2.4.1. Sample-specific Lowry assay corrections in 

comparison 
In previous literature, it was proposed to correct for interference in the Lowry assay by 

utilising the absorbance level differences of Absorbance A and Absorbance B (Potty 1969). This 

would signify unweighted subtraction of Absorbance B from A. In Lindeboom and 

Wanasundara (2007) and Frolund et al. (1995) correction factors for the subtraction were 

established in clean matrices. Redmile-Gordon et al. (2013) used such in-clean matrix 

established correction factors and applied these to the subtraction of Absorbance B from A.  

This experiment investigated if, with contrasting extracts from three soil extraction buffers, 

sample-specific correction factors differed to in-clean matrix derived correction factors. It was 

hypothesised that sample-specific correction factors would differ to in-clean matrix derived 

corrections as a function of soils and extraction buffer specific differences. 
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Results of previous authors and of own results for BSA standard series in-clean matrix were 

re-calculated for enabling comparison of correction factors. It showed that even in clean 

matrices the correction factors differed between studies. Likely reasons may be 1) differences 

in the implementation of the Lowry assay and 2) uncontrolled factors in the assay chemistry, 

e.g. the degree of the presence of copper in reagents for Absorbance B preparations (e.g. 

water source). Already Lowry et al. (1951) found that very small amounts of copper were 

sufficient to give “nearly maximum final colour”. The role of copper in the reaction appears 

not to be catalytic and Lowry et al. (1951) had calculated that ca. 0.10 to 0.13 mole of copper 

per 117 g protein or “1 mole of chromogenic protein-bound copper per [mole of] 7-8 amino 

acid residues” were sufficient for maximal colour development. It was a possibility that copper 

in own Absorbance B assay preparations was present at higher concentrations than in other 

studies. The consequence would be that the slope of Absorbance B would be steeper and 

correction factors would have higher absolute values than in other studies. This argument 

agrees with findings here, where in-clean matrix correction factors were higher than in 

Frolund et al. (1995) and were closer to values in Potty (1969). This would also suggest, that 

there is a general need to conduct own calibrations, even when using in-clean matrix derived 

correction factors for interference correction. 

The need for calibration becomes more pressing in environmental matrices, where 

environmental substances may exert additional Lowry assay reactive effects. The intersect 

calculation for model protein additions into environmental matrix was developed here and 

enables sample-specific correction factors. Results indicated that sample-specific correction 

factors for most extracts, except alkaline NaPPi extracts, were significantly higher than in clean 

matrix generated correction factors. Although, results with in-clean matrix correction or 

sample-specific correction methods lay close, sample-specific corrections exhibited higher co-

factor values. This would signify that the sample-specific calibration gave more weight (i.e. 

higher co-factors) to the information that “Absorbance A” and “Absorbance B” provided. With 

sample-specific corrections, the slope intersection used to estimate humic substances 

background would be justifiably derived from the sample matrix, which would not be the case 

for in-clean matrices derived corrections. However, adverse effects of the sample matrix on 

the calibration itself also need to be considered, as discussed below. Results also showed that 

in practice the interference correction with in-clean matrix derived correction factors was not 

reporting very differing results to the sample-specific correction. Reason for this may be that 

1) information of Absorbance B is used in either case and thereby reduces overestimation by 

use of Absorbance A alone, 2) the calibration relies in both cases on a model protein standard 

series, which needs to be adequate for the purposes, and 3) that the (environmental) sample-

specific calibrated factors underlie some caveats, discussed in the following. 

Two counteracting, interfering influences on Absorbance B in environmental matrices are 

conceivable. On the one hand a slope decreasing effect by high concentrations of 

phenolic/humic substances (see Case 2 supporting material 2.7.3), and on the other hand a 

slope increasing effect by residual and/or environmental copper. These counteracting effects 

might explain results here. For example in results, Absorbance B slopes (m) of BSA standards 

in a clean matrix were on average m=0.31, while the averaged Athenry and Grange water 

extracts exhibited slopes of m=0.61 and m=0.53, respectively (Table 2.3.1-1). With neutral 
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buffered NaPPi and alkaline NaPPi extracts and possible slope depreciating influence of 

chelating phenolic substances (Winters and Minchin, 2005), the Absorbance B slopes 

decreased to m=0.47/0.46 for Athenry/Grange neutral NaPPi, and to m=0.20/0.30 for the 

Athenry/Grange alkaline NaPPi extracts, respectively. In the last case of alkaline NaPPi 

extracts, the Athenry soil indicated higher estimated background absorbance from humic 

substances than the Grange soil extract (compare low y-axis intercepts in Table 2.3.1-1), and 

possibly the lower slope is explained by this mechanism. This would be in line with the results 

obtained by model phenol addition by Potty (1969) (Figure S-2.7.3-1). It was argued in Potty 

(1969) that accurate Absorbance B correction was only possible up to 40 µg mL-1 in-assay 

phenol concentration, because the measure becomes dominated by phenol content. Results 

here indicated that the interference from humic substances was low for water extracts of 

Athenry/Grange soil at -8/7 µg mL-1 in-assay interference (Table 2.3.1-1). For neutral and 

alkaline NaPPi extracts, the humic substances interference at in-assay concentration were 

determined to be very high at between 170 µg mL-1 to 270 µg mL-1. The estimated interference 

values likely represented total and complex soil humic substances interference and were 

unlike in Potty (1969) not from added, pure phenol and might therefore not have the same 

saturating effect. Furthermore, although the Absorbance B measure in Potty (1969) became 

dominated at higher phenol concentrations, the “virtual” intersect (Figure 2.1-1) was still very 

close to the y-axis, indicating that the intersect was correctly calculated even at higher phenol 

concentrations and despite saturation. Should this apply generally as the behaviour of 

Absorbance B to phenolic/humic substances, it would increase confidence in the slope values 

of protein standard series’ Absorbance B in environmental matrices. 

Another caveat to environmental matrix derived correction factors resides with influences on 

the slope of Absorbance A. It can be depressed by removal of copper by chelating substances, 

such as ortho-diphenols as shown in Winters and Minchin (2005). A resulting lowering of the 

Absorbance A slope could locate the intersect of Absorbance A and B slopes further left on 

the x-axis (Figure 2.1-1), given that Absorbance B slopes are not depressed. This effect might 

lead to resulting calculations overestimating protein concentrations, as the background 

contribution to Absorbance A is underestimated (compare fA(x) of intersect equation (1) and 

Figure 2.1-1). Here, the copper sulphate amount in each well as ca. 0.02 mg, while the highest 

humic substances amount was estimated at ca. 0.06 mg (270 µg mL-1, Table 2.3.1-1). 

Absorbance A slope decrease by copper chelation through humic substances to some degree 

might follow from this. There was indeed indication for this effect in the decrease of slopes of 

Absorbance A with more humic extracts, viz. higher humic substances amount (Table 2.3.1-1). 

However, the extent of slope A depression may also be limited, as not all the humic substances 

might act as bidentate chelators, nor as pure phenol. Results suggest that humic substances 

strongly act in a background increasing mode (see y-intercepts Table 2.3.1-1). A possible 

amendment to slope A decreases might, however, be to employ higher copper amounts. 

Redmile-Gordon et al. (2013) have optimised Lowry assay reagent concentrations, and the 

copper sulphate concentration was ca. 3.5-times higher than in the assay here. However, slope 

decreases of Absorbance A were also detected in the study by Redmile-Gordon et al. (2013). 

There, model humic acid sodium salt additions were made to BSA standards in clean and in 

soil extract and this led to a net slope decreasing effect. Portions of the model humic 
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substances that the authors used, might have acted as copper chelators. The composition of 

the model humic substances used in that study are reported to include “polysaccharides, 

proteins, simple phenols, and chelated metal ions” (Sigma Aldrich, H16752). Humic, metal 

chelating compounds may chelate copper and may therefore lead to underdevelopment of 

colour in the Lowry assay Absorbance A mechanism. Nonetheless, the extent of over-

estimating protein content through Absorbance A slope decreases is also limited by the 

condition that the slope of Absorbance A cannot be lower than Absorbance B for an intersect 

(Figure 2.1-1). 

Approaches to minimise adverse effects on slopes of Absorbance A and B in experiments here 

were taken by 1) Reduction of chelating substances in solution (by DOC-TCA precipitation), 

and 2) dilution of soil extracts into a range where humic substances were reduced. The level 

of model protein additions in relation to native phenolic/humic substances remains for 

deliberation. Especially for humic soil extract fractions, the humic substances’ portion can be 

much larger than native protein content. Here, final BSA protein additions were made at +53 

µg mL-1 and +110 µg mL-1 , and this was slightly lower than the estimated humic substances 

concentration in NaPPi extracts between 170 µg mL-1 to 270 µg mL-1 (Table 2.3.1-1). Overall, 

that slopes of Absorbance A and B decreased with more humic extracts indicated that a variety 

of the described mechanisms might have been at play and may be alleviated by further assay 

reagent optimisation. Provided that the confounding effects on the absorbance slopes are not 

strong, the approach to spike proteins into samples for slope calculations opens up the 

possibility to choose a protein type relevant for the experiment or research question as 

pointed out in Redmile-Gordon et al. (2013) and to partition into protein and humic 

substances derived proportions. 

The here developed multivariate regression equation provides a basis for calibrating 

correction factors as co-factors of the multivariate regression for Absorbance A and 

Absorbance B. This approach relies on the reference value being correct. To calibrate against 

corrected protein values, as done here might seem circular, but might be a possible avenue to 

characterise a soil’s and buffer’s interference and would enable later measurement of a larger 

set of samples by only having to measure Absorbance A and B without further protein 

additions. Results for multivariate regression of co-factors for Absorbance A and B on humic 

substances showed more general validity than when protein content was explained and point 

to the high influence of humic substances on Absorbance A and B. In general, multivariate 

methods, however, are strongly influenced by the dataset chosen for calibration, and might 

not be easily extended to other sample sets (Thomas and Haaland, 1990). The difference in 

correction factor estimation between the slope derived correction methods (Table 2.3.1-2) 

and the multivariate method (Table 2.3.3-1), showed that the difference for correction factor 

β1,h was 0.01 ±0.97 (mean±sd) and for correction factor β2,h was -0.05 ±1.10 (mean±sd). The 

correction factors varied by a comparatively large standard deviation between these two 

calculation methods and this may indicate that either measure might be strongly influenced 

by factors other than those considered in the experimental design. Different analytical 

techniques could also be used as reference values as done in Ruisánchez et al. (2002). For soil, 

the adequate reference protein measurement method remains open. Increasingly 
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hydrolysable amino acids with resolution of amino acids are employed (Roberts and Jones, 

2008; Bastida et al. 2014; Philben et al. 2014). 

Generally, as sample-specific corrections exhibited higher co-factor values, this would mean 

that slopes of protein additions were indeed influenced by the sample matrix differently than 

in clean matrices and that the sample-specific calibration gave more weight (i.e. higher co-

factors) to the information that “Absorbance A” and “Absorbance B” provided. Sample-

specific corrections provide a theoretically justified approach to estimate humic substances 

background on the basis of the sample matrix and might thereby represent a slight 

improvement over in-clean matrix correction factors. Further research could optimise Lowry 

assay reagent concentrations and investigate combinatorial variation of protein additions and 

model humic substances addition to validate protein estimates and to compare sample-

specific vs. in-clean matrix derived correction factors. 

2.4.2. Validity-check against other protein estimation 

methods 
Corrected protein estimates with the Lowry assay (sample-specific and in-clean matrix 

corrections) were compared to fluorophore-based Qubit protein assay and total hydrolysable 

amino acids in soil extracts from three contrasting extraction buffers. It was hypothesised that 

in NaPPi extracts, with high phenolic/humic substances content, protein estimates with 

uncorrected Lowry assay Absorbance A would be higher than estimates with fluorophore-

based Qubit protein assay, and hydrolysable amino acids content. It was further hypothesised 

that corrections for the Lowry assay would yield similar protein estimates to the other 

methods. In extracts with low humic content (water buffer), all methods were expected to 

report similar magnitudes of protein content estimates. 

Cross comparison across these differing assays was possible when considering the following 

caveats. Subsamples for Qubit total protein and hydrolysable amino acids were not DOC-TCA 

precipitated. This was due to the Qubit total protein assay being sensitive to “reagent C” 

resuspension matrix (not shown). Also, the Qubit’s NanoOrange fluorophore mechanism was 

found in Roberts and Jones (2008) to be quenched by humic substances. In results here, with 

a net dilution of extracts, quenching might not have been prominent as results were close to 

the corrected Lowry assay results (Figure 2.3.5-1, Table S-2.7.12-1). For the method of 

hydrolysable amino acids, ammonia removal pre-treatment was employed to address 

sensitivity of the ninhydrin reagent to ammonia (Method section 2.2.5). Also, net hydrolysed 

amino acids indicated a higher concentration of amino acids than (corrected) protein 

concentrations. The reasons for this may be due to non-protein sources of amino compounds, 

e.g. amino sugars such peptidoglycan (Roberts and Jones, 2008), by underestimation of 

protein content through intrinsic and protein-soil matrix stabilisation mechanisms (Rillig et al., 

2007), and the bias stemming from using BSA equivalent to quantify soil extract protein 

content (Redmile-Gordon et al., 2013). Despite that the concentration values related to 

different reference standards, glycine-equivalent amino acid concentration for hydrolysable 

amino acids and BSA protein concentration for protein assays, the comparison was 
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reasonable. For example, Roberts and Jones (2008) have calculated mean total protein 

concentration by summation of individually determined amino acids from hydrolysis. 

For the Lowry assay, the removal of interfering substances by DOC-TCA was shown to be 

important to reduce interference (Bensadoun and Weinstein, 1976) and indeed DOC-TCA 

precipitation was used to clean soil extracts for the Lowry assay (Masciandaro et al., 2008). 

However, the removal of humic substances by acid precipitation cannot be fully achieved. 

Qian and Hettich (2017) reported that humic acids co-precipitate with TCA induced protein 

precipitation. Also, in results here, there was a high level of humic substances remaining in 

soil extracts after DOC-TCA precipitation (prev. discussion sections). In a more general view, 

the DOC-TCA precipitation of NaPPi extracts resembles the operational fractionation of humic 

acids, by acid precipitation of alkaline soil extract (Tan, 2014; von Lützow et al., 2007). 

Nonetheless, for removal of humic substances, which are not acid precipitable (operationally 

defined fulvic acids), DOC-TCA would be useful. Also, Lindeboom and Wanasundara (2007) 

have found considerable Lowry assay-active free phenolic and other strong oxidants to remain 

in the supernatant of TCA (TCA-phosphotungstic acid (PTA)) precipitations. Removal of 

phenolic/humic substances can be especially important in the context of BSA additions and 

slope calculations, as laid out in previous discussion (Section 2.4.1).  

Results here showed, that net hydrolysable amino acids (“HAA.FAA”) significantly and strongly 

correlated with uncorrected Lowry assay protein measure Absorbance A and with Qubit total 

protein assay (Table 2.3.5-1). In contrast, associations of Qubit total protein and net 

hydrolysable amino acid assays to corrected Lowry assay protein measures were weak and 

insignificant. On the one hand, despite different preparations and assay mechanisms, it seems 

reasonable that Absorbance A, Qubit total protein assay and net hydrolysable amino acids 

would correlate strongly over different soils and the three extraction buffer fractions, as they 

would then measure the same protein pool. On the other hand, uncorrected Lowry assay 

“Absorbance A” strongly overestimated protein content due to soil interfering substances, 

which are suspected to be humic and phenolic substances (Redmile-Gordon et al., 2013). 

Corrected Lowry assay methods reported protein concentrations in the range of the Qubit 

total protein assay and net hydrolysable amino acids but did not correlate well with those 

(Figure 2.3.5-1, Table 2.3.5-1). An explanation could be, that the corrected Lowry assay 

measured different protein/proteinaceous pools, possibly due to DOC-TCA precipitation in 

contrast to Qubit and hydrolysable amino acids. However, this would not explain, why the 

uncorrected “Absorbance A”, which underwent DOC-TCA precipitation, did correlate well with 

the results of the other assay mechanisms. Roberts and Jones (2008) have also found no 

significant correlations between a range of protein assays. The assays, which they tested were 

also from a range of differing assay mechanisms, e.g. Coomassie dye binding assay, Bradford 

reagent kit, QuantiPro BCA assay kit, FluoroProfile protein quantification kit, NanoOrange 

Protein quantification kit, and EZ:faast Amino acid protein hydrolysate kit.  

2.5. Summary and Conclusions 
Soil extracts can often contain high contents of phenolic/humic substances and at the same 

time low protein content. Especially humic extracts present challenging samples for protein 

quantification, due to the extraction of phenolic/humic substances. The colorimetric protein 
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assay of Lowry et al. (1951) was widely used and can be combined with sample pre-cleaning 

and/or absorbance corrections. To date, the absorbance corrections have been derived from 

clean matrices. In this study, sample-specific corrections were benchmarked against in-clean 

matrix derived correction factors, and Qubit and total hydrolysable amino acids assays. Results 

from sample-specific and in-clean matrix derived corrections differed slightly. Both 

corrections showed, nonetheless, that there was a high level of humic substances in NaPPi soil 

extracts. This would be indication that the soil/environmental matrix influences the protein 

addition slopes, which would be a further argument for employing sample-specific 

corrections. However, it is conceivable that compounds in the sample matrix may also dampen 

the calibration curve to a strong degree, which suggests caution with the sample-specific 

correction. Nonetheless, the effect on the calibration curve by substances in the sample matrix 

is explicitly considered in the formula used to estimate humic substances background and this 

would be further justification for deriving sample-specific/sample-matrix derived corrections. 

In contrast, for water extracts the correction methods did not perform reliably, while at the 

same time there is no need for corrections due to low humic substances content. In those, 

corrections were likely hampered by low protein concentrations, possibly at the limit of 

detection. All in all, the advance was that a harmonised theory of Lowry assay corrections in 

environmental matrices was developed, a method for sample-specific correction factors 

established, statistical notations for multivariate regression derived, and the theory was 

tested to allow sample-specific partitioning into protein and humic substances content. This 

method is presenting a sought after rapid, cheap, and sample-specific correction method 

based on the Lowry assay for application to soil and plant extract samples, which may have 

high phenolic/humic substances content.  
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2.7. Supporting material 

2.7.1. Lowry assay interfering substances  
Table S-2.7.1-1: Selected interfering substances and values from review by Peterson (1979) and with results on phenol copper 
chelating effect from Winters and Minchin (2005) 

Reference Substance Tested limit Tolerable limit Reagent blank 
effect 

Protein standard 
effect 

Peterson 
(1979) 

Tris, tricine 0.5-17 mM 0.1 mM increase, non-
linear 

decrease, non-
linear 

Sodium citrate 1-13 mM 1 mM none decrease, linear 

EDTA 0.04-20 mM 50 µM increase, non-
linear 

decrease 

Triton X-100 0.02-0.2 mg/mL 0.01 mg/mL increase, non-
linear 

increase, slight 

Sodium deoxycholate 0.1-1.6 mg/mL 0.1 mg/mL increase, non-
linear 

increase, slight 

sodium dodecylsulfate 0.2-4 mg/mL 0.5 mg/mL slight 
increase 

increase, slight 

glucosamine, galactosamine 0.04-1.4 mg/mL 5 µg/mL increase increase 

N-acetyl-D-
glucosamine/galactosamine 

0.04-1.5 mg/mL 0.1 mg/mL slight 
increase 

none 

Ethylene glycol 25-100 µL/mL 1 µL/mL increase, 
linear 

decrease, linear 

Polyvinyl pyrrolidinone 25 µL/mL <25 µL/mL increase, with 
time 

decrease, with 
time 

Perchloric acid (neutralized), 
trichloroacetic acid (neutralized) 

5 mg/mL >5 mg/mL none none 

Ethanol 50 µL/mL >50 µL/mL none none 

Acetone 5 µL/mL >5 µL/mL none none 

Dithiothreitol, oxidized glutathione 0.02-2 mM 0.02 mM increase ? 

2-Mercaptoethanol 0.02-2 mM 0.7 mM increase ? 

DNA in 1 M NaCl 77 µg/mL 77 µg/mL none decrease, slight 

Sodium chloride 0.7-2 M 0.7 M none decrease 

Sucrose 0.07-150 mM 4 mM increase, 
slight 

decrease, non-
linear 

Fructose, glucose 0.6 mM 0.2 mM increase ? 

Glycerol 200 µL/mL 100 µL/mL increase decrease 

Winters and 
Minchin 
(2005) 

Tyrosine (Monophenol) 0-0.2 mg/mL  none increase, linear? 

Hydroxyquinone (Para-diphenols) 0-0.08 mg/mL  none increase, linear? 

Resorcinol (Meta-diphenyls) 0-0.08 mg/mL  none increase, linear? 

Catechol (Ortho-diphenol) 0-0.2 mg/mL  22.3 % 
decrease 

decrease, non-
linear? 

Methylcatechol (Ortho-diphenol) 0-0.2 mg/mL  9.8 % 
decrease 

decrease, non-
linear? 

Caffeic acid (Ortho-diphenol) 0-0.2 mg/mL  27.9 % 
decrease 

decrease, non-
linear? 

Chlorogenic acid (Ortho-diphenol) 0-0.2 mg/mL  28.8 % 
decrease 

decrease, non-
linear? 

Phaselic acid (Ortho-diphenol) ?  25.5 % 
decrease 

decrease, non-
linear? 
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2.7.2. Case 1: Mechanism of Lowry assay protein 

quantification in “clean” matrix 
Both absorbances A and B can be expressed as linear functions of protein concentration/amount in 

the form yi =mi∙x +b (where: yi= Absorbance/protein content of assay i, mi = slope of linear relation i, 

x= protein concentration/amount in assay, b = intercept). Both linear functions have the same 

intercept b=0 at x=0 because there is no protein and neither reaction (w/wo. copper) mechanism at 

play. Therefore, one can express the relation of the slopes of Absorbance A (mA) and Absorbance B 

(mB) as a ratio (γ or 𝜑) : 

𝑚𝐵

𝑚𝐴
=

𝑦𝐵

𝑦𝐴

 → 𝛾 =
𝑚𝐵

𝑚𝐴
 𝑜𝑟 𝛾−1 = 𝜑 =

𝑚𝐴

𝑚𝐵
        (A-1) 

The typical enhancement of colour development in Absorbance A by 3-15 times over Absorbance B 

can now be expressed in the ratio 𝜑 = 3 − 15 or inversely γ = 0.3333 to 0.0667. With this the 

Absorbance B (yB) at any given protein concentration/amount x can be expressed as a fraction of 

Absorbance A (yA) with: 

𝑦𝐵 =  𝛾 ×  𝑦𝐴 =  𝛾 (𝑚𝐴 × 𝑥)         (A-2) 

This relation underlies the formalisation of the problem in Frolund, Griebe et al. (1995). The authors 

establish equations (A-3) and (A-4) for Absorbance A and Absorbance B (modified notation here and 

case of humic substances omitted for the moment): 

yA = Absorbance A = Absorbance protein A     +/- blank   (A-3) 

yB = Absorbance B = Absorbance protein B     +/- blank   (A-4) 

where (4) with knowledge of γ also: 

yB = Absorbance B = γ x Absorbance protein A     +/- blank   (A-5) 

With knowledge of the underlying assay mechanisms this becomes clear when resolving for the 

contribution of chromogenic amino acids and peptide-copper reducing effects on FC: 

yA = Absorbance A = chromogenic amino acids  + peptide interactions  +/- blank                 (A-3a) 

yB = Absorbance B = chromogenic amino acids     +/- blank                  (A-4a) 
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Table S-2.7.2-1: Schematic of the measured response with Absorbance A and Absorbance B by protein additions. The 
difference in response can be attributed to the effect of chromogenic amino acids and peptide-copper complexes. 

2.7.3. Case 2: Interaction of phenolics/humic substances 

with protein in “clean” matrix 

 

Figure S-2.7.3-1: Data from table 1 in Potty (1969). Lowry assay absorbance response over ovalbumin protein additions for 
different phenol levels 0 – 80 µg as indicated in legend. Mass values were made in 1 mL solution but reported as shown. 
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concentration/amount with the same y-intercept (b). The y-intercept (b) is proportional to the addition 

of phenol/humic substances (see Figure 1.1.2-2). The relation of the slopes of Absorbance A (mA) and 

Absorbance B (mB) is independent from the intercept and can be expressed again solely as a ratio of 

the slopes (γ or 𝜑): 

𝑚𝐵

𝑚𝐴
=

𝑦𝐵−𝑏

𝑦𝐴−𝑏
 → 𝛾 =

𝑚𝐵

𝑚𝐴
 𝑜𝑟 𝛾−1 = 𝜑         (A-6) 

Again, the Absorbance B (yB) at any given protein concentration/amount x can be expressed as a 

fraction of Absorbance A (yA) and addition of the background level increase through phenolic/humic 

substances by intercept (b), which is identical for both absorbances: 

𝑦𝐴 =  (𝑚𝐴 × 𝑥) + 𝑏          (A-7) 

𝑦𝐵 =  𝛾 ×  𝑦𝐴 + 𝑏          (A-8) 

The formalisation of the problem after Frolund et al. (1995) makes the implicit assumption that 

phenolic/humic substances contribution to the absorbances are the same and can be written as: 

yA = Absorbance A = Absorbance protein A  + Absorbance phenol/humic substances +/- blank  (A-9) 

yB = Absorbance B = γ x Absorbance protein A + Absorbance phenol/humic substances +/- blank               (A-10) 

For a more generally applicable equation for calculating protein content from Absorbance A and B, 

Frolund et al. (1995) re-arranged eq. (A-9) to (A-11) and (A-10) to (A-12): 

Absorbance protein A = Absorbance A – Absorbance phenol/humic substances  +/- blank                (A-11) 

Absorbance phenol/humic substances = Absorbance B – γ x Absorbance protein A +/- blank                (A-12) 

For protein addition = 0 it results that Absorbance A is equal to Absorbance B and the y-intercept (b) 

is the absorbance of phenolic/ humic substances (at x=0, Figure S-2.7.3-2). The slopes have different 

angles due to the different contribution of chromogenic amino acids and peptide-copper interactions. 

Slope decreasing factors have to be considered for Absorbance A (mA # see aspect 1 above) and 

Absorbance B (mB ** see aspect 2 above). 

 

Figure S-2.7.3-2: Schematic of the measured response with Absorbance A and Absorbance B by protein additions in 
phenolic/humic substances interactions. The difference in response can be attributed to the effect of chromogenic amino 
acids and peptide-copper complexes, while both absorbances are increased by the same level by the level of phenolic/ humic 
substances addition. Possible slope decreasing effects mA # and mB ** have to be considered with aspect 1 and 2 respectively 
explained before. 
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For the case of samples containing environmental samples (as laid out in introduction), the 

general equation is rendered by the inserting equation A-12 into A-11. For ease of reading 

the term +/- reagent blank is dropped: 

(1 − 𝛾) × 𝐴𝑏𝑠𝑜𝑟𝑏𝑎𝑛𝑐𝑒 𝑝𝑟𝑜𝑡𝑒𝑖𝑛 𝐴 =  𝐴𝑏𝑠𝑜𝑟𝑏𝑎𝑛𝑐𝑒 𝐴 − 𝐴𝑏𝑠𝑜𝑟𝑏𝑎𝑛𝑐𝑒 𝐵   (A-13) 

𝐴𝑏𝑠𝑜𝑟𝑏𝑎𝑛𝑐𝑒 𝑝𝑟𝑜𝑡𝑒𝑖𝑛 𝐴 =  
1

(1−𝛾)
× (𝐴𝑏𝑠𝑜𝑟𝑏𝑎𝑛𝑐𝑒 𝐴 − 𝐴𝑏𝑠𝑜𝑟𝑏𝑎𝑛𝑐𝑒 𝐵)   (A-14) 

𝐴𝑏𝑠𝑜𝑟𝑏𝑎𝑛𝑐𝑒 𝑝𝑟𝑜𝑡𝑒𝑖𝑛 𝐴 =  
1

(1−𝛾)
× (𝐴𝑏𝑠𝑜𝑟𝑏𝑎𝑛𝑐𝑒 𝐴) − 

1

(1−𝛾)
×  (𝐴𝑏𝑠𝑜𝑟𝑏𝑎𝑛𝑐𝑒 𝐵)  (A-15) 

In generalised form this is: 

𝐴𝑏𝑠𝑜𝑟𝑏𝑎𝑛𝑐𝑒 𝑝𝑟𝑜𝑡𝑒𝑖𝑛 𝐴 =  𝛽1,𝑝 × 𝐴𝑏𝑠𝑜𝑟𝑏𝑎𝑛𝑐𝑒 𝐴 − 𝛽2,𝑝  ×  𝐴𝑏𝑠𝑜𝑟𝑏𝑎𝑛𝑐𝑒 𝐵   (A-16) 

With co-factors: 

𝛽
1,𝑝

=
1

1−𝛾
         (A-17) 

𝛽
2,𝑝

= − 
1

1−𝛾
         (A-18) 

For the equation to estimate humic substances, requiring Absorbance A and Absorbance B, 

equation A-11 is inserted in A-12 and rearranged: 

𝐴𝑏𝑠𝑜𝑟𝑏𝑎𝑛𝑐𝑒 ℎ𝑢𝑚𝑖𝑐 𝑠𝑢𝑏𝑠𝑡. = 𝐴𝑏𝑠𝑜𝑟𝑏𝑎𝑛𝑐𝑒 𝐵 −  𝛾 × (
1

(1−𝛾)
× (𝐴𝑏𝑠𝑜𝑟𝑏𝑎𝑛𝑐𝑒 𝐴) − 

1

(1−𝛾)
×  (𝐴𝑏𝑠𝑜𝑟𝑏𝑎𝑛𝑐𝑒 𝐵))  

(A-19) 

𝐴𝑏𝑠𝑜𝑟𝑏𝑎𝑛𝑐𝑒 ℎ𝑢𝑚𝑖𝑐 𝑠𝑢𝑏𝑠𝑡. =  − 𝛾 ×
1

(1−𝛾)
×  𝐴𝑏𝑠𝑜𝑟𝑏𝑎𝑛𝑐𝑒 𝐴 + (1 + 𝛾 ×

1

(1−𝛾)
) × 𝐴𝑏𝑠𝑜𝑟𝑏𝑎𝑛𝑐𝑒 𝐵   

(A-20) 

In generalised form: 

𝐴𝑏𝑠𝑜𝑟𝑏𝑎𝑛𝑐𝑒 ℎ𝑢𝑚𝑖𝑐 𝑠𝑢𝑏𝑠𝑡. =  𝛽1,ℎ  × 𝐴𝑏𝑠𝑜𝑟𝑏𝑎𝑛𝑐𝑒 𝐴 + 𝛽2,ℎ  × 𝐴𝑏𝑠𝑜𝑟𝑏𝑎𝑛𝑐𝑒 𝐵   (A-21) 

With co-factors: 

𝛽
1,ℎ

= − 𝛾 ×
1

(1−𝛾)
         (A-22) 

𝛽
2,ℎ

= 1 +  𝛾 ×
1

(1−𝛾)
         (A-23) 
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2.7.4. DOC-TCA recovery 

 

Figure S-2.7.4-1: Protein recovery correction for DOC-TCA precipitation. Designated BSA concentrations before DOC-TCA 
precipitation assigned against measured protein concentration after DOC-TCA precipitation. Before precipitation designated 
values were corrected with linear regression of measured concentration against designated BSA concentration. 

 

Figure S-2.7.4-2: BSA protein recovery-% calculated as fraction of in-assay measured BSA concentration after DOC-TCA 
precipitation versus designated BSA concentration before DOC-TCA precipitation (as above linear corrected designated with 
linear regression). 
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2.7.5. Direct Lowry assay in humic soil extract  

 

Figure S-2.7.5-1: The effect of four levels of BSA spikes at +25 µg mL-1, +50 µg mL-1, +75 µg mL-1, and +100 µg mL-1 on a 
neutral buffered NaPPi extract from Athenry soil was investigated. The extract had undergone ultrafiltration to achieve some 
degree of cleaning and concentration but was not DOC-TCA precipitated. For the Lowry assay, the extract was diluted 50x, 
100x or 500x and Absorbance A and Absorbance B were measured in triplicate. Only results for 500x dilution are shown, as 
only these were within or close to calibration range with the maximal BSA standard of 200 µg mL-1 Regression of Lowry assay 
and HAE series over BSA spikes into soil extract at 500x dilution of concentrate. Values are mean of triplicate measurement; 
error bars are standard error of mean. 

2.7.6. Linearity of absorbance 

 

Figure S-2.7.6-1: Dynamic BSA-to-soil ratio with correction for added protein. From Absorbance A values (assay background 
corrected), the spiked BSA load had been subtracted and the absorbance then corrected for extract dilution (increased by x). 
Values for Grange water extract and Grange neutral NaPPi extract at 10x dilution that exhibited slight negative values (close 
to 0) were not multiplied with dilution factor. 
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2.7.7. Residues after hydrolysation of extracts 

 

Figure S-2.7.7-1: Colour photo of samples after 20 h 12 M HCl , 110 °C, treatment for hydrolysis of proteins. All NaPPi units 
exhibit dark-brown particulate matter 
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2.7.8. Regressions resolved for soil handling 
Table S-2.7.8-1: Regression slopes, y-intercepts, R2, virtual slope intersect, virtual phenolic/humic substances and slope ratio 
(γ) as average of two biological replicates 

 

Absorban
ce A slope 

Absorban
ce A 

intercept 

Absorban
ce A R2 

Absorban
ce B slope 

Absorban
ce B 

intercept 

Absorban
ce B R2 

“Virtual” 
slope 

intercept, 
x 

“Virtual” 
humic 

substance
s (ug/mL) 

γ slope 
ratio 

Athenry 
water, 

unsieved 
1.01 -11.08 0.99 0.63 -12.25 0.97 -3.0 -14.2 0.63 

Athenry 
water 2mm 

0.99 -3.41 0.99 0.60 -4.65 0.98 -3.0 -6.5 0.60 

Athenry 
water FF 

1.01 3.83 1.00 0.59 0.68 0.96 -7.6 -3.8 0.59 

Grange 
water, 

unsieved 
0.90 -1.66 0.99 0.49 -1.11 0.94 1.0 -0.5 0.55 

Grange 
water 2mm 

0.99 -1.90 0.99 0.57 -1.22 0.92 1.6 -0.3 0.57 

Grange 
water FF 

0.93 17.87 0.99 0.53 19.14 0.94 2.9 20.7 0.56 

Athenry 
neutral 
NaPPi, 

unsieved 

0.92 183.73 0.94 0.48 180.95 0.83 -6.5 178.2 0.51 

Athenry 
neutral 

NaPPi 2mm 
0.96 206.03 0.97 0.56 198.93 0.90 -17.6 188.9 0.56 

Athenry 
neutral 

NaPPi FF 
0.78 259.16 0.84 0.36 244.23 0.62 -36.6 230.6 0.46 

Grange 
neutral 
NaPPi, 

unsieved 

0.77 245.00 0.97 0.34 226.64 0.97 -43.1 212.5 0.44 

Grange 
neutral 

NaPPi 2mm 
0.79 215.06 0.99 0.39 206.44 0.99 -24.5 196.1 0.49 

Grange 
neutral 

NaPPi FF 
0.97 248.80 0.95 0.65 200.33 0.96 -155.6 99.9 0.67 

Athenry 
alkaline 

NaPPi, 
unsieved 

0.36 290.46 0.52 0.00 278.59 0.78 -32.5 280.4 -1.77 

Athenry 
alkaline 

NaPPi 2mm 
0.80 218.74 0.98 0.42 215.19 0.95 -9.2 211.3 0.52 

Athenry 
alkaline 

NaPPi FF 
0.64 330.39 0.81 0.18 318.33 0.36 -32.5 319.1 0.16 

Grange 
alkaline 

NaPPi, 
unsieved 

0.79 211.84 0.93 0.40 186.21 0.54 -76.3 147.2 0.45 

Grange 
alkaline 

NaPPi 2mm 
0.59 212.39 0.86 0.25 192.15 0.45 -63.8 169.7 0.32 

Grange 
alkaline 

NaPPi FF 
0.68 259.58 0.97 0.26 232.04 0.98 -68.7 212.9 0.38 

 

 



Chapter 2: Supporting material 

58 
 

2.7.9. Direct Lowry assay in clean matrix  

 

Figure S-2.7.9-1: BSA standards in “reagent C” were measured with Absorbance A and Absorbance B. Values shown are 
standard curve corrected mean absorbances of triplicate measurements. Error bars are based on standard error of 
absorbances.  

2.7.10. Histogram of estimated protein content 

 

Figure S-2.7.10-1: Histogram of corrected protein content of all samples. n=36 
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2.7.11. Descriptive statistics for Lowry assay comparisons 
Table S-2.7.11-1: Descriptive statistics for crude extract protein concentration for full set of samples, or subsets as indicated. 

  Crude extract concentration (µg mL-1) in BSA equivalent  

 Calculation method Min 1st Quartile Median Mean 3rd Quartile Max n 

1 Absorbance A (total assay reactive 
compounds) 

-2.5 14.5 310.4 314.1 485.1 1065.0 36 

 ddH20 -2.5 -0.7 0.5 7.8 14.1 37.7 12 
 Neutral NaPPi 195.9 245.9 315.3 328.0 380.2 481.9 12 
 Alkaline NaPPi 327.9 486.5 526.2 606.5 652.2 1065.0 12 
 Athenry -2.5 14.1 408.1 371.0 523.9 1065.0 18 
 ddH20 -2.5 -1.1 -0.2 4 10.4 14.6 6 
 Neutral NaPPi 244.1 307.7 408.1 385.5 474.5 481.9 6 
 Alkaline NaPPi 510.2 545.1 621.5 723.5 907.7 1065 6 
 Grange -0.8 32.0 250.5 257.1 424.1 665.0 18 

 ddH20 -0.8 -0.2 1.3 11.5 22.9 37.7 6 
 Neutral NaPPi 195.9 239.1 250.5 270.4 316.9 351.6 6 
 Alkaline NaPPi 327.9 457.2 485.8 489.4 514.7 665 6 
2 Fixed factors Frolund et al. 1995 & 

Redmile-Gordon et al. 2013 
-4.4 0.5 6.3 18.6 33.3 87.1 36 

 ddH20 -4.4 -2.0 -0.5 1.5 1.5 22.7 12 
 Neutral NaPPi -2.0 10.0 18.6 24.0 37.7 55.3 12 
 Alkaline NaPPi -4.4 4.8 20.3 30.3 48.6 87.1 12 
 Athenry -4.4 -1.5 3.2 5.6 10.0 32.5 18 
 ddH20 -4.4 -3.2 -1.1 -1 0.5 3.4 6 
 Neutral NaPPi -2 8 11.7 12.7 14.5 32.5 6 
 Alkaline NaPPi -4.4 2.8 4.3 5.1 5.5 18.4 6 
 Grange -2.1 4.6 29.1 31.6 49.0 87.1 18 

 ddH20 -2.1 -0.9 0.1 4 3.5 22.7 6 
 Neutral NaPPi 5.2 25.3 39.8 35.3 48.3 55.3 6 
 Alkaline NaPPi 22.2 41.4 50 55.5 76.6 87.1 6 
3 Individual sample derived 

correction factors 
0.4 5.8 31.3 47.2 50.6 269.7 36 

 ddH20 0.6 1.8 3.0 8.8 9.2 35.6 12 
 Neutral NaPPi 13.4 26.2 37.3 57.8 68.5 159.2 12 
 Alkaline NaPPi 0.4 36.0 49.3 75.0 79.2 269.7 12 
 Athenry 0.4 5.9 28.0 25.5 35.4 85.0 18 
 ddH20 0.6 2.1 3.4 12.4 23 35.6 6 
 Neutral NaPPi 13.4 23.5 28 34.9 31.9 85 6 
 Alkaline NaPPi 0.4 18.4 35.6 29.3 41 48.9 6 
 Grange 1.1 9.2 49.9 68.9 80.9 269.7 18 
 ddH20 1.1 1.9 2.3 5.2 5.6 16.9 6 
 Neutral NaPPi 18 43.7 56.5 80.7 130.1 159.2 6 
 Alkaline NaPPi 49.7 58.6 80.1 120.7 165.1 269.7 6 
4 Regression intersect humic 

content corrected 
1.3 6.2 23.4 42.8 48.2 272.9 36 

 ddH20 1.3 1.6 2.1 6.3 9.9 25.4 12 
 Neutral NaPPi 8.7 21.4 39.5 51.7 52.7 156.4 12 
 Alkaline NaPPi 3.1 22.9 41.8 70.4 79.5 272.9 12 
 Athenry 1.7 4.1 19.3 19.8 25.6 55.6 18 
 ddH20 1.7 1.9 2.4 8.4 13.1 25.4 6 
 Neutral NaPPi 8.7 14.6 24.6 27.8 37.4 55.6 6 
 Alkaline NaPPi 3.1 10.9 22.6 23.2 33.2 47 6 
 Grange 1.3 9.9 41.1 65.8 80.2 272.9 18 
 ddH20 1.3 1.5 1.6 4.3 7.8 9.9 6 
 Neutral NaPPi 15.1 39.4 48 75.5 123.9 156.4 6 
 Alkaline NaPPi 30.9 75.6 79.8 117.7 146.3 272.9 6 
5 Multivariate regression for soils 

separately 
0.3 4.1 20.3 41.4 49.8 191.3 36 

 ddH20 0.3 1.9 2.2 6.3 6.7 21.9 12 
 Neutral NaPPi 4.2 17.7 21.5 45.9 52.7 163.6 12 
 Alkaline NaPPi 8.4 27.6 46.1 71.9 100.7 191.3 12 
 Athenry 1.9 8.1 19.8 18.4 23.8 42.7 18 
 ddH20 1.9 2.1 2.4 8.5 16 21.9 6 
 Neutral NaPPi 8 13.9 19.8 20.3 22.2 39.5 6 
 Alkaline NaPPi 8.4 15 26.4 26.3 38.4 42.7 6 
 Grange 0.3 3.8 50.0 64.4 116.6 191.3 18 
 ddH20 0.3 1.4 2.1 4.1 3.4 15.5 6 
 Neutral NaPPi 4.2 27.6 54.9 71.5 113.6 163.6 6 
 Alkaline NaPPi 49.5 74.1 108.6 117.6 165.7 191.3 6 
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Figure S-2.7.11-1: Boxplots with resolution for soil handling (top Athenry, bottom Grange) within colours from top to bottom: 
1) 2mm sieved, 2) fresh/unsieved, and 3) 2 mm sieved and flash frozen. Per category combination only 2 replicates, from 
which whisker or point are extremal points – the box and median(Q2) were calculated from this. 
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Table S-2.7.11-2: Descriptive statistics for crude extract protein content per g FW soil for full dataset or subsets as indicated. 

  Crude extract concentration (mg g-1 FW) in BSA equivalent  

 Calculation method Min 1st Quartile Median Mean 3rd Quartile Max n 

1 Absorbance A (total assay 
reactive compounds) 

-0.0073   0.0421   0.8971  0.9367   1.4479   3.1727 36 

 ddH20 -0.0073 -0.0020 0.0013 0.0231 0.0420 0.1127 12 
 Neutral NaPPi 0.5911 0.7299 0.9178 0.9758 1.1315 1.4429 12 
 Alkaline NaPPi 0.9798 1.4574 1.5629 1.8112 1.9306 3.1727 12 
 Athenry -0.0073 0.0420 1.2154 1.1044 1.5553 3.1727 18 
 ddH20 -0.0073 -0.0033 -0.0006 0.0119 0.0313 0.0422 6 
 Neutral NaPPi 0.7187 0.8726 1.2154 1.1399 1.4205 1.4429 6 
 Alkaline NaPPi 1.5398 1.6253 1.8684 2.1615 2.6986 3.1727 6 
 Grange -0.0023 0.0958 0.7477 0.7689 1.2709 1.9712 18 
 ddH20 -0.0023 -0.0006 0.0035 0.0343 0.0686 0.1127 6 
 Neutral NaPPi 0.5911 0.7206 0.7477 0.8116 0.9563 1.0454 6 
 Alkaline NaPPi 0.9798 1.3695 1.4516 1.4609 1.5398 1.9712 6 
2 Fixed factors Frolund et al. 

1995 & Redmile-Gordon et 
al. 2013 

-0.0130   0.0015   0.0187   0.0556   0.1004   0.2589 36 

 ddH20 -0.0130 -0.0058 -0.0014 0.0046 0.0042 0.0680 12 
 Neutral NaPPi -0.0059 0.0280 0.0558 0.0716 0.1136 0.1646 12 
 Alkaline NaPPi -0.0130 0.0145 0.0615 0.0907 0.1450 0.2589 12 
 Athenry -0.0130 -0.0045 0.0093 0.0167 0.0280 0.0981 18 
 ddH20 -0.013 -0.0092 -0.0033 -0.003 0.0016 0.0096 6 
 Neutral NaPPi -0.0059 0.0232 0.0338 0.0376 0.0432 0.0981 6 
 Alkaline NaPPi -0.013 0.0084 0.0127 0.0156 0.0164 0.0564 6 
 Grange -0.0060 0.0139 0.0876 0.0945 0.1459 0.2589 18 
 ddH20 -0.006 -0.0023 0.0002 0.0122 0.0106 0.068 6 
 Neutral NaPPi 0.0156 0.0766 0.1198 0.1056 0.1437 0.1646 6 
 Alkaline NaPPi 0.0666 0.1236 0.1489 0.1658 0.2295 0.2589 6 
3 Individual sample derived 

correction factors 
0.0011  0.0173 0.0905 0.1408 0.1526 0.8100 36 

 ddH20 0.0019 0.0052 0.0085 0.0257 0.0274 0.1021 12 
 Neutral NaPPi 0.0398 0.0782 0.1089 0.1722 0.2038 0.4765 12 
 Alkaline NaPPi 0.0011 0.1098 0.1464 0.2245 0.2367 0.8100 12 
 Athenry 0.0011 0.0171 0.0827 0.0757 0.1042 0.2534 18 
 ddH20 0.0019 0.0061 0.0097 0.0362 0.0693 0.1021 6 
 Neutral NaPPi 0.0398 0.0705 0.0827 0.1029 0.0898 0.2534 6 
 Alkaline NaPPi 0.0011 0.055 0.1082 0.088 0.1229 0.1456 6 
 Grange 0.0031 0.0274 0.1493 0.2059 0.2418 0.8100 18 
 ddH20 0.0031 0.0053 0.0065 0.0153 0.0167 0.0505 6 
 Neutral NaPPi 0.0543 0.1323 0.1694 0.2415 0.3872 0.4765 6 
 Alkaline NaPPi 0.1472 0.1757 0.2392 0.3609 0.4912 0.81 6 
4 Regression intersect humic 

content corrected 
0.0038  0.0182 0.0693 0.1276 0.1433 0.8195 36 

 ddH20 0.0038 0.0045 0.0060 0.0186 0.0295 0.0727 12 
 Neutral NaPPi 0.0264 0.0634 0.1188 0.1534 0.1539 0.4683 12 
 Alkaline NaPPi 0.0090 0.0685 0.1258 0.2108 0.2374 0.8195 12 
 Athenry 0.0049 0.0121 0.0584 0.0583 0.0755 0.1546 18 
 ddH20 0.0049 0.0055 0.007 0.0245 0.0395 0.0727 6 
 Neutral NaPPi 0.0264 0.0433 0.0729 0.0808 0.1115 0.1546 6 
 Alkaline NaPPi 0.009 0.0325 0.0678 0.0696 0.1012 0.1398 6 
 Grange 0.0038 0.0295 0.1242 0.1969 0.2397 0.8195 18 
 ddH20 0.0038 0.004 0.0044 0.0126 0.0233 0.0296 6 
 Neutral NaPPi 0.0456 0.1193 0.1439 0.226 0.3686 0.4683 6 
 Alkaline NaPPi 0.0916 0.2266 0.2386 0.352 0.4354 0.8195 6 
5 Multivariate regression for 

soils separately 
0.0010  0.0120 0.0611 0.1235 0.1483 0.5745 36 

 ddH20 0.0010 0.0055 0.0063 0.0185 0.0195 0.0626 12 
 Neutral NaPPi 0.0125 0.0499 0.0643 0.1369 0.1586 0.4869 12 
 Alkaline NaPPi 0.0249 0.0839 0.1366 0.2150 0.3009 0.5745 12 
 Athenry 0.0056 0.0242 0.0567 0.0545 0.0707 0.1264 18 
 ddH20 0.0056 0.0062 0.0068 0.025 0.0483 0.0626 6 
 Neutral NaPPi 0.0239 0.0407 0.0567 0.0599 0.066 0.1178 6 
 Alkaline NaPPi 0.0249 0.0446 0.0797 0.0787 0.1162 0.1264 6 
 Grange 0.0010 0.0110 0.1498 0.1924 0.3483 0.5745 18 
 ddH20 0.001 0.0038 0.0057 0.0121 0.0094 0.0464 6 
 Neutral NaPPi 0.0125 0.0834 0.1645 0.2139 0.3399 0.4869 6 
 Alkaline NaPPi 0.1468 0.2223 0.3246 0.3513 0.4932 0.5745 6 
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Table S-2.7.11-3: Full dataset of indicated calculation methods tested for normality of data. Untransformed data does not 
conform to normal distribution, and sqrt and log10 transformation often not possible due to negative values 

Dataset Shapiro-Wilk test H0 probability for N, accept at p>0.05 

Absorbance A p-value = 0.002591, N=36 (fail) 
Frolund_RG13 p-value = 5.219e-05, N=36 (fail) 
Individual_correction_factors p-value = 8.456e-07, N=36 (fail) 
Regression_intersect p-value = 2.632e-07, N=36 (fail) 
Multivariate_regression p-value = 1.253e-06, N=36 (fail) 

 

Table S-2.7.11-4: Spearman correlation coefficient matrix for Athenry soil. Spearman correlation coefficient matrix and 
Spearman's rank correlation test (accept that correlation is significant at p ≥ 0.05).  

 
Absorbance_A Frolund_RG13 

Individual_correc

tion_factors 

Regression_inters

ect 

Multivariate_regr

ession 

Absorbance_A 
1 

r= 0.40, 
p-value = 0.1017 

r= 0.49, 
p-value = 0.0427 

r= 0.50, 
p-value = 0.0371 

r= 0.64, 
p-value = 0.0049 

Frolund_RG13 
 1 

r= 0.46, 
p-value = 0.0570 

r= 0.54, 
p-value = 0.0214 

r= 0.50, 
p-value = 0.0363 

Individual_correction_fac

tors   1 
r= 0.86, 

p<0.0001 
r= 0.69, 

p-value = 0.0022 

Regression_intersect 
   1 

r= 0.68, 
p-value = 0.0027 

Multivariate_regression 
    1 

# Could not compute exact p-value with ties 

Table S-2.7.11-5: Spearman correlation coefficient matrix for Grange soil. Spearman correlation coefficient matrix and 
Spearman's rank correlation test (accept that correlation is significant at p ≥ 0.05).  

 
Absorbance_A Frolund_RG13 

Individual_correc

tion_factors 

Regression_inters

ect 

Multivariate_regr

ession 

Absorbance_A 
1 

r= 0.79, 
p-value = 0.0002 

r= 0.77, 
p-value = 0.0003 

r= 0.76, 
p-value = 0.0003# 

r= 0.74, 
p-value = 0.0007 

Frolund_RG13 
 1 

r= 0.90, 
p<0.0001 

r= 0.88, 
p<0.0001# 

r= 0.87, 
p<0.0001 

Individual_correction_fac

tors   1 
r= 0.99, 

p<0.0001# 
r= 0.96, 

p<0.0001 

Regression_intersect 
   1 

r= 0.96, 
p<0.0001# 

Multivariate_regression 
    1 

# Could not compute exact p-value with ties 
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2.7.12. Supporting material for assay comparisons 
Table S-2.7.12-1: Crude extract protein concentration of 2 mm sieved soil subset (n=12/8 biological units). For water extract 
corrected Lowry assay could not be reported, due to missing Absorbance B measurement. 

  Crude extract concentration (µg mL-1)  

 Calculation method Min 1st Quartile Median Mean 3rd Quartile Max n 

1 
Absorbance A (total assay reactive 
compounds) 

1.3 3.5 400.8 391.5 529.5 1065.0 12 

 ddH20 1.3 2.4 2.9 2.7 3.2 3.6 4 
 Neutral NaPPi 195.9 302.2 400.8 369.8 468.4 481.9 4 
 Alkaline NaPPi 484.3 619.8 829.6 802.1 1011.9 1065.0 4 
 Athenry 2.7 118.7 472.9 501.9 866.2 1065.0 6 
 Grange 1.3 51.2 266.8 281.2 447.7 665.0 6 

2 
Fixed factors Frolund et al. 1995 & 
Redmile-Gordon et al. 2013 

-4.4 5.4 13.8 26.2 39.8 87.1 
8, water 
n.a. 

 ddH20 NA NA NA NaN NA NA 0 
 Neutral NaPPi 5.2 10.6 13.8 17.1 20.3 35.5 4 
 Alkaline NaPPi -4.4 3.0 29.2 35.3 61.4 87.1 4 
 Athenry -4.4 3.0 9.0 7.2 13.2 15.2 4 
 Grange 5.2 27.9 44.2 45.1 61.4 87.1 4 

3 
Individual sample derived correction 
factors 

18.0 38.8 49.3 64.3 58.8 192.9 
8, water 
n.a. 

 ddH20 NA NA NA NaN NA NA 0 
 Neutral NaPPi 18.0 25.2 38.8 45.2 58.8 85.0 4 
 Alkaline NaPPi 42.5 47.3 49.3 83.5 85.5 192.9 4 
 Athenry 27.6 38.8 45.7 51.0 57.9 85.0 4 
 Grange 18.0 41.7 49.9 77.7 85.8 192.9 4 

4 
Regression intersect humic content 
corrected 

15.1 25.1 36.1 49.5 45.0 168.2 
8, water 
n.a. 

 ddH20 NA NA NA NaN NA NA 0 
 Neutral NaPPi 15.1 23.1 33.5 31.6 42.1 44.4 4 
 Alkaline NaPPi 23.2 29.0 38.9 67.3 77.3 168.2 4 
 Athenry 23.2 25.1 33.5 34.3 42.7 47.0 4 
 Grange 15.1 27.0 37.6 64.7 75.3 168.2 4 

5 
Multivariate regression for soils 
separately 

4.2 17.9 23.5 43.9 42.0 179.5 
8, water 
n.a. 

 ddH20 NA NA NA NaN NA NA 0 
 Neutral NaPPi 4.2 16.0 21.5 21.6 27.1 39.5 4 
 Alkaline NaPPi 12.0 21.0 36.8 66.2 82.0 179.5 4 
 Athenry 12.0 20.2 23.5 24.6 27.9 39.5 4 
 Grange 4.2 16.0 34.7 63.3 82.0 179.5 4 

6 
Qubit total protein assay in BSA 
equivalent 

0 0 21.9 18.9 29.2 46.7 12 

 ddH20 0.0 0.0 0.0 0.0 0.0 0.0 4 
 Neutral NaPPi 15.6 17.8 22.9 23.9 29.0 34.4 4 
 Alkaline NaPPi 25.2 27.9 29.5 32.8 34.3 46.7 4 
 Athenry 0 4.6 22.9 20.2 28.4 46.7 6 
 Grange 0 3.9 20.4 17.6 29.0 34.4 6 

7 
Net hydrolysable amino acids (HAA-
FAA) in glycine equivalent 

0.7 1.9 85.3 76.3 116.6 172.7 12 

 ddH20 0.7 1.5 1.8 1.6 1.8 2.0 4 
 Neutral NaPPi 72.8 80.6 85.3 86.4 91.1 102.1 4 
 Alkaline NaPPi 114.2 121.4 138.2 140.8 157.7 172.7 4 
 Athenry 0.7 23.3 94.7 81.4 118.3 172.7 6 
 Grange 1.8 19.5 78.0 71.1 106.4 152.7 6 

 
Total free amino acids (FAA) in 
glycine equivalent 

0 0 3.0 5.2 5.7 23.6 12 

 ddH20 0.0 0.0 0.0 0.0 0.0 0.0 4 
 Neutral NaPPi 1.4 2.4 3.0 2.9 3.6 4.3 4 
 Alkaline NaPPi 5.2 6.8 11.0 12.7 16.9 23.6 4 
 Athenry 0 0.7 3.5 6.3 6.6 23.6 6 
 Grange 0 0.3 2.4 4.1 4.8 14.7 6 

 
Total hydrolysable amino acids (HAA) 
in glycine equivalent 

0.7 1.9 88.1 81.5 133.5 178.0 12 

 ddH20 0.7 1.5 1.8 1.6 1.8 2.0 4 
 Neutral NaPPi 76.2 82.5 88.1 89.3 94.9 104.8 4 
 Alkaline NaPPi 128.8 142.8 152.7 153.5 163.5 180.0 4 
 Athenry 0.7 24.4 98.2 87.8 136.8 178.0 6 
 Grange 1.8 20.4 80.4 75.2 117.8 157.9 6 
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Table S-2.7.12-2: Testing for normal distribution of 2 mm sieved datasets for all protein methods with Shapiro-Wilk test. 
Accept that null-hypothesis that distribution is normally distributed at p>0.05 

Dataset of protein method Shapiro-Wilk test results: p, sample size, 
(transformation) 

Absorbance A p = 0.09761 (pass), N=12 

Frolund_RG13 p = 0.1468 (pass), N=8 

Individual_correction_factors 
p= 0.004636 (fail), N=8 
SQRT trans, p = 0.08975 (pass) 

Regression_intersect 
p = 0.0004289 (fail), N=8 
SQRT trans, p = 0.01225 (fail) 
LOG10 trans, p= 0.2807 (pass) 

Multivariate_regression 
p= 0.0007361 (fail), N=8 
SQRT trans, p = 0.07337 (pass) 

Qubit p = 0.1354 (pass), N=12 

HAA-FAA p = 0.1259 (pass), N=12 

HAA p = 0.1106 (pass), N=12 

FAA 
p = 0.002805 (fail), N=12 
SQRT trans, p = 0.3155 (pass) 

 

 



 

3. Towards the metaproteomic 
profiling of humic and labile soil 

organic matter fractions 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Attribution of contributions by others: 

The proteomic analysis of extracts with liquid chromatography (LC), tandem mass 

spectrometry (MS/MS) was conducted by Dr. Sally Shirran and Dr. Silvia Synowksy (BSRC Mass 

spectrometry facility, University of St. Andrews, UK). 

Richard Hewison (Ecological Sciences, The James Hutton Institute, Aberdeen, UK) identified 

grassland plants. 
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3.1. Introduction 
Soil organic matter (SOM) is important for soil fertility and nutrient dynamics and for achieving 

agricultural sustainability (Bot and Benites, 2005; Montgomery, 2007; Ashman and Puri, 

2013). SOM is considered in agriculture as a “revolving nutrient fund”. It is also important for 

building soil structure/soil tilth, which in turn positively influences water holding capacity and 

aeration of soils (Bot and Benites, 2005; Ashman and Puri, 2013). Understanding SOM 

dynamics enables better prediction of the soil nutrient supply from the microbially mediated 

decomposition of SOM (Ashman and Puri, 2013). Especially enzymes in soil are considered to 

be important mechanistic explanations for SOM transformations (Burns et al., 2013). Also, 

recent studies on primed SOM decomposition (Rousk et al., 2015; Di Lonardo et al., 2017) have 

suggested that enzymes could further explain parts of the results on Priming Effects. 

 

Indeed, enzymatic transformations of (recalcitrant) soil organic matter C (SOM-C) have been 

linked to the action of phenol oxidases, laccases, and lignin peroxidases (Drake et al., 2013; 

Brzostek et al., 2013; Sinsabaugh and Shah, 2011). SOM-N transformations were strongly 

explained by proteases/peptidases, and chitinases (Asmar et al., 1992; Jian et al., 2016; 

Bonmatí, et al., 2009; Razavi et al., 2016). SOM-P transformations have been associated with 

activity of phosphatases (Moorhead et al., 2015; Schneider et al., 2012; Peng and Wang, 2016; 

Loeppmann et al., 2015). Further activity may be directed at manganese compounds by 

manganese peroxidase (Nannipieri et al., 2012; Sinsabaugh, 2010), and phenolic and sulfuric 

compounds with arylsulfatase (Nannipieri et al., 2012; Štursová and Baldrian, 2011). Often 

these enzymatic reactions belong to the Enzyme Commission (EC) class of oxidoreductases (1) 

or hydrolases (3), but there is also other non-specific and non-enzymatic action possible e.g. 

by hydrogen peroxide as employed by brown rot fungi (Kerem et al., 1999).  

 

Metaproteomics, as the study of the protein complement of the whole community is suitable 

to elucidate environmental functions by identification of proteins and their functions, and by 

linkage to their associated microbial communities by phylogenetic placement of those 

proteins (Abram et al., 2011, Keller and Hettich, 2009, Verberkmoes et al., 2009). In principle, 

it can thereby uncover the protein-mechanistic basis of the SOM mineralized fluxes and link 

this action to their microbial origin. Environmental metaproteomic characterization on 

contrasting labile and mineral-associated SOM fractions were shown to be implementable by 

Schulze et al. (2005). However, soil metaproteomic extraction methods need to be critically 

evaluated and optimized for soil types and the research questions (Keiblinger et al., 2012). 

Most methods have focused on cell-lysate proteins from soil, and still more effort needs to be 

put on the development of methods with emphasis on extracellular proteins, as these are 

important for biogeochemical processes (Keiblinger et al., 2016; Bastida et al., 2018). Besides 

enzymes, important physiological functions in soil are performed by transporter proteins, 

signaling proteins, defense proteins, other antibiotics, and protease inhibitors, (Burns et al., 

2013; Geisseler et al., 2010). Aside from proteins of living organisms, there are a multitude of 

connections between proteins and decomposed SOM, as proteins can persist in soil through 

stabilisation mechanisms of SOM- and mineral-complexation, occlusion, and conformational 



Chapter 3: Towards the metaproteomic profiling 

67 
 

change (Burns et al., 2013). It was argued that the majority of amino acids in soil are derived 

from soil-stabilized proteins (Nannipieri and Smalla, 2006). Thereby, the metaproteome in soil 

likely presents a complex of soil-stabilised, extracellular, cell-bound, and intracellular 

locations, which would be challenging to separate.  

 

While SOM-C fractions have been related to turnover times of SOM conceptional pools 

(Zimmermann et al., 2007), it is a matter of ongoing debate, if SOM fractions can be defined 

in terms of their chemistry and/or are a result of the extraction process (viz. “operational 

fraction”; Tan, 2014). An operational fractionation with sodium pyrophosphate Na4P2O7 

(NaPPi) may yield mineral-associated decomposed, recalcitrant organic matter, denoted as 

“humic” or “native” SOM substances (Tan, 2014). This buffer acts by replacing H+-bridges 

within SOM by Na+, and by rearrangement of organic associations and polyvalent cation 

bridges (e.g. metal cations) between SOM and soil minerals, causing SOM solubilization (von 

Lützow et al., 2007). If buffered at neutrality, sodium pyrophosphate acts as a mild extractant 

that does not lyse cells and has been able to extract preserved enzymatic activity of ureases, 

β-glucosidases, catalases, phosphatases, and proteases (Nannipieri, 2006). Water extractable 

organic matter (WEOM) has been widely used for determining SOM and microbial/enzymatic 

activity (Kaiser et al., 2010, Grosso et al., 2014; Rennert et al., 2007) and was found to exhibit 

low content of absorbance active substances, which would indicate low humic substances 

content (Greenfield et al., 2018). It may therefore represent a labile SOM fraction. A protein 

extraction buffer by Moore et al. (2012) was designed to employ a range of mechanisms to 

solubilize and extract proteins from sediments by addressing solubility, protein-protein/-

mineral/-OM binding. Due to its expected high protein recovery, it may serve as a “total” 

protein extraction buffer. Overall, it would be expected that operational fractions, could 

harbor an enrichment of co-located proteins, associated with certain SOM processes. 

 

However, technical challenges for proteomics of soil/environmental samples persist from low 

protein yield (i.e. of soil extracellular protein), influences of co-extracted soil mineral and 

humic interferences on yield and protein identification, and also the dependency on database 

candidate peptide entries (genomic or protein) for data dependent mass spectrometry (DDA 

MS/MS) ion searches (Giagnoni et al., 2013; Nannipieri, 2006; Renella et al., 2014; Keller and 

Hettich, 2009). The choice of a database (large, comprehensive, and redundant vs. non-

redundant and reduced) and its search space is a determinant of the number of successful 

protein identifications (Tanca et al., 2013). The fundamental challenge of searching spectra in 

the database for candidate matches is a challenging trade-off for search engines between 

sensitivity and specificity (Cottrell, 2011), viz. the trade-off between increasing hits (reduce 

miss when there is a candidate) at the cost of increasing false positives. In such a statistical 

process, an increasing database size increases the chance to get a match just by combinatorial 

variations alone (Cottrell, 2011), and thereby presents an issue to be investigated for soil 

extracts with many co-ionized contaminants.  
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This research, therefore, details an experiment to study the metaproteome of contrasting 

(operational) SOM fractions. Three extraction buffers were used, which consisted of water for 

extraction of labile compounds, neutral NaPPi for extraction of humic and SOM-mineral 

associated compounds, and a complex buffer by Moore et al. (2012) denoted as EDTA buffer 

to yield “total” proteins. Two mineral grassland soils with high organic matter content were 

used for extractions. The research questions were: 

1) Do the three extraction buffers yield contrasting extracts in terms of protein yield and 

humic substances content? 

2) Applied to soil extracts of contrasting properties, which bioinformatic strategy is 

advantageous when comparing contrasting workflows differing in terms of database 

and search engine? 

3) Which proteins are abundant in the respective fractions and does their function 

provide clues to their involvement in SOM cycles? 

 

It was hypothesised that: 

1) Operational fractionation yields contrasting extracts characterised by their protein and 

humic substances content, where water extracts exhibit labile characteristics with low 

humic substances content and NaPPi extracts exhibit high humic substances content 

and “humic” characteristics on gel-electrophoresis. The “total” buffer would yield the 

highest protein yield. 

2) The bioinformatic workflow utilising the larger, comprehensive database yields more 

hits in contrasting soil extracts than the smaller, non-redundant database search 

strategy. 

3) Protein composition in terms of their phylogenetic origin and function differs in the 

operational fractions. 

3.2. Material and methods 

3.2.1. Soil samples  
Two managed grassland soils were sampled to assess the impact of extraction buffers on the 

soil metaproteomic profile. Soil samples were taken from the top 10 cm with a spade and 

stored at ca. 4 °C following transportation to the laboratory. The soils were sieved at field 

moisture to below 2 mm, mixed, and portions transferred to PP tubes and flash frozen in liquid 

nitrogen and kept at -80 °C until extraction commenced. Gravimetric moisture content was 

determined by weight loss at 105 °C over night. Organic matter content was determined with 

loss-on-ignition at 550 °C (LOI 550) (Heiri et al., 2001). Soil pH in water matrix (1:2.5) was 

determined after van Reeuwijk (2002). Soil properties are summarised in Table 3.2.1-1. 
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Table 3.2.1-1: Soil properties as indicated. Soil association from Teagasc (2020). *Dunsany weather station ca. 0.5 km distance 
to sampling site. ** Athenry weather station, ca. 1 km distance from sampling site. Weather data from Met Éireann, The Irish 
Meteorological Service (2019). 

Soil Properties 

Grange  
A horizon  
(0-10 cm) 

Coordinates: N 53°31’, W 6° 39’ 
Straffan soil association (700d series in Irish Soil Information System), typical surface water gley with 
limestone drift as parent material and clay loam texture (USDA classification) 
Texture: Loam to clay loam 21.3-29.5 %/ 47.5-44 %/ 23.0-34.7 % (Sand/Silt/Clay) after USDA 
classification as published in McDonald et al. (2014) 
Mean annual precipitation (MAP)* (2011-2016): 857 ± 91 mm (mean±sd) 
Mean monthly air temperature (MAT)* (2011-2016): 9.4 ±3.9 °C (mean±sd) 
OM content = 12.22 %  
Actual acidity pHH20 6.87 ±0.16 (mean±sd) 
Moisture content sieved soil = 39.5 ±0.2 % (mean±sd) 
Sampling in February 2017 
Vegetation of the plot at sampling: unrecorded 

Athenry 
A horizon 
(0-10 cm) 

Coordinates: N 53°17’47.4” W 8°48’02.1” 
Ballincurra soil association (1150b series in Irish Soil Information System), typic calcareous brown earth 
with limestone drift as parent material (USDA classification) 
Texture: Organic medium clay loam 42 %/ 37 %/ 21 % (Sand/Silt/Clay) after USDA classification 
Mean annual precipitation (MAP)** (2012-2015): 1286 ±221 mm (mean±sd) 
Mean monthly air temperature (MAT)** (2012-2015): 9.8 ±3.7°C (mean ±sd) 
OM content = 11.54 %  
Actual acidity pHH20 7.38 ±0.04 (mean±sd) 
Moisture content sieved soil= 31.2 ±0.5 % (mean±sd) 
Sampling in late July 2015 
Vegetation of the plot at sampling: Trifolium repens, Ranunculus repens, Cynusurus cristatus, Agrostis 
capillaris, Holcus lanatus, Lolium perenne, Cerastium fontanum, and sensu lato Poa trivialis, Cirisium 
spp., Rumex obtusifolius (indicating semi-improved pasture) 

 

3.2.2. Protein extraction, concentration, purification 
Proteins were extracted with three different buffers from two soils, in triplicate. To this end 

the extraction was separated into three (time) blocks with buffer controls for each buffer in 

each block. The treatment combinations were interspersed into three blocks and processed 

with fully randomized order within each block. In total 27 units were processed. For 

extractions, ca. 10 g fresh weight soil (Grange = 6.1 ±0.0 g DW, Athenry = 7.0 ±0.1 g DW 

(mean±sd)) were treated with 30 mL extraction buffer (1:3 ratio). The following three 

extraction buffers were prepared. The “EDTA” buffer is a modified version of Moore et al. 

(2012), where ampholytes were removed from the recipe, as the extracts were not to be run 

on an iso-electric focusing step. It contained 6 M urea, 2 M thiourea, sterile filtered (0.2 µm) 

0.01 M Tris-HCl at pH 7.39, 10 % (v/v) glycerol, 0.002 M tributyl phosphine, 2 % (w/v) CHAPS, 

and 1 mM EDTA. A stock of the buffer was heat sterilised and kept in cold room (4 °C) until 

use. The “Water” extraction buffer was sterile filtered (0.2 µm) milli-Q (MQ) grade water at 

pH of 5.47 and kept in cold room (4 °C) until use. The 0.1 M “NaPPi” solution (tetrasodium 

pyrophosphate, Na4O7P2, Sigma Aldrich, P8010) modified after Bremner and Lees (1949) was 

made in 0.1 M Gomori-type buffer at pH 5.8 (Joseph and David, 2001) to a final pH 7.46 

(“neutral”). The (neutral) NaPPi buffer was sterile filtered (0.2 µm) and kept in cold room (4 

°C) for a maximum of three nights for three extraction blocks. On each of the three extraction 

blocks/days, only the EDTA buffer stock was warmed on a stirring plate for removing a sub-

aliquot. Protease inhibitors were added fresh on days of extraction to sub-aliquots of 

extraction buffers. Sub-aliquots of extraction buffers received a mix of Pepstatin A (Sigma 
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Aldrich, P5318) to 4.8 µM working concentration and Roche cOmplete protease inhibitor 

cocktail (Sigma Aldrich, 4693116001) to 1.0 to 1.2-times working concentration. All buffers 

were heated to 37 °C in a water bath before addition to soil/blank controls in 50 mL PP tubes 

with conical bottom (Sarstedt or Fisher). The suspension was initially mixed in by vortexing for 

20 s on strong setting and were treated in an ultrasonication water bath (Decon FS100b) with 

frequency range 40-50 kHz and power output between 100-200 W (Ellery and Schleyer, 1984) 

for 5 min with water temperature at ca. 37 °C. The estimated average energy input per volume 

of water bath was ca. 22.5 J cm-3. Ultrasonication aimed to break up soil aggregates and 

denature proteins in soil matrix (Nannipieri and Smalla, 2006). The soil suspension was 

vortexed on strong setting for 20 s again before sedimentation centrifugation in a cooled (4 

°C) swing-bucket centrifuge (Beckmann Avanti J26 XP, J-5.3) at 6800g for 10 min. The 

supernatant was aspirated by filtered serological pipette and transferred to fresh 50 mL PP 

tube and kept on ice. The cold, crude supernatant was taken up by syringe (BD Plastipak) and 

filtered through 0.45 µm filter discs (Sarstedt, Filtropur S 0.45, #83.1826) into fresh 50 mL PP 

tubes and kept on ice. The volume of filtered, crude supernatant was estimated with 

serological pipette and 20 mL were transferred into cold, 70 % ethanol sterilised, spin filters 

(Sartorius Vivaspin 20, 3000 Da MWCO, PES, VS2092) for cleaning out salts and concentration 

of sample. The remainder of extracts ca. <10 mL was treated separately for other purposes 

and stored. The spin filters were centrifuged in a cooled (4 °C) swing-bucket centrifuge at 

4000g until extract volumes in retentate were concentrated to below 2 mL. The retentate was 

taken up with sterile packed 3.5 mL transfer pipette (Sarstedt, 86.1171.001) and loaded into 

smaller spin filters (Sartorius Vivaspin 2, 3000 Da MWCO, PES, VS0292), which have been 

sterilized with 70 % ethanol. These spin filters were centrifuged in a cooled (4 °C) swing-bucket 

centrifuge (as before) at 4000g until extract volumes in retentate were concentrated to at 

least ca. 500 µL as indicated by tick marks on the spin filters. The retentate was recovered 

from the collection cups after reverse orienting the spin filters and centrifugation at 3000g for 

2 min, whereby the retentate entered the collection cup. The samples were kept on ice and 

the volume was estimated by continuous pipette adjustment and thereafter transferred to 

protein-low-binding microcentrifuge tubes (Sarsted, 1.5 mL, 72.706.600) and stored at -80 °C 

until further clean-up.  

 

Concentrated protein samples were thawed on ice, diluted and transferred to 2 mL screw cap 

tubes (Sarstedt, 72.694.600) and made to 1500 µL with molecular grade water (FisherSci, 

10247783) for sodium deoxycholate (DOC) and tri-chloroacetic acid (TCA) precipitation as 

described in Bensadoun and Weinstein (1976) with modifications. To diluted samples, 10 % 

(v/v) in 0.15 % (w/v) DOC (Sigma Aldrich, D6750) was mixed into samples and rested on ice for 

ca. 30 min. To this, 100 % TCA solution (Sigma Aldrich, BioUltra, 91228) was added at a volume 

of 7.2 % of original sample volume under fume hood and rested on ice for 75 min to 180 min. 

To precipitate proteins, the samples were centrifuged for 30 min at 16,000g in a cooled (4 °C) 

fixed-angle centrifuge (Eppendorf 5417R). The supernatant was aspirated with pipette under 

fume hood and remaining liquid was removed after spinning down samples again. Protein 

pellets were flash frozen in liquid nitrogen and stored at -80 °C over night. To resuspend 

pellets, ice-cold 0.1 M NaOH (Sigma Aldrich, 10 M BioUltra, 72068) was added until pellet 
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dissolved (ca. 2 mL for water extracts and controls and 4 mL for all other soil extracts). To 

remove fine sediment, samples were centrifuged at 10,000g for 5 min (15 min Athenry) 

according to Tan (2014). The supernatant was loaded into 70 % ethanol sterilised spin filters 

(Sartorius, Vivaspin 2, 3000 Da MWCO, PES, VS0292) to replace the sample medium with 

sterile filtered (0.2 µm) 10 mM Tris-HCl pH 8.5 buffer. Spin filters were spun in a cooled swing-

bucket centrifuge (Beckman-Coulter, J6-MI) at 2958g and reloaded with 3 mL to 4.5 mL (latter 

for Athenry NaPPi and EDTA extracts) of 10 mM Tris-HCl buffer to exchange buffer and until 

filtrate colour had cleared. Samples were finally concentrated to ca. 50 µL, if possible, and 

recovered from the collection cup. The sample volumes were estimated with continuous 

pipette adjustment and if necessary made to 50 µL with 10 mM Tris-HCl pH 8.5 buffer and 

rested on ice for 15 min. Some samples did not concentrate as well as others with a maximum 

sample volume of 150 µL. From the samples, 5 µL were sub-aliquoted for total protein 

quantification. All samples were flash frozen in liquid nitrogen and stored at -80 °C until further 

use. To determine loss of proteins through cleaning by DOC-TCA precipitation and 

ultrafiltration buffer exchange, BSA standards from 0 to 200 ug mL-1 were processed along 

samples and the recovery calculated (Figure S-3.7.2-1). All protein handling was conducted 

under a laminar flow hood, unless indicated otherwise. 

3.2.3. Total protein and humic substances quantification 
For analysis, 5 µL of protein concentrate was diluted 100-times with Reagent C (2 % (w/v) 

Na2CO3 in 0.1 M NaOH) and after preliminary quantification was then individually further 

diluted into the calibration range of the assay. Total protein and humic substances were 

quantified with a microplate adaptation to the assay of Lowry et al. (1951) as described in 

chapter 2, with the following deviations. Sample volume was increased to 25 µL (total assay 

volume of 300 µL), incubation was performed at room temperature and incubation time was 

increased to 2 h. The absorbance was measured in a different microplate reader (Molecular 

Devices, SpectraMax 190, SoftMax Pro 7.0). Eight levels of BSA (Sigma Aldrich, A2153) 

standards between 0 and 200 µg mL-1 were prepared in Reagent C matrix. For humic 

substances correction (Method presented in chapter 2), the slope relation between 

Absorbance A and Absorbance B for clean matrix BSA standard series between 0 to 200 µg mL-

1 was measured and correction factors (β1,p and β2,p) calculated (Figure S-3.7.2-3). 

3.2.4. LC-MS/MS for proteomics 
For the analysis on liquid chromatography (LC), tandem mass spectrometry (MS/MS), samples 

were cleaned and prepared in the following way. Extract concentrates were normalised with 

10 mM Tris-HCl pH 8.5 buffer to 30 µg total protein content (with correction factors used in 

Redmile-Gordon et al. (2013)) and prepared for SDS-PAGE according to manufacturer 

instructions with LDS sample buffer (Invitrogen, Bolt, B0007) and DTT (Invitrogen, Bolt, 500 

mM, B0009). Samples were run briefly into 4-12 % gradient Bis-Tris gels (Invitrogen, Bolt, 

NW04120BOX) with MES SDS running buffer (Invitrogen, Bolt, B0002) for 10 min at 120 V for 

ca. 1 cm operating at a neutral pH. Gels were washed briefly with molecular grade water and 

fixed in 40 % (v/v) methanol, 10 % (v/v) acetic acid in H2O solution buffer (Joseph and David, 

2001). Lanes were excised as one gel plug and stored in tubes containing 10 µL molecular 

grade water until tryptic digestion. 
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Only samples from Athenry soil were analysed with LC-MS/MS due to cost constraints. Gel 

chunks were cut into small gel pieces and destained using 50 % (v/v) MeOH in H2O. Gel pieces 

were washed with 25 mM Ammonium Bicarbonate followed by reduction with 10 mM DTT in 

25 mM Ammonium Bicarbonate. After reduction, the gel pieces were alkylated by the addition 

of 100 mM Iodoacetamide in 25 mM Ammonium Bicarbonate. Gel pieces were washed twice 

with 25 mM Ammonium Bicarbonate before 50 µL trypsin (4 ng µL-1) were added and 

incubated for 30 min after which another 50 µL of trypsin were added and incubated at 37 °C 

over night. The supernatant containing the trypsin digest was extracted twice using 50 µL 5 % 

(v/v) Formic acid and were combined. The combined extract was dried in a SpeedVac and 

resuspended in 20 µL phase A (98 % H2O/2 % ACN/ 0.05 % trifluoroacetic acid (v/v/v)). Four 

µL of extract was injected on an Acclaim PepMap 100 C18 trap (2 cm) and an Acclaim PepMap 

RSLC C18 column (15 cm) (ThermoFisher Scientific), using a nanoLC Ultra 2D plus loading pump 

and nanoLC as-2 autosampler (Eksigent). Peptides were loaded onto the trap column for 10 

min at a flow rate of 5 µL min-1 of phase A. The trap column was then switched in line with the 

analytical column and peptides were eluted at 300 nL min-1 flow rate with a gradient of 

increasing ACN by increasing proportion of phase B (2 % H2O /98 % ACN/ 0.1 % formic acid 

(v/v/v)) and decrease of phase A. Peptides were eluted using the following gradient (v/v): 2 % 

to 20 % phase B in 60 min, 20 % to 40 % phase B in 15 min, 40 % to 98 % phase B in 5 min, 

followed by a further 5 min at 98 % phase B, to clean the column before re-equilibration by 

decreasing phase B from 98 % to 2 % in 2.5 min, followed by 12.5 min at 2 % phase B. The 

eluate over complete runtime of 100 min was sprayed into a TripleTOF 5600+ electrospray 

tandem mass spectrometer (AB Sciex Pte. Ltd., Foster City, CA, U.S.A.) and analysed in 

Information Dependent Acquisition (IDA) mode, performing 120 ms of MS followed by 80 ms 

MS/MS analyses (“ion fragments”) on the 20 most intense peaks seen by MS (“parent ion”). 

The MS/MS data file generated via the ‘Create mgf file’ script in PeakView (Sciex) and was 

analysed using the Mascot search algorithm (version 2.6.0, Matrix Science Inc., Boston, MA, 

U.S.A.), against the NCBIprot database (187,857,634 sequences) [accessed February 2019], 

using trypsin as the cleavage enzyme with maximum one missed cleavage, cysteine with 

carbamidomethyl as fixed modification, methionine oxidation as a variable modifications, and 

monoisotopic mass values. The peptide mass tolerance was set to 20 ppm and the MS/MS 

mass tolerance to ± 0.05 Da. 

 

Mascot version 2.6.0 was used for identification of spectra as peptide-to-spectrum matches 

(PSM). Also, a false discovery rate (FDR) estimation was done by decoy search runs for every 

candidate PSM by reversing or randomising the candidate target database peptide sequence 

such that its average amino acid composition and length were the same as the target. A match 

to a decoy was recorded as a false positive (Cottrell, 2011). The significance thresholds (pT) 

resulting from using FDR as guiding principle were much below the default significance 

threshold at 5 %, pT=0.05 (1 in 20 chance) (Figure S-3.7.1-1).  
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Mascot search results were exported as .csv file once with only significant matches, but 

sufficing FDR criterion, and were exported another time with non-significant matches 

displayed. All exports were done without exporting subset of protein hits, with grouping of 

protein families and all available information for further analysis (e.g. mass to charge (m/z), 

charge state, relative molecular mass). Hits (PSMs) were categorized with the following 

criteria: 

Assigned  Significant PSMs (as done by Mascot v2.6.0). Peptide expectation 

value (E) value below cut-off significance threshold (E<pT) such that 

FDR criterion sufficed, and filtered for unique queries 

Anchored Non-significant PSMs belonging to the same protein family as 

“Assigned” PSMs (“display non-significant matches”), filtered for 

unique queries and E of PSM at or above cut-off significance threshold 

(E≥pT) 

Unassigned  Non-significant PSMs without confident protein/protein family hit 

from .csv export where “Anchored” PSMs have been removed from 

non-significant list to list of “Assigned” protein families by “display 

non-significant matches” in Mascot 

Unmatched  Queries without PSM 

 

Mascot peak list files were exported for another MS/MS ion search with Metaproteome 

Analyzer (MPA) software (Muth et al., 2015) (remote accessed in 2019 and 2020) using the 

X!Tandem (Craig and Beavis, 2004) and OMSSA (Geer et al., 2004) algorithms with the same 

MS/MS ion search settings as used with Mascot (see above) and were searched against non 

redundant and curated Swiss-Prot (2017_06) protein database with 554,860 entries. 

3.2.5. Meta-proteomic workflows 
Search results of the two search engines were processed with aiming for FDR of 5 %, where 

possible (two instances where lowest FDR for MPA was 6 % and 7 %). The average FDR of 

“MPA:Swiss-Prot” was 5.3 %, while the average FDR of “Mascot:NCBIprot” was 4.2 %. For both 

search programmes, true positive PSM was calculated as PSM minus decoy hits according to 

Brosch et al. (2008). 

 

In the MPA workflow, results were processed with setting maximum FDR for PSMs and 

generating metaproteins where the same peptides were shared by proteins with the peptide 

rule (“have at least one peptide in common”) and no cluster rule nor taxonomy rule applied. 

Taxonomy definition was for peptide-to-protein and protein-to-metaprotein by lowest 

common ancestor (up to “root”) to which all peptides/proteins of this protein/metaprotein 

belong. Annotation and additional taxonomic and functional information were also retrieved 

by MPA as described in Muth et al. (2015). Results with all domains were exported for krona 

plots (Ondov et al., 2011), and results for functional categories were filtered for bacterial 
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phylum for exporting. Functional categories were based for the MPA on KEGG gene ontologies 

(KO): 1) biological process, 2) cellular location, and 3) molecular function. 

In the Mascot workflow, PSMs were gathered into protein-families by shared peptides with 

the algorithm of Koskinen et al. (2011). As peptides, which may belong to several proteins, are 

gathered into artificial protein families, this is regarded as comparable in terms of protein hit 

numbers to the approach of forming metaproteins in the MPA. The phylogenetic and 

functional profile of Mascot search results were handled further with Unipept 4.0 

Metaproteome analysis tool (Mesuere et al., 2015; Gurdeep et al., 2018). This workflow is 

denoted as “Mascot:NCBIprot:Unipept:UniProt”. A peptide level last common ancestor (LCA) 

strategy was chosen (Tanca et al., 2013; Bastida et al., 2016). This has the advantage to 

circumvent the protein inference problem, e.g. that at least two distinct peptide sequences 

are needed, or that protein scores need to be relied on, which are not statistically rigorous 

and are only a way of ranking protein hits (Cottrell, 2011; Tanca et al., 2013). Search settings 

in Unipept 4.0 were once with filtering for unique peptides for richness and another time 

without filtering for abundance reports. Searches in Unipept were carried out without 

advanced missed cleavage handling and without equating iso-leucine (I) and leucine (L). The 

latter was done, as peptides submitted to Unipept were peptide-spectrum-matches (PSM) 

derived from database hits. Those PSMs with given amino acid sequences distinguished 

between I and L. The former was done, as the advanced missed cleavage handling in multi-

peptide environmental samples could have had a negative impact on LCA performance 

(Mesuere et al., 2012). In such multi-peptide samples, the missed cleavage handling would 

search for miscleavages in submitted peptides and recombine these. However, sample PSMs 

were already tryptic peptides. Although Mascot search settings (see above) allowed for one 

missed tryptic cleavage in identifying PSMs, the consequence would be that the second trypsin 

cleavage site has to correctly have arginine (R) or lysine (K) as terminal residue (correctly 

indicating the tryptic restriction site). Unipept employs searches against UniProtKB, a 

combination of Swiss-Prot and TrEMBL and for taxonomic placement applies rigorous filtering 

of NCBI entries at the species and genus level and determines the lowest common ancestor 

(LCA) as the last taxonomic node common to all candidate taxonomies for a given tryptic 

peptide (Mesuere et al., 2015). Taxonomic results were exported as sunburst, treemap and 

tree view. Complementary functional analysis based on EMBL gene ontology (GO) functional 

classification (1) biological process, 2) cellular location, and 3) molecular function) and Enzyme 

Commission (EC) numbers was exported as .csv. Functional classification was connected with 

taxonomic information in Unipept and exported as tree view image. 

3.2.6. Statistics 
Non-parametric Kruskal-Wallis test in R version 3.6.1 (Team R, 2019) package was employed 

to test for treatment effects of soil or buffer on protein and humic substances yield, as data 

were not normally distributed, even after exponential, natural logarithmic, and log10 

transformation. Soil and buffer treatment effect on response was tested separately and 

significant treatment effects accepted at 5 % significance level. Significant differences 

between extraction buffer groups were assessed with pair-wise Wilcoxon rank sum test in R 
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and adjusted p-values for multiple comparisons with Benjamini & Hochberg method (“BH”) at 

the significance level 5 % and indicated by different letters. 

 

Point plots of true positive PSM over false discovery rate (FDR) were fitted with lines by 

automatically determining best regression method for most numerous sample and applied to 

all samples by ggplot2(). For the data, the best fit was achieved with Local Polynomial 

Regression Fitting (“Loess”) and the equation y~x and left at default settings (changing value 

for span which adjusts weight given to neighbours of a point did not improve fit by visual 

evaluation). A 95 % confidence interval for Loess regressions was based on a t-distribution 

approximation (Wickham et al., 2019). 

3.3. Results 

3.3.1. Protein and humic yield of labile and humic soil 
organic matter fractions 

The extraction and cleaning process yielded concentrated proteins and, depending on 

extraction buffer, also considerable amounts of remaining humic substances (Figure 3.3.1-1). 

Treatment effects by extraction buffers were significant (p<0.05), while treatment effects with 

soils as factors were not significant (same figure). It was possible to concentrate crude extracts 

400- to 141-times with the workflow (Table S-3.7.2-2). The achieved total protein extraction 

yield was lowest with water as an extractant at 0.04 ±0.01 mg g-1 DW-1 (mean±sd) for Athenry 

soil and 0.03 ±0.01 mg g-1 DW-1 (mean±sd) for Grange soil (Table S-3.7.2-1). The estimated 

humic yield was negligible for the water extracts (same table). NaPPi and EDTA buffers yielded 

ca. 10-times higher protein amounts than water extracts (Figure 3.3.1-1, Table S-3.7.2-1). The 

NaPPi extracts yielded the highest humic contents. The NaPPi extracts’ humic contents were 

ca. 1.6- to 1.7-times higher than its protein yield. The EDTA extracts’ humic content was a 

fraction of the protein content with ca. 0.3- to 0.8-times. A BSA recovery determination for 

the steps of DOC-TCA precipitation and ultrafiltration buffer exchange indicated that the 

maximum recovery rate was 55 %, of initially 300 µg BSA protein (200 µg mL-1), and decreased 

with less protein to 0 % recovery with an estimated minimum initial protein amount for 

recovery at ca. 36 µg (Figure S-3.7.2-1). 
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Figure 3.3.1-1: The protein and humic yield of the processed concentrates was corrected for absorbance interference from 
humic substances with in clean matrix derived correction factors (Supporting material Figure S-3.7.2-3). The corrected values 
indicate the estimated yield of proteins and humic substances of the full process of extraction, cleaning and concentration 
including its losses. Kruskal-Wallis test was employed to determine that soil was not a significant factor for estimated protein 
yields (p=0.3533) nor estimated humic substances yield (p=0.691). Kruskal-Wallis test indicated that extraction buffer was a 
significant factor for protein yield (p<0.01) and humic substances (p<0.001). Significant differences between extraction buffer 
groups were assessed with pairwise Wilcoxon rank sum test at the significance level 5 % and indicated by different capital 
letters. Three biological replicates per treatment combination (n=3). 

Concentrates of all extracts were normalised to 30 µg protein content (with correction factors 

of Redmile-Gordon et al. (2013)) and run on SDS-PAGE for achieving further separation of 

molecules before tandem mass spectrometry analysis. The gel images of the SDS-PAGE were 

annotated with the estimated protein and humic load for each lane and the ratios of protein 

to humic substances [protein:humic substances] calculated (Figure 3.3.1-2). Purified and 

concentrated NaPPi extracts were dominated by humic substances with ratios of 

[1.2:2]±[0.6:2] (mean±sd) for Grange soil and [1.2:2]±[0.2:2] (mean±sd) for Athenry soil. For 

EDTA extracts the ratios were more variable between soils and within replicates, with 

[2.0:1]±[1.2:1] (mean±sd) for Grange soil and [5.2:1]±[3.1:1] (mean±sd) for Athenry soil. 

Overall, the intensity of brown matter was corresponding to estimates of humic substances 

loaded on gel (same figure). Furthermore, it can be seen that brown matter was not held back 

at the well-to-gel interface or along the gradient of decreasing gel pore size along ca. 1 cm 

running length. NaPPi extracts exhibited the most intense brown matter which was also 

exhibiting high electrophoretic mobility. The water extracts from Athenry soil exhibited a 

slight brown haze at the trailing end, while none were visible for Grange extracts. Protein 

intensities on gel cannot be evaluated against the protein estimates, as the gels were not 

stained. It was observed that staining even with high sensitivity silver staining does not 

indicate presence of discrete protein bands and was not unequivocally able to distinguish 

protein from humic substances (results not shown). 
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Figure 3.3.1-2: Image of SDS-PAGE of extracts. Normalisation of protein load was done to 30 µg with corrections factors from 
Redmile-Gordon et al. (2013). Normalised extracts were prepared and loaded on Bolt® Bis-Tris 4-12 % gradient gel (Invitrogen) 
and run with MES buffer at 120V for ca. 10 min for ca 1 cm running length. Gels were fixed in 40 % (v/v) Methanol and 10 % 
(v/v) Acetic acid solution but not stained. The estimated protein/humic load is given in brackets (first value in bracket 
estimated protein load (µg)/second value est. humic substances load (µg). All values with own in clean matrix calibration 
factors (Figure S-3.7.2-3) .  

3.3.2. Protein database and search engine comparison of 
Athenry soil extracts 

The relation between true positives over false positives in the two bioinformatic workflows 

used search strategies, “Mascot:NCBIprot” and “MPA:Swiss-Prot”, were evaluated with a 

Receiver Operating Characteristic (ROC) plot (Figure 3.3.2-1). The ROC plot allows assessment 

of the performance of search engine and database in the context of MS spectra identification 

presenting a statistical trade-off between increasing putative hits to spectra at the cost of 

increasing false positives. Here, the advantageous search engine and database combination 

would exhibit dominance over the other to the west and north in the ROC plot. For water 

extracts from Athenry soil, the “Mascot:NCBIprot” search strategy yielded superior results, 

especially for the widely accepted FDR<5 % (Close-up in Figure S-3.7.3-1). With higher FDR 

than 5 %, this search strategy was able to increase true matches until at ca. 50 % FDR an 

inflection point was reached (Figure 3.3.2-1). The inflection point is roughly at the same FDR 

for all soil extracts. For the “MPA:Swiss-Prot” search strategy, the inflection point is earlier at 

ca. 25 % FDR. In some instances this search strategy was not able to yield PSMs (including false 

positives) below FDR 5 %. The “MPA:Swiss-Prot” search strategy was performing better than 

“Mascot:NCBIprot” for a few units of NaPPi extracts and two buffer controls in the range <5 

% FDR (Figure 3.3.2-1). Interestingly, for more humic samples of NaPPi and EDTA extracts in 

the not-widely acceptable range >5 % FDR, the “MPA:Swiss-Prot” strategy was able to yield 

more true positive matches than the Mascot:NCBIprot (same figure).  
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Figure 3.3.2-1: Receiver Operating Characteristic plot (ROC) with true positive Peptide-Spectrum-Matches (PSM) as PSM 
minus decoy hits over False Discovery Rate (FDR). Vertical black dashed indicates 5 % FDR threshold. Regression line fit 
through points (n=15 per combination). Coloured area indicates 95 % confidence interval. 

When setting the two search engines to aim for 5 % FDR, the average achieved FDR of 

“MPA:Swiss-Prot” was 5.3 %, while the average FDR of “Mascot:NCBIprot” was 4.2 % (Table 

3.3.2-1). “Mascot:NCBIprot” search strategy yielded more PSMs and protein-families than the 

“MPA:Swiss-Prot” search strategy yielded meta-proteins (Protein families and metaproteins 

arise from similar generation rules, see methods 3.2.5). For water extracts, protein hits after 

removal of internal and contamination proteins (QC), the “Mascot:NCBIprot” search strategy 

yielded 71 to 103 QC protein-families, while the “MPA:Swiss-Prot” search strategy only yielded 

3 to 9 QC meta-proteins (same table). For EDTA and NaPPi soil extracts even the 

“Mascot:NCIprot” search strategy yielded much lower identifications (same table). 
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Table 3.3.2-1: Summary for the search strategies 1) MPA:Swiss-Prot and 2) Mascot:NCBIprot. Shown are unique Peptide-
Spectrum-Matches (PSM) and total PSM in brackets, and Protein-families/Metaproteins at the indicated FDR. Protein-families 
and Metaproteins were generated with similar clustering rules, see methods 3.2.5. Controls of extraction buffers were run as 
blank reagent controls through the full extraction and sequencing process and may exhibit higher PSMs than samples, as they 
still contain contamination hits. Quality controlled (QC) results were calculated by removal of contamination hits, as explained 
in table sub note. 

  
MPA:Swiss-Prot 

 
Mascot:NCBIprot 

Buffer Sample 

Unique 
Peptide-

Spectrum
-Matches 

(PSM) 
(total) 

Metap
roteins 

Metaprot
eins QC* 

FDR (%) 

 Unique 
Peptide-

Spectrum
-Matches 

(PSM) 
(total) 

Protein-
families 

Protein 
families 

QC* 
FDR (%) 

EDTA EDTA_2 22 (104) 19 10 6 %   33 (38) 16 12 2.6 %  

 EDTA_20 13 (35) 13 3 5 %   32 (34) 10 5 2.9 %  

 EDTA_11 28 (91) 15 4 5 %   96 (127) 36 31 4.7 %  

 EDTA_control_8 61 (299) 33 17 5 %   114 (224) 21 13 4.9 %  

NaPPi NaPPi_1 23 (126) 20 9 5 %   41 (78) 11 5 3.9 %  

 NaPPi_10 16 (93) 14 7 5 %   28 (40) 9 5 5.0 %  

 NaPPi_19 14 (113) 10 6 5 %   25 (35) 7 4 2.9 %  

 NaPPi_control_7 21 (180) 13 5 5 %   50 (278) 8 3 4.7 %  

Water Water_3 7 (25) 10 3 7 %   183 (201) 108 103 5.0 %  

 Water_21 17 (45) 15 6 5 %   176 (196) 110 102 4.6 %  

 Water_12 24 (73) 15 9 5 %   139 (162) 76 71 4.9 %  

 Water_control_9 57 (521) 24 11 5 %   114 (350) 11 2 4.6 %  

* QC= Removal of keratin (all organisms), human(primate-like) proteins, porcine trypsin/-like, bovine pancreatic protease inhibitor (BPTI)/-like. Among 

remaining QC proteins may be proteins from multicellular eukaryotes, e.g. vascular plants, mouse, earthworm, blood proteins, etc. and also prokaryotic 

proteins if found in extraction buffer controls and in that case constitute sample contamination. 

The computational burden when searching the NBCIprot database resulted in a maximum of 

17.3 h and 24.3 h run time for two of the water extracts. Samples with less spectra were much 

faster to search with an average 2.2 h runtime each. Running searches against Swiss-Prot 

database were noticeably faster (ca. << 1 h). The Swiss-Prot database is manually annotated, 

curated, and contained 554,860 entries (info on release 2017-06). The NCBIprot (version 2019-

02-08) database contained 187,857,634 sequence entries from protein sequencing (“primary 

data”) and from genetic sequences (“derived data”). In results here with “Mascot:NCBIprot”, 

of the four top most bacterial protein-family hits (which may contain several peptides/PSMs) 

for water extracts, 10 hits came from RefSeq and 14 hits came from derived sources such as 

NCBI prokaryotic annotation pipeline, e.g. of submitted metagenomes, and other annotation 

and genome sequencing (Table 3.3.2-2). 

Table 3.3.2-2: Sources for the four top-most bacterial protein-family hits with Mascot of water extracts in NCBIprot (aka 
NCBInr) 

Sample 
NCBI Prokaryotic Genome 

Annotation Pipeline 
RefSeq Other 

Water_3 1 4 1x (full genome submitted) 
Water_21 4 1 2x (full genome submitted) 
Water_12 5 5 1x (DFAST annotated) 
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3.3.3. Phylogenetic placement of peptides from Athenry 
soil extracts 

The phylogenetic origin of peptides (PSMs)/proteins was placed with lowest common ancestor 

(LCA) approaches of the Unipept tool for the “Mascot:NCBIprot:Unipept:UniProt” workflow 

and with the Metaprotein-rule for the “MPA:Swiss-Prot” workflow.  

 

For the water extracts, the “Mascot:NCBIprot:Unipept:UniProt” workflow placed 55.1 % to 

67.0 % of submitted PSMs into the bacterial domain, while the “MPA:Swiss-Prot” strategy 

placed only 4 % to 10 % of PSMs into the bacterial domain (Figure 3.3.3-1). Both, the NaPPi 

and EDTA extracts were hampered by low identifications (prev. section) and additionally 

placed most hits into the eukaryotic domains (Figure S-3.7.4-1 to Figure S-3.7.4-2). There, 

peptides were found to be mostly placed under the metazoan grouping, which contained 

mostly peptides from ruminantia (i.e. bovine trypsin inhibitor), suina (i.e. porcine trypsin for 

tryptic digests), and primates (i.e. human keratin). Both search strategies were also identifying 

peptides in trace abundance from annelida (segmented worms), archaea, fungi, and higher 

plants for some soil extracts.



 

 

 

 
Figure 3.3.3-1: Proteomic profile of Athenry soil water extract. Total PSMs from Table 3.3.2-1. Left hand side shows results 
from Mascot:NCBIprot:Unipept:UniProt workflow. Right hand side shows results for MPA:SwissProt:Krona workflow. Plots for 
former generated in Unipept tool (Sunburst, % by manual annotation) and for latter in Krona. Phylogenetic placements of 
PSMs given, in case of MPA can be larger than PSMs, possibly due to multiple assignments from using two search engines, see 
methods 3.2.4.
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3.3.4. Functional classification of bacterial peptides from 
Athenry soil  

Due to functional classification of bacterial proteins with either EMBL gene ontology (EMBL 

GO) or KEGG gene ontology (KEGG GO) inherent with the search engines and workflows the 

results for “Mascot:NCBIprot:Unipept:UniProt” workflow are presented in Figure 3.3.4-1 and 

results for “MPA:Swiss-Prot” workflow are presented in Figure 3.3.4-2. 

 

The “Mascot:NCBIprot:Unipept:UniProt” workflow was able to assign a total of 496 spectra 

from all samples to an EMBL GO. Of those, 162 spectra were assigned to 24 unique “biological 

process” sub-categories, 162 spectra were assigned to 15 unique “cellular component” sub-

categories, and 172 spectra were assigned to 50 unique “molecular function” sub-categories. 

The sum of triplicate water extracts accounted for 400 assignments, a further 71 assignments 

stemmed from triplicate EDTA extracts, and just 19 assignments stemmed from triplicate 

NaPPi extracts. The EDTA buffer control was the only buffer control with Mascot workflow, 

which exhibited functional assignment of bacterial spectra (total of 6 spectral counts), 

indicating some bacterial contamination along the processing. All results are shown in Figure 

3.3.4-1. 

 

In comparison, the “MPA:Swiss-Prot” workflow was able to assign in total 124 spectra to a 

KEGG GO. Of those 44 spectra were assigned to 20 unique “biological process” sub-categories, 

35 spectra were assigned to 9 unique “cellular component” sub-categories, and 45 spectra 

were assigned to 18 unique “molecular function” sub-categories. The triplicate water extracts 

accounted for 33 functional assignments, compared to 50 assignments for triplicates of EDTA 

extracts, and 10 assignments for triplicate NaPPi extracts. All buffer controls exhibited 

assigned spectra. The water buffer control exhibited 18 functional assignments, EDTA control 

had 9 functional assignments, and NaPPi (neutral) control had 4 functional assignments. All 

results are shown in Figure 3.3.4-2. 

 

The water extract analysed with the “Mascot:NCBIprot:Unipept:UniProt” workflow exhibited 

mostly a complete set of replicated values and low variation of spectral assignments for sub-

categories (Figure 3.3.4-1). Most spectra within the “biological process” category were 

assigned to the sub-category of “carbohydrate transport” with 20±3 (mean±sd) spectra, 

followed by 7±1 (mean±sd) for “amino acid transport”, 5±1 (mean±sd) for “nitrogen 

compound transport”, 3±1 (mean±sd) for “transmembrane transport”, and 3±0 (mean±sd) for 

“thiamine biosynthetic process” on fifth place. For the “cellular component” category, most 

spectra were assigned to “integral component of membrane” with 12±1 (mean±sd) spectra. 

The next top four assignments were with 5±2 (mean±sd) spectra assigned to “outer 

membrane-bounded periplasmic space”, 5±0 (mean±sd) spectra in “cell outer membrane” 

sub-category, 4±0 (mean±sd) spectra to “ATP-binding cassette (ABC) transporter complex”, 

and 3±1 (mean±sd) spectra assigned to “periplasmic space”. In the “molecular function” 
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category most spectra were assigned with 5±1 (mean±sd) spectra to the “porin activity” 

category. Further assignments were with 4±2 (mean±sd) spectra assigned to “transmembrane 

transporter activity”, 4±1 (mean±sd) spectra assigned to “sulfuric ester hydrolase activity”, 

3±1 (mean±sd) spectra assigned to “metal ion binding” category. Other assignments had 2 or 

less spectra on average assigned to a sub-category. The EDTA extracts had only two sub-

category assignments with triplicate values and where the average was at least 3 spectral 

counts. This was with 4±1 (mean±sd) spectra assigned to “porin activity”, and 3±0 (mean±sd) 

spectra assigned to “membrane” sub-category. The NaPPi extracts exhibited only two cases 

with triplicate values. The assignments for theses cases were to “Porin activity” with 2±1 

(mean±sd) and “membrane” with 2±0 (mean±sd) assigned spectra. For all values compare 

Figure 3.3.4-1.  

 

With the “MPA:Swiss-Prot” workflow, there was only two instances for triplicate assignments 

(replication) (Figure 3.3.4-2). The first instance were water extracts in the “cellular 

component” category with 2±1 (mean±sd) spectra for an “unknown” sub-category. The 

second instance were EDTA extracts in the “molecular function” category with 1±1 (mean±sd) 

assigned spectra to “unknown” sub-category. 
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Figure 3.3.4-1: Functional assignment of tryptic peptides with Unipept 4.0 according to EMBL gene ontology system. 
Spectral counts correspond to number of assignments of PSMs to functions; multiple assignments are possible. 
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Figure 3.3.4-2: Functional assignment with MPA according to KEGG gene ontology system. Spectral counts correspond to 
number of assignments of PSMs to functions; multiple assignments are possible. 

3.3.5. High and low quality spectra from Mascot for Athenry 
soil extracts 

Richness, spectral count abundance and functional assignment were compared between high 

quality spectra of “Assigned” category and when incorporating low quality spectra of the 

“Anchored” category with the “Mascot:NCBIprot:Unipept:UniProt” workflow (Table 3.3.5-1). 

The richness was assessed by uniqueness of the tryptic peptide sequence. The richness 

increased on average by 64 % for soil extracts and by 46 % for buffer controls when considering 

low quality spectra. However, the increase in phylogenetic assignments of those new spectra 

to Bacteria and Eukaryotes was on average at the same rate. The biggest increases in richness 

were attributed to the “unclassed” last common ancestor (LCA) category below domain level. 

For extracts and controls there was on average no change in the proportion of those spectra 

which have functional assignments (GO), except for water soil extracts, which increased on 
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average by 6 %. Irrespective of the quality of spectra, when focussing on water extracts the 

richness contribution stemmed in majority from bacterial peptides.  

 

When considering spectral count abundance (same table), for high quality spectra the 

proportion of bacterial peptides to the total was lower than their richness proportion. The 

decline in the bacterial proportion when incorporating low quality spectra also applied to 

NaPPi and EDTA extracts. By considering low quality spectra the abundance increased on 

average by 146 %. The largest average increase in abundance of 1253 % was placed in the 

“unclassed” LCA category. The increase in the eukaryotic domain was on average 97 %. 

Bacterial spectral counts increased on average by 68 %. 



 

Table 3.3.5-1: Richness and abundance (spectral count) of high quality “Assigned”, and with addition of low quality “Anchored” peptide identifications (PSM) analysed with Mascot:NCBIprot:Unipept:Uniprot workflow. 
Peptides of Viruses were not detected. 

 

 

Buffer Sample Assgn.
Assgn.

+Anch.
Assgn.

Assgn.

+Anch.
Assgn.

Assgn.

+Anch.
Assgn.

Assgn.

+Anch.
Assgn.

Assgn.

+Anch.
Assgn.

Assgn.

+Anch.
Assgn.

Assgn.

+Anch.
Assgn.

Assgn.

+Anch.
Assgn.

Assgn.

+Anch.
Assgn.

Assgn.

+Anch.
Assgn.

Assgn.

+Anch.
Assgn.

Assgn.

+Anch.
Assgn.

Assgn.

+Anch.
Assgn.

Assgn.

+Anch.
Assgn.

Assgn.

+Anch.
Assgn.

Assgn.

+Anch.

EDTA EDTA_2 33 52 32 50 1 7 11 15 20 28 0 0 84% 80% 64% 60% 38 141 37 138 1 55 12 21 24 62 0 0 86% 93% 67% 71%

EDTA_20 32 62 31 61 3 13 4 5 24 43 0 0 97% 97% 100% 80% 34 83 33 82 3 20 4 7 26 55 0 0 97% 96% 100% 86%

EDTA_11 96 143 95 141 11 24 25 88 59 29 0 0 82% 85% 40% 41% 127 333 129 335 14 112 26 35 89 188 0 0 87% 93% 42% 49%

EDTA_control_8 114 173 110 168 10 31 1 1 98 135 1 1 96% 96% 100% 100% 224 382 222 380 11 79 2 6 208 294 1 1 93% 95% 0% 100%

NaPPi NaPPi_1 41 61 40 60 6 13 3 4 31 43 0 0 98% 97% 67% 50% 78 214 78 215 7 59 4 7 67 149 0 0 99% 98% 75% 43%

NaPPi_10 28 45 28 44 2 8 5 5 21 31 0 0 93% 95% 60% 60% 40 103 40 102 3 43 5 6 32 53 0 0 95% 98% 60% 67%

NaPPi_19 25 45 25 44 2 7 3 3 20 34 0 0 96% 98% 67% 67% 35 132 35 130 2 50 3 3 30 77 0 0 97% 99% 67% 67%

NaPPi_control_7 50 68 44 61 7 12 0 0 37 49 0 0 95% 92% NA NA 278 541 263 540 22 220 0 0 241 320 0 0 100% 90% NA NA

Water Water_3 183 306 167 284 8 31 120 187 38 65 1 1 53% 58% 39% 44% 201 411 188 391 8 47 126 234 53 109 1 1 54% 60% 39% 44%

Water_21 176 298 166 284 6 36 111 158 48 89 1 1 58% 62% 43% 47% 196 402 189 393 6 58 116 190 66 144 1 1 61% 67% 43% 49%

Water_12 139 211 131 198 11 28 81 109 39 61 0 0 64% 66% 49% 50% 162 286 156 277 10 48 86 129 60 100 0 0 64% 69% 47% 49%

Water_control_9 114 170 111 165 13 32 0 1 98 132 0 0 99% 99% NA 100% 350 742 347 735 26 194 0 1 321 540 0 0 96% 95% NA 100%

LCA above 

domain level
Bacteria Eukaryota Archaea

Richness Abundance

Unique 

peptides

Matched 

peptides

LCA above 

domain level
Bacteria Eukaryota Archaea

% all peptides 

GO term

% bacterial 

peptides GO 

term

% all peptides 

GO term

% bacterial 

peptides GO 

term

Identified 

spectra (PSM)

Matched 

spectra
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3.3.5.1. Athenry soil water extract bacterial phylogeny 
The most dominant bacterial phylum were Proteobacteria, which represented ca. 60.5 % to 

62.7 % of bacterial spectra. Other phyla in much smaller proportion were Acidobacteria, 

Actinobacteria, Chloroflexi, Firmicutes, Planctomycetes, and Verrucomicrobia. Within the 

Proteobacteria phylum, the most dominant class were Alphaproteobacteria at 38.4 % to 49.2 

% of bacterial spectra. Within the Alphaproteobacteria class, the most dominant order were 

Rhizobia representing 22.1 % to 31.7 % of all bacterial spectra. With consideration of low 

quality spectra the distribution of all described proportions changed only slightly, as it 

decreased on average by 1.3 % -points (Figure 3.3.5.1-1).



 

 

 

 
Figure 3.3.5.1-1: Athenry soil water extract bacterial profile of peptides. Sunburst graph with Unipept (% manual annotation).
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3.3.5.2. Athenry soil water extract protein C and N functions 
and their bacterial origin  

The three most abundant biological functions (by spectral counts) in Athenry soil water 

extracts were 1) carbohydrate transport with 20±3 (mean±sd) high quality spectra or 42±12 

(mean±sd) high and low quality spectra (Figure 3.3.5.2-1), 2) amino acid transport with 7±1 

(mean±sd) high quality spectra or 10±2 (mean±sd) high and low quality spectra (Figure 

3.3.5.2-2), and 3) nitrogen compound transport with 5±1 (mean±sd) high quality spectra or 

11±2 (mean±sd) high and low quality spectra (Figure 3.3.5.2-3). No differences in the phylum 

and class level placement followed when incorporating low quality spectra (same figures). 

 

Most carbohydrate transport assignments could be placed with the order Rhizobiales and two 

instances in the order of Burkholderiales (or higher) (Figure 3.3.5.2-1). Most amino acid 

transport assignments could be placed in the class Alphaproteobacteria and in some instances 

within the class of Betaproteobacteria. In some instances, assignment on higher levels was 

possible into the order Rhodospirillales (Figure 3.3.5.2-2). Nitrogen compound transport 

assignments were mostly placed on phylum level within the Proteobacteria, and for one 

replicate allowed placement in the family of Rhizobiaceae (Figure 3.3.5.2-3).  

 

 



 

 
Figure 3.3.5.2-1: Athenry soil water extract biological process assignment and phylogeny of peptides connected to carbohydrate transport. Assignment and treeview from Unipept. 



 

 
Figure 3.3.5.2-2: Athenry soil water extract biological process assignment and phylogeny of peptides connected to amino acid transport. Assignment and treeview from Unipept. 



 

 
Figure 3.3.5.2-3: Athenry soil water extract biological process assignment and phylogeny of peptides connected to nitrogen compound transport. Assignment and treeview from Unipept.
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3.3.5.3. Athenry soil extracted bacterial enzymes 
Bacterial enzymes were identified in all water extract replicates (and in one EDTA extract) 

(Figure 3.3.5.3-1). A range of 20 enzymes were matched with Unipept for high quality spectra 

(“Assigned”) and 26 enzymes when also incorporating low quality spectra (“Assigned”+ 

“Anchored”). The most spectral counts with 2 to 4 high quality and 5 to 10 high and low quality 

spectra were assigned to Arylsulfatase (type I, enzyme EC 3.1.6.1, systematic name: aryl-

sulfate sulfohydrolase). It catalyses the hydrolytic reaction of a phenol-sulphate (Phenyl 

hydrogen sulfate) and H20 to phenol and sulfate (Nannipieri et al., 2012; Štursová and 

Baldrian, 2011). 

 

Figure 3.3.5.3-1: Athenry soil extracted and identified bacterial enzymes for high quality spectra on left hand side, and when 
incorporating low quality spectra on right hand side. Functional assignment of was done with Unipept tool against Uniprot 
database. 

The origin of Arylsulfatase (type I) enzyme could be placed within the bacterial domain for 

replicate “Water_12” (Figure 3.3.5.3-2). The other two replicates allowed placement at least 

in the phylum Proteobacteria and in some instances in the class Alphaproteobacteria. 

 
Figure 3.3.5.3-2: Treeview of the origin of Arylsulfatase (type I) enzyme for water extracts.  
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3.4. Discussion 

3.4.1. Characteristics of soil operational fractions for 
metaproteomics 

This experiment aimed to investigate, if the three extraction buffers, yielded contrasting 

extracts in terms of protein and humic substances content, and by visual assessment of the 

gel electrophoresis pattern. It was hypothesised that the water extract would exhibit 

characteristics of labile extracts (i.e. low humic substances content), while the NaPPi extract 

would exhibit “humic” characteristics characterised by high humic substances content.  

The results showed, that the water and NaPPi extraction buffers and the downstream 

processing of concentration and precipitation yielded predicted differences in protein and 

humic substances content (Figure 3.3.1-1) and this was consistent with the visual assessment 

of brown matter intensity on gel electrophoresis (Figure 3.3.1-2). As hypothesised for this 

experiment, it was confirmed in results that water extracts yielded extracts low in humic 

substances content (same figure). This finding agrees with findings in Greenfield et al. (2018), 

where water extracts were characterized by UV absorbance measurement and it was 

indicated that these would contain low amounts of humic substances. In contrast, the NaPPi 

buffer yielded extracts, which were high in humic substances content and this strongly 

indicated that the buffer solubilises “humic” substances. This would be consistent with the 

suggested mechanism of mineral-SOM interaction of this buffer chemistry (von Lützow et al., 

2007) and the long standing use of this buffer for that purpose (Bremner and Lees, 1949; 

Masciandaro, et al., 2008; Bakina and Orlova, 2012). The hypothesis was also more generally 

confirmed, as the differences in protein and humic substances content were greater between 

buffers than between the two soils (same figure). This would indicate that the buffer 

chemistries act as/on mechanisms that apply in both soils and would be consistent with 

general mechanisms proposed for desolubilisation of SOM (Sollins et al., 1996; Bremner and 

Lees 1949; von Lützow et al., 2007). The EDTA buffer in results here, succeeded in extracting 

a high protein yield, comparable to the NaPPi buffer, but with much lower humic substances 

content than NaPPi extracts (Figure 3.3.1-1). However, as seen on the electrophoretic pattern 

(Figure 3.3.1-2), and as will be discussed later, this amount of humic substances was 

nevertheless too high for successful proteomic analysis with LC-MS/MS.  

Soil operational fractionation for use in proteomic analysis was e.g. also employed in Schulze 

et al. (2005) and Bastida et al. (2018). Interestingly, the here achieved yields with water buffer 

(Table S-3.7.2-1) were ca. 18-20x higher than that of the universal buffer used in Bastida et al. 

(2018). The here resulting NaPPi extract protein yield of ca. 0.75 mg g-1 DW soil (same table) 

was ca. 25 to 33-times higher than reported in Bastida et al. (2018). However, when 

considering the high amounts of humic substances in the NaPPi and EDTA extracts (Figure 

3.3.1-1, Table S-3.7.2-1), despite cleaning, there is possibly a trade-off to be considered 

between high protein yield and reducing humic substances content. For example, the protein 

content of water extracts in results here were at least 10-fold lower than with the other two 

extraction buffers (Figure 3.3.1-1, Table S-3.7.2-1), but it also did not contain measurable 

amounts of humic substances and performed well on LC-MS/MS (discussed later). Clean-up 
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steps are an important aspect for soil proteomic studies with LC-MS/MS analysis, as these 

require that contaminants be removed as much as possible (Qian and Hettich, 2017). Here, 

aside from ultrafiltration and gel electrophoresis, the DOC-TCA method after Bensadoun and 

Weinstein (1976) was employed to remove interfering substances before LC-MS/MS. 

Originally, this method was designed to recover hard to precipitate membrane proteins and 

dilute protein amounts with a high recovery factor and achieve cleaning of samples. However, 

it was found in this experiment that DOC-TCA was not sufficiently able to clean samples and 

recover proteins with a high recovery efficiency. The results here suggest that the minimum 

BSA protein amount recoverable was around 36 µg, or expressed as a concentration ca. 24 µg 

mL-1 (Figure S-3.7.2-1). Further, the TCA protein precipitation mechanism is known to also 

precipitate humic substances (Qian and Hettich, 2017; Keiblinger, et al., 2016) and this might 

be adversely competing with protein precipitation in “humic” rich samples, such as NaPPi 

extracts. An alternative system consists of using phenol and precipitation in 0.1M ammonium 

acetate in methanol (Benndorf et al., 2009), but the trade-off with lower protein yield and 

reducing sample complexity for this precipitation method needs to be considered (Qian and 

Hettich, 2017). Here, the water, NaPPi, and EDTA extracts were handled with the same 

extraction and downstream cleaning and concentration process, while not all elements may 

be necessary for the respective extraction buffers. The employment of protease inhibitor 

would be important for water and NaPPi soil extracts, as proteolytic activity in soil extracts 

may be high (Schulze et al., 2005; Vranova et al., 2013; Nannipieri, 2006). Proteolytic enzymes 

in bacteria can serve to digest macromolecules for facilitated uptake into the cell and can be 

found in the periplasmic space in Gram-negative bacteria, and extracellularly with Gram-

positive bacteria (Cantor, 1994). The EDTA buffer contained a range of inhibitory substances, 

however, to gain further safety for inactivation of non-metal dependent proteases, the use of 

Phenylmethylsulfonylfluoride (PMSF) and Pepstatin can improve inactivation of serine-, some 

thiol- and carboxypeptidases, pepsin, cathepsin D, and yeast protease (Cantor, 1994). For 

water and NaPPi extracts, the DOC-TCA step should be replaced, as on the one hand these 

buffers do not contain a glycerol phase, which needs to be removed, and on the other hand, 

TCA precipitation has been shown here and in Qian and Hettich (2017) not to be able to 

remove humic substances. An alternative humic substances removal technique was 

developed in Qian and Hettich (2017), which would be compatible with this workflow by 

adding that step in-lieu of DOC-TCA. The method is based on the general approach to 

exchange the buffer of the extract/resuspended protein precipitate in an ultrafiltration spin-

filter and conduct a trypsin digestion of proteins to peptides. Then, by forcing (centrifuge) the 

peptides through the membrane with a chosen molecular weight cut-off (e.g. Sartorius 

Vivaspin with PES membrane for low binding of CH acting enzymes and with molecular weight 

cut-offs of 10000, 5000, or 3000 Da), other biological and abiotic particles larger than the 

membrane size cut-off remain as retentate. The direct implementation of this has been 

presented e.g. in Tanca et al. (2013) and Heyer et al. (2019), but for removal of humic 

substances the modification presented in Qian and Hettich (2017) adds a further important 

step. The trypsin digested sample is acidified, as the authors have observed that humic acids 

can be successfully aggregated in acid milieu. The aggregation of humic substances in acid is 

exploited to retain humic acids in the retentate and gather tryptic peptides in the filtrate. 
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More generally, for water and NaPPi extracts, ultrafiltration is well suited for protein 

concentration, and cleaning of salts while also retaining enzymatic activity (Bonmatí et al., 

2009; Nannipieri, 2006). The use in this experiment of a mild ultrasonication water bath was 

intended to facilitate breakage of soil aggregates and detachment of proteins. However, the 

breakage of soil aggregates requires a much higher energy input than was used here (Kaiser 

et al., 2012; Schmidt et al., 1999; Ellery and Schleyer, 1984). Alas, higher energy input has led 

to cell lysis instead of detachment (Ramsay, 1984) or has indeed been used to lyse cells 

(Keiblinger et al., 2012), which may run counter to the aim to extract extracellular proteins. 

All in all, in terms of yielding contrasting labile and humic soil operational extracts, which are 

suitable for proteomic analysis with LC-MS/MS, these efforts were ultimately hindered for 

NaPPi and EDTA extracts by there remaining humic substances. 

3.4.2. Bioinformatic strategy for metaproteomics of soil 
operational fractions 

The experiment also compared, which search strategy, differing mainly in the database type 

and size, would be advantageous. It was hypothesised that the search strategy utilising the 

larger, comprehensive database would yield more hits, despite statistical trade-offs with 

contaminant containing soil extracts, and would thereby be advantageous over a strategy with 

a small and non-redundant database. “Mascot:NCBIprot” and “MPA:Swiss-Prot” were the 

contrasting strategies, respectively. 

It was found for water extracts, that the “Mascot:NCBIprot” search strategy yielded more true 

positive matches at lower FDR than “MPA:Swiss-Prot” (Figure 3.3.2-1). The “Mascot:NCBIprot” 

strategy was able to increase true positives until ca. 50 % FDR, while the inflection point for 

MPA:Swiss-Prot was much earlier, roughly ca. 25 % FDR. Despite being able to generate more 

true hits above 5 % FDR for both workflows, results became increasingly more likely to contain 

false positives. However, it is not possible to tell the true positives from the false positives. 

Therefore an upper acceptable rate of false positives (e.g. FDR) is set depending on the 

discipline and field. For soil metaproteomic studies a peptide FDR up to 5 % has been used in 

Heyer et al. (2019) and Thorn et al. (2019). Using Mascot, Bastida et al. (2014) have achieved 

FDRs of 1.5 % and 2.3 %, depending on the extraction method. Results here showed, that 

when aiming for 5 % FDR, that the “MPA:Swiss-Prot” search strategy achieved on average an 

FDR of 5.3 %, while the average FDR of “Mascot:NCBIprot” was 4.2 %. Keiblinger et al. (2012) 

and Mattarozzi et al. (2017) have used a 95 % peptide confidence value (viz. 5 % significance 

threshold (pT)), which may translate into FDRs smaller or greater than 5 %. It was found for 

the experiment here for water extracts, that to achieve 5 % FDR the significance threshold (pT) 

had to be set smaller than 1.16 % (1 in 86 chance of wrong hit) (Figure S-3.7.1-1). Therefore, 

results showed that by searching the large, non-redundant NCBIprot database with Mascot, 

that the false discovery rate was controlled by applying ever stricter significance thresholds 

(pT) on the peptide-spectrum-matches (PSM) (same figure). It is consequential that stricter 

score criteria have to be applied with larger databases, which may otherwise give rise to false 

positives. However, this strategy was nonetheless advantageous over searching a small, non-
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redundant database, even in soil extracts with heterogenous contaminants co-eluted and 

ionised in LC-MS/MS. 

A comprehensive investigation into the performance of databases was done by Tanca et al. 

(2013) with important implications for further work, but also serving to confirm some of the 

results here. In Tanca et al. (2013), for a known microbial mixture, it was found that large, 

redundant public databases such as NCBI/TrEMBL performed almost at the level of custom-

made single whole genome sequencing derived databases and better than non-redundant 

databases such as Swiss-Prot. It was further found that a custom-made whole metagenomic 

sequencing derived database was less successful than the large, redundant databases and was 

performing comparable to the non-redundant Swiss-Prot database. Tanca et al. (2013), using 

a known microbial mixture, have observed that with public databases highest percentages of 

additional hits could be gained by increasing the FDR, while custom-made genome databases 

plateaued. This was also observed in this experiment (Figure 3.3.2-1), albeit at higher FDR, 

where the “Mascot:NCBIprot” search strategy behaved like the former and the “MPA:Swiss-

Prot” like the latter. Tanca et al. (2013) have achieved improvements in search results when 

applying taxonomy filters, and thereby restricting search space. For further work, 

recommendations from Tanca et al. (2013) were to 1) use complementary searches (by 

databases and/or taxonomy restricted searches), 2) restricting taxonomy even within e.g. the 

bacterial domain by either iterative metaproteomic searching or by meta-barcoding 

sequencing as done in Mattarozzi et al. (2017), 3) if employing a whole metagenome 

sequencing derived database to ensure it is of the highest quality (e.g. sequencing depth and 

coverage), and 4) use of software enabling the last-common-ancestor (LCA) approach for 

taxonomic placement. 

The performance of search strategies, besides databases, is also function of many factors, 

among them the algorithm and factors that decide the search space such as missed cleavages, 

static and dynamic modifications, isotopic masses, and mass tolerances (Brosch et al., 2008; 

Tanca et al., 2013). It has to be noted that in results here, the majority of spectra for soil 

samples and buffer controls alike belonged with 89 ±7 % (mean±sd) to the “Unassigned” and 

“Unmatched” category (Table S-3.7.3-1). Only 5 ±2 % (mean±sd) belonged to the high-quality 

“Assigned” category. These magnitudes can also be found in the results of Qian and Hettich 

(2017) and point to the more general observation that most spectra do not meet quality 

criteria, nor have a match in the database at any quality threshold. Protein/fragment 

modifications may be one of the reasons for missing hits. Modifications can be static (fixed) 

or variable (differential) such as post-translational modifications and there may be hundreds 

of ways proteins and peptides are modified (Cottrell, 2011; Kong et al., 2017). The latter carry 

heavy costs in terms of computational time as these increase possible permutations of 

candidate parent peptides (Cottrell, 2011). Some modifications can be very heavy compared 

to the parent ion and further increase candidate parent peptides, and thereby the search 

window (Kong et al., 2017). In this experiment fewer modifications, when compared to other 

studies were considered to reduce computational burden and could point to an avenue to 

further increase hits for this experiment. However, aside from these predictable 

modifications, humic substances might also act as adducts to parent ions and ways to deal 

with incalculable mass increase by humic substances still need to be conceived. 
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Here using contrasting soil extracts, the computational burden in terms of time when 

searching the larger NBCIprot database was much larger when compared to runs with Swiss-

Prot database. Such times frames for both databases have also been reported in Tanca et al. 

(2013) for extracts from microbial mixtures. The non redundant and additional sequence 

entries in NCBIprot from protein sequencing (“primary data”) and from genetic sequences 

(“derived data”) presented a ca. 340-times larger search space than that of the Swiss-Prot 

database. In the top hits from water samples with NCBIprot, most hits came from derived 

sources such as NCBI prokaryotic annotation pipeline (Table 3.3.2-2). This may further point 

to the importance of a comprehensive database to reduce false negatives, even at the 

increased computational cost and the need to apply restrictive significance thresholds (pT) to 

achieve the aimed for FDR of 5 % (Figure S-3.7.1-1). All in all this would confirm the hypothesis 

that a large comprehensive database is advantageous over a small non-redundant database 

even when applied to soil extracts with many suspected co-extracted contaminants. 

3.4.3. Bacterial phylogeny and function in soil operational 
fractions 

This experiment also aimed to gauge, which proteins are abundant in the respective fractions 

and if their function can provide clues to their involvement in SOM cycles. It was hypothesised 

that the protein composition in terms of the phylogeny and function would differ in the 

operational fractions.  

Very clearly, the metaproteomic profiling of humic soil fractions (NaPPi and EDTA) was 

hindered by reduced number of hits (Table 3.3.2-1). This was also seen in the reduced 

phylogenetic richness of the NaPPi and EDTA extracts (Figure S-3.7.4-1, Figure S-3.7.4-2). In 

contrast, the water extracts with the “Mascot:NCBIprot:Unipept:UniProt” workflow were able 

to yield spectra that were 55.1 % to 67.0 % of bacterial origin (Figure 3.3.3-1). The remaining 

spectra were mostly internal and contaminant signal, e.g. keratin, bovine pancreatic trypsin 

inhibitor (BPTI), and porcine trypsin (not shown). In the water extract, ca. 60 % of bacterial 

peptides were from the phylum of Proteobacteria, with 40 % to 50 % of bacterial peptides 

from the class Alphaproteobacteria, and most of those with ca. 20 % to 30 % of bacterial 

peptides from the order of Rhizobacteria (Figure 3.3.3-1, Figure 3.3.5.1-1). Other peptides in 

lower proportions were placed in the phyla Acidobacteria, Actinobacteria, Chloroflexi, 

Firmicutes, Planctomycetes, candidate Rokubacteria, and Verrumicrobia. The results differ to 

some degree with results in other studies. Bastida et al. (2018) found that the phyla 

Actinobacteria (ca. 20 % to 40 %) and Proteobacteria (ca. 20 % to 50 %) to be most abundant. 

Further abundant phyla were e.g. “Heterogenous”, Cyanobacteria, Acidobacteria, and 

Planctomycetes, with each much less than 20 % relative abundance. For forest and potting 

soil, Keiblinger et al. (2012) found with four differing extraction protocols the phyla of 

Proteobacteria to represent 76 % and Actinobacteria to represent 10 % of relative abundance. 

Thorn et al. (2019) have found for three Irish soils that Proteobacteria pre-dominated in two 

of these soils (38 % and 32 %), while Actinobacteria pre-dominated in another soil (25 %). They 

have found that on the DNA level Proteobacteria represented 22 % of prokaryotic sequences, 

while on cDNA level Proteobacteria represented 57 % of prokaryotic sequences. Mattarozzi et 

al. (2017) have found for a serpentine soil four abundant phyla which were in decreasing 
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order: Proteobacteria (67 % to 70 %), Actinobacteria, Firmicutes, and Bacteroidetes. Peptides 

from the order Rhizobiales were the most abundant. However, on DNA level, the most 

abundant phyla were Actinobacteria (38 % to 48 %), Proteobacteria (16 % to 31 %), 

Acidobacteria (6 % to 13 %), and with less than 10 % relative abundance Chloroflexi, 

Cyanobacteria, Firmicutes, Gemmatimonadetes, Nitrospirae, Planctomycetes, and 

Verrucomicrobia. Johnson-Rollings et al. (2014) have found for crab-shell amended soils, that 

the major phyla determined with metaproteomics were Proteobacteria, Actinobacteria and 

Bacteroidetes. On the DNA level the major phyla were Proteobacteria, Actinobacteria and 

Firmicutes. The results of Delmotte et al. (2009), on metaproteomics of soybean phyllosphere 

(sample soybean 2, available with Unipept) indicated that 85 % of bacterial peptides were 

placed in the Proteobacteria phylum, where the DNA level indicated that ca. 58 % of bacterial 

sequences were from Proteobacteria. These results may point to the dynamic level difference 

between presence (e.g. passive, dead, disintegrating) and activity, which can be orders of 

magnitudes difference (Abram et al., 2011, Keller and Hettich, 2009, Verberkmoes et al., 

2009), but also suggest caution with interpreting peptide abundance distribution, if there 

should be a protein analysis bias as seen with the NaPPi and EDTA extracts here. Overall, 

despite the results differing, likely partly explained by different soil properties and different 

extraction protocols, results here for a relatively simple water extraction (labile fraction), also 

showed that the major phyla were present as in other studies.  

Moreover, results here showed greater bacterial richness than most cited studies. However, 

it was suggested by Tanca et al. (2013) that low abundance representations may be incorrect. 

The correct taxonomic placement of peptides with LCA approaches has been investigated, and 

Tanca et al. (2013) have found that for the same sample, searching with different databases 

led to very few shared identified peptides. As the authors knew the microbial composition of 

their sample, they were able to compare correct taxonomic placement between the LCA tools 

Unipept and MEGAN (Huson et al., 2007). They have found when using NCBI as database that 

Unipept exhibited more reliable placement than MEGAN at family, genus, and species level 

with low misplacement rates of peptides at 3 %, 5 %, and 9 %. The misplacement error with 

MEGAN was 7 %, 17 %, and 32 %, respectively. However, the authors have also found that the 

richness suggested by LCA approaches is higher than present in the samples, with Unipept 

exhibiting a slightly higher error than MEGAN, and the authors have iteratively determined a 

taxon-specific cut-off value of 0.5 % of peptides below which assignments are to be 

disregarded (when the sample composition is known). 

In terms of the function, water extracts revealed that the three most abundant functions were 

connected to C and N cycles (Figure 3.3.4-1, Figure 3.3.5.2-1, Figure 3.3.5.2-2, Figure 

3.3.5.2-3). More specifically, these were 1) “Carbohydrate transport” (GO 0008643) with LCA 

placement in the orders of Rhizobiales and Burkholderiales, 2) “Amino acid transport” (GO 

0006865) with LCA placement in the classes of Alphaproteobacteria and Betaproteobacteria, 

and 3) “Nitrogen compound transport” (GO 0071705) with LCA placement in the phylum of 

Proteobacteria. The low placement of latter function might indicate widespread homology of 

the peptide sequence placed with “Nitrogen compound transport”. The most abundant 

bacterial enzyme detected in results here was Arylsulfatase I (EC 3.1.6.1) (Figure 3.3.5.3-1). 

The origin of some of these was placed in the class Alphaproteobacteria (Figure 3.3.5.3-2). 
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This would to some extent agree with other studies on soil metaproteomes. Lin et al. (2013) 

have found for the rhizosphere of sugarcane that the most abundant bacterial functions were 

“Carbohydrate and Energy metabolism”, and “Signal Transduction” (each ca. 22 %), followed 

by “Amino acid metabolism”, “membrane transport” and “unknown” function (each ca. 11). 

Employing four extraction protocols on forest and potting soil Keiblinger et al. (2012) found 

the following three most abundant functions to be “Translation”, “Post translational 

modifications, protein turnover and chaperones”, and “Energy production and conversion”. 

Overall results here for the relative proportions of the biological functions “Carbohydrate 

transport”, “Amino acid transport”, and “N compound transport” would correspond with 

results from Mattarozzi et al. (2017) and Bastida et al. (2018). 

In the results presented here, the top three cellular locations of water extract peptides were 

in decreasing order, “integral component of membrane”, “outer membrane-bounded 

periplasmic space”, and “cell outer membrane”. By comparison, Johnson-Rollings et al. (2014) 

employed an extraction protocol, which aimed at minimizing cell lysis for extraction of 

extracellular enzymes, and also yielded peptides from the following self-assigned cellular 

locations in decreasing order: “Outer membrane”, “cytoplasmic”, and “extracellular”. Bastida 

et al. (2018), also aimed to extract extracellular proteins and detected mainly carbohydrate 

and amino acid transporters in aqueous buffer extracts. They have also found carbohydrate 

transporters to be more abundant than amino acid transporters, which agrees with results 

found in this study. Therefore, results here and of these studies suggest, that proteins were 

extracted from the “extracellular” space (viz. not from within plasma membrane). Another 

possibility is that formerly cell-bound proteins were released from cells by lysis or stem from 

soil-stabilization and were subsequently identified. Here, the NaPPi extract results would have 

been more telling regarding soil-stabilized proteins, if LC-MS/MS analysis had not been 

hampered by humic substances interference. 

3.4.4. Reflection on method suitability for analysing Priming 
Effect experiments in chapter 4 and 5 

Previously, it was hypothesised that Priming Effects are likely explained by extracellular 

enzymes, which are decomposing SOM (Di Lonardo et al., 2017; Rousk et al., 2015; and see 

chapter 1.2) and metaproteomics would in principle allow identification of such proteins. The 

here developed approach in metaproteomic profiling of soil extracts did not come to fruition 

for analysing experiments in chapter 4 and 5 concerning Priming Effects, due to remaining 

analytical challenges and time constraints. Especially the NaPPi buffer, with its mechanism of 

disrupting mineral stabilised SOM, which produced extracts with high humic substances 

content, and ca. 10x higher protein content than water extracts (Figure 3.3.1-1), would be a 

consequential extract to be analysed for proteins involved in (stable) SOM decomposition. The 

EDTA buffer also exhibited protein contents as high as the NaPPi extract, but its relation to the 

SOM pools is not clear. The non-contaminant protein hits results of especially NaPPi extracts 

were much reduced (Table 3.3.2-1, Table 3.3.5-1, Figure S-3.7.4-1). Although samples from 

Priming Effect experiments in chapter 4 and 5 were stored for protein extractions, the issue 

of humic substances removal would have required more trials as explained below. 
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It was previously reported that NaPPi extracts are challenging to analyse on LC-MS/MS 

(Nannipieri and Smalla, 2006). Here, extracts were cleaned-up by ultrafiltration, DOC-TCA, 

buffer exchange, and briefly running samples into gradient gel SDS-PAGE. However, the 

combined measures were ultimately not able to remove humic substances to a degree 

sufficient for optimal LC performance (discussed below). Running soil extracts full length on 

SDS-PAGE, instead of briefly, did not retain humic substances (not shown). Using a non-

gradient gel had previously shown that visible soil extract substances were held back at the 

well-to-stacking and stacking-to-separating gel interfaces, which also stained intensely with 

high sensitivity silver staining (not shown). Here, the observed electrophoretic mobility of soil 

extracts (Figure 3.3.1-2) was in accordance with results from Trubetskaya et al. (2015) and 

Trubetskoi and Trubetskaya (2015). Judging from their results, it would not have been 

desirable to remove from analysis the large molecular weight fraction stuck on the gel 

interfaces, as the authors have shown these to contain the strongest protein signals. For 

reason of cost constraints a 1D-gel approach was chosen in this experiment. As an alternative, 

samples were prepared in-liquid for LC-MS/MS analysis. However, these did not perform 

successfully, as these exhibited suppression of peptide signal by continuously eluting a +44 u 

mass difference envelope, suspected to be PEG (pers. comm. Dr. Silvia Synowsky, BSRC, 

University of St. Andrews, January 2018).  

Regarding the factor that decreased protein hits, it was indicated that a higher level of humic 

substances loaded decreased peptide identifications, when comparing NaPPi and EDTA 

extracts performance to water extracts and buffer controls (not shown). The first mode by 

which humic substances can quantitatively decrease peptide identifications is by blocking of 

adsorption sites of resin, and clogging of LC column (Trubetskaya et al., 2015; Trubetskoi and 

Trubetskaya, 2015; Qian and Hettich, 2017). Trubetskaya et al. (2015) have found that when 

humic substances were loaded in acidic phase on RP-C18 material that irreversible adsorption 

occurred, which did not allow release even at very high hydrophobic elution conditions. Qian 

and Hettich (2017) reported blocking of resin and column clogging when loading more than 

12.5 µg humic substances at a protein-to-humic ratio of 1:1 (i.e. 25 µg total load capacity; the 

total load capacity of the column system varies, in the system used for own analyses the 

recommended capacity was 2 µg with a safety factor of 3, therefore with a maximum capacity 

at 6 µg). Arenella et al. (2014) had successfully loaded lower protein-to-humic ratios (on C 

content basis) of 10:1, 5:1, and 2.5:1. Long single C-C bonded organic compounds are more 

hydrophobic than shorter and aromatic or double or triple C bonded compounds. The former 

may bind stronger to RP-C18 material (C18H37), which is composed of grafted linear alkyl 

saturated hydrocarbons (Trubetskoi and Trubetskaya, 2015). If indeed proteins are stabilised 

in aliphatic/micellar structures, e.g. lipids of cell walls with such lengths (e.g. C15 to C18), then 

it is conceivable that these protein-humic complexes are not well released from RP-C18 

material and analysed in LC-MS/MS. A future amendment may be to load peptides dissolved 

in neutral pH, e.g. 10 mM phosphate buffer, and elute with MeOH instead of ACN as phase B. 

This was shown to reduce irreversible adsorption of humic extract samples (Trubetskaya et 

al., 2015; Trubetskoi and Trubetskaya, 2015). Further, in regards to eluting with an increasing 

hydrophobicity gradient, it was found in work by Trubetskaya et al. (2015) and Trubetskoi and 

Trubetskaya (2015) that a fraction of extracts with high molecular weight, low electrophoretic 
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mobility, aliphatic, and hydrophobic properties (”Fraction A”), which eluted midway in the 

hydrophobic gradient, exhibited the strongest protein signal of all. Its hydrophilic fraction 

indicated aromatic amino acid signals, which bound to polar organic matter, while its 

hydrophobic fraction indicated featureless amino acids, which bound to non-polar organic 

matter. Also, the authors have identified a low molecular weight, high electrophoretic 

mobility, aromatic fraction with a strong humic signal ratio (Ratio of excitation/emission at 

270/450 nm), which eluted early in hydrophilic conditions.  

In this study, results for internal and contaminant protein spectral counting did not show a 

decrease for NaPPi and EDTA extracts as compared to water extracts (Table S-3.7.3-1). When 

compared to buffer controls the total spectral counts were indeed lower for all soil extracts. 

The peptide identities revealed that in NaPPi and EDTA extracts, the majority of peptides were 

constituted by internal and contaminant proteins (Figure S-3.7.4-1, Figure S-3.7.4-2, Figure S-

3.7.4-3). It is not clear, if there was suppression of internal and contaminant protein signals by 

humic substances, or if these are preferably analysed by the MS/MS system automatically 

selecting for the 20 most intense ions. Non-labelling quantitative MS/MS by SWATH-DIA (Gillet 

et al., 2012) might be a way to resolve this and Keller and Hettich (2009) had called for higher 

scan speeds to improve dynamic range, viz. detect low abundance ions.  

In experiments by Arenella et al. (2014) it was shown that humic-protein interactions led to 

lower protein coverage and peptide identifications. The first domains to be missing in proteins 

were mainly hydrophobic domains, but with increasing humic substances in relation to protein 

also other domains became missing. It was suggested that van der Waals and/or hydrophobic 

interactions independent or overcompensating charge repulsion were active. These more 

hydrophobic peptide fragments might then be undergoing hydrophobic interactions with 

humic substances. Therefore, it can be reasoned that the NaPPi extracts here would exhibit 

unfavourable protein-to-humic ratios of ca. 1:2. The EDTA samples exhibited more favourable 

ratios but still contained absolutely more humic substances than water extracts. Humic 

substances may also have adverse effects by ionization competition. Qian and Hettich (2017) 

have shown that the less abundant +1, +5, and +6 charged ions were supressed, while more 

abundant +2 and +3 ions were seemingly not affected. The analysis of MS data here showed 

that +5 and +6 charged ions were absent or in few incidences reduced to low counts (Figure 

S-3.7.3-4). Also, an unusually high occurrence of +5, +6, and +7 charge states was detected in 

buffer controls and these ions were especially connected to unmatched spectra (same figure). 

It might be that no match can be found due to humic adducts, which would lead to 

identification problems (Arenella et al., 2014). In the MS data of this study, it was further 

observed that these ions exhibited the highest relative molecular weights (Mr) and m/z values 

(Figure S-3.7.3-4). Possibly this is again due to adducts of humic substances. Inexplicably, this 

behaviour was pronounced in buffer controls, and not soil extract samples. Possibly, the 

higher content of humic substances in soil extract samples blocked those highly charged ions 

(as described above).  

Considering above challenges, analysing chapter 4 and 5 Priming Effect experiment samples 

by metaproteomic analysis would have required further clean-up of humic substances and 

optimisation of the LC-MS/MS system set-up. A promising solution for removing substances 
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and in terms of sample costs was presented by the method of Qian and Hettich (2017), which 

for example combined trypsin digestion and ultrafiltration (discussed in section 3.4.1). 

3.5. Summary and Conclusions 
Operational fractionation yielded soil organic extracts contrasting in protein yield, humic 

substances and electrophoretic pattern. The reduced LC-MS/MS performance for EDTA and 

NaPPi extracts ultimately prevented the characterisation of operational fractions with 

“humic” characteristics (high humic substances content) and comparing them to the protein 

profile from water extracts (low humic substances content). Lower total spectral counts, a 

dominant relative proportion of internal and contaminant signal to sample profile, and a 

reduced richness and abundance for bacterial peptides were found for EDTA and NaPPi 

extracts. The more humic characteristics of these extracts compared to water extracts likely 

explained reduced performance on LC-MS/MS. Here, the comparison of database and search 

strategies was extended to contrasting soil extracts (operational fractions of soil) and showed 

that a large redundant database with LCA approach of peptides was yielding more consistent 

and higher number of assignments, than a smaller non-redundant database. The effect of 

search engine strategies based on either peptide last common ancestor (LCA) approach or 

meta-protein based approach can however not be delineated in results here, and a rapidly to 

implement further investigation would be to trial the MPA with NCBI as database. Finally, the 

extraction from water as extractant yielded 92±15 (mean±sd) protein-families (QC) and was 

comparable in terms of taxonomy and functional profile to previous metaproteomic studies. 

Operational soil organic matter fractions (i.e. “humic” NaPPi extracts) hold more potential to 

investigate SOM processes, but require that humic substances are more successfully cleaned 

out and further optimisation on the LC-MS/MS system for soil extracts needs to be done. The 

improvements concern tactics in liquid chromatography, increasing analysis duration or 

increasing MS/MS sampling speed, adoption of quantitative MS/MS (SWATH-DIA), and 

optimising database searches by e.g. taxonomy restriction and adding modifications to search. 

Due to remaining challenges in the metaproteomic profiling of soil extracts, the samples of 

chapter 4 and 5 Priming Effect experiments were not analysed with this method. There, 

molecular methods of sequencing the 16S rDNA and 16S rRNA were carried out as the main 

line of investigation. 
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3.7. Supporting material 

3.7.1. Supporting material to bioinformatic methods 
The highest significance thresholds (pT) with which to achieve an FDR of 5 % or lower was for water 

extracts with pT< 0.0116 (1 in 86), and NaPPi extracts with pT<0.0120 (1 in 82). The buffer controls 

allowed for highest expect values but varied widely with Water buffer control at pT< 0.0128 (1 in 78), 

EDTA buffer control at pT <0.0155 (1 in 65), and NaPPi buffer control at pT <0.0325 (1 in 31). At a 

significance thresholds pT =0.05 (1 in 20) the buffer controls exhibited an FDR of ca. 5 % to 12.5 %, 

while the soil extracts exhibited a higher FDR of ca. 25 %. 

 

Figure S-3.7.1-1: False Discovery Rate (FDR) over significance threshold (pT). Results are for Mascot:NCBIprot only. Black 
dashed vertical line indicates p= 0.05 pT and black dashed horizontal line indicates 5 % FDR. 
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3.7.2. Supporting material to operational fractions 

 

Figure S-3.7.2-1: Total protein concentration of BSA standards measured before and after cleaning with DOC-TCA precipitation 
and ultrafiltration buffer exchange. Soil extract protein concentration after cleaning estimated with own in-clean matrix 
absorbance correction factors, i.e. corrected for humic substances (see chapter 2). Soil extract protein+humic concentration is 
uncorrected Absorbance A measure. Pre cleaning values of soil extracts estimated with BSA regression line of BSA standards 
shown here. X-axis intercept of regression at 24 µg mL-1 with 1.5 mL of sample volume indicated that the minimum protein 
amount precipitable was 36 µg. 

 

Figure S-3.7.2-2: Absorbance A and absorbance B values of blank buffer controls.  
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Table S-3.7.2-1: Estimated total protein in concentrates (mg) with interference correction factors applied (“Frolund_RG13” 
and “In_clean correction”) and without correction “Absorbance_A”. Difference of Absorbance A to corrected values indicates 
humic substances amount. The values were corrected for dilution of extracts into the calibration of the Lowry assay. 

  Total protein in concentrate (mg) 

Measurement Soil EDTA NaPPi (neutral) Water 

Frolund_RG13 corr
ection factors in 
Redmile-Gordon et 
al. (2013) 

Buffer control 0.03 ±0.15 -0.07 ±0.06 0.03 ±0.06 

Athenry 1.93 ±0.29 2.57 ±0.67 0.10 ±0.00 

Grange 1.13 ±2.5 1.67 ±0.72 0.07 ±0.06 

In_clean correctio
n (Chapter 2) 

Buffer control 0.10 ±0.17 -0.07 ±0.06 0.07 ±0.12 

Athenry 2.47 ±0.32 3.27 ±0.84 0.17 ±0.06 

Grange 1.53 ±0.15 2.53 ±1.31 0.13 ±0.06 

Absorbance_A (no 
correction) 

Buffer control 0.03 ±0.06 -0.03 ±0.06 0.00 ±0.00 

Athenry 3.17 ±0.85 8.97 ±0.95 0.13 ±0.06 

Grange 2.73 ±0.92 6.57 ±1.03 0.07 ±0.06 

 

Table S-3.7.2-2: Concentration factors achieved from crude extract to concentrate 

 Extract concentration factor from crude to concentrate (x=times increase) 

Soil EDTA NaPPi (neutral) Water 

Buffer control 400x ±0 400x ±0 400x ±0 
Athenry 255x ±24.6 141x ±5.4 400x ±0 
Grange 256x ±85.8 144x ±8.8 400x ±0 

 

 

Figure S-3.7.2-3: Own in clean matrix calibration of Absorbance A to Absorbance B slopes for calculating correction factors 
(see chapter 2, equation 1 and following). The model protein used was bovine serum albumin (BSA). 
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3.7.3. Supporting material to databases 
 

 

Figure S-3.7.3-1: Close-up of area FDR 0 % to 15 % of Receiver Operating Characteristic plot (ROC) with true positive Peptide-
Spectrum-Matches (PSM) as PSM minus decoy hits over False Discovery Rate (FDR). Vertical black dashed indicates 5 % FDR 
threshold. Regression line fit through points (n=variable per combination) is called in ggplot2 () with geom_smooth()` using 
auto mode and method = 'loess' with default parameters and equation 'y ~ x'. Coloured area indicates 95 % confidence interval. 

Table S-3.7.3-1: Tandem mass spectrometry queries and Peptide-Spectrum-Matches (PSM) binned into four categories for 
Athenry soil extracts. Categories as defined in methods for LC-MS/MS. Slight overcounting which may be overlap of “Assigned” 
and “Anchored” categories is indicated by (†) 

Buffer Sample 
Anchored  

Spectra 
[PSM*] 

Assigned 
spectra 
[PSM*] 

Unassigned 
Spectra 
[PSM*] 

Unmatched 
spectra 

Total 
accounted 

queries 

Total 
MS/MS 
Queries 

EDTA EDTA_11 207 127 2098 183 2615 2619 

 EDTA_2 103 38 742 119 1002 1004 

 EDTA_20 50 34 624 124 832 832 

 EDTA_control_8 158 224 970 2910 4262 4268 

NaPPi NaPPi_1 138 78 4567 1392  † 6175 6167 

 NaPPi_10 62 40 315 67 484 491 

 NaPPi_19 97 35 316 57 505 511 

 NaPPi_control_7 263 278 2735 3693 † 6969 6920 

Water Water_12 126 162 1883 99 2270 2278 

 Water_21 207 196 8805 500 † 9708 9706 

 Water_3 212 201 17216 777 18406 18426 

 Water_control_9 395 350 1473 3524 † 5742 5726 

 Total queries 2018 1763 41744 13445 58970 58948 

*Note that assigned spectra, anchored spectra and unassigned spectra are all Peptide-Spectrum-Matches (PSM). Only assigned spectra 

suffice quality criteria of significance threshold (pT) (see methods 3.2.4). Unmatched spectra do not have peptide-spectrum match (PSM) 

 



 

 

Figure S-3.7.3-2: Spectral patterns of sample Water_3, protein hit no.5, for the same peptide, for “Assigned” category and “Anchored” category. Figures from Mascot program.



 

 

Figure S-3.7.3-3: Spectral patterns of sample Water_21, protein hit no.5a, for the same peptide, for “Assigned” category and “Anchored” category. Figures from Mascot program. 
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Figure S-3.7.3-4: Occurrence (size of point) of PSMs with charge state (+2 to +8) on x-axis and peptide molecule mass (Mr) on 
y-axis for the four quality categories for PSMs (Assigned>Anchored>Unassigned>Unmatched). 
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3.7.4. Supporting material to phylogenetic classification 

 

 

 

Figure S-3.7.4-1: Proteomic profile of Athenry soil NaPPi extract. 
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Figure S-3.7.4-2: Proteomic profile of Athenry soil EDTA extracts. 
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Figure S-3.7.4-3: Proteomic profile of extraction buffer controls. Daily replicates (3 in total) of buffer reagent controls were 
pooled for LC-MS/MS analysis. 
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Attribution of work by others: 

The analysis of samples for 13C isotope ratio was carried out by Dr. Barry Thornton, Gillian 

Martin, and Maureen Procee (The James Hutton Institute). 

Inorganic N and total organic C analysis was carried out by Susan McIntyre (The James Hutton 

Institute). 

MiSeq amplicon sequencing was performed by Dr. Pete Hedley and Jenny Morris (The James 

Hutton Institute, Dundee). 

The MiSeq sequence processing and the generation of OTU-count tables, OTU-taxonomy 

tables, and OTU-sequence tables in python and mothur were performed by Dr. Thomas Freitag 

(The James Hutton Institute). 

 

  



Chapter 4: Identification of bacterial populations 

120 
 

4.1. Introduction 
Soil organic matter (SOM) has many beneficial traits for supporting sustainable agricultural 

productivity in that it serves as a nutrient store (“revolving nutrient fund”), enhances soil 

structure/soil tilth, water holding capacity, and aeration for root and microbial activity. 

Understanding the dynamics of SOM build-up, its mineralisation and nutrient mobilisation by 

microbes has the potential to enable prediction of the resulting soil nutrient dynamics and 

flows. Better prediction of these fluxes could allow the minimisation of the amount of mineral 

fertilizers used, and this would have positive effects on minimising groundwater pollution and 

nitrous oxide emissions (Bot and Benites, 2005; Ashman and Puri, 2013; Paul, 2014; Cheng 

and Kuzyakov, 2005; Harris et al., 2011; Kuzyakov et al., 2000). Effects and mechanisms of 

altered SOM mineralisation in response to labile organic inputs (Priming Effects), for example 

as occurring through rhizodeposits or manure addition to soil, have received considerable 

research attention (Chapter 1).  

 

Despite a lack of consensus with regard to the extent of microbial control on the rate of SOM 

mineralisation, for example through a hypothesised rate limiting abiotic “regulatory gate” 

(Kemmitt et al., 2008; Kuzyakov et al., 2009; Paterson 2009a), the mineralised flux is 

hypothesised to consist of contributions from microbes co-located with SOM sources and 

decomposing them, as well as the mineralised flux from microbes being supplied with 

substrate supplied in solution (Brookes et al., 2017). Therefore, investigating microbes and 

microbial action in connection with Priming Effects can illuminate the extent of the microbially 

mediated SOM fluxes (Kuzyakov, 2010; Paterson et al., 2009b). The diverse chemo-organo-

heterotrophic nutrition and life-strategies of many soil microorganisms, and the wide array of 

their organic matter (OM) degrading enzymes make them likely candidates to explain variation 

in the magnitude of SOM mineralised fluxes (Kuzyakov et al., 2009; Paterson 2009a; Madigan 

et al., 2010; Löhnis, 1926; Waksman and Starkey, 1924).  

 

Associating community members with the activity of (primed) SOM mineralisation has long 

been challenging. Newer methods, such as high resolution DNA-SIP (stable isotope probing) 

sequencing methods have enabled the linkage of labelled organic inputs to soil (heavier 

isotope label) with their incorporation into the DNA of microbial groups (Di Lonardo et al., 

2017; Rime et al., 2016; Fan et al., 2014; Verastegui et al., 2014). However, the connection of 

primed SOM as the cell building material and source of the primed mineralised flux with 

responsible microbes is not directly evident, when the substrate is labelled. Substrates added 

to soil may for example only “trigger” the respiratory activity of energy-starved microbes or 

lead to microbial pool substitution (De Nobili et al., 2001; Blagodatskaya and Kuzyakov, 2013; 

Hobbie and Hobbie, 2013). It needs to be considered that in soil, microbes may be in different 

activity states, while however, the categories devised for these states are often constrained by 

the methods available (Blagodatskaya and Kuzyakov, 2013). Microbes may be in growing, 

active, substrate responsive, resting, or dormant (e.g. spores of Gram positive bacteria), 

starving, dead or disintegrating stages (Blagodatskaya and Kuzyakov, 2013; Hobbie and 

Hobbie, 2013; Bottomley et al., 2012; Stenström et al., 2001). In particular, when focussing 

only on the DNA pool, it may contain contributions from dead and disintegrating microbes and 
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thereby not be informative on the active populations (Abram, 2015). In contrast, ribosomal 

RNA (rRNA) was historically analysed to infer on microbial growth and with newer methods is 

increasingly used to identify active members of the microbial community (Blazewicz et al., 

2013). It was proposed that the following RNA:DNA ratio thresholds were indicators of the 

activity state of microbial cells: Above 1.5 to 2.0 “active”, between 0.5 to 1.5 “potentially 

active” and below 0.5 “dormant” (Blagodatskaya and Kuzyakov, 2013). Indeed, the combined 

use of high-throughput sequencing of RNA and DNA was regarded as a useful technique to 

infer on microbial activity and dormancy states (Lennon and Jones, 2011; Blazewicz et al., 

2013) and this has been utilised in a number of different environments for e.g. marine (Denef 

et al. 2016) and rhizosphere soil (Bowsher et al., 2018). However, Denef et al. (2016) also 

suggested caution in the interpretation of RNA:DNA ratios and inferring microbial activity 

states, as smaller bacteria are inherently unable to contain as many ribosomes as larger 

bacteria, thereby possibly exhibiting lower RNA:DNA ratios. In contrast, larger bacteria such as 

some Gram positives, e.g. Bacillus sp. have been shown to exhibit higher natural RNA:DNA 

ratios of ca. 5 in both activity and dormancy states (Chambon et al., 1968, cited in Lennon and 

Jones, 2011). The RNA:DNA ratio is therefore rather to be regarded as “potential activity” or 

“protein synthesis potential” than an “actual” activity (Blazewicz et al., 2013). Despite that this 

aspect might affect comparisons of activity states between taxonomic phyla, it may 

nevertheless inform within bacterial populations on potential activity state changes between 

basal and primed conditions.  

 

In the context of understanding SOM mineralisation, the 16S rRNA:rDNA ratio could provide 

high taxonomic resolution on microbial populations (potentially) active/dormant in absence of 

labile C input (i.e. bulk soil, basal state) and with labile C addition (i.e. rhizosphere conditions, 

primed conditions). On the one hand, microbial growth and potential activity in basal and 

primed conditions may not directly demonstrate the role of certain populations for concurrent 

C and N mineralised fluxes. On the other hand, to 1) determine basal active populations, which 

by their reported chemo-organo-heterotrophic nutritional preferences could be potentially 

associated with native SOM/DOC mineralisation, and 2) to determine if the same basal active 

or different populations are growing in primed conditions could reveal probable connections 

to SOM mineralised fluxes.  

 

Firstly, basal active, K-selected microbes have been associated with mineralisation of (native) 

heterogenous SOM moieties and consequently the majority of basal respiration activity is 

attributed to these organisms (Stenström et al., 2001; Fontaine et al., 2003; Paul, 2016). It has 

been estimated that in soil only about 0.1-2 % of the microbial biomass are active, while 10-

40 % are potentially active, but limited by available energy (Blagodatskaya and Kuzyakov, 

2013). For example, the almost steady low rate of respiration in basal soil conditions was 

argued to be due to mixed effects of hotspots of co-location of microbes with SOM and 

through steady supply and diffusion of DOC (Brookes et al., 2017). Through their ability to 

utilise SOM, K-selected microbes would be likely candidates responsible for mediating primed 

SOM mineralisation fluxes (Fontaine et al., 2003; Fontaine et al., 2011). As K-strategists 

typically exhibit constant population size, in basal conditions, the potential activity instead of 
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relative abundance changes could be an informative metric on the identity and proportions of 

populations active under conditions favourable to K-strategists.  

 

Secondly, in primed conditions by labile/fresh C supply, the interplay of r- and K strategists 

has been hypothesised to explain Priming Effects (Fontaine et al., 2003). In soil (and especially 

basal conditions such as in bulk soil), microbes are primarily in a state of energy-limitation 

(Hobbie and Hobbie, 2013; Demoling et al., 2007), and the addition of labile C has been 

hypothesised to relieve these limitations (De Nobili et al., 2001; Fontaine et al., 2003). Both 

hypothesised mechanisms for positive primed SOM fluxes: co-metabolism of heterogenous 

SOM moieties and “N-mining”, are grounded in microbial growth and nutrition rationales 

(Blagodatskaya and Kuzyakov, 2008). It is consequently of question, which components of the 

microbial community are able to proliferate under labile/fresh C supply (Garcia-Pausas and 

Paterson, 2011; Paterson et al., 2009b). However, it would be expected that supplied labile C, 

can be utilised by many members of the microbial community, i.e. aerobic respiring chemo-

organotrophs (Gunina and Kuzyakov, 2015). Conceptually, only chemo-organo-heterotrophic 

microbes increasing their activity and growth under labile C addition would be implicated in 

primed SOM decomposition due to the assumption/condition that not all nutrients would be 

readily available in soil solution and require decomposition of SOM (Blagodatskaya and 

Kuzyakov, 2008). Especially, fast growing r-strategists have been considered to thrive initially 

(Fontaine et al., 2003; Stenström et al., 2001). Therefore, it is conceivable that in priming 

conditions, the growing populations are initially the fast-growing r-strategists, and secondly, 

with a lower growth rate, basal active, K-selected groups (Blagodatskaya and Kuzyakov, 2008). 

 

This chapter therefore details an incubation experiment on the basis of two grassland topsoils, 

for which different magnitudes of positive priming effects have been shown previously 

(Murphy et al., 2015). Labile C additions were made daily, at a rate chosen to resemble 

rhizosphere conditions (Murphy et al., 2015). The two soils were used as model systems to 

investigate commonality or differences in the potential growth and potential activity of 

bacteria in basal and in primed conditions. Isotope ratio 13C/12C of soil emanating CO2 was 

monitored throughout the incubation phase to quantify the magnitude of SOM-C priming and 

to place community changes in the context of that flux. Destructive sampling of control units 

was done initially and at the end of the incubation period for characterisation of basal 

incubation. Final destructive sampling of all treatment units was done to test for treatment 

effects of labile C addition vs. basal conditions. A combination of amplicon sequencing of 16S 

rRNA gene (16S rDNA) for determining growing populations and sequencing of the 16S rRNA 

reverse transcript of the ribosome (16S rRNA) for determining potentially active populations 

was employed. 

 

In this experiment the investigated research questions were: 

1) Under basal conditions, do the two contrasting soils exhibit commonalities or 

differences in the identity and proportion of basal active microbial populations? 

2) Under priming conditions, which bacterial populations are implicated in primed SOM 

mineralisation in both soils by potential growth and activity, and were these microbes 

(potentially) active prior to labile C addition?  
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It was hypothesised that: 

1) In basal conditions, SOM mineralisation rates would be proportional to biomass size in 

both soils, and exhibit a similar basal-active, K-selected bacterial community. 

2) In priming conditions, the total primed SOM mineralisation rate would be proportional 

to biomass size in both soils, but that the stimulated bacterial portion would be 

primarily fast growing, r-strategic bacteria. 

4.2.  Material and Methods 

4.2.1. Soil samples 
Soils from the A horizon of two managed grasslands from Ireland were sampled in February 

2017. Grass thatch or light sod was removed and ca. 10x10x10 cm3 volumes were sampled 

randomly across an area of ca. 50 m x 50 m until ca. 25 kg in total were collected. The Grange 

soil had been ploughed just before soil sampling (Ap horizon). Both soils were initially sieved 

on site to 10 mm, transported at ambient temperature, and otherwise kept in a cold room at 

ca. 4 °C. A summary of soil properties is given in Table 4.2.1-1; further parameters on soils 

from the same destination were measured in McDonald et al. (2014). Soils were allowed to 

slightly air-dry overnight at room temperature and then sieved to 2 mm (Stainless steel, 

Endecotts and Retsch). Soils were then mixed and kept in the cold room (ca. 4 °C) until packing 

of throughs and incubation. The organic matter (OM) content of soils was determined by loss 

on ignition at 500 °C for 16 h. The soil pH was determined in water (actual acidity) and in CaCl2 

matrix (exchangeable acidity) after a method specified in supporting material 4.7.2. The C 

isotope ratio expressed in delta notation (δ13CVPDB ) of soil emanating CO2 was determined 

with incubation at 20 °C (see method 4.2.4). 

Table 4.2.1-1: Soil properties as indicated. Soil association from (Teagasc, 2020). *Dunsany weather station ca. 0.5 km 
distance to sampling site. ** Moorepark weather station ca. 1.5 km distance to sampling site. Weather data from Met 
Éireann, The Irish Meteorological Service (2019). 

Soil Properties 

Grange  
Ap horizon  
(0-10 cm) 

Coordinates: N 53°31’13.0”, W 6° 39’49.6” 
Straffan soil association (700d series in Irish Soil Information System), typical surface water gley with 
limestone drift as parent material and clay loam texture (USDA classification) 
Mean annual precipitation (MAP)* (2012-2017): 863 ±86 mm (mean±sd) 
Mean monthly air temperature (MAT)* (2012-2017): 9.4 ±3.9 °C (mean±sd) 
OM content = 4.97 %  
Actual acidity pHH20 6.04 ±0.03 (mean±sd) 
Exchangeable acidity pHCaCl2 5.50 ±0.01 (mean±sd) 
Sieved soil emanating CO2 δ13CVPDB = -25.9 ‰ (~ C3 plant OM) 

Moorepark 
A horizon 
(0-10 cm) 

Coordinates: N 52°09’48.6”, W 8°13’58.1” 
Clashmore soil association (1100n series in Irish Soil Information System), humic-stagnic brown earth 
with siliceous stones drift as parent material and sandy loam texture (USDA classification) 
Mean annual precipitation (MAP)** (2012-2017): 1082±117 mm (mean±sd) 
Mean monthly air temperature (MAT)** (2012-2017): 10.0±3.7 °C (mean ±sd) 
OM content = 7.45 %  
Actual acidity pHH20 6.65 ±0.09 (mean±sd) 
Exchangeable acidity pHCaCl2 6.19 ±0.05 (mean±sd) 
Sieved soil emanating CO2 δ13CVPDB = -32.7 ‰ (~ C3 plant OM) 
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4.2.2. Experimental set-up 
The moisture content of sieved soil was determined by gravimetric loss of ca. 25 g fresh weight 

soil after overnight drying at 105 °C. For packing soil microcosms, in total 91.7 g dry weight 

equivalent (DW) of soil were packed to a bulk density of 1 g DW soil cm-3 in troughs and 

moisture content was adjusted to 65 % of water holding capacity (WHC). Moisture content 

was maintained during incubations by daily additions of de-ionised water. Troughs were made 

of 100 mm length PVC half pipes of 50 mm diameter and were covered with removable PVC 

cover plates with 30x3 mm diameter holes to regulate moisture loss (Paterson et al., 2007). 

During packing, microcosms were stored overnight in the cold room (ca. 4 °C). Microcosms 

were transferred to incubators (Weiss Gallenkamp, Compenstat control thermostat) and kept 

at 20 °C for 7 days for settling from soil disturbance. During the settling phase, soil respiration 

rates were determined (see method 4.2.3) to establish that the soils had stabilised (i.e. 

constant respiration rates) prior to application of experimental treatments. Incubations of all 

units were carried out in one incubator in the dark at 20 °C, while for the duration of 

respiration incubation two more incubators with the same specifications were used. 

Treatments consisted of daily additions of glucose solution or de-ionised water for controls 

for 7 days. Treatment combinations consisted of two soils (Grange and Moorepark), three 

treatments (Control, “13C” glucose, and “12C” glucose), and 4 biological replicates. 

Destructive harvests of 4 controls per soil were made the day before treatment additions 

(“zero harvest”, H0) and the remainder of microcosms (n=24) were destructively harvested on 

the 8th day (final harvest, H1). Glucose solution addition was at a rate of 0.5 mg g-1 DW day-1 

(200 µg C-Glucose g-1 DW day-1, nominal cSolution=127.4 mM), with additional variable volumes 

of de-ionised water to maintain target moisture content (ca. 1 mL). This glucose addition rate 

was chosen, as it was shown to lead to primed SOM mineralisation for these two soils in 

Murphy et al. (2015). Two glucose solutions were made with either 3 Atom-% 13C enrichment 

(“13C”) or without enrichment (“12C”). The former was to allow isotope ratio source 

partitioning of the SOM mineralised flux (see method section 4.2.3), and the latter to minimise 

impact on multi-“omics” analysis methods. The “12C” treatment units were used for 

molecular analysis after ascertaining that there were no statistically significant differences in 

C and N flux between “12C” and “13C” units (Figure 4.3.1-3 and Figure S-4.7.5-2). For 

destructive harvests, soils were thoroughly mixed and sub-sampled for subsequent analysis. 

Portions were also weighed into 50 mL PP tubes (Sarstedt or Fisher), flash frozen in liquid 

nitrogen and stored at -80 °C for molecular analysis (see section 4.2.7). 

4.2.3. Glucose, and soil organic matter mineralisation 
Respiration measurements and sampling for isotopic analysis were performed daily for the 

period of incubation. In the main incubation period for 7 days, microcosms were amended 

with treatments every day in a randomized order, brought to 65 % WHC by gravimetric 

addition of distilled water, and then placed into 1 L Kilner Jars, which were sealed with a lid 

fitted with 2x 3-way valves. The atmosphere was flushed with CO2-scrubbed air at a flowrate 

of ca. 750-850 mL min-1 for at least 5 minutes, thereby exchanging the atmosphere several 

times. The effluent gas flow CO2 concentration was measured on an infrared gas analyser 

(EGM-4, CO2 monitor, PP systems) and equilibrated to 16.65 ±8.45 µL CO2 L-1 (mean±sd) before 
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sealing the chamber. The daily closed-chamber incubation periods lasted on average 2 h 55 

min ±34 min (mean±sd). The potential for O2 depletion during incubation in the sealed 

microcosms, assuming equimolar conversion of O2 to CO2, was less than 0.6 % -point drop in 

O2 level, which was not expected to have an adverse effect on soil-borne microorganisms 

(Stahr et al., 2016). After the incubation period, gas from the contained headspace was drawn 

with a gas sampling syringe (25 mL, SGE Analytical Science) via one of the 3-way valves. The 

first 12.5 mL were injected into the infrared gas analyser for CO2 concentration determination, 

while the remaining 12.5 mL were injected into N2 flush-filled exetainer vials fitted with rubber 

septa for CO2-C isotope ratio determination. For calculation of normalised respiration rate see 

supporting material section 4.7.1. To partition the respiration into glucose derived and SOM 

derived, a simple linear mixing model was used (Phillips and Gregg, 2001). The δ13C members 

of the model were determined as described in method section 4.2.4. The relative 

contributions of glucose and SOM expressed as a ratio were multiplied by total respiration to 

determine glucose and SOM mineralisation rate (for assumptions see Figure S-4.7.1-1). For 

statistical consideration see method section 4.2.8. 

4.2.4. Stable 13C isotope analysis methods 

4.2.4.1. Stable 13C isotope analysis of glucose solutions 
Sub-samples of glucose solutions used for experiments were stored at -20 °C until isotopic 

analysis. For isotopic analysis 500 µg C equivalent of glucose solution were absorbed in 

Chromasorb (cat# 7502023, batch# 640, mesh size 60-80, Phase Sep, Queensferry, Clwyd, UK) 

in tin cups (Smooth well tin capsules, flat base, 7x 3.5 mm, Elemental Microanalysis) and dried 

further at 50 °C. Tin cups were crimped and submitted for analysis. The δ13C values of the 

samples were determined using a Flash EA 1112 Series Elemental Analyser connected via a 

Conflo III to a DeltaPlus XP isotope ratio mass spectrometer (all Thermo Finnigan, Bremen, 

Germany). The δ13C values were normalized to the Vienna Pee Dee Belemnite (VPDB) scale, 

with a reference 13C/12C isotope ratio (13R) of 13R = 0.0111802 (Isodat 2.0, Thermofisher), using 

international reference materials USGS40 (reference δ13CVPDB = -26.39 ‰) and USGS41a 

(reference δ13CVPDB = +36.55 ‰) (both L-glutamic acid obtained from Reston Stable Isotope 

Laboratory, Virginia, USA). Both reference materials plus a quality control were included with 

every batch of 15 samples. Long term precisions for the quality control standard (milled topsoil 

Counteswells series) was δ13C = -27.79 ±0.20 (mean±sd, n = 200). Any two consecutive quality 

control values out with two standard deviations or a single value out with three standard 

deviations triggered repeat analysis. Data processing was performed using Isodat 2.0 (Thermo 

Fisher Scientific, Bremen, Germany) and exported into MS EXCEL. 

4.2.4.2. Stable 13C isotope analysis of gas samples 
Exetainers for gas sampling were evacuated to near vacuum and then flush-filled with gaseous 

N2 on Gas-bench II (Thermo Finnigan). The respiration head-space sample was injected via gas-

sampling syringe through rubber septa into exetainers and were analysed within 2 days. The 

C isotope ratio of the CO2 present in the Exetainers was analysed using a Gas-bench II 

connected to a DeltaPlus Advantage isotope ratio mass spectrometer (both Thermo Finnigan, 
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Bremen, Germany). Through use of the Valco valve and a sample loop within the gas bench 

and the instrument Isodat NT software version 2.0, each Exetainer was sampled eight times 

of which the last four values were averaged to give a single sample value. Carbon dioxide 

produced from the addition of 2M HCl to international reference materials NBS 19 (TS 

Limestone, reference δ13CVPDB = +1.95 ‰, IAEA, Vienna, Austria) and USGS44 (High purity 

CaCO3, reference δ13CVPDB = -42.1 ‰, Reston Stable Isotope Laboratory, Virginia, USA) were 

used to normalize raw data to the VPDB scale. Repeated analysis of a quality control standard 

gas indicated that the precision of the gas bench for analysing δ13C of CO2 at a concentration 

of 450 ppm in exetainers was -35.03 ±0.24 ‰ (mean±sd, n=65).  

4.2.5. Extractable nitrate and ammonium 
For determination of extractable nitrate (NO3) and ammonium (NH4), 1 M KCl extractions were 

performed. Extracts were analysed for inorganic N content (for details see supporting material 

4.7.2). Results were calculated as NO3-N or NH4-N in mg L-1. Nitrate concentration was 

calculated from the subtraction of nitrite concentration from total oxidizable inorganic N 

concentration, whereby nitrite was found to be below detection limit. Values were corrected 

for matrix blanks before being converted to concentration of NO3 and NH4 by conversion with 

the respective mol masses of the molecules. The concentration was multiplied by the extract 

volume of 50 mL and divided by the DW soil amount extracted from to give results in mg kg-1 

DW soil. 

4.2.6. Soil microbial biomass C 
Soil microbial biomass C was estimated by the fumigation and extraction method by Vance et 

al. (1987). Chloroform atmosphere fumigation of soil for 24 h to lyse cells, followed by 

extraction with 0.5 M K2SO4 was carried out and analysed for TOC content (for details see 

supporting material 4.7.2). Due to e.g. extraction efficiency and other factors influencing the 

yield of extracted TOC, the value is increased by an extraction factor at kεC=0.45 to reflect TOC 

extraction efficiency for a range of soils (Vance et al., 1987; Joergensen, 1996). The corrected 

fumigation flush value (EC) was multiplied by the extraction volume of 50 mL and divided by 

g DW soil to yield soil microbial biomass carbon (SMB-C, µg C g-1 DW soil). 

4.2.7. Molecular methods 

4.2.7.1. Total DNA and RNA co-extraction 
Total DNA and RNA was co-extracted after the method of Griffiths et al. (2000) with 

modifications after Freitag and Prosser (2009) (For details, see supporting material 4.7.3). A 

further modification was that phenol (Sigma Aldrich P4557) at pH 6.7 ±0.2 (mean±sd) without 

addition of supplied equilibration buffer was used for extractions to achieve relatively higher 

yield of RNA over DNA (Dr. T. Freitag, unpublished results, The James Hutton Institute). 

Extractions were carried out in technical triplicate per biological replicate to smoothen 

microscale heterogeneity in soil. Two extraction blanks at the beginning and the end of 

extractions to control for reagent contamination were also carried out. Per technical replicate, 

nucleic acids were resuspended in 30 µL and the technical triplicates were merged in aliquots 
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for DNA and RNA downstream processing. Each extract was checked on 1.5 % (w/v) in TBE 

agarose gel for presence of large DNA and ribosomal RNA bands, and on a Nanodrop ND-1000 

(NanoDrop Technologies) for 260/280 ratio and 260/230 ratio. Extraction units that did not 

meet quality standards were repeated. To reduce interference from extraction contaminants 

for later PCR, bulked extracts for DNA work (RNA described in section 4.2.7.2) were diluted 

with nuclease-free water (48 to 219-times) to 2 ng µL-1 nucleic acid concentration, based on 

DNA concentration measured with Qubit dsDNA BR assay (Life technologies, Thermo Fisher 

Scientific).  

4.2.7.2. Reverse transcription (cDNA generation) 
Reverse transcription from DNA and RNA co-extracts was carried out as described in Freitag 

and Prosser (2009) (for details see supporting material 4.7.3). All work was carried out under 

laminar flow hood (except addition of reverse transcriptase) and materials and reagent 

solutions, where appropriate, were irradiated with two doses of 202,000 µJ cm-2 at 254 nm 

(UVP, CL-1000 cross linker) to cross-link contaminant nucleic acids. Controls consisted of: 1) 

Soil extraction reagent blank controls (“PyCx”), 2) reverse transcription reagent blank controls 

(“C1-x”), and 3) pooling of aliquots from extract replicates from combinations of two soils and 

high/low DNA extract yield (4 combinations) for genomic DNA (gDNA) removal control (“C2-

x”). Briefly, the reverse transcription steps consisted of the three main steps of 1) DNA 

digestion with TURBO DNAse kit (AM 2238, Life technologies) according to manufacturer 

instructions, 2) RNeasy MinElute (74204, Qiagen) digestate clean-up according to 

manufacturer instructions, and 3) reverse transcription with Superscript III reverse 

transcriptase, (18080, Invitrogen, Thermo Fisher Scientific) (for details see supporting material 

4.7.3). The degree of removal of genomic DNA (gDNA) was assessed on “C2-x” units by 

quantification with Qubit dsDNA BR assay (Life technologies, Thermo Fisher Scientific) and the 

degree of RNA post clean-up was measured with Qubit RNA HS assay (Q32852, Invitrogen, 

Thermo Fisher Scientific) (Figure S-4.7.3-1). The degree of gDNA removal was also checked 

with quantitative PCR (qPCR) (Table S-4.7.3-1). Prior to amplicon sequencing for library 

preparation, cDNA concentration was normalised to the minimum 16S V3 rRNA transcript 

copy numbers as determined via qPCR. This approach pertains specifically to the 16S rRNA 

target and is thereby advantageous when compared to alternative cDNA normalisation 

approaches, which quantify either total RNA (pre reverse transcription) or total cDNA. 

4.2.7.3. Quantitative PCR (qPCR) 
Quantitative PCR (qPCR) targeted the ca. 193 bp stretch of the variable 16S V3 region on the 

16S rRNA small sub-unit (SSU), as this is of optimal length for quantitative relative light units 

(RLU) analysis. Primers 341f and 534r (Muyzer et al., 1993) were used to target this region. 

This primer pair covers 89.9 % of bacterial and 0 % of archaeal taxonomies to the Living Tree 

Project database, as checked with ARB-Silva database primer checker (Klindworth et al., 2013), 

using ribosomal small subunit (SSU r138, June 2020). The 16S gene on genomic DNA (gDNA), 

hereafter 16S rDNA, or on reverse transcribed copies of total RNA (cDNA), hereafter 16S rRNA, 

were used as targets. The qPCR reactions were carried out with previously optimised reaction 

cycle conditions (Dr. H. Lin and L. Robinson, personal communication, April 3, 2019) and 

reactions were based on a hot start qPCR mix containing SYBR (SsoAdvanced Universal SYBR 
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Green Supermix (2x), 1725270, Bio Rad). Optimal annealing temperature, primer 

concentration, and sample range were double checked for own samples (not shown). Briefly, 

qPCR reactions were carried out in 10 µL reaction volume in technical duplicate, with 2 µL 

sample volume (DNA see section 4.2.7.1, RNA see section 4.2.7.2), 5 µL hot start qPCR mix, 

0.3 µL of each primer at 10 µM, and the rest of the volume made with molecular grade water 

(Sigma Aldrich, W4502). Hot start activation and initial denaturation of nucleic acids were 

done at 98 °C for gDNA or 95 °C for cDNA for 2 min. Thereafter, 40 cycles consisted of 

denaturation for 10 s, followed by annealing at 65 °C for 30 s, and extension at 72 °C for 30 s 

with reading in a Bio Rad, C1000 Touch Thermal Cycler with CFX96 real-time system. Specificity 

of amplification products was assessed by melt curve analysis from 60 to 95 °C in 1°C intervals 

(Figure S-4.7.3-2). Reaction efficiencies were at least between 95.2 % and <100 %, coefficient 

of determination for standards (R2) at least 98.3 %. The 16S rRNA gene standard was prepared 

from DNA extracts from pure culture of Pseudomonas aeruginosa, amplified with primers 63f 

(Marchesi et al., 1998) and 1492r (Stackebrandt et al., 1993) (The James Hutton Institute). The 

standard was diluted to contain 1x109 gene copies per 3 µL (1/3 x109 copies µL-1). Aliquots to 

serve as stock were prepared and stored at -20 °C. A dilution series of the stock, covering 

seven orders of magnitude, was prepared fresh on day of use for the standard curve. Inhibition 

of qPCR was tested by dilution series of representative samples in the relevant dilution range 

and assessing dilution corrected copies over log dilution (Figure S-4.7.3-3). Quantities of 16S 

V3 rDNA or rRNA were expressed as copies per dry weight soil (copies g-1 DW) or related to 

amount of nucleic acid, total DNA, or total RNA, respectively, per g DW (copies ug-1, g-1 DW). 

4.2.7.4. 16S rRNA amplicon sequencing 
Next generation sequencing of 16S amplicons spanning the 16S V4 region with modified 

primers 515f (Parada et al., 2016) and 806r (Apprill et al., 2015) were used, adhering to the 

Earth Microbiome Project’s 16S Illumina Amplicon protocol (Earth Microbiome Project, 2019) 

and originally designed in Caporaso et al. (2011) for providing “optimal community clustering”. 

This primer set covers 94.1 % of bacterial and 85.9 % of archaeal entries to the Living Tree 

Project database, as checked with ARB-Silva database primer checker (Klindworth et al., 2013), 

using ribosomal small subunit (SSU r138; accessed June 2020). Sample specific amplification 

cycles to achieve high yield of 16S rDNA and 16S rRNA amplicons at the end of the log-linear 

PCR amplification phase and to cut-off unnecessary further amplification cycles, which have 

been shown to amplify contaminant signal in non-template controls, were determined and 

used for amplicon production (Figure S-4.7.3-4). The preparation of 16S rDNA and 16S rRNA 

for 16S amplicon sequencing followed the “16S Metagenomic Sequencing Library 

Preparation” guide by Illumina (2013) with modifications (Supporting material 4.7.3). 16S 

rDNA and 16S rRNA libraries were prepared and sequenced separately with each run on 

Illumina MiSeq (2x300 bp paired-end, reagent kit v3, 600 cycles, MS-102-3003, Illumina). The 

16S rDNA library sequencing run achieved 83.15 % of total reads with a score >Q30 and a total 

of 17,156,852 pass-filter reads (PF). The 16S rRNA library sequencing run achieved 84.98 % of 

total reads with a score >Q30 and a total of 18,045,058 pass-filter reads (PF). 

Total read files were decomplexed into samples and split into forward and reverse reads, and 

adapters and primers were removed with python. Mothur v.1.44.1 standard pipeline was used 
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for further processing (Schloss et al., 2009). Contigs were created by aligning the reverse 

complements of reverse reads to forwards and read length was chosen to be between 292 

and 310 bp (maxlength=310, minlength=292), with a maximum ambiguity of 0 bp and 

maximum homopolymers of 6 bp. Additional noise removal of unique sequences was done 

with mothur trim.seqs (qwindowaverage=30, qwindowsize=50). Chimeras and eukaryotic 

sequences were removed. Sequences from 16S rDNA and 16S rRNA runs were joined for each 

soil and re-aligned before clustering of sequences as operational taxonomic units (OTUs). 

Sequence variants were clustered as OTUs at ≥97 % similarity based on the de-novo OTU 

generation concept. The taxonomy assignment of the OTU-wise consensus sequence was 

done against Silva database (Quast et al., 2012). Blank controls from soil extraction, reverse 

transcription, PCR, and library preparation indicated only few counts (<100) and OTUs 

identified in those were not removed from samples. Rare OTUs were removed when occurring 

as singletons or doubletons, as this led to flattening of rarefaction curves over all samples (not 

shown) and to guard against sequencing error. On average, the 16S rDNA and 16S rRNA total 

reads per sample were for Grange soil 132,814 ±11,678 (mean±sd) reads and for Moorepark 

131,322 ±11,244 (mean±sd) reads. From this, OTU-count tables, OTU-taxonomy tables, and 

OTU-sequence tables were generated and used further for statistical analysis. 

4.2.8. Statistical methods 
Plotting and statistical analysis were generally conducted in R version 3.6.1 (Team R, 2019), 

with some calculations, tables, plots, and colouring done in MS EXCEL and some annotation 

of graphs for clarity done in MS PowerPoint. 

Variation in results of biological replicates were calculated as standard deviations (sd) and 

shown as mean±sd. Total primed SOM C mineralisation rate was not subtracted from the 

mean basal C mineralisation rate of controls. While the linear two source partitioning model 

to derive glucose and SOM derived fluxes contains a subtraction of biological replicate values 

of the δ13C signature from the average δ13C signature of controls (Figure S-4.7.1-1), the 

difference in isotopic sources is considered here to be large and variations are reported as 

standard deviations of biological replicates (denoted mixture variability) - for natural signature 

differences the source variability should be considered (Phillips and Gregg, 2001). Variability 

of cumulated fluxes were calculated as the standard deviation of biological replicates.  

Parametric ANOVA test or non-parametric Kruskal-Wallis test were performed in R to test for 

treatment effects. Data were checked for normality and where appropriate were transformed 

with square root or natural logarithmic transformation and ANOVA employed. If data were 

not normal Kruskal-Wallis test was employed. Soil and (Glucose) treatment effects on 

response were tested with interaction for ANOVA, when indicated, or separately for non-

parametric Kruskal-Wallis test. When indicated, days were considered in ANOVA as block 

factor. ANOVA models were checked with R diagnostic plots, if conditions were met that the 

variance of the residuals was the same for every treatment, and that the residuals were 

normally distributed. Treatment model factors were accepted at the 5 % significance level 

(p<0.05). Significant differences between extraction buffer groups were assessed with Tukey 

HSD or pair-wise Wilcoxon rank sum test and adjusted p-values for multiple comparisons with 
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Benjamini & Hochberg method (“BH”) in R. Pairwise differences were regarded as significant 

at the 5 % significance level and indicated by different letters. 

For microbial community statistics, OTU-count, OTU-taxonomy, and sample-info matrices 

were loaded into the R environment. Alpha diversity metrices were calculated with phyloseq 

(McMurdie and Holmes, 2013) and rarefaction curves were generated with rarecurve() 

function in vegan package (Oksanen et al., 2007). Alpha diversity metrices of richness were 1) 

actual/observed richness as unique OTUs per sample, 2) Chao richness estimate and 3) 

abundance-based coverage estimator (ACE). The latter two indices estimate the true richness 

of the samples from rare OTUs (singletons and doubletons here counts per sample). Alpha 

diversity analyses of evenness were done on rarefied counts, as these calculations would be 

susceptible to different read depths per sample (Kim et al., 2017). Counts were rarefied to 

equal sequencing depth of the minimum count sample with rrarefy() function in vegan. 

Metrices of evenness were calculated in phyloseq giving the following: 1) Shannon diversity, 

2) Simpson diversity, 3) Inverse Simpson diversity, and 4) Fisher diversity indices. Relative 

abundances on phylum and genera level were generated with phyloseq package on rarefied 

and totalised counts and shown as stacked barplots. Summary statistics were calculated in R 

with dplyr package (Wickham et al., 2019) and annotated onto barplots. For cluster analysis 

of community (dis-)similarity, hierarchical clustering was carried out with DESeq2 rlog 

stabilised counts (Love et al., 2014). The OTU-counts were neither rarefied nor totalised (%) 

to preserve statistical power (McMurdie and Holmes, 2014; Lee, 2019). The rlog 

transformation stabilises counts by transforming the count data to the log2 scale in a way, 

which minimizes differences between samples for rows with small counts, and which 

normalizes with respect to library size (Love et al., 2014). The advantageousness, in that the 

dependency of the variance on the mean count was reduced, was checked in mean-standard 

deviation plots (not shown) from the vsn package (Huber et al., 2002) and with DESeq-type 

scatter plots (Figure S-4.7.4-1, Figure S-4.7.4-2). The rlog transformed count matrix was taken 

as input to the Pvclust package (Suzuki and Shimodaira, 2006), where Euclidian distances 

matrices and clustering with the agglomerative unweighted pair group method with 

arithmetic mean (UPGMA/average) method were done. Clustering and dendrogram with 

bootstrap p-values were calculated based on 10,000 simulation runs to address uncertainty of 

results caused by sampling error of data. Bootstrap samples were generated by randomly 

sampling elements of the data, and repeatedly applying the cluster analysis. The bootstrap 

probability (BP) is the frequency that the cluster appeared in the simulation runs. Also 

selective inference p-value after Terada and Shimodaira (2017), which are appropriate for 

cluster determination and approximately unbiased p-values (AU) after Shimodaira (2002), 

which are appropriate for pre-determined cluster analysis, were calculated and displayed in 

dendrograms. 

Treatment effects on differential abundance of OTUs were tested with DESeq2 package (Love, 

et al., 2014) for R. Among several differential gene expression statistical tools, DESeq2 has 

been found to be recommendable for RNA expression analysis (Schurch et al., 2016), 

metagenomic analysis (Jonsson et al., 2016), and was used for soil microbial community 

treatment effect testing (Rime et al., 2016). The OTU-sample counts matrix was used as main 

input to DESeq2. Treatments effects were considered in the model as factorial combinations 



Chapter 4: Identification of bacterial populations 

131 
 

of two assays (16S rDNA and 16S rRNA) and three experimental treatment conditions. The 

experimental treatment conditions were basal incubation (difference between zero harvest 

of controls (“H0”) vs. final harvest of control units (“H1”)) and of the glucose treatment as 

glucose addition treatments (“12C”) vs. “Control H1” units. For differential abundance 

analysis, DESeq2 models with size factor stabilisation by “poscounts”, which is more suitable 

for metagenomic data by dealing with OTUs with many zero counts (Love et al., 2014), and 

dispersion factor stabilisation by “local” settings, were taken after comparing other settings 

(Figure S-4.7.4-3, Figure S-4.7.4-4). Replacement of sample outliers out of 4 replicates as 

judged by Cook’s distance were done automatically in DESeq2 (Figure S-4.7.4-5). Treatment 

contrasts without shrinkage and with “ashr” shrinkage (Stephens, 2017) were run in DESeq2 

and the dispersion pattern, especially of low counts, compared in DESeq2 MA plots. Fold-

changes and effects are reported only for “ashr” type shrinkage for the following reasons. The 

“ashr” shrinkage and test accounts for effect sizes, tests for correctness of sign (probability 

that positive or negative sign is correct, false sign probability) and allows more confident effect 

size ordering. Instead of a false discovery rate (FDR) p-value and testing against the difference 

from a null-hypothesis value, it estimates the rate of false signs (s-value) among genes being 

greater/lower than a threshold. A false sign probability (s-value) of 5 % was taken here to 

accept OTUs with equal or smaller s-value. The test assumes a unimodal distribution around 

0, which is suitable for the case here, where this corresponds to testing a significant log2-ratio 

larger/smaller than 0 (viz. de-logged 16S rRNA:rDNA ratio above or below 1 or corresponds to 

significant increase/decrease of 16S rDNA or 16S rRNA over reference base value). For 

calculation of 16S rRNA:rDNA ratios, DESeq2 results were contrasted between rRNA 

(numerator) over rDNA (denominator). Following thresholds suggested in Blagodatskaya and 

Kuzyakov (2013), “Active” OTUs were defined as those with significantly higher 16S 

rRNA:rDNA ratio above 1 (=log2>0; positive sign) and having at least a ratio of 1.5, “Potentially 

active” as those with a ratio between 0.5 and 1.5 (those with insignificant s-value and those 

with significant s-values with de-logged ratio between 0.5 and 1.5), and “Dormant” as those 

with significantly lower 16S rRNA:rDNA ratios below 1 (=log2<0; negative sign) and a ratio 

smaller or equal to 0.5. “Continuously active” OTUs were defined as those “Active” in all 

treatment conditions (“Control H0”, “Control H1”, “12C”). Results of OTU-wise ratios or 

significant log-fold changes and average count sizes of OTUs on 16S rDNA or 16S rRNA level 

were exported as .csv file and plotted with Krona plots (Ondov et al., 2011). In those Krona 

plots, “Continuously active” OTUs were marked. 

For heatmaps of relative abundance increases of 16S rDNA and/or 16S rRNA, the pheatmap 

package (Kolde and Kolde, 2015) was used. As input to the heatmap, DESeq2 rlog stabilised 

16S rDNA and 16S rRNA counts were used, to correct for size and dispersion effects (“local” 

setting), where values were subtracted from OTU-wise mean of rlog transformed values (Love 

et al., 2014) to yield strength of relative abundance changes, similar to log-fold changes: 

log(𝑎) − log(𝑏) = log (
𝑎

𝑏
)       (1) 

Only those OTUs with previously in DESeq2 test determined significant relative abundance 

changes (s-value ≤0.05) on 16S rDNA and/or 16S rRNA level with labile C addition (“12C”) 

versus “Control H1” were considered for heatmaps. Pheatmap also rearranges the rows and 
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columns based on similarity of the strength of relative abundance changes based on UPGMA 

rule and adds dendrograms. A cut-off for clusters of OTUs was chosen manually to yield 

representative clusters and is indicated by a red dashed vertical line and black arrows pointing 

to the node of the clusters. The list of “Continuously active” OTUs was intersected with the 

list of OTUs with significant changes of 16S rDNA and/or 16S rRNA level and those OTUs were 

marked on the heatmap. 

For select OTUs from both soils, which were separately assigned the same Genus, the OTUs’ 

16S rRNA V4 region sequences were submitted to ARB-Silva SINA Aligner tool (Pruesse et al., 

2012; accessed June 2020) to compare for similarity and against GTDB, RDP, LTP, 

EMBL/EBI/ENA databases at 97 % similarity threshold, and to NCBI BLAST (Johnson et al., 

2008; accessed June 2020) for nucleotide similarity search with non-redundant database. 

4.3. Results 

4.3.1. Soil C and N mineralised fluxes 
The basal respiration rate of Moorepark soil was on average 2-times higher than in Grange soil 

over the course of the experiment (p<0.05, Figure S-4.7.5-1). The initial basal respiration rate 

normalised to the soil’s respective initial soil microbial biomass C content (SMB-C), showed 

that this specific rate was ca. 1.2-times higher in Moorepark than in Grange soil and remained 

higher throughout the experiment (Figure 4.3.1-1). 

With labile C addition treatments (“13C”), the total SOM derived mineralisation flux 

(basal+primed) was in the first 4 days ca. 2.4-times higher in Moorepark than in Grange soil 

(Figure S-4.7.5-1). Thereafter, in Grange soil, the total SOM derived mineralisation flux 

increased strongly in contrast to the flux in Moorepark soil (same figure). The biomass specific 

total SOM mineralised flux on the day before destructive harvest (H1) was not significantly 

different between the two soils (p<0.05, Figure 4.3.1-1). However, the average specific total 

SOM flux was in Grange soil slightly higher by ca. 1.1-times than the flux in Moorepark soil 

(same figure).  
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Figure 4.3.1-1: Biomass specific respiration rates for basal controls at the start (H0) and end of experiment (H1) or SOM derived 
mineralisation flux of glucose addition units “13C” at H1. Respiration rates were normalised to biomass C. Respiration rates 
the day before destructive harvest were taken for H1 specific rates. Data were normally distributed (Shapiro-Wilk, p=16.56 %) 
and two-way ANOVA with interaction terms between soil and treatment were tested. Treatment was a significant factor 
(F2,16=183.47, p<0.0001) as well as soil (F1,16=15.72, p<0.002). The interaction was also highly significant factor (F2,16=22.81, 
p<0.0001). Significance of pairwise differences are indicated by different letters. N= 4 biological replicates, except Grange soil 
Control H0 where two values were not available (#). 

The ratio of SOM mineralisation rate over glucose mineralisation rate, was significantly higher 

for Grange soil on the first day and for Moorepark soil on the first and second day when 

compared to the following days (p<0.05, Figure 4.3.1-2). For Moorepark soil, the ratio fell to a 

stable low level, indicating the major proportion of respiration flux to be derived from glucose. 

It remained at this level for the remainder of the experiment, as the ratio was not found to be 

significantly different on days 3, 5 and 7 (p>0.05, same figure), while intermittent days 4 and 

6 were significantly lower (p<0.05, same figure). Grange soil exhibited a biphasic development 

of the flux ratio (same figure). Days 2, 3, and 4 exhibited the significantly lowest ratios of the 

timeseries (p<0.05, same figure), while for the remainder of the experiment on days 5, 6, and 

7 a significantly higher level of the ratio of SOM over glucose mineralisation over the previous 

level was indicated (p<0.05, same figure). 
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Figure 4.3.1-2: Ratio of SOM to glucose mineralisation rate. Black lines connect means of day. Effect of day on ratio 
tested for soils separately. Data were not normally distributed and Kruskal-Wallis test was used. Day was a 
significant factor as indicated in graph. Significance of pairwise differences assessed with pairwise Wilcoxon rank-
sum test at p<0.05 level. Capital letters for Grange soil, minor letters for Moorepark soil. N= 4 biological replicates. 

Effects of time in basal incubation (“Control H0” vs “Control H1”) and of labile C additions 

(“12C” and “13C” vs. “Control H1”) were found to be significant factors on extractable nitrate 

(NO3) and ammonium (NH4) levels in Moorepark soil (p=0.006 and p<0.005, respectively, Figure 

4.3.1-3). There, labile C additions led to significant decreases of extractable nitrate and 

ammonium levels (p<0.05, same figure).  

In Grange soil, time in basal incubation and labile C treatment were found to have significant 

effects on extractable nitrate levels (p=0.004, same figure), but not on ammonium levels 

(p=0.148, same figure). 
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Figure 4.3.1-3: KCl-extractable ammonium (NH4) and nitrate (NO3) levels. Arrows and % net increase of average for basal 
conditions are shown. Moorpark soil ammonium and nitrate levels were assessed with non-parametric Kruskal-Wallis. 
Pairwise differences were assessed with Wilcoxon rank-sum test. Grange soil ammonium levels were normally distributed 
(Shapiro-Wilk, p=0.28) and were assessed with one-way ANOVA. Significance of effects on extractable nitrate for Grange soil 
were assessed with Kruskal-Wallis test. Pairwise differences in extractable nitrate were assessed for significance with pairwise 
Wilcoxon rank-sum tests. N=4 biological replicates per treatment combination. 

4.3.2. Microbial biomass C and 16S rRNA copies 
Initial soil microbial biomass C (SMB-C) was significantly different between the soils (p<0.05, 

Figure 4.3.2-1). Moorepark SMB-C was ca. 1.5-times larger than in Grange soil. With labile C 

addition the SMB-C significantly increased by ca. 21 % for Moorepark soil and by 24 % for 

Grange soil (p<0.05, same figure). In Grange soil, due to larger variance in “Control H0” value, 

only the SMB-C difference between “Control H1” and labile C addition units (“12C”) was 

significant (p<0.05, same figure). The SMB-C did not significantly change with basal incubation 

in either soil (p>0.05, same figure).  
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Figure 4.3.2-1: Soil microbial biomass C (SMB-C). N=4 biological replicates per treatment combination, 1 value for Grange 
“Control H0” not available. Data were normally distributed (Shapiro-Wilk, p=0.1197). Treatments effects were assessed with 
ANOVA with treatment and soil as interacting factors. Treatment was found to be a significant factor (F2,17=18.1, p<0.0001), 
and soil was also found to be a significant factor (F1,17=118.62, p<0.0001). The interaction was not found to be significant 
(p>0.05). 

The relationship of SMB-C over total DNA was significantly positively correlated in both soils 

over all treatment combinations (F1,21=37.2, p<0.0001, adjusted R2=62.2 %, Figure S-4.7.6-1). 

The treatments did not significantly affect the ratio between SMB-C to total DNA in either soil 

(p>0.05, Figure S-4.7.6-2). Soil was also not indicated to be a significant factor in explaining 

that ratio (F1,17=3.5, p=0.079, p>0.05, same figure). In both soils, the bacterial portion of DNA 

(16S rDNA copies g-1 DW) correlated more strongly with total DNA (µg g-1 DW, R2=92.5 %, 

F1,22=282.9, p<0.0001, Figure S-4.7.6-3) than with SMB-C. The effect of soils and treatments on 

the ratio of 16S rDNA copies to total DNA was found to be significantly different between soils 

(F1,18=48.48, p<0.0001, Figure S-4.7.6-4). However, within soil, treatments (i.e. labile C 

addition) were not found to result in significant differences in the ratio (F2,18=3.29, p=0.061, 

same figure). Moorepark soil exhibited a lower bacterial portion of the total DNA (same figure). 

Both soils indicated (on average) bacterial growth under labile C addition, as expressed as 16S 

rDNA copies g-1 DW, but this was not significant (p>0.05, Figure 4.3.2-2, panel A). When 

normalising 16S rDNA copies to total DNA (16S copies µg-1 DNA, Figure S-4.7.6-5) no significant 

treatment effects could be detected (p>0.05, same figure). The reverse transcribed bacterial 

16S rRNA copies g-1 soil increased with labile C addition only in Grange soil vs. the initial control 

(“Control H0”) but not to the end of experiment control (“Control H1”) (Figure 4.3.2-2, panel 

B). Moorepark soil exhibited ca. 12-times higher levels of 16S rRNA copies g-1 soil than Grange 

soil (same figure). Potential bacterial activity, as the ratio of 16S rRNA:rDNA copies µg-1 nucleic 

acid, was not significantly affected by labile C addition nor time in basal incubation in either 

soil (p>0.05, Figure 4.3.2-2, panel C). Soil was a significant factor in explaining potential 

bacterial activity (F1,18=8.492, p<0.01, same figure). Grange soil bacterial potential activity was 
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significantly higher than Moorepark’s (p<0.01, same figure). The higher relative bacterial 

proportion of potential activity was also indicated for Grange soil on the level of 16S rRNA 

normalised to total RNA content (Figure S-4.7.6-6), but not for 16S rDNA normalised to total 

DNA (Figure S-4.7.6-5). 

 

Figure 4.3.2-2: Bacterial 16S rDNA and 16S rRNA qPCR data. All n=4 biological replicates. Panel A: Copy numbers of 16S rRNA 
genes (rDNA) g-1 DW. Data after log transformation was normally distributed (Shapiro-Wilk, p=0.424). ANOVA indicated that 
treatment was not a significant factor (F2,18=1.489, p>0.05), while soil was a significant factor (F1,18=29.541, p<0.0001). 
Interactions between soil and treatment were not significant (p>0.05). Panel B: 16S rRNA copies (reverse transcribed as cDNA) 
expressed per g-1 DW soil. Log transformed data were normally distributed (Shapiro-Wilk, p=0.0505). Two-way ANOVA with 
treatments and soil as interactions indicated that soil was a significant factor (F1,18=150.62, p<0.0001), while treatment was 
not significant (p=0.095) and interactions was a significant factor (F2,18=4.72, p=0.0225). Panel C: Ratio of 16S rRNA: rDNA 
copy numbers. Copies were previously normalised to nucleic acids level (total RNA for 16S rRNA and total DNA for 16S rDNA). 
The ratio was indicated to be normally distributed (Shapiro-Wilk test, p=0.7406). 
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4.3.3. Prokaryotic community composition 
In both soils, the extent of OTU richness was similar. The observed OTU richness of all Grange 

samples together was 6452 OTUs, while the samples individually exhibited on average 4171 

±109 (mean±sd) OTUs. Moorepark soil OTU richness over all samples exhibited 6253 OTUs, 

while samples individually exhibited 4069 ±154 (mean±sd) OTUs. The core OTUs within each 

soil were 1781 OTUs and 1824 OTUs, for Grange and Moorepark soil, respectively. The soils 

shared 1146 OTUs of their core OTUs on the 16S rDNA level. The top 8 most abundant phyla, 

represented well over 90 % of all 16S rDNA and 16S rRNA sequences in both soils (Figure S-

4.7.7-2).  

 

Alpha diversity in terms of evenness, or dominance were estimated with three indices. The 

Shannon-Wiener, Inverse-Simpson and Simpson index showed that for both soils the 16S 

rDNA was significantly more diverse than the 16S rRNA level (p<0.0001, Figure 4.3.3-1). Labile 

C addition was not a significant factor for Grange soil 16S rDNA evenness indices (p>0.05, same 

figure), while on Moorepark soil 16 rDNA level evenness significantly decreased (p<0.05, same 

figure). On the 16S rRNA level significant increases of the evenness were indicated with labile 

C addition vs. “Control H1” in both soils (except Shannon-Wiener index in Grange soil, same 

figure). The Fisher log series alpha biodiversity parameter more loosely reflected the evenness 

indices in Grange soil (same figure). In Moorepark soil, Fisher log series alpha biodiversity 

parameter differed in that the 16S rRNA level was indicated to exhibit higher biodiversity than 

the 16S rDNA level. This stood in contrast to results calculated with the other three indices.  
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Figure 4.3.3-1: Alpha diversity estimates of evenness with Shannon, Simpson, and Inverse Simpson indices with mean±sd. 
Fisher log series alpha parameter as biodiversity parameter shown in last panel from left. Statistical analyses on differences 
between 16S rRNA gene (DNA) and 16S rRNA reverse transcript (RNA) and within treatment effects as indicated. Capital letters 
are for significant differences between 16S rDNA and minor letters are for significant differences between 16S rRNA level. 
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Community (dis-)similarity following time in basal incubation (“Control H1” vs. “Control H0”) 

and with labile C treatments (“12C” vs. Controls) were investigated with hierarchical clustering 

(Figure 4.3.3-2). Within each soil, the 16S rDNA and rRNA based communities were most 

dissimilar from each other. On either 16S rDNA or 16S rRNA level, the labile C additions led to 

significant dissimilarity in the community composition to the basal community composition. 

The duration of basal incubation led to significantly different communities in Moorepark soil 

(χ2 test, p<0.01, see Table S-4.7.7-1), while for the Grange soil there was no clear distinction 

of communities between timepoints of basal incubation supported by UPGMA clustering and 

bootstrap (Figure 4.3.3-2). 

 
Figure 4.3.3-2: Clustering dendrogram of 16S rRNA and rDNA rlog stabilised counts. Distances were calculated with Euclidian 
distances. Clustering with UPGMA rule. Clustering was bootstrapped with 10,000 runs and edge statistics as probability values 
shown for SI, AU, and BP. SI (blue colour) are selective inference probability, AU (red colour) are approximately Unbiased 
probabilities and BP (green colour) are Bootstrap probabilities as the % of times the edge is observed after n bootstrap runs. 
For Grange soil, edges for “12C” vs. Controls for edge 19 (RNA) and 22 (DNA) are significant at p<0.0001 (χ2-test). For 
Moorepark soil, edges for “12C” vs. Controls for edge 12 (RNA) and 22 (DNA) are significant at p<0.0001 (χ2-test). The 
difference between control communities at start (H0) and end (H1) is significant for Moorepark 16S rDNA level, see edge 18, 
posterior AU value is 96.79 % with a p= 0.00693. 

4.3.4. Prokaryotic OTU-based activity states and changes 
In each treatment combination and in both soils, the “Active” OTUs were in terms of richness 

and their relative proportion compared to “Potentially active” and “Dormant” OTUs in the 

minority (Table 4.3.4-1). The largest relative proportions (counts) were constituted by 



Chapter 4: Identification of bacterial populations 

141 
 

“dormant” prokaryotes, while the largest richness (no. of OTUs) was constituted by 

“potentially active” prokaryotes. Basal “active” OTUs decreased with time in basal incubation 

(“Control H1” vs. “Control H0”) in both soils. With labile C additions the number of active OTUs 

increased above the “Control H1”. However, with time in basal conditions, the bacteria (and 

archaea) in both soils did not significantly increase/decrease on 16S rDNA level. On 16S rRNA 

level, Grange soil exhibited only 1 OTU with significant increase, while in Moorepark soil, 127 

OTUs with a substantial relative abundance fraction significantly decreased and 7 OTUs 

significantly increased in relative abundance. 

Table 4.3.4-1: Potential activity state of OTUs derived from 16S rRNA:rDNA ratio and significant log-fold changes on 16S rDNA 
and 16S rRNA level tabled. For diagnostic MA plots of the results shown, see supporting material section 4.7.8. Average total 
counts are sequencing run depth as shown in methods section 4.2.7.4. Values are average of N=4 biological replicates. 
“Continuously active” are those OTUs with “Active” ratio in all treatment conditions. 

 
The “Continuously active” OTUs with taxonomic resolution at genus level and the values for 

the 16S rRNA:rDNA ratios are presented in the following Krona type plot (Figure 4.3.4-1). 

Apparent commonality exists between the soils for two dominantly abundant “Continuously 

active” populations. These are firstly within the phylum Firmicutes, an OTU from an unknown 

family from the order Bacillales (Bacillales_unclasssified) and an OTU from an unknown genus 

from the family Planococcaceae, order Bacillales (Planococcaeae_unclassified). By comparing 

the sequenced 253 bp long 16S V4 section of OTUs from the unknown Bacillales family 

(Bacillales_unclasssified ) from Grange and Moorepark soil, it was found that they were very 

similar with identity score of 100 and were placed in the genus Bacillus (ARB-Silva SINA 

Aligner). The OTUs from the Planococcaeae family were also very similar between soils, with 

an identity score of 100. The Moorepark soil’s sequence was more specifically placed within 

the genus Paenisporosarcina. 

number of OTUs Counts % number of OTUs Counts %

rRNA:rDNA ratio Active (≥1.5)

Control H0 603 25670 19% 811 18497 14%

Control H1 522 22298 17% 692 16046 12%

Labile C addition ("12C") 573 25651 19% 716 16066 12%

"Continuously active" 344 21169 (H1)/ 21000 (12C) 16% 501 14499 (H1)/ 13413 (12C) 11%

Potentially active (0.5<x<1.5)

Control H0 1442 51510 39% 1298 40018 30%

Control H1 1465 42507 32% 1217 34892 27%

Labile C condition ("12C") 1540 51116 38% 1270 34161 26%

Dormant (≤0.5)

Control H0 928 64634 49% 946 78788 60%

Control H1 973 67511 51% 1125 88090 67%

Labile C condition ("12C") 825 61128 46% 971 82498 63%

16S rDNA Basal up 0 0 0 0

Basal down 0 0 0 0

Labile C condition up

All 40 3485 (H1)/ 15120 (12C) 3%/ 11% 26 5596 (H1)/ 16825 (12C) 4%/ 13%

"Continuously active" 18 582 (H1)/ 1800 (12C) 0%/ 1% 14 1173 (H1)/ 1917 (12C) 1%/ 1%

Labile C condition down 7 1785 (H1)/ 1438 (12C) 1%/ 1% 27 15423 (H1)/ 12234 (12C) 12%/ 9%

16S rRNA Basal up 1 218 0% 7 256 (H0)/ 366 (H1) 0%/ 0%

Basal down 0 0 127 21855 (H0)/ 15780 (H1) 17%/ 12%

Labile C condition up

All 91 8824 (H1)/ 18771 (12C) 7%/ 14% 65 8091 (H1)/ 18473 (12C) 6%/ 14%

"Continuously active" 22 1392 (H1)/ 3957 (12C) 1%/ 3% 25 2771 (H1)/ 5527 (12C) 2%/ 4%

Labile C condition down 8 1006 (H1)/ 470 (12C) 1%/ 0% 15 44132 (H1)/ 35236 (12C) 34%/ 27%

Average sequencing depth 132814 131322

Grange Moorepark



 

 
Figure 4.3.4-1: “Continuously active” microbial community for Grange and Moorepark soil, as indicated by 16S rRNA:rDNA ratio ≥1.5 in all treatments (H0, H1, 12C). Size proportions are based on soil-specific 16S rDNA 
counts averaged over all treatments (H0, H1, 12C). Size proportions over the treatments varied for the OTUS on average (coefficient of variation, CV %) by CV=19.6 % and CV=24.7 % for Grange and Moorepark soil, 
respectively. 
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The 16S rRNA:rDNA ratio of the previously mentioned Bacilalles OTUs indicated that the most 

dominant OTUs from the Bacillales_unclasssified in each soil exhibited high ratios with >6 and 

>12.5, in Grange and Moorepark soil, respectively (Table 4.3.4-2). On average, the ratio slightly 

increased with time in basal conditions, while dropping with labile C additions. 

On the right hand side of Table 4.3.4-2, the 16S rRNA:rDNA ratios of ammonia oxidising 

archaea (AOA), -bacteria (AOB), and nitrite oxidising bacteria (NOB) are presented for 

representing the potential activity of parts of the soil N cycle (i.e. ammonia oxidation and 

nitrite oxidation). In both soils, sequenced AOA predominated in richness and relative 

abundance over AOB and NOB (nitrite oxidisers from the phylum Proteobacteria were missing 

in results of Grange soil or rare in Moorepark soil sequencing results). The ratios of the most 

abundant AOA OTUs were similar when comparing between soils, but the more diverse 

Moorepark AOAs indicated higher ratios for subsequent rarer OTUs. 
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Table 4.3.4-2: Potential activity levels for a dominant subset of the “Continuously active” populations by 16S rRNA:rDNA ratio. 
On the left hand side OTUs from the order Bacillales and their activity level for the three treatment conditions are shown (from 
left to right: “Control H0”, “Control H1”, labile C addition “12C”). On the right hand side the potential activity levels for the 
guild of ammonia oxidisers and nitrite oxidisers are shown. Standard deviations (SD) for ratios are posterior standard 
deviations calculated by DESeq2. n=4 replicates. 

 

In both soils with labile C addition, the greatest size proportion of significant 16S rDNA relative 

increases were indicated to be in the genus (Pseud)Arthrobacter (Figure 4.3.4-2 and Figure 

4.3.4-3). Also, its 16S rDNA fold-change, with ca. 16x increase (ca. 24-fold) in Grange soil and 

ca. 10x increase (ca. 23-fold) in Moorepark soil, was at the upper end of the distribution of all 

increasing OTUs. Comparing the 16S V4 sequences of the OTUs from both soils showed an 

identity score of 100 (ARB-Silva SINA Aligner) and they were placed with Silva database in the 
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Genus Pseudarthrobacter, while the RDP database placed it in the genus Arthrobacter. Both 

were placed in the family Micrococcaceae and an NCBI Blast search of the sequences showed 

that it exhibited 100 % identity with strains from the Arthrobacter oxidans group (now 

Pseudarthrobacter) and with sequences from Arthrobacter humicola and Arthrobacter oryzae, 

which are sensu stricto Arthrobacter (A. globiformis group). 

With labile C additions, other genera from the Actinobacteria also increased on 16S rDNA level 

in both soils, but at lower rates than (Pseud)Arthrobacter (same figures). Two OTUs placed in 

the Streptomycetaceae family in Grange represented the second most abundant significant 

relative 16S rDNA increasing group. These two OTUs increased ca. 6-fold to 5.3-fold (ca. 22.6- 

to 22.4-fold). In Moorepark soil, there were 5 OTUs in the Streptomycetaceae family, but none 

showed significant effects with the labile C treatment. Comparison of the sequenced 16S V4 

sequences of the 2 Grange OTUs and the top 2 Moorepark OTUs, indicated that they were 

very similar (ARB-Silva SINA Score ≥ 99.2). In Moorepark soil, another OTU from the 

Actinobacteria from the order of Frankiales with the genus Nakamurella represented the 

second largest significant increase on 16S rDNA level (Figure 4.3.4-3). It increased by a more 

modest 2.23-fold (ca. 21.2-fold) when compared to Grange 16S rDNA increase rates. Further 

notable effects were seen for both soils in other Actinobacteria for Coryneform, filamentous 

and propionic acid phyla, but were heterogenous in terms of increase/decrease (compare 

Figure 4.3.4-2 and Figure 4.3.4-3). 

With labile C addition further notable significant increases on 16S rDNA relative abundance 

level were found for both soils in the class Gammaproteobacteria within the genera 

Pseudomonas, Burkholderia (“Continuously active”), and Massilia. The OTU from the genus 

Pseudomonas in Grange soil, exhibited the highest significant relative 16S rDNA increase of all 

OTUs in Grange soil (Figure 4.3.4-2) with ca. 40-fold increase (ca. 25.3-fold). In Moorepark soil, 

the Pseudomonas OTU, while rated with an identity score of 100 to the Grange OTU, was much 

less abundant. Also Proteobacteria in the family of Rhizobiales, which were grouped as 

“Continuously active”, were showing significant increases on the 16S rDNA level in Grange and 

Moorepark soil, but were not as abundant in Moorepark soil (compare Figure 4.3.4-2 and 

Figure 4.3.4-3). 



 

 
Figure 4.3.4-2: Grange 16S rDNA with significant fold-change with labile C additions (“12C”). In total N= 47 OTUs significant change, 40 OTUs relative abundance up, 7 OTUs relative abundance down. Total counts are 
average of n=4 replicates. 



 

 
Figure 4.3.4-3: Moorepark 16S rDNA with significant fold-change with labile C additions (“12C”). In total N= 53 OTUs significant change, 26 OTUs relative abundance up, 27 OTUs relative abundance down. Total counts 
are average of n=4 replicates. 
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On the 16S rRNA level, for Grange soil, the labile C additions led to a broad increase in the 

relative proportions of the significantly changing populations when compared to the basal 

condition (“Control H1”) (Figure 4.3.4-4). Out of 99 significantly changing OTUs, 91 increased 

their proportion on the 16S rRNA level. The top 10 % increasing OTUs, changed on average by 

19.5-fold (23.8-fold) and were comprised of Actinobacteria ((Pseud)Arthrobacter and 

Streptomycetaceae), Proteobacteria (Pseudomonadales, Myxococcales, Cellvibrionales, 

Micropepsales, Burkholderiace, Rhizobiaceae), and Bacteroidetes (Sphingobacteriaceae). 

OTUs from the order Bacillales and Planococcales (phylum Firmicutes), which were relatively 

decreasing on 16S rRNA level here, were not the same OTUs which were previously described 

as “Continuously active” (Figure 4.3.4-1). 

With labile C additions in Moorepark soil, the populations with significant effects on 16S rRNA 

level did not strongly change their relative proportions and already represented a high relative 

proportion of the total community (Figure 4.3.4-5). Out of 80 significantly up or down 

changing OTUs, the 15 OTUs which decreased on average by 0.86-fold (2-0.22-fold) formed the 

relative majority with 99.9 % of those counts. The 65 OTUs, which were the relative count 

minority, increased on average by 2.2-fold (20.82-fold). The top 10 % of relatively increasing 

OTUs in Moorepark soil were able to increase their relative proportion on 16S rRNA level with 

on average 6.9-fold (22.6-fold) changes. These strongly increasing populations were 

(Pseud)Arthrobacter and Nakamurella from the phylum Actinobacteria, and further OTUs 

from the genera P3OB-42 (Myxococcaceae), Pseudomonas, Rhodoferax, and Cellvibrio from 

the phylum Proteobacteria, Paenibacillus (phylum Firmicutes), and Flavobacterium (phylum 

Bacteroidetes formerly known as Cytophaga group). 

In both soils, commonality in the relative increase on the 16S rRNA level as well as on 16S 

rDNA level was found in the phyla Actinobacteria (namely (Pseud)Arthrobacter, Streptomyces 

spp. or Nakamurella) and Gammaproteobacteria (namely Burkholderia, and for Grange soil 

Pseudomonas and Massilia) (compare Figure 4.3.4-4 with Figure 4.3.4-2 and Figure 4.3.4-5 

with Figure 4.3.4-3). Notably, stronger relative increases on 16S rRNA level were seen in both 

soils for the Genus P3OB-42, from the order of Myxococcales (same figures). In both soils these 

OTUs belonged to the grouping of “Continuously active”. By comparing their sequenced 16S 

V4 region, it was indicated the P3OB-42 from both soils were highly identical (ARB-Silva SINA 

score 100). 

 

 



 

 
Figure 4.3.4-4: Grange 16S rRNA with significant fold-change with labile C addition (“12C”). In total N= 99 OTUs significant change, 91 OTUs relative abundance up, 8 OTUs relative abundance down. Total counts are 
average of n=4 replicates.



 

 
Figure 4.3.4-5: Moorepark 16S rRNA with significant fold-change with glucose addition (12C). In total N= 80 OTUs significant change, 65 OTUs relative abundance up, 15 OTUs relative abundance down. Total counts are 
average of n=4 replicates. 
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Similarities of OTUs, in terms of strength of relative abundance changes on 16S rDNA and/or 

16S rRNA level over the treatments (“Control H0”, “Control H1”, “12C”) were the basis for 

clustering into groups of similarity. Based on a chosen threshold ca. 8 common groups in 

Grange were identified (Figure 4.3.4-6) and compared to equivalence in Moorepark soil 

clusters (Figure 4.3.4-7).  

Cluster “3” in Grange soil and the corresponding cluster “A” in Moorepark soil comprised 

OTUs, which significantly increased their 16S rDNA and rRNA relative abundances with labile 

C addition (Figure 4.3.4-6 and Figure 4.3.4-7). In both soils, the taxonomies included the 

Actinobacterium (Pseud)Arthrobacter. In Grange further members of that group were genera 

such as Streptomyces spp., Burkholderiaceae, Mucilaginibacter, Sphingobacteriaceae, and 

Duganella. In Moorepark soil, a Firmicute of the genus Paenibacillus, which was not very 

abundant in the community, was a further member of that cluster (Figure 4.3.4-5). Cluster “2” 

in Grange soil was similar to cluster “3”, but differed in that the strength of relative abundance 

increase due to labile C addition was the highest on the rRNA level (Figure 4.3.4-6). Members 

of cluster “2” in Grange soil were Proteobacteria of the genera Pseudomonas, Cellvibrio, and 

Burkholderia-Caballeronia-Parabulkholderia. The equivalent cluster in Moorepark would be 

the aforementioned cluster “A” and “D”. The latter cluster comprised only of an OTU from the 

genus Cellvibrio with rather heterogenous responses (Figure 4.3.4-7). In comparison of 

clusters with pronounced labile C effects on the strength of relative abundance changes 

between soils, it could be seen that Moorepark soil cluster “A” exhibited fewer OTUs than the 

cluster equivalents “2” and “3” in Grange soil, and that e.g. Streptomyces and Pseudomonas 

were not part thereof. In Moorepark soil, the cluster “C” comprised Actinobacteria such as 

e.g. Streptomyces, which were in Grange soil in cluster “3”. 

Clusters “5” and “8” in Grange soil, and clusters “F”, “G”, and “H” in Moorepark soil comprised 

most OTUs. Particularly, OTUs in clusters “5” and “H” were indicated to be “Continuously 

active” and exhibited strongest responses to labile C on the RNA level. 
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Figure 4.3.4-6: Grange soil heatmap of log-fold change of OTUs on 16S rDNA and/or 16S rRNA level. n=113 OTUs with 
significant changes on 16S rDNA and/or 16S rRNA level. Genus level or next lower taxonomic information for OTUs shown. 
Columns are biological units. Further details see method section 4.2.8. 
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Figure 4.3.4-7: Moorepark soil heatmap of log-fold change of OTUs on 16S rDNA and/or 16S rRNA level. N=107 OTUs with 
significant changes on 16S rDNA and/or 16S rRNA level. Genus level or next lower taxonomic information for OTUs shown. 
Columns are biological units. Further details see method section 4.2.8.   
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4.4. Discussion 

4.4.1. Basal mineralisation fluxes and basal-active, bacterial 

community 
The experiment sought to determine the soil-specific magnitudes of basal mineralisation fluxes 

and to assess if are there commonalities or differences in the identity and proportion of basal 

active, bacterial populations. The activity and composition of the bacterial communities in 

these unamended soils were then contrasted with those under primed conditions (see next 

section 4.4.2). 

 

Basal mineralisation fluxes 

It was hypothesised that, in basal conditions, SOM mineralisation rates would be proportional 

to biomass size, and both soils would exhibit a similar basal-active, K-selected bacterial 

community.  

In the experiment it was found that Moorepark soil exhibited a ca. 2-times higher basal 

respiration rate than Grange soil (Figure S-4.7.5-1, panel A and C). Likely reasons for this may 

have been the ca. 1.5-times larger soil microbial biomass (SMB-C), which was likely supported 

by the ca. 1.5-times higher organic matter (OM) content in Moorepark soil (Figure 4.3.2-1 and 

Table 3.2.1-1). It remains to be determined whether differences in the quality of SOM between 

soils may be responsible for explaining part of the biomass specific basal flux differences 

between soils (Figure 4.3.1-1). Although the soils exhibited δ13C signature differences (Table 

3.2.1-1), the δ13C isotopic signature of the C basal mineralised flux alone cannot provide 

information on the quality and age of SOM-C (Boström et al., 2007; Chen et al., 2005). 

However, the here observed basal mineralisation flux differences would be consistent with 

explanations of SOM quality differences between soils made in Murphy et al. (2015). Results 

in this experiment found that the average net basal N mineralisation rates in Grange soil were 

higher than in Moorepark soil (Grange ammonium net increase not statistically significant at 

p<0.05 but indicated by average increase, Figure 4.3.1-3), while the biomass specific 

mineralisation rate was significantly lower in Grange soil (Figure 4.3.1-1). That 

Grange/Moorepark soils exhibited a narrower/wider C:N basal net mineralisation fluxes here 

agrees with findings in Murphy et al. (2015) that Moorepark soil exhibited a wider C:N ratio of 

the gross basal mineralisation flux than Grange soil. There, it was hypothesised that this could 

be a function of lower SOM quality in Moorepark soil, due to the SOM moieties of Moorepark 

soil being more recalcitrant and/or more stabilised than in Grange soil.  

 

Despite the wider C:N ratio of the basal net mineralised flux in Moorepark soil, a larger 

standing microbial biomass (SMB-C) was supported there, likely as a consequence of its larger 

SOM content and increased abundance of mineral N-forms (Table 3.2.1-1, Figure 4.3.1-3). A 

further aspect that could explain the differing basal mineralised fluxes and biomass specific 

rates was hypothesised to arise from the mineralised flux being made up from contributions 

of microbial SOM degradation and of microbial respiration of abiotically supplied DOM 

(Brookes et al., 2017). Hypothetically, a higher OM content, and assuming OM desorption 
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behaviour, which was proportional to the level of OM (e.g. proportionality constant), could 

explain a greater DOM flux in Moorepark soils. This in turn would support a larger microbial 

biomass and magnitude of basal respiratory activity. This would be consistent with observed 

differences in the magnitude of respiration (Figure S-4.7.5-1), while differences in biomass 

specific basal respiration rates between soils (Figure 4.3.1-1) would, however, only be 

explained, if there is apart from the contribution of abiotic DOC supply, also variable 

contributions by the activity level of specific populations co-located with heterogenous SOM 

moieties (Brookes et al., 2017). 

Basal active, bacterial community 

It was hypothesised, that the basal active, bacterial populations would be similar in both soils. 

These basal active (bacterial) populations would represent a minor proportion in relation to 

the total dormant and potentially active bacterial community (Blagodatskaya and Kuzyakov, 

2013) and were reasoned to be due to energy limiting conditions to most free-living microbes 

(Fontaine et al., 2003; Hobbie and Hobbie, 2013; De Nobili et al., 2001). 

  

Larger proportions of the bacterial (and archaeal) community in Grange soil, were indicated 

to be “Active” than in Moorepark soil (Table 4.3.4-1). While in basal conditions the number of 

OTUs and relative abundance of prokaryotes in the “active” state dropped in both soils 

(between H0 and H1), and those in the “Dormant” category also increased in both soils, the 

relative abundance of basal “Active” and “Potentially active” prokaryotes remained higher in 

Grange soil throughout basal conditions with 58 % (“Control H0”) to 49 % (“Control H1”) 

compared to Moorepark soil with 44 % (“Control H0”) to 39 % (“Control H1”) (Table 4.3.4-1). 

Likewise, the relative abundance of “Continuously active” prokaryotic community members 

was larger in Grange soil than in Moorepark soil, with 16 % to 11 %, respectively. This would 

confirm the hypothesis that a relatively minor fraction of the prokaryotic community was 

“Continuously active” in basal conditions in both soils. All in all, the results for lower specific 

basal respiration flux in Grange soil can be reconciled with the higher proportion of “Active” 

and “Potentially active” prokaryotes in Grange soil, when the basal energy and nutrient supply 

was derived from higher quality SOM moieties, as hypothesized to be indicated by the lower 

C:N ratio of basal gross mineralisation fluxes in Murphy et al. (2015). Thereby in Grange soil, 

the smaller specific C basal mineralisation rate (Figure S-4.7.5-1), could result from an 

increased incorporation rate of C relative to organic C taken up (C use efficiency, CUE) and 

lower energy requirement needed to mine for SOM (Spohn et al., 2016). Also, as that flux was 

hypothesised to be of higher quality in Grange soil (Murphy et al., 2015), it would 

consequently be able to support a larger proportion of “Active” and “Potentially active” 

bacteria. Limiting nutrients were likely other nutrients than N, as according to the results on 

extractable inorganic N levels (Figure 4.3.1-3), there was a higher level of extractable N in 

Moorepark soil. It remains of question, if the higher specific basal C mineralisation rate in 

Moorepark soil (Figure 4.3.1-1), could indicate higher microbial investment in SOM 

decomposition or could be the result of the different microbial community structures and 

their differing physiological capabilities. 
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Differences between soils in the quality, heterogeneity, co-location, and stabilisation of SOM 

moieties, which represent different niches, could indeed lead to soil-specific proportions of 

the basal active community mediating the mineralised flux. Commonality between soils was 

found in that the two most abundant “Continuously active” bacterial genera were from the 

order Bacillales (phylum Firmicutes, Figure 4.3.4-1). In both soils, the most relatively abundant 

OTUs were from an unknown family from the Bacillales and the lesser relatively abundant OTU 

was placed in the Planococcaceae family. These two “Continuously active” OTUs, however, 

represented different proportions of the basal “Active” 16S rDNA community, with 53 % and 

24 % in Grange and Moorepark soil, respectively (Figure 4.3.4-1). This is consistent with the 

previous explanation, that SOM differences between soils, for example by quality differences 

of the basal SOM fluxes, were reflected in different proportions of these specific taxa. The 

putative nutritional preferences of these candidates would be consistent with that 

explanation, as explained in the following. 

Only recently have combined ribosomal and protein phylogeny approaches improved 

taxonomic groupings in the order Bacillales (De Maayer et al., 2019) and this allowed better 

ascribing nutritional preferences and life strategies to phylogenetic groupings within this 

order. De Maayer et al. (2019) reclassified and determined 10 distinct Bacillales families 

(clades). The description of these clades points to a heterogenous grouping, where historically, 

most members in this grouping were considered to be aerobic, spore forming bacteria, and 

comprise e.g. Bacillus subtilis. However, also thermophiles, acidophiles, alkalinophiles, 

halophiles and pathogens are members of that grouping (De Maayer et al., 2019). More 

generally, the Bacillales belong to the endospore-forming Firmicutes (Gram-positives), 

although Planococcaceae were not observed to form spores (Nakagawa et al., 1996). Despite 

that the here identified taxa have not been characterised in their biology as genera/species 

yet, they might represent basal active K-strategists. In Grange soil, the higher proportion of the 

Bacillales taxa compared to Moorepark soil, may also be explained by the higher quality of the 

SOM mineralised flux (discussed above). Indeed, Lin et al. (2019) found that pig manure 

additions led to strong increases also of Bacilli. Furthermore, most endospore forming 

Firmicutes (Gram-positive) produce hydrolytic enzymes to break down polymeric OM, such as 

polysaccharides (e.g. starch), nucleic acids, lipids, and proteins (Madigan et al., 2010). It would 

then be conceivable that a major part of the bacterial mediated basal respiration stems from 

these Bacilli, as these were indicated to be a major portion of the “Continuously active” 

prokaryotic community (Figure 4.3.4-1). Interestingly, if it is the case here that the reported 

Bacilli taxa were rather specialised on high quality or easy SOM moieties, this could signify that 

they are not (recalcitrant) SOM miners, albeit K-selected. Indeed, results revealed that these 

Bacilli taxa (Figure 4.3.4-1) were not stimulated by labile C addition in either soil and this would 

point to them not being energy limited (see next section on labile C stimulated populations). 

The possibility of an abiotic DOC supply constituting part of the basal respiration (Brookes et 

al., 2017) would also be reconcilable with the nutritional preferences of Bacilli, when they are 

not SOM miners. 

Although, fungi could explain further parts of the differences in basal mineralisation fluxes 

between soils, the “Active” bacterial community likely is responsible for part of that basal flux, 

e.g. through co-location with SOM moieties and through abiotic DOM supply. Also, bacteria 
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might have advantages over fungi in uptake and utilisation in situations of low substrate supply 

(Reischke et al., 2014, Schneckenberger et al., 2008), such as in basal conditions.  

 

Method limitations of 16S rRNA:rDNA ratios 

It has to be recognised that caution is required in the interpretation of the state of basal 

respiration “activity” and relative dominance of the Bacilli taxa, although it corresponds well 

with the observed mineralisation fluxes and taxa descriptions. It might be possible that the 

constant 16S rRNA:rDNA ratio above 1.5 of the identified Bacilli, actually signifies a dormant 

stage. Chambon et al. (1968) have found that Bacillus megaterium had similar ribosome and 

nucleic acid content in log-phase growth and in dormant spore cells. Lennon and Jones (2011) 

cited that the RNA:DNA ratio of Bacillus megaterium in both active and dormant stage was 

determined to be around 5. Results here indicated that 16S rRNA:rDNA ratios for the most 

abundant Bacilli were at least 6 in Moorepark soil and at least 12.5 in Grange soil (Table 

4.3.4-2). From an ecological perspective the resource investment into a responsive state, and 

this can be the spore stage, was hypothesised to be advantageous and is found widely (De 

Nobili et al., 2001; Lennon and Jones, 2011). Nonetheless, commonality between soils in the 

identity and dominance of some potentially “Continuously active” chemo-organo-

heterotrophic bacterial communities were found. A species-specific bias in the activity ratio 

would in principle not preclude measurement of putative changes to those ratios by treatment 

effects. Here, the results indicated that the potential activity ratios of the predominant 

Bacillales OTUs were measurably affected on a high level by basal incubation and labile C 

addition (Table 4.3.4-2, Figure 4.3.4-4, Figure 4.3.4-5). However, the standard deviations were 

mostly larger/similar to the changes. Thereby, it could not be confidently determined if these 

“basal active” OTU changed activity. 

4.4.2. Are bacterial r-strategists or K-strategists implicated 

with primed SOM flux? 
The experiment aimed to investigate, if under priming conditions there are differences in the 

SOM derived mineralised flux between soils, and if similar bacterial populations are implicated 

in that flux. Further it was of question, if the implicated bacterial populations are characterised 

by energy-limitation and r-strategies, or if these would be basal-active, K-selected groups 

(who are not typically energy limited). 

Primed mineralisation flux 

It was hypothesised that in priming conditions, the magnitude of the SOM mineralised flux 

would be proportional to biomass size in both soils, as the same proportions of the microbial 

biomass will be capable of mediating that flux.  

The experiment showed that the absolute size of the total SOM flux in priming conditions in 

the first 4 days was ca. 2.4-times higher in Moorepark soil than in Grange soil (Figure S-4.7.5-1). 

This could be due to the higher OM content and larger biomass in Moorepark soil. However, 

as the microbial biomass size (SMB-C) of Moorepark soil was only 1.5-times as large as in 



Chapter 4: Identification of bacterial populations 

158 
 

Grange soil, this would point to either different proportions of microbes mediating that SOM 

mineralised flux and/or “apparent” priming effects. 

To some extent, the larger microbial biomass pool in Moorepark soil can also provide for a 

higher potential than in Grange soil to measure “apparent” Priming Effects by microbial and/or 

metabolite pool substitution (Hobbie and Hobbie, 2013; Glanville et al., 2016; Blagodatsky et 

al., 2010). Considering a total C budget, the potential for apparent Priming Effects by microbial 

biomass turnover is limited in both soils, as the total primed C (Figure S-4.7.5-3) equalled the 

size of the initial soil microbial biomass C (Figure 4.3.2-1). For the increased soil-derived CO2 

efflux to have been entirely from apparent priming, would require the complete turnover of 

the microbial standing stock. Aside from the potential of microbial turnover by community 

change, the potential for apparent Priming Effects by cell internal metabolite pool substitution 

seemed to also have been limited. Results showed that on the first day of labile C addition, 

there was a spike in the inferred SOM mineralisation rate (Figure S-4.7.5-1), which dropped by 

the second day. Expressed as the ratio of SOM mineralisation to glucose mineralisation (Figure 

4.3.1-2), in both soils, the ratio dropped after the first day significantly. Thereafter it remained 

on similar levels for the Moorepark soil throughout the experiment, while the Grange soil 

exhibited a significant increase to a higher SOM-to-glucose mineralisation level by the fifth day. 

These results would correspond to the explanation given in Blagodatskaya and Kuzyakov 

(2008) for short lived apparent Priming Effects from “triggering” an accelerated metabolism. 

At later timepoints in the experiment, it does not seem likely that pool substitution, from cell 

internal metabolites, would skew the results of SOM derived mineralisation, considering the 

total amount of 13C label that has presumably entered the cells by that time. 

The total SOM mineralisation flux rate differences of Moorepark over Grange soil in primed 

conditions dropped from 2.1-times to 1.4-times by the end of the incubation, and the biomass 

specific flux was not significantly different between the two soils (Figure S-4.7.5-1).In Grange 

soil, the ratio of SOM-to-glucose mineralisation beginning at the fifth day also significantly 

increased to a higher stable level than in the preceding days. This would indicate a higher 

proportion of the C mineralised flux to be derived from SOM priming than in earlier phases 

(Figure 4.3.1-2). This contrasted with a generally lower, but constant ratio in Moorepark soil. 

However, the specific SOM mineralised flux at the end of incubation (H1) being similar in both 

soils pointed to the same proportions of microbes mediating that flux. The phase differences 

in the ratio of SOM-to-glucose mineralisation ratio over time, as observed in Grange soil (Figure 

4.3.1-2), would then point to temporal differences in the microbial community composition in 

Grange soil. While that ratio remained constant in Moorepark soil, this would suggest that the 

microbial community there did not change. A higher resolution of the community composition 

is needed to investigate this point and is discussed in the next section. 

Primed community: r-strategists vs. basal-active K-strategists 

Initially in both soils (Control H0), it was shown that the 16S rDNA level was significantly more 

diverse than the 16S rRNA level (Figure 4.3.3-1). The higher diversity on the DNA level would 

suggest that it also includes sequences from dormant, resting, and dead microbes, whereas 

the RNA level is rather reflective of the “active” fraction (Abram, 2015; Blazewicz et al., 2013). 

With glucose addition, the evenness on DNA level decreased significantly for Moorepark soil, 
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but not for Grange soil (same figure). For both soils, however, on the RNA level the glucose 

addition indicated significantly increased evenness for Simpson and inverse Simpson evenness 

indices (same figure). As a general trend, this would indicate that with glucose additions, some 

taxa were able to strongly proliferate (DNA level) or be activated (RNA level). These trends 

would agree with what is known as the “rhizosphere effect”, in that the rhizosphere microbial 

community compared against bulk soil is more abundant and consists of significantly different 

physiological and genetic make-up, trending towards more cultivable species (Nguyen, 2003; 

Dennis et al., 2010). Due to microbes generally regarded to be energy limited (Hobbie and 

Hobbie, 2013; de Nobili et al., 2001), the dynamics in the rhizosphere were argued to be 

strongly determined by competition for that C resource, although other plant-microbe 

mechanisms, such as signalling, could also shape rhizosphere microbial community 

composition (Nguyen, 2003; Dennis et al., 2010). 

 

It was argued in Blagodatskaya and Kuzyakov (2008) that the microbial populations, which 

grow in situations of labile C addition, would be likely candidates for those involved in primed 

SOM fluxes, due to the need to satisfy nutrient requirements from SOM mineralisation. In this 

experiment, results indicated that chemo-organo-heterotrophic bacteria increased their 

relative abundances (Figure 4.3.4-2, Figure 4.3.4-3) in primed conditions with labile C addition. 

Their reported nutrition indicated that they could be either capable of recalcitrant OM and/or 

polymeric OM (e.g. celllulose, proteins) degradation. These taxa would therefore be implicated 

in mediating SOM decomposition and the mineralised flux due to the assumption/condition 

that not all nutrients necessary for growth, after alleviating the energy limitation, would be 

readily available and thus require microbial decomposition of SOM (Blagodatskaya and 

Kuzyakov, 2008).  

Commonality in the bacterial community likely mediating part of the primed flux was found 

between soils with strong relative increases of (Pseud)Arthrobacter populations (phylum 

Actinobacteria). In both soils, this genus represented the most abundant fraction of the 

microbes with significant 16S rDNA increases in primed conditions (Figure 4.3.4-2 and Figure 

4.3.4-3). Arguably, strong relative abundance increases on 16S rDNA level of 

(Pseud)Arthrobacter would signify their growth, considering the near constant to slightly 

increasing bacterial 16S rDNA copy numbers (Figure 4.3.2-2). The Arthrobacter genus was 

described as autochthonous and oligotrophic, found in soil and extreme environments, and is 

resistant to starvation, temperature shifts, radiation, oxygen radicals, and chemical toxins 

(Madigan et al., 2010; Mongodin et al., 2006). Most are chemo-organo-heterotrophic, with the 

ability to use glucose as an energy and C source (Madigan et al., 2010). Furthermore, strains of 

this genus were reported to be able to decompose recalcitrant, organic compounds and 

environmental pollutants such as caffeine, phenols, glyphosate, methyl-tert-butyl-ether, 2,4-

dichlorophenoxyacetate (2,4-D), nicotine, 4-nitrophenol, dimethylsilanediol, 

endoxohexahydrophthalate (endothall), fluorene, phthalate, nitroglycerine, and a very large 

number of s-triazine herbicides (e.g. atrazine a ring structured N-rich carbohydrate) (Madigan 

et al., 2010; Mongodin et al., 2006; Xie et al., 2013). The sequencing of the genome of an 

Arthrobacter strain showed that it also contained genetic information for polymeric OM 

decomposition, and it was concluded that Arthrobacter was likely important for 

biodegradation of carbohydrates and humic substances in soil (Mongodin et al., 2006). 
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However, at the current taxonomic resolution employed in this experiment, the species, strain, 

or genetic potential cannot be determined. The 16S V4 sequence comparison against a range 

of databases showed that OTUs were similar to representatives from the genera Arthrobacter 

and Pseudarthrobacter (Busse, 2016). Overall, considering the reported recalcitrant SOM 

degradation capabilities of Arthrobacter and that in the results it occupied the major 

proportion of the bacterial community with significant 16S rDNA level increases under primed 

conditions, points to it mediating a major proportion of the bacterial primed SOM flux in both 

soils. 

Further Actinobacteria significantly increased on the 16S rDNA level, in primed conditions, in 

both soils (Figure 4.3.4-2 and Figure 4.3.4-3). Most notably was however the absence of such 

a response for the genus Streptomyces in Moorepark soil (same figures). While in both soils 

the Streptomycetaceae family OTUs showed high sequence similarity of the 16S V4 sequence, 

none of the 5 Moorepark soil OTUs showed significant effects with the labile C addition 

treatment, in contrast to the 2 OTUs of Grange soil. The 2 OTUs in Grange soil were the second 

most relatively abundant OTUs identified as increasing on 16S rDNA level in primed conditions 

(Figure 4.3.4-2). Streptomyces were likely candidates in SOM decomposition, as production of 

extracellular hydrolytic enzymes against starch, cellulose, hemicellulose, proteins, and fats was 

reported for these organisms. Some strains were also reported to utilise lignin, tannins, and 

other recalcitrant polymers (Madigan et al., 2010).  

Further candidates significantly increasing on 16S rDNA level in primed conditions and thereby 

likely mediating further parts of primed SOM mineralisation were indicated to be in the class 

Gammaproteobacteria (Figure 4.3.4-2, Figure 4.3.4-3, Figure 4.3.4-4, Figure 4.3.4-5). 

Pseudomonas exhibited significant increases on the 16S rRNA and 16S rDNA level in both soils 

(same figures). In Grange soil, Pseudomonas exhibited the highest relative 16S rDNA increase 

of all OTUs, while in Moorepark soil it was much less abundant. This genus was also likely 

involved in the utilisation of SOM. Pseudomonas and the pseudomonades are typically 

chemoorganotrophic and mostly obligate aerobes (Madigan et al., 2010). Despite them 

typically having simple nutritional requirements and typically lacking hydrolytic enzymes to 

break down polymers, many organisms can use up to hundreds of different low molecular 

weight organic compounds (LMWOs) of plants and animal origin, and some strains can break 

down xenobiotic compounds (Madigan et al., 2010), e.g. atrazine (Xie et al., 2013). Indeed, 

Pseudomonas exhibited the most reported biotransformation capacities/pathways in the 

Minnesota biotransformation/biodegradation database (UM-BBD) (Mongodin et al., 2006). All 

in all, in both soils there was evidence that specific bacteria, which strongly increased in primed 

conditions would be implicated in mediating primed SOM mineralisation. Despite not having 

analysed the fungal community, the strong correlation between total DNA and bacterial 

specific 16S copies over treatment combinations (Figure S-4.7.6-3 and Figure S-4.7.6-4) 

suggested that bacteria were a major factor in microbial growth. Different proportions of 

specific bacterial populations between soils (e.g. Streptomyces and Pseudomonas), may 

further partly explain primed SOM flux differences between soils (Figure 4.3.4-2, Figure 

4.3.4-3). 

It was also hypothesised here, that in both soils, the bacterial portion (partly) mediating the 

primed flux would be primarily energy-limited r-strategists, which would be stimulated by 
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labile C rather than being basal active, K-selected populations. The results have indicated that 

the populations, which were especially benefiting from labile C addition by increasing strongly 

on the 16S rDNA level, were mostly not “Active” in basal conditions (Figure 4.3.4-2 and Figure 

4.3.4-3). However, at present it cannot be concluded from the activity ratio alone that they 

may have been energy limited, because most of these candidates did not exhibit increased 

activity ratios above 1.5 in response to labile C addition (not shown), even when exhibiting 

significant increases at the 16S rDNA and/or 16S rRNA level. Aside from explanations from 

small cell size and increases in that ratio preceding dormancy (Denef et al. 2016; Lennon and 

Jones, 2011), a further possibility may be that a drop in the activity ratio may have occurred 

within 1 day from the last labile C addition to the final destructive harvest. Nonetheless, these 

candidate bacteria were characterised by strong increases on 16S rDNA level after labile C 

additions and would therefore fit to r-strategist characterisations. The findings and hypothesis 

would be in-line with previous theory and observations that microbes in soil are primarily 

energy limited (De Nobili et al., 2001; Hobbie and Hobbie, 2013; Paterson and Sim, 2013; 

Demoling et al., 2007). According to Pianka (1970), r-selected organisms are characterised by 

maximal intrinsic rate of natural increase, often living in variable or unpredictable climate and 

often under uncertainty [disturbance]. These r-selected organisms exhibit large variations in 

population size over time, while the population size is usually well below the carrying capacity 

of its environment. Further, these unsaturated communities or portions thereof, would rely on 

rapid recolonization of an “ecological vacuum” (Putman and Wratten, 1984). Correspondingly, 

Stenström et al. (2001) have attributed a minor portion of respiratory activity (usually 5 to 20 

%) in bare soil to r-selected organisms, but argue that these are able to immediately increase 

respiration and start growing upon addition of substrates. It was further argued that the 

exponential growth of r-strategists would be accompanied by increases in respiration. 

Although, Reischke et al. (2014) have found a temporal decoupling of respiration rate increase 

and bacterial growth rates by ca. 1 day, this would not contradict the findings here. The 

destructive harvests for the microbial biomass were made after 8 days of daily labile C 

additions and thereby this would be past the 1 day lag period. Therefore, the findings in this 

experiment would be consistent with previous argumentations and additionally implicate 

specific bacterial genera as r-strategists in primed SOM mineralisation.  

The previously suspected r- to K-strategic transitions and vice versa after labile C additions 

(Stenström et al., 2001) are consistent with higher taxonomic resolution results here. 

Stenström et al. (2001) concluded from experiments that with labile C addition, there were 

apparently inactive and non-stimulated K-types, native and fully active r-types, which respire 

SOM compounds before glucose is added, induced and fully active fractions of r-types, and 

native and starving r-types despite glucose addition. It was suspected by Stenström et al. 

(2001) that even copiotrophs were able to transition along the spectrum from r to K. In results 

here, the high resolution identification of OTUs provided clues to microbiological reports on 

cultured strains and therefore enabled objective consideration of their likely nutrition and 

biology, while the changes on 16S rDNA and 16S rRNA level provided evidence for the direction 

and strength of change of specific OTUs (Figure 4.3.4-6, Figure 4.3.4-7). The results here on the 

genera level differences in responses (OTUs) would agree with other reports on differential 

responses to the availability of C within clades (Rime et al., 2016) and the hypothesised C use 
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plasticity of clades in priming responses (Morrissey et al., 2017). These high resolution results 

together also indicate that a classification of clades as r and K strategists per se would be too 

broad in the context of specific ecosystem functions (Fierer et al., 2007) such as Priming Effects. 

Previous descriptions used to classify microbial strategies and niches with a view to rationalise 

or predict their contribution to fluxes, were e.g. autochthonous vs. zymogenous, oligotrophic 

vs. copiotrophic, competitor vs. stress tolerant vs. ruderal. Some of the here identified bacteria 

exhibited diverse characteristics and would rather fit into multiple of the classical categories. 

For example, (Pseud)Arthrobacter, typically exhibits small cell size and bifurcate form, which 

confers advantages for oligotrophic nutrition (Madigan et al., 2010). Due to its reported 

persistence in harsh environments (Mongodin et al., 2006; Madigan et al., 2010), it exhibits 

stress tolerant characteristics. Results here, showed that it was exhibiting r-strategic 

properties, by high rates of increases (Figure 4.3.4-2, Figure 4.3.4-3). It thereby fits into 

multiple categories. Further, in results here, Streptomyces were also indicated to be r-

strategists. In the literature, these were reported to grow in filaments and produce antibiotics 

(Madigan et al., 2010), thereby exhibiting rather K-selected or competitive traits. The Bacillales 

were dominantly present in both soils and were indicated in the experiment to be “basal 

active” (Figure 4.3.4-1), and thereby exhibit K-selected properties. However, these taxa 

seemed to thrive more in Grange soil, where the SOM sources were suspected to be of higher 

quality (see discussion in 4.4.1). Therefore, these organisms may combine copiotrophic 

nutrition and K-selected attributes, and consequently they may be classed as competitors. 

Consistent with this view of competitors thriving in situations of abundance (substrates with 

narrow C:N ratio, e.g. amino acids), the results here showed that they were not stimulated in 

terms of growth on 16S rDNA level by a substrate with wide C:N ratio (e.g. labile C). In general, 

the diverse biological traits of bacteria in terms of nutrition, form and reproduction (Cordero 

and Polz, 2014; Dini-Andreote and van Elsas, 2013; Prosser, 2012; Torsvik and Øvreås, 2002), 

together with patchiness of biotic and abiotic interactions (Horner-Devine et al., 2004), co-

location with SOM (Feeney et al., 2006), heterogenous SOM sources (Six and Jastrow, 2002), 

and accessibility (Dungait et al., 2012), provide manifold niches and consequently soil specific 

community composition. This was also supported in results here, where in some cases 

between soils the same genera/OTUs (e.g. Pseudomonas, Streptomyces) differed in terms of 

the strength of relative abundance changes (Figure 4.3.4-6 and Figure 4.3.4-7). This raises 

further questions and research is needed to explain the reasons for proliferation differences, 

possibly by OM content, SOM quality (plant cultivar history, site management), physio-

chemical stabilisation, soil organisation (e.g. co-location of SOM with microbes), microbial 

interactions/niche ecology, and genetic capabilities of local species and strains (biogeography). 

Also, fungi as typical K-strategists with wide decomposition capabilities, have not been 

investigated here, while they may have almost certainly contributed to parts of the primed 

SOM mineralisation flux and the differences between soils (Fontaine et al., 2011). 

4.5. Summary and Conclusions 
To answer which microbes mediate priming is challenging in regard to connecting the primed 

flux with the activity of responsible microbes. The results here point to r-selected bacteria 

mediating parts of primed SOM mineralisation fluxes rather than solely basal active, K-



Chapter 4: Identification of bacterial populations 

163 
 

selected bacteria. The reported nutritional preferences of the candidate bacteria point to both 

recalcitrant and fresh/polymeric OM as sources for primed SOM mineralised fluxes. Although, 

fungi, which are widely seen to be likely involved in primed SOM mineralisation were not 

investigated here, the results here give plausible explanations for bacterial populations 

involved in primed SOM fluxes. The case-specific identification of bacterial populations and 

knowledge of their biology can provide information relevant for e.g. field management 

strategies.  
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4.7. Supporting material 

4.7.1. Supporting material respiration and isotope ratio 

source partitioning 
Respiration rate (CO2-C µg g-1 DW soil h-1) was calculated in the following way. The ppm reads after 

incubation were related to incubation time and the concentration-based CO2 respiration rates (µL CO2 

L-1 h-1) derived. This is based on Avogadro’s law, with the proportionality of mole fraction to volume 

fraction, CO2 ppm h-1 was converted into CO2 µL L-1 h-1. Mass units of CO2 were calculated by assuming 

that the behaviour of CO2 in air mixture is that of an ideal gas and a transformation with the ideal gas 

law was done, using the mass (m) of CO2, volume (V) of CO2 measured, atmosphere pressure (p), molar 

mass of mass of CO2 (M), Avogadro’s constant (R), and standard temperature (T): 

𝑚 = 𝑝 ×  𝑉 ×  𝑀 ×  𝑅−1  ×  𝑇−1     (A-1) 

𝑚(𝐶𝑂2) =  𝑝+  ×  𝑉 (µ𝐿 𝐶𝑂2 𝑎𝑠 𝑝𝑝𝑚 𝑟𝑒𝑎𝑑 ℎ−1)  ×  𝑀𝐶𝑂2
 ×  𝑅−1 ×  𝑇+

−1   (A-2) 

Standard reaction conditions (+) were based here on normal temperature and former IUPAC standard 

pressure (p=101.325 kPa, T=293.15 K, R=8.31447 kPa L mol-1 K-1). The mass-based emanation rate of 

CO2 per L (µg CO2 L-1 h-1) was multiplied with the theoretical mass fraction of C in CO2 at w(C/CO2) = 

0.272912 and multiplied with 900 mL volume of headspace, whereby the average volume occupied by 

the microcosm/trough and moist soil inside the jar (ca. 100 mL) had been subtracted from 1000 mL 

total.  

The subtracted value of 100 mL is rather a slight over-subtraction and stems from 37 mL trough 

material and volume of soil with water filled pore space to a total of ca. 95.44 mL for Grange soil and 

97.19 mL for Moorepark soil. 

Finally, for calculation of g DW soil normalised respiration rates (CO2-C µg g-1 DW soil h-1), total 

headspace CO2-C rates were divided by dry weight (DW) equivalent soil in the individual troughs. 



Chapter 4: Supporting material 

169 
 

 
Figure S-4.7.1-1: Simple linear mixing model (SLM) for glucose and SOM derived source partitioning 

4.7.2. Supporting material soil analyses 
NH4 and NO3 determination 

The implementation of the method was following the standard experimental procedure of the James 

Hutton Institute. Briefly, 10 g soil (fresh weight) were weighed into 100 mL plastic screw cap bottles 

and 50 mL of 1 M KCl in milli-Q (MQ) grade water were added (1:5 solid-to-extractant ratio) and were 

shaken on an end-over-end shaker for 1 h. Soil suspensions were left to settle at room temperature 

before filtering through 1 M KCl pre-washed Whatman No.1 filter paper. If filtered extracts appeared 

cloudy, they were filtered again with Whatman No.1 filter paper. The extracts were stored in cold room 

(ca. 4 °C) before analysis for no more than 1 day. Quantification of inorganic N species of nitrite (NO2), 

nitrate (NO3), and ammonium (NH4) was determined on a discrete analyser (Konelab Aqua 20). For 

ammonia determination, the blue coloured reaction product of ammonia with salicylate and 

dichloroisocyanurate in the presence of sodium nitroprusside is measured with an absorbance at 660 

nm and quantification was relative to ammonium standards made in the extraction matrix (1 M KCl). 

For nitrate and nitrite determination, nitrate was reduced to nitrite with hydrazine sulphate and nitrite 

ions diazotised with sulphanilamide and coupled with N-(1-naphthyl)-ethylenediamine 

dihydrochloride. The purple azo-dye was measured with an absorbance at 540 nm and is proportional 

to the amount of Total Oxidised Nitrogen (TON). Nitrate (NO3) was determined by subtracting nitrite 

(NO2) from TON.  

Soil microbial biomass C 

The implementation of the method was following the standard experimental procedure of the James 

Hutton Institute. Briefly, each 12.5 g DW-equivalent soil was weighed out into glass vessels for 

fumigation and into 100 mL plastic bottles with screw cap for immediate extraction with 0.5 M K2SO4. 

The vessels for fumigation were placed in 1-2 glass desiccators under a fume hood along with each 

desiccator receiving a vessel containing ca. 30 mL of chloroform and anti-bumping granules. A pressure 
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drop in the desiccators was established by evacuation of head-space until the chloroform was visibly 

boiling. After overnight incubation, the remaining chloroform was removed by 5x repeats of 

evacuation and purging. The fumigated soil was transferred into 100 mL plastic bottles with screw cap 

for extraction. For extraction, to the soil 50 mL of 0.5 M K2SO4 (made in MQ grade water) were added 

to a solid-to-extractant ratio of 1:4 and shaken on an end-over-end shaker for 30 min. The suspension 

was left to settle at room temperature and then filtered through Whatman No. 42 filter paper. Filtered 

extracts were kept frozen at -20 °C until analysis for total organic carbon (TOC). Total organic carbon 

(TOC) analysis was analysed with a standardised method at the James Hutton Institute. The sample 

was oxidised at 720 °C and C compounds were converted to carbon dioxide (CO2). The carbon dioxide 

was dried, dehalogenated and analysed quantitatively by the Non-Dispersive Infrared detector (TOC-

L, Shimadzu). The response of the detector is proportional to the amount of CO2 released and hence 

to the concentration of total carbon (TC) in the sample. Non-purgeable Organic Carbon (NPOC) was 

determined by acidifying the sample with hydrochloric acid and sparging with oxygen to remove any 

purgeable carbon, i.e. inorganic carbon. The TC left in the sample was measured as detailed above to 

determine TOC. Results were calculated as TOC (mg L-1) and were corrected for sample blanks. The 

Fumigated TOC was subtracted with the non fumigated TOC value to yield the preliminary fumigation 

flush of C (EC,prelim).  

Soil pH 

The method follows a standard experimental method, The James Hutton Institute. Briefly, 15 g of air-

dried soils were mixed with 45 mL of deionised water in a screw cap plastic container and shaken on 

an end-over-end shaker for 2 h and allowed to stand overnight. To measure soil pH in water matrix 

(“actual acidity”), the pH meter’s glass calomel electrode (Hannah instruments 8521) was immersed in 

supernatant and a reading taken earliest after 5 min and when the reading had stabilised (constant for 

at least 30 s). To measure soil pH in CaCl2 matrix (“exchangeable acidity”), 5 mL of 0.1 M CaCl2 were 

added to supernatants and shaken again and allowed to stand for at least 1.5 h before measuring with 

pH meter. 

4.7.3. Supporting material molecular methods 
Molecular methods were carried out jointly for experiment chapter 4 (“P1”) and chapter 5 (“P3”). 

DNA and RNA co-extraction 

The DNA and RNA co-extraction method of Griffiths et al. (2000) was modified after Freitag and Prosser 

(2009) and was carried out after the standard experimental procedure (SEP 211, The James Hutton 

Institute) document (Robinson, 2017). On average 0.21 ±0.03 g (mean ± sd) dry weight (DW) equivalent 

of frozen soil was weighed out into 2 mL lysing matrix tubes (MP Bio, 0.1 mm silica spheres, type 

B/item# 6911). Tubes were pre-loaded with 500 µL of a 1:1 mix of 10 % (w/v) 

Hexadecyltrimethylammonium bromide (CTAB) solution in 0.7 M NaCl, and 240 mM potassium 

phosphate buffer at pH 8.0 (Gomori-type buffer) and frozen at -20 °C. Lysing tubes and soil were kept 

on dry-ice (ca. -79 °C), while soils were weighed out and tubes were returned to the - 80°C freezer until 

extraction commenced. For extractions, 250 µL of ice-cold phenol at pH 6.7±0.2 (Sigma Aldrich P4557, 

without addition of supplied Equilibration buffer, Sigma B5658, hence phenol is slightly acidic. This was 

done to achieve relative higher RNA yield over DNA, Dr. T. Freitag, personal communication, March 7, 

2019; Sigma Aldrich manual states that phenol with equilibration buffer is ca. pH 7.9±0.2) and 250 µL 

of chloroform: isoamyl alcohol (24:1) (Sigma-Aldrich) were added to lysing matrix tubes, thawed on 

ice, and homogenised for 2x 15 s at 5000 rpm on a Precellys 24 tissue homogenizer (Bertin Instruments) 

with 5 min resting of tubes on ice after each round. Homogenisate was centrifuged for 10 min at 16.000 
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x g, 4 °C. The upper, aqueous layer was transferred to ice-cold 2 mL MaXtract High Density gel barrier 

tubes (Qiagen) pre-loaded with 100 µL of each phenol and chloroform:isoamyl alcohol (24:1). Tubes 

were gently inverted for ca. 30 s and centrifuged at 16.000 x g, 10 min, 4 °C, to allow the gel barrier to 

gravitate between the aqueous layer and the organic solvents. Another 500 µL of ice-cold 

chloroform:isoamyl alcohol were added to tubes, gently mixed by inversion for 10-20 s and centrifuged 

at 16.000 x g, 10 min, 4 °C, to increase the distance between phenolic phase and the gel barrier and 

aqueous phase. The upper, aqueous phase, ca. 500 µL, was transferred into cold 2 mL tubes, pre-

loaded with 1.5 µL linear acrylamide (5 mg/mL, AM9520, Applied Biosystems), acting as a co-

precipitant, and 1 mL of ice-cold 30 % (w/v) PEG 6000 in 1.6 M NaCl was added and mixed gently by 

pipetting. All tubes were then gently inverted for ca. 30 s before resting on ice for 2 hours. Thereafter, 

for pelleting nucleic acids, tubes were centrifuged for 30 min at 16.000 x g, 4 °C and the supernatant 

was removed by pipette aspiration. Pellets were washed twice with each wash consisting of 1 mL of 

70 % (v/v) ethanol addition, gentle inversion of tubes for 20 s and centrifugation for 10 min at 16.000 

x g, followed by removal of ethanol by pipette aspiration. After the removal of the last ethanol wash, 

traces of ethanol were pipetted out with a smaller volume pipette tip. Pellets were then dried with 

tube lids open (under laminar flow) at 45 °C (10 °C lower to prevent RNA scissoring) on a hot block for 

a few minutes, until all ethanol had evaporated. For resuspension, 30 µL of nuclease-free water 

containing 2 U µL-1 RNAse inhibitor (Recombinant RNasin, N2515, Promega) were added to the pellet 

at the bottom of tubes and incubated for 5- 15 min at 45 °C. Out of technical triplicates, 3x 15 µL were 

pooled for RNA work, and 3x 10 µL were pooled for DNA work. The remainder of extract in the 

replicates was kept separate for quality checks. Pooled aliquots of samples were flash frozen in liquid 

nitrogen (LN) and stored at -80 °C until further analysis. For quality control, 1 µL of extract was checked 

on 1.5 % (w/v) agarose gel in TBE for presence of large DNA, and ribosomal RNA bands. The nucleic 

acid/protein absorbance spectra were checked by loading 2 µL on a Nanodrop ND-1000 (NanoDrop 

Technologies). Extracts exhibiting a ratio of 260/280 nm absorbance below 1.77, were repeated in 

technical triplicate. Samples averaged for 260/280 ratio of 1.88 (+/-0.06, SD), 1.94 (+/- 0.04, SD), and 

1.82 (+/- 0.08, SD) for two extraction blocks and re-extraction, respectively. Sample average was for 

260/230 ratio at 1.63 (+/- 0.19, SD), 1.80 (+/- 0.15, SD), and 1.47 (+/- 0.16, SD) for two extraction blocks 

and re-extraction. 

Reverse transcription 

Briefly, for DNA digestion reactions, 15 µL of DNA/RNA extract were incubated with DNAse enzyme 

(TURBO DNAse®, genetically engineered type I bovine DNAse, AM 2238, Life technologies) and TURBO 

DNAse Buffer (supplied with AM 2238, Life technologies) at 37 °C for 30 min. Before heat inactivation 

of DNAse at 75 °C for 10 min, 7.62 µL of 50 mM EDTA (diluted from 500 mM stock, R1021, Thermo 

Fisher Scientific) were added to samples to a final concentration of 15 mM to prevent chemical scission 

of RNA during heating (as per manual of AM 2238, Life technologies). Total DNA content for digestion 

was neat for chapter 4 experiment (P1) at 2.9±1.3 µg (mean±sd) or diluted to below 3 µg for chapter 

5 experiment (P3) at 2.2±0.5 µg (mean±sd). Samples were then rested on ice for ca. 5 min and spun 

down before proceeding with RNA purification. The RNeasy MinElute kit (cat# 74204, Qiagen) was used 

according to manufacturer instructions. As outlined in the manual as an option for samples suspected 

to contain high RNAse activity, 10 µL β-mercaptoethanol (>99 %, 63689, Sigma-Aldrich) were added 

per 1 mL RLT buffer (part of RNeasy MinElute kit, Qiagen). For final elution, 14 µL of supplied RNAse 

free water – additionally UV cross linked – was used. Capture tubes were pre-loaded with 1.5 µL of a 

1:1:1 mix of RNAse inhibitor (specification as before), linear acrylamide (AM9520, Applied Biosystems), 

and bovine serum albumin (20 mg/mL, 10711454001, Roche). Of the eluate, 1 µL was removed for RNA 

quantification with Qubit RNA HS (Q32852, Life technologies, Thermo Fisher Scientific). For gDNA 

digestion controls DNA was quantified with Qubit dsDNA BR assay (Life technologies, Thermo Fisher 
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Scientific), and with 16S V3 qPCR. DNA (e.g. gDNA) was reduced to low levels, but not completely 

removed (Figure S-4.7.3-1, Table S-4.7.3-1). This highlights the importance of cycle number 

optimisation for amplicon sequencing as presented later in section “Sample specific amplification 

cycles and library preparation” (Figure S-4.7.3-4). 

 

Figure S-4.7.3-1: Scatterplot of RNA and DNA content of pooled Moorepark and Grange gDNA digestion control samples “C2” 
(n=3 and n=4, resp.) after DNA digestion and fragment clean-up. Where DNA content was below detection limit of < 0.1 ng 
µL-1, half value of detection limit was taken. 

Quantitative PCR of the 16S V3 rDNA region showed that gDNA digestion controls (C2) contained a 

magnitude higher amount of 16S V3 rDNA targets than blank extraction and blank reverse transcription 

controls (Table S-4.7.3-1). 

Table S-4.7.3-1: 16S V3 rRNA qPCR of reverse transcription controls, i.e. detection of residual genomic DNA (gDNA) in C2 
gDNA digestion controls. These were bulked extracts from the combination of two soils and high and low DNA amounts. 
Other controls tested were reagent blanks starting from the extraction process (“blank extraction controls”) and reverse 
transcription reagent controls (“blank reverse transcription controls”). The respective PCR non-template controls (“NTC”) are 
not shown here but presented in later graphs and tables. 

Sample type Sample 16S V3 rDNA quantity (SQ) (mean±sd) 

Chapter 4 experiment gDNA digestion 
control (C2) 

C2-1 N "Q" 1.32E+04± 3.64E+03 

 C2-2 N "Q" 3.33E+03± 9.01E+02 
 C2-3 N 6.57E+03± 2.06E+03 
 C2-4 N 2.87E+04± 6.13E+03 

Chapter 4 blank extraction controls P1-C3R+4 N 1.03E+02± 3.21E+01 
 P1-C5R+6 N 1.16E+02 

Chapter 4 blank reverse transcription 
control 

C1-3+4 N 1.33E+02± 2.60E+00 

 C1-1+2 N 1.44E+02± 1.09E+01 

Chapter 5 experiment gDNA digestion 
control (C2) 

C2-5 N 1.73E+03± 4.20E+01 

 C2-6 N 1.04E+03± 3.36E+02 
 C2-7 N 2.46E+04± 9.20E+03 
 C2-8 N 1.54E+03± 7.32E+02 

Chapter 5 blank extraction controls P3-C1R+2 N 1.18E+02± 2.04E+01 
 P3-C3R+4 N 1.04E+02± 4.00E+00 

Chapter 5 blank reverse transcription 
control 

C1-5+6 N 9.45E+01± 5.54E+00 

 C1-7+8 N 1.17E+02± 1.96E+01 

For reverse transcription, 5 µL of eluate were added to 7.5 µL of a mix consisting of 1 µL random 

hexamers (50 µM, N8080127, Invitrogen, Thermo Fisher Scientific), 1 µL dNTP mix (2.5 mM each dNTP, 

BIO-39044, Bioline), and 5.5 µL nuclease-free water (W4502, Sigma-Aldrich). The mix was heated at 65 

°C for 5 min and then chilled on ice for 5 min. Thereafter 6.5 µL of a mix consisting of 4 µL 5x First-

Strand Buffer (250mM Tris-HCl buffer pH 8.3, 375 mM KCl, 15 mM MgCl2, supplied with Superscript III 

reverse transcriptase, 18080, Invitrogen, Thermo Fisher Scientific), 2 µL 0.1 M DTT (supplied with 

Superscript III reverse transcriptase, 18080, Invitrogen, Thermo Fisher Scientific), and 0.5 µL RNAse 

inhibitor (specification as before) were added. The mixture was incubated at 25 °C for 2 min. With 

reaction tubes remaining on the thermocycler block, 1 µL of reverse transcriptase enzyme (genetically 
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engineered based on Moloney type murine leukaemia virus (M-MLV) reverse transcriptase gene (pol), 

SuperScript III ®, 18080, Invitrogen, Thermo Fisher Scientific) was added. The mixture was pre-

incubated at 25 °C for 10 min and incubated at 42 °C for 2 hours. After 1 hour incubation time, an 

additional 0.5 µL of reverse transcriptase was added to the tubes. Reverse transcription was halted by 

thermal inactivation by raising the temperature to 70 °C and holding for 15 min. Samples (volume of 

20.5 µL) were rested on ice, spun down, flash frozen in liquid nitrogen, and stored at -80 °C until further 

use.  

Quantitative PCR (qPCR) 

 

Figure S-4.7.3-2: Melt curves for 16S V3 qPCR of indicated samples. Chapter 4 samples on plate 1 with some chapter 5 
samples. Only chapter 5 samples on plate 2. 
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Figure S-4.7.3-3: Inhibition testing of qPCR reactions by log dilution series in relevant dilution range. For DNA, aliquots were 
pre-normalised to 2 ng uL-1 total DNA concentration. 

Sample specific amplification cycles and library preparation 

Twenty-five (25) cycles of amplicon PCR and an additional 8 cycles of indexing PCR were stated in the 

dual indexing strategy of MiSeq 16S metagenomic library sequencing preparation (Illumina, 2013). In 

the single index library preparation strategy of the Earth Microbiome Project (EMB, 2019), 35 cycles of 

PCR were stated. It was, however, observed that blank controls began to indicate contamination 

towards the end of total PCR cycles (Dr. T. Freitag, personal communication, March 7, 2019). The aim 

here was to characterise sample specific PCR amplicon yield curves, while also determining the cycle 

number at which amplification can be stopped before blank controls start picking up.  

The primers used were based on 515f (Parada et al., 2016) and 806r (Apprill et al., 2015) and also 

included an Illumina sequencing overhang adapter to reflect later library preparation amplicon PCR 

conditions: 

- 515f (Parada), underlined + Illumina overhang:  

5’-TCGTCGGCAGCGTCAGATGTGTATAAGAGACAGGTGYCAGCMGCCGCGGTAA-3’ 

- 806r (Apprill), underlined + Illumina overhang: 

5’-GTCTCGTGGGCTCGGAGATGTGTATAAGAGACAGGGACTACNVGGGTWTCTAAT -3’ 

The PCR reaction was based on the 25 µL reaction as outlined in the Earth Microbiome Project’s 16S 

Illumina Amplicon protocol (EMB, 2019). The reaction mix was optimised to include a 0.025x working 

strength concentration of SYBR green I (100x and 10x stock kept in freezer at -20 °C, diluted from 

10,000x concentrate in DMSO, Cat# S7563, Life Technologies) to allow for fluorescence measurement. 

SYBR green I has an excitation wavelength at 494 nm and emission wavelength at 521 nm (Sigma 

Aldrich, Product page, SYBR Green I). PCR reaction optimisations investigated 1) annealing 

temperature, 2) SYBR concentration, and 3) primer concentration (not shown). A Hot Start PCR mix 

was used as the basis (Platinum Hot Start Master Mix, ref# 13000013, Invitrogen, Thermo Fisher 

Scientific) for PCR reactions in 25 µL reaction volume. Each reaction consisted of 10 µL Hot Start PCR 
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mix, 5 µL template (2 ng µL-1 DNA or qPCR-based normalisation of cDNA), 2 µL of each primer at 10 

µM, 0.25 µL of 2.5x strength SYBR green (Life technologies, S-7563), and the rest volume made with 

molecular grade water (Sigma-Aldrich, W4502). Thermal cycling conditions have been optimised for 

the given primer pair previously (L. Robinson, personal communication, April 3, 2019) and consisted of 

initial denaturation at 94 °C for 2 min, followed by 45 cycles of denaturation for 20 s, annealing at 55 

°C for 10 s, and extension at 72°C for 30 s with reading in a Bio Rad, C1000 Touch Thermal Cycler with 

CFX96 real-time system. Specificity of amplification was assessed by melt curve analysis from 50 °C to 

95 °C (not shown). To determine optimal sample specific amplification cycles, samples were run in 

technical duplicate. The full set of biological samples from chapter 4 experiment (P1) was used (n=24), 

while a reduced set of n=30 out of 40 biological samples from chapter 5 experiment (P3) was used ─ 3 

biological replicates out of 4 for each treatment combination to allow all replicates to be run on one 

plate to avoid plate-to-plate differences. DNA samples normalised to 2 ng µL-1 exhibited an optimal 

cycle number for amplicon yield at the end of the log-linear phase at ca. 26 cycles for experiment P1 

(see Figure S-4.7.3-4 and Table S-4.7.3-2). Optimal amplicon yield for DNA samples of experiment P3 

were also achieved after 26 cycles (see Figure S-4.7.3-4 and Table S-4.7.3-2). The optimal amplification 

cycle number was found to be close to the cycle number given in the Illumina 16S Metagenomic 

amplicon sequencing protocol at 25 cycles (Illumina, 2013).  

Table S-4.7.3-2: Cycle number (Cq) for DNA samples and controls, run in 16S V4 qPCR for two experimental sets (Chapter 4 
“P1” & Chapter 5 “P3”). Sample numbers (n) used for PCR given in table. Each samples’ Cq values were average of duplicate 
technical replicates. 

Sample 
Average Cq for Chapter 4 DNA 

samples 
Average Cq for Chapter 5 DNA 

samples 

Samples normalised to minimum 21.9, CV=1.18 % (n= 24) 21.7, CV=1.24 % (n= 30) 

16S 5/3 x 107 copies (Standard) 19.5 (n=2) 20.2 (n=2) 

Extraction controls 41.9 (n=2) 41.8 (n=2) 

NTC 43.2 (n=1) 40.5 (n=1) 

For cDNA samples at the given normalisation, it was found for both experimental sets that 18 cycles of 

PCR were sufficient to achieve a high PCR amplicon yield at the end of the log-linear phase (i.e. before 

a reactant becomes limiting to the reaction, see Figure S-4.7.3-4 and Table S-4.7.3-3). This would give 

a 16 cycle “head-space” between sample and control amplification. Controls employed, consisted of 

extraction controls processed through all steps, gDNA removal controls, reverse transcription reagent 

controls (RT reagent controls), and PCR reaction non-template controls (NTC). Controls’ Cq values were 

not lower than 34.2/35.1, with those being the gDNA removal control. It has been found in previous 

steps, that DNA digestion and clean-up cannot completely remove gDNA, likely serving in the 16S V4 

PCR as low concentration template and explaining the lower Cq by 2 cycles of those gDNA removal 

controls in contrast to the other controls. Statistical summary of cycle-yield curves (Figure S-4.7.3-4) is 

given in below Table S-4.7.3-3. The approach of normalisation of cDNA according to qPCR has shown 

accurate to the degree that the coefficient of variation (CV) was only 5.57 % and 3.84 % for chapter 4 

experiment (P1) and chapter 5 experiment samples (P3), respectively. Samples of cDNA slightly higher 

in 16S copy numbers than the reference (see top two rows in Table S-4.7.3-3) were not normalised in 

this run. These exhibited lower Cq cycle numbers underlining the sensitivity of the approach to 

normalise cDNA with 16S specific qPCR instead of total RNA or total cDNA. 
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Table S-4.7.3-3: Cycle number (Cq) for cDNA samples and controls, run in 16S V4 qPCR for two experimental sets (Chapter 4 
“P1” & Chapter 5 “P3”). Sample numbers (n) used for reactions given in table. Each samples’ Cq values were average of 
duplicate technical replicates.  

Sample Average Cq for P1 cDNA samples Average Cq for P3 cDNA samples 

Samples 1.74x/2.54x higher (neat) 13.2/12.1 (n=2)  
Samples 1.4x/1.2x/1.36x higher (neat)  12.8/13.1/12.2 (n=3) 
Samples normalised to minimum 14.4, CV=5.57 % (n= 22) 14.3, CV=3.84 % (n= 27) 
16S 5/3 x 107 copies (Standard) 20.7 (n=2) 21.4 (n=2) 
gDNA removal control 34.2 (n=4) 35.1 (n=4) 
Extraction controls reverse transcribed 36.8 (n=2) 36.8 (n=2) 
RT reagent control 36.8 (n=2) 36.9 (n=2) 
NTC 42.3 (n=1) 41.5 (n=1) 

 

Figure S-4.7.3-4: Real time PCR of 16S V4 amplification target with conditions as for library preparation. Chapter 4 samples 
are denoted “P1” and chapter 5 samples are denoted “P3”. Optimum cycle number (black dashed line) was determined where 
high yield of samples and with 8 cycle head-space which will be added in later indexing step (blue dashed line) before blanks 
and controls increase in signal. 

For library preparation of reverse transcribed cDNA, samples were thawed, sub-sampled and re-frozen 

in liquid nitrogen on two occasions and stored at -80 °C. On the first occasion, samples were taken for 

cycle optimisation, as outlined before. On the second occasion a sub-sample was taken and diluted 

with molecular grade water at 3.75x dilution to be used for Illumina MiSeq sequencing library 

preparation. For producing DNA and cDNA amplicons for libraries, 5 µL of sample (2 ng µL-1 DNA or 

3.75x diluted and normalised cDNA) were amplified in technical triplicate with the recipe as detailed 

in the section just before, however without SYBR green I and an additional 72 °C inactivation step for 

10 min and 4 °C hold at end. Reactions were carried out in triplicate in parallel on three thermocyclers 

(Mastercycler Nexus gradient, Eppendorf) for 26 cycles (DNA samples) or 18 cycles (cDNA samples). 

PCR products were stored overnight at 4 °C. Amplicons were checked for target size at ca. 390 bp and 

homogenous intensity of Ethidium bromide stain on agarose gel, and technical triplicates (ca. 3x 22 µL) 

were merged in a MIDI 96 well plate with 800 µL well volume (double UV-cross linked, AB-0859, Fisher 

Scientific). One-hundred-twenty (120) µL of Agencourt AMPure XP beads (well-mixed at room 

temperature, A63881, Beckman Coulter) were added, the plate sealed with adhesive seal (AB-0558, 

Thermofisher Scientific) and the mixture shaken at 1800 rpm for 2 min on a plate shaker (Eppendorf 

MixMate). The mixture was let rest for 5 min at room temperature to allow binding of nucleic acids to 

paramagnetic beads. The plate was placed on a magnetic stand for 2 minutes to allow separation of 

magnetic complex from supernatant. One-hundred-eighty-one (181) µL of supernatant were removed 

by multi-channel pipette (Starlab BioPette, 20-200 µL). In principle the aspiration volume was chosen 
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to leave 5 µL of liquid behind to avoid drawing out sample, but magnetic beads had bound to the well 

wall at a small distance from lowest well point of the conical well bottom and it might be possible to 

remove all supernatant. Samples were washed twice by each addition of 200 µL of 80 % (v/v) Ethanol 

(Molecular Biology grade, Fisher), incubation for at least 30 s and removal of ethanol solution by multi-

channel pipette. Excess ethanol was removed in the last wash step with single-channel pipette (P100-

P200, Eppendorf) and by air-drying under laminar flow hood for ca. 10 min. The magnetic stand was 

removed and 52.5 µL of 10 mM Tris-HCl (pH 8.5, Trizma, 0.2 µM PES sterile filtered) were added to the 

sample to elute nucleic acids from magnetic beads. The plate was sealed with adhesive seal, shaken at 

1800 rpm for 2 min, spun down, and incubated for ca. 2 min. The plate was placed on the magnetic 

stand for at least 2 min, to allow concentration of magnetic beads on the sidewalls of the wells. Fifty 

(50) µL of re-eluted samples were transferred to a new 96 well plate (double UV cross-linked, PCR 96 

LP-FLT-C, Axygen) and stored at -20 °C until further use (i.e. overnight for DNA or 4 nights for cDNA). 

Recovery yield was spot checked before progressing to indexing by using 2 µL of amplicons in dsDNA 

assay with Qubit dsDNA assay. In total 50 % (16S DNA amplicons) or 100 % (16S cDNA amplicons) of 

sample numbers were quantified for dsDNA content. Indexing step and second AMPure clean-up were 

done on the same day. For attaching dual indices and Illumina sequencing adapters the Nextera XT 

Index kit (v2, set C, ref# 15052165) was used. The recipe is based on the Illumina guide (Illumina 2013) 

with exception of the use of Platinum Hot Start PCR Master Mix (ref# 13000013, Thermofisher 

Scientific) instead of KAPA Hot Start Ready Mix. For indexing PCR, a master mix of Platinum Hot Start 

PCR Master Mix and PCR grade water was prepared according to manual (Illumina, 2013) (see Table S-

4.7.3-4) in 96 well plates (double UV cross-linked, PCR 96 LP-FLT-C, Axygen) resting on 96-well cooler 

block (Eppendorf) and TruSeq Index Plate Fixture (FC-130-1005, Illumina). Five (5) µL of each individual 

forward and reverse index primer were aliquoted into their respective wells (discarding caps after 

opening and using new caps for closing to avoid cross-contamination from the caps) and 5 µL of sample 

were added in and mixed gently by pipetting. The thermal profile for indexing was run for 8 cycles as 

instructed in guide (Illumina, 2013) (see Table S-4.7.3-5). 
Table S-4.7.3-4: Indexing PCR recipe based on (Illumina 2013) with change by using Platinum Hot Start PCR Master Mix 
instead of KAPA Hot Start Ready Mix 

Ingredient For 1 x 50 µL rxn (µL) 

PCR grade water 10 
Platinum™ Hot Start PCR Master Mix (2x) 25 
Nextera XT Index primer 1 (N701-707, 710-712, 714-715) 5 
Nextera XT Index primer 2 (N513, 515-518, 520-522) 5 
Template (DNA or cDNA) 5 
TOTAL 50 

Table S-4.7.3-5: Thermal profile for indexing PCR and tagmentation of sequencing adapters 

  Temperature (℃) Time Step 

  

95 °C 
 

3 min 
Polymerase activation, template 

denaturation, adapter+index 
tagmentation 

8 cycles 
95 °C 30 s Template denaturation 
55 °C 30 s Annealing 
72 °C 30 s Extension and read 

  72 °C 5 min Inactivation 
  4 °C hold Store 

Thereafter samples were processed in a second AMPure clean-up step. The entire sample reaction 

volume of 50 µL was transferred into 96 well MIDI plate (specification as before). To the samples 56 

µL AMPure XP beads were added, the plate was sealed and mixed at 1800 rpm for 2 min. As before, a 

5 min incubation allowed binding of paramagnetic beads to nucleic acids. The plate was thereafter 

placed on a magnetic stand for at least 2 min before removing the supernatant by pipetting. As before, 

samples were washed twice with 80 % ethanol and dried. After removing the magnetic stand, 27.5 µL 
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of 10 mM Tris-HCl (pH 8.5, Trizma, 0.2 µm PES sterile filtered) were added, the plate was sealed, shaken 

at 1800 rpm for 2 min and incubated for at least 2 min. To separate magnetic beads from sample, the 

plate was placed for over 5 min on magnetic stand, until supernatant has cleared, and magnetic beads 

had visibly gathered, before transferring 25 µL of re-suspended sample to individual 0.5 mL tubes. 

Samples were flash frozen in liquid nitrogen and stored at -80 °C until quantification and normalisation. 

Indexed and cleaned amplicons were normalised to 10 nM nucleic acid concentration. Briefly, samples 

were thawed, mixed well, and sub-sampled for quantification with Qubit dsDNA BR assay (Life 

technologies, Thermo Fisher Scientific). Indexed and cleaned 16S DNA amplicons yielded dsDNA 

concentrations of 50.6±5.1 ng uL-1 (mean±sd), while indexed 16S cDNA amplicons yielded 37.4±5.5 ng 

uL-1 (mean±sd). Extraction reagent, reverse transcription reagent, gDNA digestion, and amplicon and 

indexing non-template controls (NTC) were all negative. The normalisation to molarity equivalent 

concentration is based on a fragment size assumption of 428 bp (Dr. T. Freitag, personal 

communication, March 7, 2019) and size was checked by running randomly chosen samples on 1.5 % 

(w/v) agarose gel: 

𝐸𝑞𝑢𝑖𝑣𝑎𝑙𝑒𝑛𝑡 𝑐𝑜𝑛𝑐𝑒𝑛𝑡𝑟𝑎𝑡𝑖𝑜𝑛 (𝑛𝑔 𝑢𝐿−1) = 2.8248 𝑛𝑔 𝑢𝐿−1 =  
10 𝑛𝑀 × 660 𝑔 𝑚𝑜𝑙−1𝑏𝑝−1 × 428 𝑏𝑝

106
 

(A-3) 

Samples have been diluted to 10 nM with Tris-HCl (pH 8.5, Trizma, 0.2 µm PES sterile filtered) such 

that sample volume (Vi) was in the pipetting range of an Eppendorf P10 with a minimum of 4.92 µL 

(DNA, V= 6.27±1.04 µL (mean±sd)) or a minimum of 5.03 µL (cDNA, V= 7.30±1.43 µL (mean±sd)). 

Controls have been diluted with volumes according to the minimum sample dilution factor. Volume of 

Tris added (VTris) was blocked to 50 or 100 µL to achieve pippetable sample volumes (Vi): 

𝑉𝑖(𝜇𝐿) = 𝑉𝑇𝑟𝑖𝑠(𝜇𝐿) {
50

100
} ×  

𝐸𝑞𝑢𝑖𝑣𝑎𝑙𝑒𝑛𝑡 𝑐𝑜𝑛𝑐𝑒𝑛𝑡𝑟𝑎𝑡𝑖𝑜𝑛 (𝑛𝑔 𝑢𝐿−1)

𝑆𝑎𝑚𝑝𝑙𝑒 𝑐𝑜𝑛𝑐𝑒𝑛𝑡𝑟𝑎𝑡𝑖𝑜𝑛 (𝑛𝑔 𝑢𝐿−1)  × (1 −
𝐸𝑞𝑢𝑖𝑣𝑎𝑙𝑒𝑛𝑡 𝑐𝑜𝑛𝑐𝑒𝑛𝑡𝑟𝑎𝑡𝑖𝑜𝑛

𝑆𝑎𝑚𝑝𝑙𝑒 𝑐𝑜𝑛𝑐𝑒𝑛𝑡𝑟𝑎𝑡𝑖𝑜𝑛
)

 

(A-4) 

Of each normalised sample, a volume of 5 µL was merged into a single tube – for DNA and cDNA 

separately, which have the same Nextera index set C to be sequenced on two separate MiSeq cells. 

The total volume was mixed well and split for sequencing and archival purposes. The tubes were flash 

frozen in liquid nitrogen (LN) and stored at -80 °C until shipping. A concentration check of DNA and 

cDNA amplicon libraries showed merged concentrations of 2.58 ng µL-1 (DNA) and 2.55 ng µL-1 (cDNA), 

equivalent to 9.13 nM (DNA) and 9.04 nM (cDNA), respectively. The off-set by -8.67 % and -9.61 %, 

respectively for DNA and cDNA libraries, was similar to the Eppendorf P10 pipette’s off-set determined 

in accuracy check beforehand. 

Further literature for supporting material 

ROBINSON, L.; Freitag, T.; 2017. Standard Experimental Procedure, SEP 211: "Nucleic acid extraction 
from environmental/biological samples using phenol, chloroform:ISOAMYL ALCOHOL (24:1) and CTAB". 
Lab protocol, The James Hutton Institute.  
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4.7.4. Supporting material for statistical analysis 
Supporting material DESeq2 for count stabilisation 

Putative effects as differences in counts between samples (x vs. y) are shown for Grange and 

Moorepark soil and transformations (log+1, Variance Stabilising Transformations (vst), and rlog) with 

DESeq scatterplot of count values after transformations (Figure S-4.7.4-1, Figure S-4.7.4-2). Deviation 

from y=x in these scatterplots shows which samples will contribute to the distance calculations and 

the PCA plot. OTUs with low counts on the ordinary logarithmic scale deviate strongly by moving along 

x and y axes, while the DESeq2 transformations compress these differences.  

 

Figure S-4.7.4-1: Grange soil DESeq2 transformations. 

 

Figure S-4.7.4-2: Moorepark soil DESeq2 transformations. 

DESeq2 raw counts (doubletons removed) stabilisation for size effects (read depths per sample) and 

dispersion effects (OTU-wise dispersion) to enable treatment effects testing. Effect of dispersion 

setting for Grange and Moorepark soil shown below (Figure S-4.7.4-3, Figure S-4.7.4-4). Dispersion 

setting “local” taken for further analysis. 
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Figure S-4.7.4-3: Grange soil DESeq stabilisation plot with comparison between “parametric” and “local” dispersion 
estimation.  

  

Figure S-4.7.4-4: Moorepark soil DESeq stabilisation plot with comparison between “parametric” and “local” dispersion 
estimation.  

By defining 4 replicates, DESeq 2 stabilisation replaced 2 OTU outliers in Grange and 1 OTU outlier in 

Moorepark soil based on Cook’s distances, see Figure S-4.7.4-5. 

 
Figure S-4.7.4-5: Cooks distances of samples with n=4 replicates. Grange soil on left hand side and Moorepark soil on right 
hand side. 
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4.7.5. Supporting material soil fluxes results 

 
Figure S-4.7.5-1: Timeline of respiration rate (A), glucose mineralisation rate (B), and SOM mineralisation rate (C). Control 
units correspond to basal conditions. Lines connect means of day. Daywise treatment effects tested with log transformed 
values with ANOVA when data normally distributed, otherwise with Kruskal-Wallis. Significance of pairwise differences at 
p<0.05, tested with Tukey HSD indicated with different capital letters or tested with pairwise Wilcoxon rank-sum test 
indicated with different small letters.  

The difference in respiration rates between 13C enriched glucose units used for flux measurement and 

unenriched glucose (12C) units used for molecular methods was tested for the day before harvest (day 

7) and was found not to be significant (p>0.05) (Figure S-4.7.5-2).  

 
Figure S-4.7.5-2: Differences in respiration rate for 13C enriched glucose and unenriched glucose solution (12C). Moorepark 
respiration rates of glucose addition treatments (12C and 13C) on day 7 were normally distributed (Shapiro-Wilk, p=0.5913). 
One-way ANOVA with 12C or 13C as treatment indicated that it was not a significant treatment effect (F1,6=0.01, p=0.922).  
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Figure S-4.7.5-3: Total SOM mineralisation for P1 experiment with daily additions. Total SOM was calculated by the area 
spanned by average daily rate and time. Assumption was that average rate is the same overnight. N=4 biological replicates 
per combination 

 
Figure S-4.7.5-4: Soil pH in water for P1 experiment, different letters indicate significant differences, n=4 biological replicates. 
Treatment effects on soil pH for P1 experiment were assessed with one-way ANOVA, as exponentially transformed pH values 
of both soils were normally distributed (Shapiro-Wilk, p=0.62 and p=0.08 for Moorepark and Grange respectively).  

4.7.6. Supporting material microbial growth and qPCR 

 
Figure S-4.7.6-1: Linear regression of SMB-C on log total DNA for P1 experiment. Model assumptions were tested. N=4 
biological replicates. The log of total DNA, and SMB-C were normally distributed (Shapiro-Wilk, p=0.38 and p=0.12, 
respectively). A linear regression was carried out and model residuals were normally distributed (Shapiro-Wilk p= 0.76) and 
indicated that log total DNA was a significant factor for explaining SMB-C (F1,21=37.2, p<0.0001). 
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Figure S-4.7.6-2: Ratio of SMB-C to total DNA for P1 experiment. N=4 biological replicates. Different letters indicate significant 
differences. Ratio was normally distributed (Shapiro-Wilk, p=0.23) and ANOVA was carried out. Treatment and interaction 
between soil and treatment were not significant, while soil was weakly significant at p=0.079, however not at 5 % significance 
level. Pairwise differences were not indicated to be significant (Tukey HSD, p>0.05). 

 
Figure S-4.7.6-3: P1 experiment, linear regression of log 16S rRNA gene (rDNA) copies over log total DNA for P1 experiment. 
N=4 biological replicates. Log transformation of 16S rDNA copies and log transformation of total DNA were normally 
distributed (Shapiro-Wilk, p=0.42 and p=0.38, respectively). Linear regression model residuals were normally distributed 
(Shapiro-Wilk, p=0.11). R2=92.46, F1,22=282.9, p<0.0001. 
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Figure S-4.7.6-4: Ratio of log 16S rDNA gene copies over log total DNA. N=4 biological replicates. Different letters indicate 
significant differences. The ratio was normally distributed (Shapiro-Wilk, p=0.68) and treatment effects of soil and treatment 
additions were tested with 2-way ANOVA with interaction. The interaction between soil and treatment was not significant 
(p>0.05). Pairwise differences were assessed with Tukey HSD.  

 
Figure S-4.7.6-5: 16S rDNA copies normalised to DNA content. Data was normally distributed only closely to the 5% 
significance level (Shapiro-Wilk p=0.0523). One-way ANOVA was used and no significant treatment effect could be found 
(p>0.05). 
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Figure S-4.7.6-6: 16S rRNA copies (reverse transcribed as cDNA) normalised to ug-1 total RNA. 

 
Figure S-4.7.6-7: Ratio of 16S rRNA to 16S rRNA gene copies not normalised to nucleic acids. N=4 biological replicates. Different 
letters indicate significant differences. Ratio of 16S cDNA/DNA g-1 DW was normally distributed after log transformation 
(Shapiro-Wilk, p=0.6681). ANOVA with log of ratio and treatment and soil interacting as factors, indicated that soil 
(F1,18=64.217, p<0.0001) and interaction (F2,18=4.518, p<0.05) were significant, while treatments were not significant (p>0.05). 
Significant pairwise differences (p<0.05) were indicated by Tukey HSD test only between control units of Grange and 
Moorepark soil (see figure) 
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4.7.7. Supporting material community composition 

 

 
Figure S-4.7.7-1: Alpha diversity measures of richness for Grange soil (upper half) and for Moorepark soil (lower half). Shown 
in the panels are observed OTU richness as unique OTUs per sample, estimated OTU richness estimates with Chao1 and 
abundance-based coverage estimator (ACE). Shown on the right hand side are rarefaction curves for the respective soils. Rare 
OTUs occurring less than 3 times in total (singletons and doubletons) were removed prior to analysis. Statistical analyses on 
differences between 16S rRNA gene (DNA) and 16S rRNA reverse transcript (RNA) as indicated. ”Control H0” and “Control H1” 
are basal incubation with destructive harvest at beginning and end, respectively. ”12C” is daily glucose addition treatment. 
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Figure S-4.7.7-2: Stacked barplots for Phylum level classification of 16S rDNA and 16S rRNA. Counts were rarefied to 
minimum and relative abundances calculated. The top 8 most relatively abundant Phyla are shown with fractions given as 
mean±sd (%) and the corresponding colour of the Phylum highlighted by * in the legend.  

Table S-4.7.7-1: Moorepark soil community dissimilarity Edge statistics from pvclust, belongs to Figure 4.3.3-2 

 

Edge si au bp se.si se.au se.bp v c pchi

1 0.99895 0.99958 0.99751 0.00045 0.0002 0.00026 -3.07514 0.2674 0.9987

2 0.49076 0.79612 0.62665 0.01177 0.00698 0.0016 -0.57542 0.25242 0.50226

3 0.94463 0.98111 0.89593 0.00342 0.00145 0.00107 -1.66797 0.40926 0.08721

4 0.19667 0.67427 0.48936 0.01286 0.00877 0.00164 -0.21253 0.23922 0.21267

5 0.9456 0.97573 0.95559 0.00421 0.00225 0.00073 -1.83718 0.13548 0.13788

6 0 0.53876 0.38867 0 0.0098 0.0016 0.09274 0.19004 0.94899

7 0.68619 0.89265 0.66536 0.00958 0.00462 0.00157 -0.83395 0.40682 0.06831

8 0.99958 0.99983 0.99884 0.00024 0.0001 0.00016 -3.31875 0.27164 0.27863

9 0.50151 0.79284 0.65167 0.01166 0.00711 0.00157 -0.60308 0.21325 0.57812

10 0.68028 0.83527 0.85351 0.01068 0.00722 0.00119 -1.0134 -0.03819 0.03347

11 0.89195 0.96857 0.77592 0.00492 0.00189 0.00142 -1.30936 0.55088 0.06478

12 1 1 1 0 0 0 0 0 0

13 0.92666 0.97575 0.86367 0.00401 0.00168 0.00119 -1.53494 0.43798 0.14983

14 0.25367 0.74352 0.44007 0.01381 0.00792 0.00163 -0.25172 0.40251 0.45748

15 0.08056 0.70173 0.35144 0.01489 0.00876 0.00156 -0.07396 0.45541 0.68158

16 0.63791 0.92896 0.40419 0.01145 0.00346 0.00162 -0.6128 0.85531 0.0011

17 0.60498 0.92038 0.39571 0.01208 0.00378 0.00161 -0.57157 0.83604 0.01382

18 0.82445 0.9679 0.51658 0.00686 0.00181 0.00166 -0.94621 0.90464 0.00693

19 0.73697 0.89862 0.7553 0.00885 0.00463 0.00144 -0.9825 0.29123 0.14539

20 0.6047 0.87685 0.57002 0.01089 0.005 0.00164 -0.66789 0.49147 0.1468

21 0.34204 0.78944 0.44797 0.01369 0.00711 0.00163 -0.33684 0.46763 0.3256

22 1 1 1 0 0 0 0 0 0

23 1 1 1 0 0 0 0 0 0
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4.7.8. Supporting material potential activity and relative 

changes 
Shown below are the MA plots (Love, Huber et al. 2014) for contrasts between 16S rRNA over 16S 

rDNA (RNA vs DNA) to form rRNA:rDNA ratios and for contrasts between treatments for the 16S rDNA 

or rRNA level (e.g. DNA 12C vs H1), respectively. As described in methods section, “ashr” type shrinkage 

was applied and the false sign significance threshold at 5 % was chosen and tested against null-

hypothesis values shown as horizontal red line. OTUs with significance are shown in red, while all 

others are in grey. 
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Figure S-4.7.8-1: Grange soil 16S rRNA:rDNA ratios shown in MA plots with each point corresponding to an OTU. Y-axis is 
based on values expressed to the base of 2 (=log2). The horizontal red line shows the null-hypothesis: Here, 16S rRNA:rDNA 
ratios are significantly larger or smaller than 1 (=log2(1)=0). The blue lines indicate the values of log2(1.5), where OTUs above 
are “Active”, and log2(0.5), where OTUs below are “Dormant”. Those OTUs which were significantly or non-significantly 
different from the null-hypothesis and between log2(1.5) and log2(0.5) were designated as “Potentially active”. 

 

 

Figure S-4.7.8-2: Grange soil 16S rDNA or rRNA changes as contrast between treatments shown. Significance of changes was 
tested at false sign probability s-value ≤0.05 against null-hypothesis of no change log2(1)=0, shown as horizontal red line. 
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Figure S-4.7.8-3: Moorepark soil 16S rRNA:rDNA ratios shown in MA plots with each point corresponding to an OTU. Y-axis is 
based on values expressed to the base of 2 (=log2). The horizontal red line shows the null-hypothesis: Here, 16S rRNA:rDNA 
ratios are significantly larger or smaller than 1 (=log2(1)=0). The blue lines indicate the values of log2(1.5), where OTUs above 
are “Active”, and log2(0.5), where OTUs below are “Dormant”. Those OTUs which were significantly or non-significantly 
different from the null-hypothesis and between log2(1.5) and log2(0.5) were designated as “Potentially active”. 

  

  

Figure S-4.7.8-4: Moorepark soil 16S rDNA or rRNA changes as contrast between treatments shown. Significance of changes 
was tested at false sign probability at or below 5 % against null-hypothesis of no change log2(1)=0, shown as horizontal red 
line. 
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Institute). 

MiSeq amplicon sequencing was performed by Dr. Pete Hedley and Jenny Morris (The James 

Hutton Institute, Dundee). 

The MiSeq sequence processing and the generation of OTU-count tables, OTU-taxonomy 

tables, and OTU-sequence tables in python and mothur were performed by Dr. Thomas Freitag 

(The James Hutton Institute).  
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5.1. Introduction  
Soil organic C represents the major reactive terrestrial C pool and its size is a consequence of 

the long-term net balance between inputs and losses, which are predominantly via plant 

inputs and microbial respiration, respectively (Paul, 2016; Janzen, 2006). Microbes in soil are 

considered to be primarily energy limited (De Nobili et al., 2001; Hobbie and Hobbie, 2013), 

and the increased decomposition of soil organic matter (SOM), when alleviating the microbial 

energy limitation can serve not only the microbes but also increase supply of nutrients to 

plants (Kuzyakov et al., 2000; Broadbent and Norman, 1948; Cheng et al., 2014). Increased 

rates of SOM mineralisation in response to the availability of labile C are termed as positive or 

real Priming Effects (Blagodatskaya and Kuzyakov, 2008). The release of nutrients by primed 

SOM mineralisation has been shown to exhibit a lower C:N stoichiometry of the mineralised 

flux (Murphy et al., 2015), which could signify that nutrient rich moieties are preferentially 

mobilised during the priming process. The nature of these SOM moieties remains elusive. On 

the one hand, it is increasingly recognized that i.e. microbial necromass forms major parts of 

stable SOM (Cotrufo et al., 2013), and therefore represents a likely source from which 

nutrients can be mobilised. On the other hand, part of primed fluxes may stem from the 

turnover of the (living) microbial biomass pool, which would not be real Priming Effects 

(Blagodatsky et al., 2010). Nonetheless, from a higher system level perspective, it is 

considered that rhizodeposits can enhance plant productivity. This is explained by stimulation 

of soil microbial action of SOM decomposition by the availability of labile C, where microbes 

would otherwise be typically energy limited (Kuzyakov et al., 2000; Bengtson et al., 2012; 

Cheng and Kuzyakov, 2005). The energy rich supply to microbes in the form of rhizodeposits 

in exchange for SOM decomposition and nutrient mineralisation was also characterised as a 

“work partitioning” between plants and microbes (Cheng et al., 2014; Bengtson et al., 2012). 

However, it may be argued that when SOM mobilised nutrients would be assimilated back 

into the microbial biomass, the nutrients would not be available to plants. It is thought that 

microbial-assimilated nutrients are in a more bio-available/labile form, due to microbes 

exhibiting a higher turnover rate than plants (Cheng, 1999; Cheng and Kuzyakov, 2005; 

Murphy et al., 2015). All in all, the mechanisms underlying microbial responses of primed SOM 

mineralisation to the availability of labile C with respect to the responsible microbial 

community members are still not well understood. Understanding the free-living microbial 

part of the “work partitioning” could contribute to illuminating the microbial dynamics that 

lead to real Priming Effects.  

The microbial mechanisms underpinning Priming Effects were conceptualised in the critical 

review by Blagodatskaya and Kuzyakov (2008). It was hypothesised, that the amount of 

substrate C added relative to the microbial biomass C would be the major determinant of 

microbial community change and observed Priming Effects and three cases were distinguished 

(Figure 5.1-1).  

In the first case, where labile C input amounts are much less than microbial biomass C standing 

stock (ca. 15 %), it was hypothesised that a previously dormant portion of the microbes, fast-

growing r-strategists, would be activated in the short term and the brief increase in 

mineralised C would be due to the “triggering” of microbial respiration (Blagodatskaya and 
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Kuzyakov, 2008; De Nobili et al., 2001; Mondini et al., 2006; Hobbie and Hobbie, 2013). As the 

amount of substrate would not be enough to facilitate growth, it was hypothesised that there 

would be no changes in microbial community composition. In investigations by Liu et al. (2017) 

evidence for a substrate threshold for inducing Priming Effects were found. Liu et al. (2017) 

hypothesised that the threshold stems from the minimum amount needed to drive microbial 

growth of a portion of the microbial community and enzyme synthesis for SOM 

decomposition. It was concluded that additions of labile C less than this threshold would not 

induce priming. 

In the second case, at added labile C amounts between 50 % and 100 % of microbial biomass 

C, Blagodatskaya and Kuzyakov (2008) hypothesised that there would be increases in 

microbial activity and microbial turnover, but that overall growth could not occur due to the 

substrate amount being insufficient. Microbial turnover would in principle be manifested in 

changed community composition. Overall, for cases 1 and 2, there would be no increased SOM 

mineralisation, and measured Priming Effects are likely due to “triggering” of microbial 

metabolism and/or microbial turnover. The latter two effects are also labelled as “apparent” 

Priming Effects, as these do not stem from the increased decomposition and mineralisation of 

SOM. 

In the third case, where labile C inputs are much larger than microbial biomass C, 

Blagodatskaya and Kuzyakov (2008) hypothesised that overall microbial growth would be 

facilitated and lead to community change. To satisfy their nutrient requirements in growth, 

microbes were hypothesised to increase SOM mineralisation by action of extracellular 

enzymes on SOM and would thereby release nutrients. In regard to community dynamics, 

Blagodatskaya and Kuzyakov (2008) hypothesised that initially fast growing r-strategists would 

be activated and grow, and this would then activate specialists (e.g. K-strategists). The 

proposed succession of r- to K-strategists in primed SOM mineralisation would be in line with 

two r- and K-strategist based priming mechanisms proposed in Fontaine et al. (2003). The first 

hypothesis states that energy limited r-strategists are activated by labile C addition and to 

satisfy their nutrient needs, r-strategists increasingly “co-metabolize” portions of SOM 

(Fontaine et al., 2003). In the second proposed mechanism, after depletion of labile C, r-

strategists form increasing portions of necromass, which would then serve as substrate and 

activation for SOM decomposing K-strategists (Fontaine et al., 2003).  

Labile additions higher than 2 to 5-times the microbial biomass C can also lead to decreases 

in SOM mineralisation and were hypothesized in Blagodatskaya and Kuzyakov (2008) to arise 

from “preferential substrate utilisation” when mineral nutrient abundance in soil is not 

limiting to growth – viz. microbes can satisfy nutrient requirements without decomposing 

SOM and switch to utilisation of substrates.  
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Figure 5.1-1: Conceptual diagram of apparent and real Priming Effect (PE) response to added substrate amount drawn after 
theory from Blagodatskaya and Kuzyakov (2008). Saturation phase, where additional substrate does not lead to further 
increase in PE according to Wang et al. (2015). 

Several aspects of the dependence of Priming Effects on the magnitude of labile C additions 

were since investigated (Wang et al., 2015; Rousk et al., 2015; Paterson and Sim, 2013; Liu et 

al., 2017; Xiao et al., 2015; De Graaff et al., 2010). Some of the studies have investigated the 

microbial dynamics of r- and K-strategists, where relative abundance changes of bacteria and 

fungi served as proxies for dynamics of r- and K-strategists, respectively, and correlated these 

with observed Priming Effects. Rates of priming of ageing SOM where not found to correlate 

well with growth dynamics of bacteria and fungi (Rousk et al., 2015), while for primed 

decomposition of plant residues correlations were found (De Graaff et al., 2010). Indeed, the 

dependency of growth rates of bacteria and fungi as a function of the magnitude of substrate 

additions to soil was shown (Reischke et al., 2014). Bacteria exhibited comparably stronger 

growth than fungi at several substrate addition levels lower than 4000 µg C g-1 soil. 

Furthermore, evidence was found that specific microbial components mediating SOM 

decomposition might explain the observed differences in primed SOM mineralisation (Garcia-

Pausas and Paterson, 2011; Paterson and Sim, 2013). Most of these studies have, however, 

used relatively low resolution methods of microbial community analysis such as PLFA and 

qPCR. The need for higher resolution observations of bacterial and fungal populations were 

highlighted, particularly as differences in substrate utilisation have been shown even between 

closely related microbial taxa (Rime et al., 2016; Morrissey et al., 2017). Also, subtle 

differences in the concentration of substrate additions likely influence dynamics within 

bacteria, by differentiating the competitiveness in terms of substrate transporter affinity and 

capacity (Schneckenberger et al., 2008). Therefore, there is a requirement for high resolution 

analysis of specific groups/populations within the bacteria and/or fungi to investigate specific 

differences in priming conditions by labile C addition.  

The question then arises, if the amount of substrate input needs to be large enough to support 

growth of all components of the community or the supply of substrate needs to be only 

enough to drive the activity or growth of specific portions of the microbial community involved 

in primed SOM mineralisation. Considering that fungal as well as bacterial groups exhibit a 
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spectrum of nutritional and life strategic behaviour (Deacon, 1997; Madigan et al., 2010; Paul, 

2014), the research here placed the focus on the bacterially mediated part of Priming Effects.  

Therefore, the research questions were: 

1) For labile C addition amounts lower than the microbial biomass C size, which bacterial 

populations are activated, and which are growing? 

2) For labile C addition amounts higher than the microbial biomass size, are the same or 

different bacterial populations stimulated or growing than at lower additions? 

The hypotheses were that: 

1) At low magnitudes of substrate C additions (Case 1 and 2: amount of substrate C ≤ 

microbial biomass C), r-strategists would be activated, but that there would be no 

microbial growth and the measured Priming Effects would be “apparent” due to 

“triggering” and microbial turnover. 

2) At higher magnitudes of substrate C additions (Case 3: amount of substrate C ˃ 

microbial biomass C) r-strategists would grow and eventually specialist microbial 

populations (e.g. K-strategists) would be activated and grow too. Measured Priming 

Effects would be “real” due to increased SOM decomposition driven by microbial 

nutrient demand in their growth phase.  

5.2. Material and Methods 

5.2.1. Soil samples and labile C treatments 
Soils from managed grasslands from Grange and Moorepark were used, which were detailed 

previously in table 4.2.1-1 in chapter 4.2.1. Following sieving, the soils were stored in the dark 

in the cold room (ca. 4°C) until this experiment commenced (ca. 7 months). Soils were packed 

into troughs to a density of 1 g cm-3 and the moisture content adjusted to 65 % of water 

holding capacity. Microcosms were left to settle from the disturbance of sieving and packing 

for 12 days in incubators at 20 °C, while maintaining moisture content. The respiration rate of 

microcosms was checked for equilibration to a steady level, and then the experiment with 

treatment additions ran for an additional 18 days with destructive harvests on day 1 (“H0”,) 

and on day 18 (“H1”). Glucose additions were made at 4 levels once at the beginning of every 

week for three weeks in total (Table 5.2.1-1) and distilled water additions served as control 

treatments. Moisture content was checked daily, except on weekends, and maintained by 

gravimetric distilled water addition. The 13C enrichment of the glucose solution was made at 

1.5 Atom-% 13C enrichment. 
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Table 5.2.1-1: Treatments applied to Moorepark and Grange soil troughs with 4 biological replicates per treatment 
combination. Additions were made once weekly to a total of 3 additions.  

Treatment 

C-glucose addition 
rate 

(µg C-glucose g-1 
DW week-1) 

Glucose addition 
rate 

(mg glucose g-1 DW 
week-1) 

Molarity of solution 
applied 
(mM) 

Addition rate % of 
Moorepark soil 

microbial biomass 
(C:C basis) 

Addition rate % of 
Grange soil 

microbial biomass 
(C:C basis) 

Control 0 0 0 0 0 
+150 50 0.125 12.8 8 %  13 %  
+300 100 0.250 25.5 16 %  25 %  

+1500 500 1.250 127.7 78 %  126 %  
+3000 1000 2.500 255.3 156 %  252 %  

5.2.2. Glucose and soil organic matter mineralisation, and 

stable 13C isotope analysis 
Soil respiration measurements and sampling for δ13C isotopic analysis were made directly 

after treatment additions and for every day thereafter, except on weekends. Respiration 

rates, glucose mineralisation and SOM mineralisation rates, and stable 13C isotope analysis 

were carried out and calculated as detailed previously in chapters 4.2.3 to 4.2.4. SOM derived 

C mineralised fluxes of primed units were not subtracted from the basal rate and represent 

total SOM-C flux. Cumulated SOM mineralised was calculated as the area spanned by time 

and rate between timepoints. The respiration rate on the final harvest day (3 days after 

application, 3rd week) was not measured and for cumulated SOM calculation, the amount 

mineralised overnight was estimated to avoid underestimating portions of mineralised C. This 

last overnight portion represented ca. 4 ±2 % (mean±sd) of the cumulated mineralised C. The 

respiration rate overnight was the interpolation between the last measurement day and an 

assumed drop of 25 % from the last measurement point, as in the first and second week, the 

drop in respiration rate from two days after application to the third day after application were 

on average 48 % and 17 %, respectively.  

5.2.3. Extractable nitrate and ammonium 
At the start of the experiment (H0) and at the end (H1) sub-samples from destructive harvests 

were taken for extraction with 1 M KCl and nitrate and ammonium analysis as detailed before 

in chapter 4.2.5. 

5.2.4. Soil microbial biomass C and dissolved organic C 
The total organic carbon content (TOC) for chloroform-labile soil microbial biomass C (SMB-C) 

determination was determined in this experiment with a segmented continuous flow analyser 

(Skalar Analytical), where DOC was digested, and the evolved CO2 quantified by 

phenolphthalein discoloration. Details are otherwise as described previously in methods 

chapter 4.2.6. Dissolved organic carbon (DOC) was calculated as the 0.5 M K2SO4 extractable 

TOC content of non-fumigated units.  

5.2.5. Molecular methods 
Samples destructively harvested at the end of the experiment (H1) were flash frozen in liquid 

nitrogen and stored at -80 °C until total DNA and RNA co-extraction commenced. Details of 

the extraction method are as described previously in chapter 4.2.7.1.  
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Reverse transcription was carried out as described in chapter 4.2.7.2. Quantitative PCR (qPCR) 

of 16S rRNA gene (16S rDNA) and of reverse transcripts of 16S rRNA (16S rRNA) were carried 

out as described in chapter 4.2.7.3. The estimation of 16S rDNA copies g-1 DW were 

supplemented here by the regression of 16S rDNA copies on total DNA (R2
adj=92.5 %, chapter 

4, Figure S-4.7.6 3) to correct for the lower amplification efficiency in this run, which would 

otherwise have lead to underestimation of the true copy number (Figure S-5.7.1-1). For 16S 

rDNA copies, treatment differences were tested with uncorrected copy numbers, relativised 

to the minimum copy number sample. For 16S rRNA copies a plate correction was applied to 

account for amplification efficiency differences (Figure S-5.7.1-2). The ratio of 16S rRNA:16S 

rDNA was calculated with corrected copy numbers. 

16S rDNA and 16S rRNA were prepared for amplicon sequencing together with samples of 

previous experiment (chapter 4). For this experiment, sequencing depth of 16S rDNA was 

127,532 ±5,914 and 128,318 ±12,901 counts, for Grange and Moorepark soil, respectively. 

Sequencing depth of 16S rRNA was 131,813 ±11,504 and 130,552 ±17,373 counts, for Grange 

and Moorepark soil, respectively. For further details see methods chapter 4.2.7.4. 

5.2.6. Statistical methods 
Variation of biological replicates were calculated as means ±standard deviations (sd). 

Variation of changes in SOM pools to the initial value at the start of the experiment, e.g. 

microbial biomass C (SMB-C) and dissolved organic C (DOC), were calculated as the geometric 

standard deviation (sssd2) of its components according to Qiao et al. (2014): 

sdx+y=(sdx
2+sdy

2)1/2        (1) 

The unknown tally in changes in soil C pools, designated as “Tally unknown pool” was 

calculated by subtracting the sum of soil microbial biomass (SMB-C) and dissolved organic C 

(DOC) from the soil C balance (C input – respired C). Its standard deviation was calculated as 

the geometric standard deviation (sssd2) of the standard deviations (sd) of the three 

components: Soil C balance, SMB-C, and DOC. 

Parametric ANOVA tests, or when the condition of normality was not met, non-parametric 

Kruskal-Wallis tests were performed in R version 3.6.1 (Team R, 2019) to test for treatment 

effects. Data were checked for normality with Shapiro-Wilk test at 5 % significance level 

(p>0.05) and where appropriate, data were transformed with square root or natural 

logarithmic transformation, as indicated. The soils and the labile C treatment effects on 

responses were tested with interaction for ANOVA, when indicated or separately for non-

parametric Kruskal-Wallis test. ANOVA models were checked with R diagnostic plots if 

conditions were met, and that the residuals were normally distributed (Shapiro-Wilk test). 

Model factors were accepted at the 5 % significance level (p<0.05). Significant differences 

between groups were assessed with Tukey HSD for ANOVA test. Pair-wise Wilcoxon rank sum 

tests were employed for Kruskal-Wallis test and for multiple comparisons adjusted p-values 

were calculated with Benjamini & Hochberg method (“BH”) implemented in R. Pairwise 

differences were regarded as significant at the 5 % significance level and in figures are 

indicated by different letters. 
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Linear regressions were carried out with base R “lm” function and the graph and 95 % 

confidence interval were drawn in ggplot2 (Wickham, 2016). Variables were checked for 

normality with Shapiro-Wilk test (p>0.05) and were transformed where appropriate, as 

indicated. Models were checked with R diagnostic plots and the model residuals were checked 

with the Shapiro-Wilk test for normality. Regression factors were tested for significance and 

the 95 % confidence interval calculated. The overall model factor explaining the response was 

tested with ANOVA, the associated F-statistic and the significance value calculated.  

Prokaryotic community statistics of alpha diversity and beta diversity were analysed with 

phyloseq (McMurdie and Holmes, 2013) and vegan package (Oksanen et al., 2007) as 

described previously in methods chapter 4.2.8. For analysis of community composition (dis-) 

similarity, clustering dendrograms of 16S rDNA and 16S rRNA data were made with rlog 

stabilised counts of DESeq2 package (Love et al., 2014), and employing the unweighted pair 

group method with arithmetic mean (UPGMA) clustering rule with 1,000 bootstrap runs for 

assessing significance of nodes (Suzuki and Shimodaira, 2006). Significant treatment effects 

on the relative abundance of operational taxonomic units (OTUs) were tested with DESeq2 

and shrinkage estimator (Stephens, 2017). Methods were implemented as described 

previously in methods chapter 4.2.8. 

For assessing potential activity state of OTUs, the 16S rRNA:rDNA ratio was estimated from 

the contrast function in DESeq2 as described previously in methods chapter 4.2.8. Briefly, 

(potentially) “Active” OTUs were defined as those with a 16S rRNA:rDNA ratio significantly 

above 1 and at least or equal to 1.5, and those “dormant” with a ratio significantly below 1 

and below or equal to 0.5. The ratios may be indicative of potential “activity” (Blagodatskaya 

and Kuzyakov, 2013) and were also described as “protein synthesis potential” (Blazewicz et 

al., 2013). Small species may be limited in the number of accommodated ribosomes (thereby 

possibly active despite 16S rRNA:rDNA ratio <1.5), while other species have been shown to be 

dormant at ratios above 1.5 (Denef et al., 2016). The OTUs with significant relative abundance 

changes on 16S rDNA and 16S rRNA levels were matched against the list of OTUs with an 

“Active” state in basal conditions (Control H1) and designated as “basal active” OTUs. 

Taxonomic information from domains to genera level and average of replicate counts of OTUs 

were exported from R and their proportions and ratios/log2-fold changes plotted in Krona 

graphs (Ondov et al., 2011). In Krona graphs, generally the log2-fold change to the basal 

(Control H1) are shown, unless indicated otherwise. The increase in the number of OTUs with 

significant relative abundances changes of the higher labile C level versus the lower is denoted 

as difference increase. The contrast increase in OTUs between labile C addition levels was 

calculated by contrasting the labile C levels with each other. 

For heatmaps of relative abundance increases of 16S rDNA and 16S rRNA, the pheatmap 

package (Kolde and Kolde, 2015) was used. As input to the heatmap, DESeq2 rlog stabilised 

16S rDNA and 16S rRNA counts were used, to correct for size and dispersion effects (“local” 

setting), where values were subtracted from OTU-wise mean of rlog transformed values (Love 

et al., 2014) to yield strength of the relative abundance change, similar to log-fold changes: 

log (a)  − log (b)  = log (
a

b
)      (2) 
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Only those OTUs with previously in DESeq2 test determined significant relative abundance 

increases (s-value ≤0.05) on 16S rDNA and 16S rRNA level vs. the control were considered for 

heatmaps. Pheatmap also rearranged the rows and columns based on similarity of strength of 

relative abundance change based on UPGMA rule and added dendrograms. A cut-off for 

clusters of OTUs was chosen manually to yield representative clusters and was indicated by a 

red dashed vertical line and black arrows pointing to the node of the cluster. The list of “basal 

active” OTUs was intersected to the list of OTUs with significant increases of 16S rDNA and 

16S rRNA level and those “basal active” OTUs were marked on the heatmap.  

The 16S V4 sequence of select OTUs was compared with SILVA ACT aligner (Quast et al., 

2012) against a range of databases for similarity to reference phyla. 

5.3. Results 

5.3.1. Soil C and N mineralised fluxes 
The two lower levels of added amount of labile C (+50 and +100 µg C g-1 DW week-1) 

corresponded to between 8 % to 25 % of soil microbial biomass C, while the two higher levels 

(+500 and +1000 µg C g-1 DW week-1) corresponded to 78 % to 252 % of microbial biomass C 

(Table 5.2.1-1). The two lower labile C addition levels did not lead to significantly increased 

cumulated SOM-C mineralisation over the basal mineralisation amount in Grange soil (p>0.05, 

Figure S-5.7.2-1). In Moorepark soil, the response was similar, except that the +100 µg C g-1 

DW week-1 addition rate led in two out of three instances to a significantly increased 

cumulated SOM-C mineralisation amount over the basal mineralisation (p<0.05, Figure S-

5.7.2-1). However, on average the cumulated SOM-C mineralised amount increased already 

with small labile C additions (Figure S-5.7.2-1). Linear regressions of cumulated SOM-C 

mineralised over labile C addition amount did not indicate a minimum labile C addition 

threshold on average for Moorepark soil and only in week 2 for Grange soil (Figure 5.3.1-1, 

Table S-5.7.2-1). In both soils, the two highest addition levels (+500 and +1000 µg C g-1 DW 

week-1) led consistently to significantly higher cumulated SOM-C mineralised amounts over 

basal mineralised amounts (Figure 5.3.1-1, Figure S-5.7.2-1). For the two highest labile C 

addition levels, which were 10-times higher than the two lowest levels, the SOM-C mineralised 

amount was, however, in the same order of magnitude as with the two lower addition levels 

(Figure 5.3.1-1, Figure S-5.7.2-1). Generally, the relations of cumulated SOM mineralisation 

over labile C addition levels were highly significant and positive (p<0.0001, Figure 5.3.1-1). 

Grange soil slopes in week 1 and 2 were with 0.026 to 0.032 µg SOM-C mineralised week-1 µg-

1 labile C input lower than Moorepark soil slopes at 0.037 µg SOM-C mineralised week-1 µg-1 

labile C input. 
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Figure 5.3.1-1: Cumulated SOM mineralised over glucose addition rate, for each week separately and slope as indicated. For 
linear regression statistics values were log transformed to achieve normal distribution in most cases, unless indicated. Where 
model residuals were not normally distributed by Shapiro-Wilk test (p<0.05) this was indicated. (log) Linear regression 
equations and statistics in Table S-5.7.2-1. Shaded area indicates 95 % confidence interval. Basal respiration was not 
subtracted from primed total cumulated SOM flux. Therefore a minimum threshold for priming would be indicated by the 
slope intercept being lower than the control value. 

The extractable ammonium-N levels (N-NH4) generally decreased significantly over controls 

with increasing level of cumulated labile C addition at the end of the experiment in Grange and 

Moorepark soil (p<0.05, Figure 5.3.1-2, Panel A and B). The highest cumulated labile C addition 

treatment (+3000 µg C g-1 DW; total from three additions) led in Grange and Moorepark soil, 

however, to significant increases in extractable ammonium-N levels over the next lower labile 

C addition level (p<0.05, Figure 5.3.1-2, Panel A and B).  

 

Extractable nitrate-N levels (N-NO3) consistently decreased significantly (p<0.05) with 

increasing labile C addition level in Moorepark soil, while the highest labile C addition level 

broke from the trend in Grange soil (Figure 5.3.1-2, panel C and D). The proportionality of the 

decrease of nitrate-N levels with cumulated labile C input amount was calculated as a ratio 

considering the amount of added substrate respired (see dC*/dN in Figure 5.3.1-2). In 

Moorepark soil, the ratio was between 11 and 15 until the highest labile C addition level, where 

it was calculated to be 82 (Figure 5.3.1-2, panel D). In Grange soil, the ratio was between 14 

and 21 until the second highest labile C addition level, where it was calculated to be 37 (Figure 

5.3.1-2, panel C). In Grange soil, the highest labile C addition level, led to a significant increase 

in extractable nitrate-N levels over the next lower labile C addition level (p<0.05, same figure).



 

 
Figure 5.3.1-2: KCl extractable ammonium-N (N-NH4) on left hand side (A and B) and extractable nitrate-N (N-NO3) on right hand side (C and D) over labile C addition levels (cumulated) at the end of experiment (H1). 

Control value at start of experiment (H0) also shown. Upper row is Grange soil (A and C). Lower row is Moorepark soil (B and D). N=4 biological replicates per combination. For dC*/dN, where dC* is the added glucose C 

minus the respired glucose and dN is the nitrate level change. 
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In both soils, with increasing labile C amounts added, also increasing amounts thereof 

remained in soil (“Soil C balance”, Table 5.3.1-1). In Grange soil, microbial biomass C (SMB-C) 

did not increase with higher labile C amounts added, while SMB-C increase was the second 

largest increasing C pool in Moorepark soil. Only in Moorepark soil, it was indicated that SMB-

C pool was increasing with increasing SOM derived mineralisation. With the two highest labile 

C addition levels, in both soils the largest C sink was indicated for the unaccounted C pool, 

calculated as the remaining C tally from SMB-C and dissolved organic C (DOC). 

Table 5.3.1-1: Soil C balance as input of labile C minus respiration and soil C pools of soil microbial biomass C (SMB-C), dissolved 
organic C (DOC). The subtraction of respiration C, SMB-C changes and DOC changes from the labile C input leaves open another 
account for tallying that is devised as “Tally unknown pool” (also see methods 5.2.2 and 5.2.6). Values n=4 biological 
replicates. Variation in changes in soil C pools were calculated with the geometric standard deviation (sssd2). 

Soil 

Total 
input C 
(µg C g-1 

DW) 

Total respiration C 
(µg C-CO2 g-1 DW) 

mean±sd Soil C 
balance: Net 
positive (+)/ 

loss (-) 
(µg C g-1 DW) 

mean±sd 

Changes in soil C pools: 
Increase(+)/ 

Decrease (-) over initial value 

Total 
Respiration 

SOM-
derived 

Soil biomass C 
(µg C g-1 DW) 
mean±sssd2 

Dissolved organic 
C 

(µg C g-1 DW) 
mean±sssd2 

Tally unknown 
pool: 

Source (-)/ 
Sink (+) of C 

(µg C g-1 DW) 
mean±sssd2 

Grange Control 104 ±6 104 ±6 -104 ±6 -111 ±184 20 ±7 -14 ±184 

 150 164 ±7 109 ±8 -14 ±7 177 ±256 19 ±9 -210 ±257 

 300 203 ±7 114 ±4 97 ±7 126 ±218 -5 ±24 -24 ±219 

 1500 625 ±58 148 ±7 875 ±58 103 ±210 20 ±7 752 ±218 

 3000 1267 ±23 187 ±4 1733 ±23 94 ±191 71 ±9 1569 ±192 

Moorepark Control 214 ±2 214 ±2 -214 ±2 1 ±196 28 ±4 -243 ±196 

 150 287 ±3 230 ±6 -137 ±3 10 ±266 11 ±10 -158 ±266 

 300 372 ±8 239 ±9 -72 ±8 29 ±226 26 ±8 -128 ±226 

 1500 731 ±39 287 ±7 769 ±39 237 ±241 25 ±9 508 ±244 

 3000 1069 ±27 316 ±5 1931 ±26 760 ±326 11 ±5 1159 ±327 

5.3.2. Temporal dynamics of C mineralised fluxes 
With the two lowest labile C addition rates (+50 and +100 µg C g-1 DW week-1), in both soils 

respiration and glucose mineralisation rates increased strongly on the day of treatment 

addition (Figure 5.3.2-1). The respiration and glucose mineralisation rates then fell in both 

soils to a low level, comparable to control rates, mostly by the second day. The SOM 

mineralisation rate for the two lowest labile C addition rates was in many cases not 

significantly different than the SOM mineralisation rate of the two highest labile C addition 

levels on the day of treatment addition (p>0.05, Figure 5.3.2-1, panel C, and F). In both soils, 

by the first or second day after treatment addition, the SOM mineralisation rate fell to a level 

similar to the basal rate for the two lower labile C addition levels (Figure 5.3.2-1, panel C, and 

F). 

The two highest labile C addition rates of +500 and +1000 µg C-g g-1 DW week-1, indicated a 

significant (p<0.05) increase in respiration and glucose mineralisation rate over the two lowest 

addition rates on the day of treatment in both soils, which subsided for the +500 µg C-g g-1 DW 

week-1 on the first or second day after treatment (Figure 5.3.2-1, panel A, B, D, and E). The 

level of increased respiration and glucose mineralisation rates lasted for a few days longer in 

Grange soil than in Moorepark soil (Figure 5.3.2-1, panel A vs. D and B vs. E). There, the 
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increased rates for the highest addition level lasted often until the fourth day after treatment, 

whereafter on weekends the rates were not measured. In both soils, the SOM mineralisation 

rates for the two highest labile C additions levels on the day of treatment addition were mostly 

not statistically different to the indicated SOM mineralisation rate of the two lowest addition 

rates (p<0.05). In both soils, until the first day after treatment addition, the SOM mineralisation 

rates of the two highest additions remained significantly higher to the lower labile C addition 

levels. In most weeks this was also indicated for the second day after treatment addition (same 

figures). By the third and fourth day after treatment addition, mostly the SOM mineralisation 

rates were not significantly different (p>0.05) from the lower glucose addition rates and the 

basal mineralisation rate, while the means, however, were indicated to be higher (Figure 

5.3.2-1, panel C and F).  

Generally, the differences in mineralisation rates between the weeks were not significantly 

different in either soil (p>0.05, Figure S-5.7.2-2, Figure S-5.7.2-3). Weekly differences in the 

SOM mineralisation rate for Grange soil and the highest labile C addition rate (+1000 µg C g-1 

DW week-1) were found to be significant (ANOVA F2,39=8.19, p<0.01, Figure S-5.7.2-2). For 

Moorepark soil, other than the control, there were no significant effects of the weeks on the 

SOM mineralisation rates at any labile C addition levels (Figure S-5.7.2-3). 



 

 

 
Figure 5.3.2-1: Daily rates of respiration, glucose, and SOM mineralisation with indicated day after treatment addition. Treatment effects of labile C addition levels were tested day-wise with non-parametric Kruskal-
Wallis test as data were not normally distributed. Kruskal-Wallis test models were significant at (p<0.05), unless indicated (n.s. p>5 %). Pairwise differences were tested with pairwise Wilcoxon-rank sum test at the 
significance level 5 % and significant differences are indicated by different letters.



Chapter 5: Soil response potentials of microbial communities 

205 
 

In Moorepark soil, the SOM mineralisation rates were higher in magnitude than in Grange soil, 

seen previously (Figure 5.3.2-1), but the SOM mineralisation rates normalised to soil microbial 

biomass C (SMB-C) or to total DNA were not significantly different between the soils (p>0.05, 

Figure 5.3.2-2, panel A and B). Despite some differences visible in the distribution of 

normalised SOM mineralisation rates between labile C addition treatments, these were also 

not significant (p>0.05, same figure).  

 
Figure 5.3.2-2: SOM respiration rates (µg C g-1 DW h-1) in week 3, 2 days after treatment, normalised to microbial pool sizes 
on day 3 after treatment (destructive harvest H1). Panel A: Normalised to µg C g-1 DW soil microbial biomass (SMB-C). 
Datapoint missing for Grange soil +500 and Moorepark soil +1000 µg C g-1 DW week-1 treatment. Panel B: Normalised to total 
DNA (µg g-1 DW). Treatment effects tested with ANOVA after transformation of data, as indicated. 

5.3.3. Microbial biomass C, total DNA and RNA, and 

bacterial 16S rDNA and rRNA copies 
The magnitude of labile C additions were only in Moorepark soil a weak but significant factor 

(ANOVA F5,22=3.1, p<0.05) for explaining soil microbial biomass C (SMB-C), where only at the 

highest labile C addition rate a significant increase was detected (p<0.05, Figure 5.3.3-1). 
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Figure 5.3.3-1: Soil microbial biomass C (SMB-C) with extraction correction factor kEC=0.45. Biological replicates n=4, except 1 
missing point for Moorepark +3000 µg C g-1 DW treatment. Overall statistical model for soil as indicated. Pairwise differences 
were tested for significance with Tukey HSD at the 5 % significance level. 

For total DNA levels, the labile C addition levels were only in Grange soil a weak but significant 

factor (ANOVA F4,15=3.3, p<0.05, Figure 5.3.3-2). Increasing labile C additions levels did not 

indicate significantly increasing levels of total DNA against the control in either soil (p>0.05, 

same figure), while however in Grange soil there was a tendency of the means to increase. 

Also, labile C addition levels were not found to be a significant factor in either soil to explain 

the ratio of SMB-C to total DNA (p>0.05, Figure S-5.7.2-4). 

 
Figure 5.3.3-2: Total DNA (µg g-1 DW) over treatment levels. Due to omission of destructive harvest at Control H0 for molecular 
methods there are no reported total DNA levels for H0 control. Labile C treatments were applied in total 3-times to the 
indicated total in µg C g-1 DW. Overall statistical model for soil as indicated. Pairwise differences were tested for significance 
with Tukey HSD at the 5 % significance level. Biological replicates n=4.  
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The labile C addition levels were found to be significant factors for explaining bacterial 16S 

rDNA copy numbers (here 16S V3 region without Archaea) for both soils (p<0.005, Figure 

5.3.3-3, panel A). For Grange soil, the two highest labile C addition levels led to higher means 

of 16S rDNA abundances compared to the two lower labile C addition rates and the control. 

The increases were, however, only statistically significant (p<0.05) for the +3000 µg C g-1 DW 

over the control. For Moorepark soil, increasing labile C addition levels did not lead to 

significantly higher 16S rDNA abundances over the control (Figure 5.3.3-3, panel A). Bacterial 

16S rRNA levels were not indicated to be significantly influenced by labile C levels in either soil 

(p>0.05, same figure, panel B). There were mean increases in 16S rRNA levels for the two 

highest labile C additions in Grange soil detectable, but these were not found to be significant.



 

 

  

 
Figure 5.3.3-3: 16S rDNA relative copies in panel A and 16S rRNA copies of reverse transcripts (cDNA), plate corrected copies in panel B. 16S rDNA measures were expressed relatively to the soil’s 
respective minimum value and treatment effects tested as indicated (as mentioned in material and methods due to lower amplification efficiency). For an estimate of absolute soil levels of 16S 
rDNA copies g-1 DW see Figure S-5.7.2-5. 16S rDNA, one replicate for Moorepark control and Grange +3000 µg C g-1 DW missing, otherwise n= 4 biological replicates. A plate correction for 16S 
rRNA was applied to correct for plate to plate variation, which did not skew results, Figure S-5.7.2-6.  
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Ratios of bacterial 16S rDNA or rRNA copies normalised to nucleic acid content (total DNA or 

total RNA, respectively) were not indicated to be significantly influenced by the level of labile 

C addition in either soil (Figure S-5.7.2-7). 

 

Potential bacterial activity ratios (16S rRNA:rDNA copies) were significantly different between 

soils (ANOVA F1,29=21.82, p<0.0001, left hand side of Figure S-5.7.2-8). While labile C addition 

levels did not have a significant effect in either soil (p>0.05, same figure), it was indicated that 

Grange soil exhibited a significantly higher bacterial potential activity ratio than Moorepark 

soil, when normalising for total DNA and RNA content (p<0.05).  

5.3.4. Prokaryotic community composition 
Estimated richness of the prokaryotic communities (here 16S V4 region for Bacteria and 

Archaea) in terms of OTUs was larger than the observed richness of OTUs (Figure S-5.7.3-1). 

The soils had 985 of their core OTUs in common (Supporting material section 5.7.3). Relative 

abundances of the prokaryotic community on the phylum level were different between soils 

in the proportions of the top 8 phyla, which represented close to 100 % of the prokaryotic 

community, and this showed that the soils differed in composition already on this low 

resolution level (Figure S-5.7.3-2). 

Evenness of the prokaryotic community estimated with Shannon, Simpson, and Inverse 

Simpson (inverse dominance) indices indicated in both soils that the evenness on 16S rDNA 

level was significantly higher than on 16S rRNA level (p<0.0001, Figure 5.3.4-1). With the two 

highest labile C addition levels, the 16S rDNA communities became significantly less even in 

Moorepark soil, while this was only significantly indicated with Shannon diversity index in 

Grange soil. On the 16S rRNA level the communities became in tendency more even with 

higher labile C addition levels, but only the evenness values of the two highest labile C addition 

levels were consistently significantly higher than the control and the lowest labile C addition 

level in both soils. The Fisher biodiversity parameter was generally not indicating consistent 

differences between 16S rDNA and 16S rRNA level or with labile C addition levels in either soils 

(same figure). 
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Figure 5.3.4-1: Alpha diversity estimates of evenness for Grange soil (upper panel) and Moorepark soil (lower panel) of 16S 
rDNA and rRNA. Statistical tests as indicated. Different letters indicate significant differences at 5 % significance level within 
assay type (DNA or RNA) as assessed by Tukey HSD for ANOVA or pairwise Wilcoxon rank-sum test for Kruskal-Wallis test. 

(Dis-)similarity of 16S rDNA or 16S rRNA level communities with labile C treatments was 

assessed with Euclidian distances, UPGMA clustering rule and bootstrapping. In both soils, the 

16S rDNA and 16S rRNA communities were indicated to be highly dissimilar (Figure 5.3.4-2). 

Also in both soils, for either 16S rDNA or 16S rRNA level, the communities of the two highest 

labile C additions were significantly dissimilar to the communities of lower labile C treatments 

and the control (χ2-test, p<0.0001, same figure). On the 16S rRNA level, the communities of 

the two highest labile C addition levels were also significantly dissimilar between each other 

(χ2-test, p<0.0001), while this was not significantly indicated on the 16S rDNA level (same 

figure).  
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Figure 5.3.4-2: Clustering dendrogram of 16S rDNA and 16S rRNA rlog stabilised counts of Grange soil (upper panel) and 
Moorepark soil (lower panel). Distances were calculated with Euclidian distances and clustering done with UPGMA rule. 
Clustering was bootstrapped with 1,000 runs and edge statistics as probability values shown for SI, AU, and BP. SI (blue colour) 
are selective inference probability, AU (red colour) are approximately Unbiased probabilities and BP (green colour) are 
Bootstrap probabilities as the % of times the edge is observed after n bootstrap runs. For Grange soil, edges for rDNA: 300 µg 
C vs. low addition and control = edge 34 not significant at p=0.72884 (χ2-test) but AU p-value of 92%. High addition (1500 & 
3000 µg C g-1 soil) vs. rest = edge 38, significant at p<0.0001 (χ2-test). For Grange soil edges for rRNA: 300 µg C vs. low addition 
and control = edge 17 significant at p<0.0001 (χ2-test). High addition (1500 & 3000 µg C g-1 soil) vs. rest = edge 37, significant 
at p<0.0001 (χ2-test). Highest addition (3000 µg C g-1 soil) vs. next lower addition (1500 µg C) = edge 27 significant at p<0.0001 
(χ2-test). For Moorepark soil, edges for rDNA: High addition (1500 & 3000 µg C g-1 soil) vs. rest = edge 38, significant at 
p<0.0001 (χ2-test). For Moorepark soil, edges for rRNA: High addition (1500 & 3000 µg C g-1 soil) vs. rest = edge 34, significant 
at p<0.0001 (χ2-test). Highest addition (3000 µg C g-1 soil) vs. next lower addition (1500 µg C g-1 soil) = edge 18 significant at 
p<0.0001 (χ2-test). 

5.3.5. Prokaryotic OTU-based activity state and changes  
With the two lowest labile C addition levels (+150 and +300 µg C g-1 DW) significant (s-value 

≤0.05) relative increases of 10 and 23 OTUs, respectively, were detected on the 16S rDNA level 

in Grange soil (Figure 5.3.5-1). The phylum Actinobacteria contained most of the increasing 

OTUs. The genus (Pseud)Arthrobacter was, in terms of increase (log2-fold change) and highest 

relative abundance, the most notable result, and was followed by Nakamurella, and 

Rhodococcus. The mentioned results on the 16S rDNA level were mirrored by the findings on 

16S rRNA level (Figure S-5.7.4-5). The latter two genera were indicated to be “basal active” 

along with other less abundant Proteobacteria, which were foremost from the class 

Alphaproteobacteria (Figure 5.3.5-1). 
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At the two lowest labile C addition levels, no significant increases on 16S rDNA level were 

indicated for Moorepark soil (Figure 5.3.5-2). At the 16S rRNA level the +300 µg C g-1 DW 

treatment level results indicated significant (s-value ≤0.05) relative increases dominated by 

Nakamurella and (Pseud)Arthrobacter, similar as in Grange soil but in different ranking (Figure 

S-5.7.4-6). 

With the two highest labile C addition levels (+1500 and +3000 µg C g-1 DW), in both soils 

significant increases (s-value ≤0.05) on the 16S rDNA level were indicated (Figure 5.3.5-1, 

Figure 5.3.5-2). With the doubling of labile C from the second highest to the highest labile C 

addition level, the counts of the relatively increasing populations increased from 24 % to 27 % 

and 17 % to 55 % of the total community 16S rDNA counts, in Grange and Moorepark soil, 

respectively (compare sequencing depth in material and methods 5.2.5). In both soils, the 

strongest relative increases were from the Actinobacterium (Pseud)Arthrobacter, which was 

already indicated to increase at the lower labile C addition levels. Interestingly, its 16S 

rRNA:rDNA ratio was not indicated to be significantly (s-value<0.05) above 1 at any labile C 

addition level in either soil (Figure S-5.7.4-9). Further notable strong relative increases were 

in Grange soil from Streptomyces (Actinobacterium) and from Pseudomonas (Proteobacteria). 

In Moorepark soil, further strong notable relative increases were detected for Nakamurella 

(Actinobacteria). These changes on 16S rDNA level were mirrored on 16S rRNA level (Figure S-

5.7.4-5, Figure S-5.7.4-6). The mentioned OTUs were not indicated to be “basal active” (Figure 

5.3.5-1, Figure 5.3.5-2). In both soils, the strongest increases in the number of relatively 

increasing OTUs was for the second highest labile C addition level (+1500 µg C g-1 DW ) over 

the next lower labile C addition level (+300 µg C g-1 DW) with +91 OTUs and +36 OTUs, in 

Grange and Moorepark soil respectively (Figure 5.3.5-1, Figure 5.3.5-2). The highest labile C 

addition level (+3000 µg C g-1 DW) saw an increase in the number of OTUs increasing over the 

next lower labile C addition level of +11 OTUs and +36 OTUs, for Grange and Moorepark soil 

respectively (same figures). In both soils, the major proportion of relatively increasing 

prokaryotic populations were not indicated to have been “basal active”. There were also at all 

labile C addition levels, “basal active” OTUs indicated to be significantly increasing (s-value 

≤0.05), albeit less abundant and with lower log2-fold increases (same figures).  



 

 

 
Figure 5.3.5-1: Grange soil significant (s-value≤0.05) changes on 16S rDNA level (up or down). Changes shown between the four labile C addition levels vs the basal Control H1. Difference increase of OTUs as difference 
when compared to the next higher labile C addition level. The contrast increase in OTUs by contrast between the levels, see supporting material Figure S-5.7.4-3. Total counts are average of n=4 replicates.



 

 

 
Figure 5.3.5-2: Moorepark soil significant (s-value≤0.05) changes on 16S rDNA level (up or down). Changes shown between the four labile C addition levels vs the basal Control H1. Difference increase of OTUs as 
difference when compared to the next higher labile C addition level. The contrast increase in OTUs by contrast between the levels, see supporting material Figure S-5.7.4-4. Total counts are average of n=4 replicates.
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Similarities of OTUs, in terms of significant relative abundance increases on 16S rDNA and 16S 

rRNA level over the labile C addition levels are presented in the following (Figure 5.3.5-3 for 

Grange soil and Figure 5.3.5-4 for Moorepark soil). Four characteristic categories are 

highlighted.  

The first category was characterised by 16S rDNA relative increases over the full range of labile 

C additions, and intense fold-increases at the two highest labile C addition levels as exhibited 

by (Pseud)Arthrobacter. In Grange soil, clusters 1, 2, and 4 (Figure 5.3.5-3) were most similar 

with (Pseud)Arthrobacter. These clusters contained Pseudomonas, an OTU from an 

unclassified bacterial phylum, and an OTU from the order Vampirovibrionales [Order 

Bdellovibrionales (DSMZ, 2020) or cand. phylum Melainabacteria (Hahn et al., 2017)]. The 16S 

V4 sequence fragment from the OTU with unknown phylum was placed with 96.84 % similarity 

in the phylum Patescibacteria, class Saccharimonadia, and order Saccharimonadales, where 

one candidate is listed in DSMZ (2020) as "Candidatus Saccharimonadia". No such 

characteristic cluster, where relative increases on 16S rDNA started at low labile C addition 

levels, were evident in Moorepark soil (Figure 5.3.5-4) due to the absence of on 16S rDNA level 

significantly increasing OTUs.  

The second category was characterised by strong relative increases on 16S rDNA level only at 

the two highest labile C addition levels. In Grange soil, cluster 7 (Figure 5.3.5-3) comprised 

Streptomycetaceae, Burkholderiaceae, Rhizobiaceae, and the genus Asticcacaulis. In 

Moorepark soil, cluster C and F (Figure 5.3.5-4) comprised of (Pseud)Arthrobacter, 

Rhodococcus, Pseudomonas and Paenibacillus. Asticcacaulis and Paenibacillus were indicated 

to have been “basal active” (same figures). Interestingly, there were also clusters in Grange 

soil indicated where the strongest relative increases were at intermediate labile C addition 

levels (cluster 5 and 6 in Figure 5.3.5-3) consisting of Nakamurella and Cellvibrio. 

The third category was characterised by moderate 16S rDNA increases with increasing labile 

C addition levels. In Grange soil, cluster 9 (Figure 5.3.5-3) and in Moorepark soil cluster M 

(Figure 5.3.5-4) adhered to that description and comprised of most/second most number of 

OTUs with significant increases. The OTUs are rooted in several phyla, which are consistently 

indicated not to have been “basal active”. The top three relatively abundant OTUs in Grange 

soil for that cluster were from the class KD4-96 (phylum Chloroflexi), an uncultured genus and 

genus Bradyrhizobium from the Xanthobacteraceae family (Order Rhizobiales). In Moorepark 

soil the top three relatively abundant OTUs from that cluster were from an unclassified genus 

from the Intrasporangiaceae family (Phylum Actinobacteria), genus Mycobacterium from the 

order Corynebacteriales (Phylum Actinobacteria), and genus Marmoricola from the order 

Propionibacteriales (Phylum Actinobacteria). 

The fourth category was characterised by strong increases on the 16S rRNA level at the two 

highest labile C addition levels. In Grange soil, clusters 8, 10, and 11 (Figure 5.3.5-3), and in 

Moorerpark soil, clusters A, B, D, E, G, H, J, K (Figure 5.3.5-4) were ascribed to that category. 

Most notable in both soils were numerous OTUs from the order Myxococcales and a 

dominance of OTUs, indicated to be “basal active”, which were from several phyla. 
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Figure 5.3.5-3: Grange soil heatmap of significant log-fold changes on 16S rDNA and rRNA level over labile C addition levels 
for OTUs. N=114 OTUs. Genus level or next lower taxonomic information for OTUs shown. Columns are biological units. N=4 
biological replicates.
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Figure 5.3.5-4: Moorepark soil heatmap of significant log-fold changes on 16S rDNA and rRNA level over labile C addition 
levels for OTUs. N=61 OTUs. Genus level or next lower taxonomic information for OTUs shown. Columns are biological units. 
N=4 biological replicates. 
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5.4. Discussion 

5.4.1. Lower magnitude of labile C additions and Priming 

Effects 
For labile C addition amounts less than the soil microbial biomass C (SMB-C) size, the research 

question was concerned with which bacterial populations would be activated, and which 

would be growing. It was hypothesised that at low magnitudes of substrate C additions, which 

would be ca. 15 % of SMB-C standing stock (see Case 1 Introduction), r-strategists would be 

activated, but that there would be no microbial growth and the measured Priming Effects 

would be “apparent” due to “triggering” the respiration activity of microbes (Blagodatskaya 

and Kuzyakov, 2008; De Nobili et al., 2001; Mondini et al., 2006; Hobbie and Hobbie, 2013). If 

the amount of added labile C was larger, but still less than the SMB-C size, it was further 

hypothesised that microbial turnover could occur, which would be another origin of 

“apparent” Priming Effects (see Case 2 Introduction).  

The first aspect to discuss concerns, which amounts of added labile C corresponded to which 

case (Case 1 or 2) for the two soils with differing SMB-C sizes investigated here. Indeed, it was 
suggested in the review by Blagodatskaya and Kuzyakov (2008) to relate the input amount of 
labile C to SMB-C. For the two soils used here, this would have led to different absolute 
amounts of labile C added (Table 5.2.1-1) and would have confounded comparability between 

soils. Therefore the same amounts of labile C were added to both soils, but the addition levels 
were chosen to cover the range of cases (Case 1 to 3) as related to SMB-C standing stock.  

Low magnitudes of substrate C additions pertaining to case 1, at ca. 15 % of SMB-C, would 

correspond to the +50 µg C g-1 DW week-1 treatment for Grange soil and the +100 µg C g-1 DW 

week-1 treatment for Moorepark soil (Table 5.2.1-1). For the second case, where amounts of 

added labile C would be higher than 50 % of SMB-C size but lower than 100 % of SMB-C size, 

the +500 µg C g-1 DW week-1 treatment would fall into this case for Moorepark soil. In Grange 

soil, there would not be nominally a match to the second case, and results point to a different 

case altogether discussed further below. 

A further point regarding the repeated mode of labile C additions are explained in the 

following. The labile C addition rates were applied three times in total (once weekly, Table 

5.2.1-1) before the microbial communities were measured for size and composition, and it 

may be of question, if this would be different to applying the labile C doses only once 

(Blagodatskaya and Kuzyakov, 2008). While the repeated mode might be closer to rhizosphere 

conditions than a comparably large pulse of substrate (e.g. point source from plant or animal 

decay), the consequences of the triple addition mode for testing the hypotheses differ for case 

1 and 2. For case 1, the repeat additions would not cause community changes, as “apparent” 

Priming Effects of “triggering” microbial respiration would predominate (Blagodatskaya and 

Kuzyakov, 2008). This would suggest that the investigation of case 1 would not be hampered 

by repeated weekly additions of labile C. Further, the amount of C added by the triple 

additions would sum to less than 50 % of microbial biomass C, while these single added 

amounts were mineralised rapidly (Figure 5.3.2-1). The results on the temporal dynamics of 

SOM-C mineralised fluxes (same figure) pointed to short lived Priming Effects after low levels 
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of labile C addition. Weekly differences in the C mineralisation response were, however, 

significant for the capacity for glucose mineralisation (Figure S-5.7.2-2, Figure S-5.7.2-3). This 

may point to underlying changes in the capacity of the microbial community to mineralise 

added labile C at the low labile C addition levels pertaining to case 1 (+50, and +100 µg C g-1 

DW week-1), even though the (bacterial) community composition was not indicated to be 

significantly different (Figure 5.3.4-1, Figure 5.3.4-2).  

 

Labile C addition levels pertaining to case 2 (possibly +100 or +500 in Grange soil and +500 µg 

C g-1 DW week-1 in Moorepark soil) would indeed be influenced by repeat additions, as 

microbial turnover and microbial community changes were hypothesised to underly the 

“apparent” Priming Effects in that case (Blagodatskaya and Kuzyakov, 2008). The implication 

for results of this experiment would be that the second and third addition would be made to 

a microbial community different from the initial point. However, it would be of question if the 

second and third additions drive the microbial community in a different trajectory of 

community change from the first addition. The repeated addition would be uncritical in regard 

to investigate case 2, if overall microbial growth is not facilitated. The increases in SMB-C 

(Figure 5.3.3-1), total DNA (Figure 5.3.3-2), bacteria specific 16S rDNA copies and 16S rRNA 

copies (Figure 5.3.3-3) with labile C addition levels pertaining to case 2 were not significant, 

albeit a higher mean over the control was evident in some measures. The results of bacterial 

community composition evenness and (dis)similarity (Figure 5.3.4-1, Figure 5.3.4-2) for the 

labile C addition levels of +100 and +500 µg C g-1 DW week-1 in Grange soil would indeed 

support the reasoning that the higher of the latter addition levels (+500 µg C g-1 DW week-1) 

is distinct from the low addition levels (+50 and +100 µg C g-1 DW week-1) in that the 

prokaryotic community of that treatment is more similar to the highest labile C addition level 

(+1000 µg C g-1 DW week-1) (same figures). Therefore the labile C addition level of +500 µg C 

g-1 DW week-1 is discussed in light of case 3 together with the +1000 µg C g-1 DW week-1 labile 

C addition level in the next section 5.4.2. 

 

The second aspect to discuss concerns the size of the soil microbial biomass C (SMB-C) 

standing stock as the reference for additions, as specific portions of it, e.g. between and within 

fungal and bacterial communities, may be active while others are dormant. Indeed, it was 

found previously that the amount of labile C addition relative to SMB-C was not able to explain 

SOM priming better than when expressed relative to the amount of dry weight soil (Liu et al., 

2017). Furthermore, in soil, only a minority of microbes are assumed to be in an active and 

potentially responsive state (Blagodatskaya and Kuzyakov, 2013; Hobbie and Hobbie, 2013) 

and from this two cases may be deduced. In the first case, for the “activation” of r-strategists 

(Fontaine et al., 2003), the added amount of labile C does not have to match “total” SMB-C 

standing stock to induce Priming Effects. In the second case of r-to K-strategist dynamics 

leading to Priming Effects (Blagodatskaya and Kuzyakov, 2008; Fontaine et al., 2003), substrate 

additions in excess of r-strategist demand could be utilised by K-strategists, where the latter 

are putative priming agents.  

In results here, the lower labile C addition levels (+50, and +100 µg C g-1 DW week-1 ) did not 

lead to average increases in SMB-C (Figure 5.3.3-1), total DNA (Figure 5.3.3-2), bacteria specific 
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16S rDNA copies and 16S rRNA copies (Figure 5.3.3-3) in either soil, and this would be 

consistent with the hypothesis, that microbial growth under relatively low labile C additions 

of case 1 could not occur (Blagodatskaya and Kuzyakov, 2008). It would be possible that the 

sensitivity of the measurements (SMB-C, total 16S DNA/RNA copies) would not be sufficient 

to detect such small changes to the addition of small amounts of C, while microbial growth 

could have occurred. Significant net ammonium and nitrate decreases occurred for low labile 

C addition levels in both soils (Figure 5.3.1-2). While the former might partially be explained 

by ammonia oxidation, the latter points to nitrate reduction ammonification, and assimilation 

as a sink. Denitrification might be another factor but would not be expected to be a dominant 

process, as the soil water content was adjusted in experiments to aerobic/oxic conditions at 

65 % water holding capacity (Paul and Clark, 1996). The extractable N decrease might 

therefore be an indication of microbial uptake of N already at low labile C addition levels (same 

figure), although it might not be evidence for growth. Even though fungal growth/size was not 

specifically monitored in this experiment, the findings in Reischke et al. (2014) and Reischke 

et al. (2015) would suggest that even the lowest labile C addition rates chosen here would 

result predominantly in bacterial growth. Indeed, at higher prokaryotic resolution level on 16S 

rDNA and 16S rRNA level with OTUs, it was found that with the lower labile C addition regimes 

(+50, and +100 µg C g-1 DW week-1), specific bacterial OTUs increased in relative abundance in 

both soils (Figure 5.3.5-1, Figure 5.3.5-2, and 16S rRNA for Moorepark soil in Figure S-5.7.4-6). 

This would signify that relatively low amounts of added labile C would be sufficient to drive 

growth of specific bacterial populations within the community. These community members 

benefiting from low C additions, while others did not, might be competitive in uptake, occupy 

spaces along interstitial water flow paths (Ekschmitt et al., 2005), or could be located in pore 

spaces differentially accessible and connected as influenced by soil water status and distance 

from labile substrate (Poll et al., 2008; Marschner et al., 2012). The further implication of this 

would be that at least part of the observed Priming Effects at relatively low labile C addition 

regimes could be real primed SOM mineralisation fluxes, as growing bacterial populations 

would satisfy their nutrient needs by SOM mineralisation (Blagodatskaya and Kuzyakov, 2008).  

However, a source of nutrients for growing populations could also be from microbial biomass 

turnover (Blagodatsky et al., 2010). Results here showed that there were populations with 

significant relative decreases with the lower labile C addition levels (Figure 5.3.5-1, Figure 

5.3.5-2 and 16S rRNA for Moorepark soil in Figure S-5.7.4-6), and this could signify microbial 

turnover and raise the possibility that nutrients are supplied from that pool. However, 

microbial turnover was not likely induced by the significantly (relatively) increasing 

populations, which are implicated in the primed response. This is because the relatively 

increasing populations did not likely relate to the significantly (relatively) decreasing 

populations in a holozoic fashion (i.e. predator-prey), as explained in the following, although 

competition or incidental damage may be a further possibility (Putman and Wratten, 1984). 

In both soils, predominantly Actinobacterial OTUs from the genera (Pseud)Arthrobacter and 

Nakamurella were indicated to increase at the low C addition levels of case 1 (same figures). 

In Moorepark soil, (Pseud)Arthrobacter did not exhibit significant increases at the 16S rDNA 

level for the two lower labile C addition levels (+50 and +100 µg C g-1 DW week-1), but showed 

significant increases on the 16S rRNA level with the +100 µg C g-1 DW week-1 labile C addition. 
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Detection of a significant effect here on 16S rRNA level would be consistent with the view that 

the RNA level would be more representative of the active community and be more sensitive 

to treatments than the DNA level (Abram, 2015). The (Pseud)Arthrobacter genus is 

characterised by chemoorganotrophic strains with the ability to utilise glucose for C and 

energy and many strains are capable of degradation of recalcitrant low molecular weight 

organic matter (LMWO) (Mongodin et al., 2006; Madigan et al., 2010; Busse, 2016). The 

Nakamurella genus, consisting of few strains, is characterised as chemoorganotrophic with 

the original strain described as exhibiting high capacities for uptake and storage of LMWO 

sugars such as glucose, fructose, mannose, galactose, maltose, sucrose, lactose (Yoshimi et 

al., 1996; Tao et al., 2004), while another strain was shown to utilise arabinose, myo-inositol 

and methyl mannoside instead as sole C and energy source (Lee et al., 2008; Nouioui et al., 

2017). The significant decreases in OTU relative abundance were from the genus 

Mycobacterium in Grange soil and from the family of Nocardiaceae in Moorepark soil (both 

are Actinobacteria). The genus Mycobacterium is highly diverse with some strains in soil 

characterised as saprotrophs (Gupta et al., 2018). The Nocardiaceae family exhibits several 

genera (Nouioui et al., 2018), of which the OTUs in the experiment here could not be more 

precisely phylogenetically placed. For example, the Nocardia genus among the Nocardiaceae 

family is common in soil, obligate aerobe, and many strains are hydrocarbon utilisers (Madigan 

et al., 2010). Overall, the reported chemo-heterotrophic biology of the discussed OTUs would 

support the view that the significantly (relatively) increasing populations at lower labile C 

addition levels would be involved in SOM mineralisation. Furthermore, as these OTUs were 

not reported to be predators, the relatively decreasing populations would not be decimated 

by the former group in a holozoic fashion. This would suggest that observed Priming Effects 

at low levels of labile C addition would not be due to microbial turnover, as a result of the 

interplay of the relatively increasing/decreasing OTUs. However, incidental damage by 

competition for the same niche, may explain microbial turnover and leave open the possibility 

of “apparent” Priming Effects to some degree.  

All in all, the evidence for growth of specific bacterial populations showed that lowest 

amounts of added labile C were already sufficient to promote growth of some populations. 

This would signify that Priming Effects at low levels of labile C addition, which do not cause 

overall microbial growth, may already be partly real, based on increased SOM decomposition 

and mineralisation from growing populations. However, there also remains the potential for 

“apparent” Priming Effects by “triggering” and microbial turnover. In respect to the possibility 

of real Priming Effects at low magnitudes of labile C additions, the hypothesis of Blagodatskaya 

and Kuzyakov (2008) would need to be amended, who hypothesised that only “apparent” 

Priming Effects could occur at such low labile C addition levels. Furthermore, case 2 with 

higher labile C additions, would present conditions even more conducive to microbial growth 

than in case 1 and thereby in principle expand the proportion of real Priming Effects, where 

previously these were thought to be wholly “apparent”. The crux would be, that it ultimately 

remains to be proven that growing microbes satisfy their nutrient demands by SOM 

mineralisation, e.g. by detecting the enzymes for recalcitrant and/or polymeric OM 

degradation, their function and linking their microbial origin to the growing populations. 
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5.4.2. Higher magnitude of labile C additions and Priming 

Effects 
On the basis of questions regarding which parts of the microbial community are active or 

stimulated and growing upon addition of relatively high amounts of labile C (Case 3: amount 

of substrate C ˃ soil microbial biomass C), it was hypothesised that r-strategists would initially 

grow and over time specialist microbial populations (e.g. K-strategists) would be activated and 

grow too. The measured Priming Effects of mineralised C fluxes were hypothesised to be “real” 

Priming Effects of increased SOM decomposition in driven by microbial nutrient needs in the 

growth phase (Blagodatskaya and Kuzyakov, 2008). 

The labile C addition amounts of +500 and +1000 µg C g-1 DW week-1 represented 126 % and 

252 % of soil microbial biomass C (SMB-C) stock in Grange soil (Table 5.2.1-1), respectively. In 

Moorepark soil, the same added amounts corresponded to 78 % and 156 % of SMB-C stock 

(Table 5.2.1-1), respectively. These labile C addition levels did not lead to consistent increases 

in all measures of microbial and bacterial pool sizes in either soil (Figure 5.3.3-1, Figure 5.3.3-2, 

Figure 5.3.3-3). With higher resolution results on 16S rDNA and 16S rRNA level it was indicated 

that with increasing labile C addition level, more bacterial OTUs were either significantly 

increasing or decreasing in relative abundance (Figure 5.3.5-1, Figure 5.3.5-2). The indication 

of increasing numbers of specific bacterial populations, which relatively increased with the 

two highest labile C addition levels (Figure 5.3.5-1, Figure 5.3.5-2) would agree with the 

hypothesis of Blagodatskaya and Kuzyakov (2008), that labile C inputs similar or larger in 

amount than the microbial biomass standing stock can support growth of larger portions of 

the microbial community. Also, on the 16S rRNA level, the evenness increased with the two 

highest labile C addition levels and this would suggest that increasing proportions of the 

bacterial community are activated when considering rRNA as a proxy for the (potentially) 

active community (Figure 5.3.4-1). At present it cannot be deduced if the relatively decreasing 

populations (Figure 5.3.5-1, Figure 5.3.5-2) were actually decreasing in abundance or simply 

did not grow and thereby became relatively less abundant when other OTUs increased. The 

relative decrease might suggest microbial turnover in the former case or “dormancy” in the 

latter case. Overall, the microbial dynamics would be in line with proposed mechanisms of 

real and apparent Priming Effects at these higher levels of labile C addition, pertaining to 

increased SOM decomposition from growing populations and portions of C mineralised fluxes 

from microbial turnover.  

Results here also supported the hypothesis that at labile C additions sufficient to drive 

microbial growth (Case 3), r-strategists (e.g. characterised by high log-fold increases) were 

increasing and eventually K-strategists would be activated and grow too. However, the 

analysis of clusters of relative increases on 16S rDNA and rRNA level over the range of labile C 

additions (Figure 5.3.5-3, Figure 5.3.5-4) and the reported biology of the identified genera 

indicated that there was an interplay of ca. four groups/strategies evident. The 

groups/strategies were firstly strongly increasing r-strategists implicated in SOM 

mineralisation, secondly only at the two highest labile C addition levels strongly increasing r-

strategists or competitor types, thirdly moderately increasing bacterial populations, and 
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fourthly at the two highest labile C addition levels strongly activated “basal active” bacteria 

(suggestive of K-selection), amongst which many were reported bacterial predators. 

Conforming to the first type (Figure 5.3.5-3 cluster 1, 2, 3, 4) the strongest (relative) fold-

increase with the largest relative abundance was an OTU from the genus (Pseud)Arthrobacter 

in both soils (Figure 5.3.5-1, Figure 5.3.5-2). It was indicated to increase on 16S rDNA level 

already at the two lowest labile C addition treatments in Grange soil (discussed previous 

section). In both soils, the (Pseud)Arthrobacter populations were not indicated to be “basal 

active” based on their 16S rRNA:rDNA ratio. However, despite the strong relative log-fold 

increases indicated on 16S rDNA and rRNA level in both soils (same figures), suggesting strong 

growth, the rRNA:rDNA ratio of (Pseud)Arthrobacter over the full range of labile C additions 

was not significantly above 1 in either soil (Figure S-5.7.4-9). An explanation was given in Denef 

et al. (2016), where it was argued that smaller bacteria are limited in the number of ribosomes 

that can be contained in the cell and that this would lead to lower rRNA:rDNA ratios. As strains 

of (Pseud)Arthrobacter were reported to be generally small with diameters of ≤1 µm (Madigan 

et al., 2010; Busse, 2016) this would be a possible explanation for low rRNA:rDNA ratios for 

this OTU. Overall, the results would point to (Pseud)Arthrobacter conforming to r-selected 

properties, as r-strategists are viewed to be energy limited and rely on high growth rates to 

colonise and fill an empty niche space (Fontaine et al., 2003; Pianka, 1970). The reported 

nutrition of (Pseud)Arthrobacter strains would suggest that it is capable of recalcitrant OM 

degradation (Madigan et al., 2010; Mongodin et al., 2006).  

Two more bacterial OTUs with similar relative increases to (Pseud)Arthrobacter were indicated 

in Grange soil. These were an OTU from the genus Pseudomonas and an OTU from an 

unknown bacterial phylum (Figure 5.3.5-3, cluster 1, and 2). For Grange soil, Pseudomonas 

exhibited the largest log-fold increases with increasing labile C additions (Figure 5.3.5-1), and 

these organisms are reportedly able to metabolise a wide range of low molecular weight 

organic matter (LMWO), including recalcitrant substances (Madigan et al., 2010), suggesting 

that this genus here also conformed to an r-strategy. The other OTU, due to the reported 

biology likely would not conform to an r-strategy in relation to Priming Effects. By comparison 

of its sequenced 16S V4 fragments in databases with ARB-SILVA (Quast et al., 2012), it was 

shown to exhibit high similarity to representatives of the class Saccharimonadia (Phylum 

Patescibacteria). Bacteria of that phylum are reportedly very small and genome size of 

investigated strains of Saccharimonadia exhibited lack of essential metabolism genes 

suggesting that they are living in symbiotic relations with other microorganisms (Lemos et al., 

2019). 

In Moorepark soil, due to the general absence of significant relative increases on 16S rDNA 

level for the two lowest labile C addition levels (Figure 5.3.5-2), (Pseud)Arthrobacter, 

Pseudomonas, and Rhodococcus clustered differently than in Grange soil (Figure 5.3.5-4, 

cluster C and F). It remains of question, why among those organisms Pseudomonas, was not 

able to proliferate in terms of fold-increases and relative abundance in Moorepark soil as 

occurred in Grange soil. This might point to issues of co-location with substrate, accessibility, 

stabilisation, micronutrients, (Six and Jastrow, 2002; Feeney et al., 2006; Dungait et al., 2012; 

Kleber et al., 2007; Lehmann and Kleber, 2015), and microbial competition. It is notable that 



Chapter 5: Soil response potentials of microbial communities 

224 
 

(Pseud)Arthrobacter, Pseudomonas, and Rhodococcus, which are capable of aerobic chemo-

organo-heterotrophic hydrocarbon degradation (Madigan et al., 2010), are also listed as the 

top three organisms with biodegradative capacities/number of pathways for primarily 

xenobiotic compounds in the University of Minnesota Biocatalysis/Biodegradation Database 

(UM-BBD) (Mongodin et al., 2006). This is suggestive of their capacity to degrade recalcitrant 

SOM (Mongodin et al., 2006) and their relevance here to real Priming Effects.  

The second type clustering with strength of relative abundance change, with strong fold-

increases only at the two highest labile C addition levels, was indicated only in Grange soil, 

when Pseudomonas and Rhodococcus in Moorepark soil (Figure 5.3.5-4, cluster C and F) are 

classed with the previously discussed grouping. In Grange soil, the Streptomycetaceae, 

Burkholderiaceae, Rhizobiaceae, and Asticcacaulis clustered in terms of similarity of strength 

of relative abundance change (Figure 5.3.5-3, cluster 7). Streptomyces (filamentous bacteria) 

typically produce extracellular hydrolytic enzymes against starch, cellulose, hemicellulose, 

proteins, and fats and some strains can degrade complex hydrocarbons such as lignin, tannins, 

and other polymers (Madigan et al., 2010). Potentially of relevance to nutrient dynamics, is 

that it is suspected that Streptomyces species (Gram-positives) initiate the sporulation phase 

when nutrients are limiting and produce antibiotics to inhibit competition and complete their 

sporulation process (Madigan et al., 2010). This could be a factor for Priming Effects relating 

to microbial turnover and return of soil respiration to its initial state after labile C supply is 

exhausted (Blagodatskaya and Kuzyakov, 2008). Despite that Moorepark soil contained 6 

OTUs of Streptomyces, these were neither as relatively abundant nor exhibited same strength 

of relative abundance change patterns as in Grange soil (not shown). Again, this might point 

to other factors such as accessibility, stabilisation, competition, etc. playing a role in 

proliferation as discussed for Pseudomonas previously. Further notable members of that 

cluster of similarity in strength of relative abundance change in Grange soil (Figure 5.3.5-3, 

cluster 7) were Sphingobacteriaceae and Burkholderiaceae. Sphingobacteriaceae were 

reported to be able to degrade pectins, xylan, laminarin and some other polysaccharides 

(Pankratov et al., 2007). Burkholderiaceae are ascribed to the “Pseudomonads” 

(Pseudomonas-like) group, which typically are microbes with chemo-organotrophic nutrition, 

depending on oxic respiration, and with simple nutritional requirements (Madigan et al., 

2010). Many organisms of that group can use hundreds of low molecular weight organic 

compounds (LMWOs), of plant, animal, and xenobiotic origin, while they typically lack 

hydrolytic enzymes to break down polymers. Burkholderiaceae in particular are nutritionally 

versatile, and many were found to be plant and animal pathogens (Madigan et al., 2010). 

Asticcacaulis contains species isolated from wide ranging environments such as tundra soil, 

root endophyte, forest soil, lake sediment, and cave soil (DSMZ, 2020). The species isolated 

from tundra and forest soil were shown to be aerobic, chemoheterotrophic, prosthecate 

bacteria (Kim et al., 2013; Vasilyeva et al., 2006). It is generally regarded that the prosthecate 

form, through the increase in specific surface area, enables increased contact area with the 

surrounding medium and the enhanced throughput of medium thereby facilitates survival in 

environments with extremely low concentrations of organic material and nutrients (Madigan 

et al., 2010; Vasilyeva et al., 2006), corresponding to traits of oligotrophic feeding. The 

specimens from forest soil were enriched in a medium with microcrystalline cellulose (Kim et 
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al., 2013), underlining the ability of members of this genus to also degrade polymeric OM. 

Despite that the second type of relative abundance change cluster was more heterogenous in 

terms of the biology of its members, its members exhibited high log-fold increases on 16S 

rDNA level at the two highest labile C addition levels, consistent with r-strategic behaviour. 

Overall, the nutrition of these members was reported to be chemoheterotrophic with some 

reports for degradation of polymeric OM. This would underline the relevance of this cluster 

for real Priming Effects of SOM degradation as r-strategists. 

The members of the third type of relative abundance change cluster exhibited moderate but 

significant increases in 16S rDNA with increasing labile C addition level, suggesting that these 

could be K-strategic populations. However, none of its members were indicated to be “basal 

active” (Figure 5.3.5-3 cluster 9, and Figure 5.3.5-4 cluster M). It would be expected that K-

strategists would be continually active (Blagodatskaya and Kuzyakov, 2008; Fontaine et al., 

2003; Pianka, 1970), and thereby also active in basal conditions. That “basal activity” was not 

indicated for any member of this cluster type would be inconsistent with considering this 

cluster as K-strategic. Caution was suggested in using 16S rRNA:rDNA ratios as an indication 

of potential activity (Denef et al., 2016; Blazewicz et al., 2013). The actual ratio for bacteria 

also dependent on cell size and specific biology (Denef et al., 2016). The nutrition of some of 

the most relatively abundant members of those clusters, e.g. Chloroflexi and Rhizobiales in 

Grange soil (KD4-96, Bradyrhizobium and uncultured from Xanthobacteraceae family) and 

coryneform and propionic acid bacteria in Moorepark soil (Intrasporangiaceae, 

Mycobacterium, and Marmoricola) would point, however, to chemo-organo-heterotrophic 

nutrition (Madigan et al., 2010; Schellenberger et al., 2010) and would be consistent with the 

observed responses to labile C treatments. This would suggest their involvement in labile C 

uptake, but their involvement in SOM decomposition remains elusive. For example it is of 

question if they were not able to increase strongly due to nutrient limitation and not 

decomposing SOM for accessing nutrients (viz. they are generally not degrading SOM), or that 

there were other factors of e.g. co-location, accessibility, and interplay with other organisms 

that prevented them from SOM decomposition.  

In the fourth relative abundance cluster type, mostly “basal active” bacteria were clustered, 

which were strongly stimulated in terms of strong increases on 16S rRNA level at the two 

highest labile C addition levels (Figure 5.3.5-3 cluster clusters 8, 10, 11 and Figure 5.3.5-4 

clusters A, B, D, E, G, H , J, K). This type of cluster would be consistent with the hypothesis in 

Blagodatskaya and Kuzyakov (2008), that K-strategic types are stimulated at relatively high 

substrate additions (Case 3, introduction). These groups also exhibited significant relative 

increases on 16S rDNA level, but more moderate in comparison to the 16S rRNA level, and this 

would agree with the hypothesis that K-strategist would eventually start growing 

(Blagodatskaya and Kuzyakov, 2008). Some of the phyla in this K-type clusters, such as 

Rhizobiales, Corynebacteriales and Burkholderiaceae were also clustered in both soils in 

previous relative abundance change cluster types 1, 2, or 3 (but were different OTUs). On the 

one hand this could suggest that there are species and strain differences, which impact on 

their r- to K-strategies in priming conditions. On the other hand, eco-physiological differences 

of genera seem to be captured here even with OTU level resolution of the sequenced 16S V4 

fragment, because OTUs of the same phyla are placed in different clusters (same figures). 
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Evidence here for eco-physiological differences of OTUs would be consistent with the body of 

research on microbial ecology, where it is recognized that even between populations of the 

same strain, different capabilities and roles can be exhibited, partly due to micro-

environmental heterogeneity over small scales (Cordero and Polz, 2014). Even within the 

same environment, differentiating behaviour of populations was shown for a Paenibacillus 

species with “builders” and “explorers” populations (Roth et al., 2013) and this might have 

relevance to differences of bacterial behaviour in real Priming Effects (e.g. r- or K-strategic). 

For example, a Paenibacillus OTU, as present in cluster F in Moorepark soil (Figure 5.3.5-4) 

was indicated to be “basal active” and also exhibited strong log-fold increases at the two 

highest labile C additions levels. In light of the possibility of population differentiating 

behaviour, this could signify that depending on the environmental context, e.g. basal or 

primed, specific bacteria (or parts of its populations) may be exhibiting r- or K-selected 

strategies. This in turn might also explain the observations made in experiments of substrate-

induced respiration in Stenström et al. (2001), where it was suspected that populations were 

able to transition from to r-to K-strategic and vice versa. 

Interestingly, among members of the fourth relative abundance change type cluster, there 

were also predatory bacteria. These were strongly stimulated at the two highest labile C 

addition levels and were indicated to be consistently “basal active” (Figure 5.3.5-3 cluster 

clusters 8, 10, 11 and Figure 5.3.5-4 clusters B, D, E, G, H, J, K). In results here, these predatory 

bacteria were primarily from the order Myxococcales (e.g. families Phaselicystidaceae, 

Archangiaceae, Haliangiaceae, Polyangiaceae, BIrii41, P3OB-42, and Sandaracinaceae). Other 

predatory bacteria, e.g. Cytophagaceae were also identified in both soils of this experiment 

but less abundant and this agreed with results from Wang et al. (2020). The Myxococcales are 

regarded as predatory bacteria with a complex life cycle (Madigan et al., 2010). The results 

here may suggest that they are strongly stimulated in conditions of strong growth from other 

bacteria (e.g. type 1 and 2 cluster), which may be presumed to be their prey, and would agree 

with findings on co-occurrence patterns of predatory bacteria with other nutrient types of 

bacteria in agricultural soils (Wang et al., 2020).  

That cluster 1 and 2 bacterial populations would be r-strategic and engage in SOM degradation 

activity and their growth and activity would then stimulate the activity and growth of “basal 

active” K-strategists (cluster 4), would be consistent with the Priming Effect mechanisms of r- 

and K- strategist dynamics as originally proposed in Blagodatskaya and Kuzyakov (2008). 

Furthermore, the indication here of “basal active” apparently K-selected bacterial predators 

has further implications for the dynamics of Priming Effects (see next section). 

5.4.3. Real and apparent Priming Effects on the basis of 

bacterial community dynamics 
It would be of further question, how the here observed bacterial community dynamics and 

Priming Effect temporal dynamics fit the conceptualised temporal dynamics and the 

contributions of apparent and real Priming Effects (Blagodatskaya and Kuzyakov, 2008). From 

a temporal perspective, it was hypothesised that initially apparent Priming Effects of microbial 

“triggering” of respiration and microbial turnover may occur and last for a few days, while high 
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substrate additions would initially lead to negative priming due to preferential substrate 

utilisation. After depletion of the substrate it was hypothesised that real Priming Effects due 

to microbial growth and concomitant nutrient needs would be satisfied by SOM mineralisation 

(Blagodatskaya and Kuzyakov, 2008).  

In results here, respiration was indicated to be glucose driven in both soils, as the temporal 

profile of respiration rate and glucose mineralisation rate was congruent over the different 

magnitudes of labile C addition (Figure 5.3.2-1, panel A, B, D, E). Also, cumulative SOM 

mineralisation was shown to be linearly correlated over labile C addition levels (Figure 5.3.1-1) 

and this is consistent with the findings of Liu et al. (2017). The temporal profile of SOM 

mineralisation rates here suggested that it too was driven by the magnitude of labile C supply, 

as the more rapid glucose depletion of lower addition levels and in the larger soil microbial 

community in Moorepark soil were followed by a drop in the SOM mineralisation rate (Figure 

5.3.2-1, Panel E, F). In Grange soil, the glucose was not to consumed as rapidly. At the highest 

labile C addition level, the glucose was mostly not fully consumed until at least 4 days after 

addition and SOM mineralisation rates remained on the same level throughout this period 

(Figure 5.3.2-1, Panel B, C). This would suggest that glucose was a driver of increased SOM 

mineralisation and agree with the findings in Paterson and Sim (2013).  

That specific bacterial OTUs (cluster 1) increased in abundance even at lower labile C additions 

(Case 1 and 2, see discussion 5.4.1) would signify that real Priming Effects may be stimulated 

at these addition rates and occur rapidly in contrast to the conceptual framework in 

Blagodatskaya and Kuzyakov (2008). This suggestion may be supported by the finding that 

bacterial OTUs from cluster 1, i.e. (Pseud)Arthrobacter continued to be the most abundant 

populations with growth at higher labile C additions (Case 3, see discussion 5.4.2). The growing 

populations represented ca. 24 % to 27 %, and 17 % to 55 % of the total prokaryotic 

community counts at the two highest labile C addition levels, in Grange and Moorepark soil, 

respectively (Figure 5.3.5-1, Figure 5.3.5-2), while the extractable ammonium and nitrate 

levels decreased significantly over the control with increasing labile C addition level to near 

zero (Figure 5.3.1-2). This would be a strong rationale that the growing populations would 

need to satisfy their nutrient needs from SOM mineralisation. As the nutrient requirements 

for growth will have to be satisfied and precede it, it would be conceivable that real increase 

of SOM mineralisation would be also initiated within a short timeframe of labile C addition. 

This would be consistent with findings in Reischke et al. (2014) and Reischke et al. (2015), 

where it was shown that after labile C addition, microbial growth was temporally decoupled 

from respiration increase by ca. 1 day. As nutrient acquisition would need to precede growth, 

this would place SOM mineralisation for availing of nutrients into that short timeframe. 

In both soils, a significant increase in extractable ammonium concentration for the highest 

labile C addition treatment over that of the next lower labile C addition level (Figure 5.3.1-2), 

may be further indication of increased SOM mineralisation to supply nutrients. However, 

increased SOM mineralisation alone cannot fully explain the increased ammonium levels, as 

for example microbial assimilation and ammonia oxidation would be expected to consume 

that N, and further portions of ammonium may be unavailable by adsorption to minerals 

(Alshameri et al., 2018). Other mechanisms may explain net N increase. These may be in this 
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setting, the relative proportions of heterogenous SOM moieties with narrow C:N ratio, above 

the nutrient demands of the growing and SOM mining populations (Chen et al. 2014; Fontaine 

et al., 2011). Here the possibility of nutrient waste metabolism (Mooshammer et al., 2014) is 

discounted as the added substrate was C only and would lead to a nutrient mining rationale 

(Blagodatskaya and Kuzyakov, 2008). Results here also suggest another net N increase 

mechanism. Predation was suggested in results here to be an element of the bacterial 

community dynamics under higher magnitudes of labile C addition (see discussion of cluster 4 

in section 5.4.2). Bacterial predator-prey dynamics (e.g. cluster type 1 and 2 vs. predators from 

cluster type 4), would have relevance for nutrient release. Previously, nutrient releases in the 

rhizosphere could be explained by mechanisms of the “microbial loop” by predation of micro-

fauna, such as protists, on microorganisms (Clarholm, 1985; Bonkowski and Clarholm, 2002). 

Also, phage predation is reportedly widespread in soil (Gomez and Buckling, 2011; Cordero 

and Polz, 2014), ultimately leading to bacterial lysis and the possibility of nutrient release. 

However, the phage-host dynamics in soil have been described as not as far sweeping in terms 

of an “arms race”, but rather characterised by long periods of lysogenic stages and a tendency 

of hosts to reduce fitness costs as determined by the variability of the soil environment (Marsh 

and Wellington, 1994; Gomez and Buckling, 2011). In this study, even when bacterial 

predators exhibited the same C:N ratio as their prey (e.g. both 5:1), when taking into account 

60 % of C would be used for respiration, then a substrate C:N ratio below 12.5 would lead to 

N release (Hodge et al., 2000). The relatively higher proportions and log-fold increases of SOM 

degrading r-strategists (cluster type 1, discussion 5.4.2) than those of the predatory bacteria 

would suggest that this is a sustainable predator-prey dynamic with nutrient release effect. 

The importance of bacterial predators for soil nutrient dynamics would agree with findings in 

Wang et al. (2020). 

Interestingly, in contrast to the suggestion in Blagodatskaya and Kuzyakov (2008) that real 

Priming Effects can outweigh the substrate input, the results for both soils showed that with 

higher magnitude of labile C additions, increasing amounts of C remained in the soil matrix, 

despite positive Priming Effects (Table 5.3.1-1). This would agree with the experimental results 

of many other studies reported in Liu et al. (2017). Even with the linear increase of real Priming 

Effects (i.e. increased SOC mineralisation) with increasing labile C additions (Figure 5.3.1-1), 

the concurrent net increasing SOC balance (Table 5.3.1-1) could signify that there is not 

necessarily a trade-off between nutrient release by SOM mineralisation and SOM build-up for 

soil improvement (Janzen, 2006). This finding of net increasing SOC balance is surprising, when 

considering that the major portion of those SOC fluxes concerned comparably “fast-flowing” 

pools (Janzen, 2006) of labile C addition and its mineralisation by respiration. The diversity of 

mechanisms acting in stabilising OM, such as mineral matrix stabilisation and occlusion (see 

Introduction section 1.2), could suggest that different (stable) SOM moieties are being built-

up, while at the same time others are being decomposed by microbes in priming. It would be 

possible that the SOM pools sequestering C in the short term were distinct from the primed, 

mineralised SOM moieties. That positive priming would be a microbial activity of specific 

mobilisation of N-rich moieties, would then be consistent with the findings here (c.f. “N-

mining” Murphy et al., 2015; Chen et al., 2014; Fontaine et al., 2011). Additionally, there is the 

further possibility that added C is initially, primarily incorporated into microbial biomass 
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(Strickland et al., 2012), and that this increasing C pool is not recovered in chloroform-labile, 

and aqueous medium extractable C (SMB-C), but could be found in microbial lipids (Glanville 

et al., 2016). Aside from mineral adsorption, considering that most stable SOM is considered 

to be of microbial origin and added glucose presents a substrate with high C use efficiency 

(Cotrufo et al., 2013; Dungait et al., 2012), this might explain increases in the “Tally unknown 

pool” (Table 5.3.1-1), when the increases in microbial C was not measurable as cytosolic C but 

as lipid C. In this study, the differences in soils between the proportions of respired C, 

recovered C in SMB-C, and C in “Tally unknown pool” could then further point to soil specific 

factors of physico-chemical environment, C use efficiency of the microbial community, and be 

consistent with nutrient status as a factor on these relations (Spohn et al., 2016).  

5.5. Summary and Conclusions 
This experiment investigated the connection of the magnitude of labile C addition to microbial 

community dynamics. The main hypothesis in that the dependency of Priming Effects on the 

magnitude of labile C was underlying an interplay of r- and K-strategists involved in primed 

SOM decomposition was largely supported by the bacterial dynamics observed in two soils. 

However, bacteria implicated in SOM decomposition, i.e. (Pseud)Arthrobacter, proliferated 

even at low levels of labile C input, which suggested that real Priming Effects would already 

occur at relatively low labile C input levels. There were soil-specific differences observed in 

some less abundant OTUs implicated with primed SOM responses. The onset of activity and 

growth at higher labile C addition levels of bacterial K-strategists, as characterised by low rates 

of increase and “basal activity”, would further support hypothesised mechanisms of Priming 

Effects. Additionally, there was indication in some OTUs of K-strategic clusters, that there may 

not be clear delineation into r- and K-strategies and that there may be underlying biological 

life strategies pertaining to species or even populations, which would allow transition 

between those categories. Furthermore, data revealed that apart from SOM degrading 

chemo-organo-heterotrophs, bacterial predators also exhibited apparent K-selection and 

their population dynamics with r-strategists would have further implications for nutrient 

dynamics by extending the “microbial loop” concept to bacterial predators. Although fungal 

community dynamics were not investigated here, the results show that there is a bacterial 

mediated part of primed SOM mineralisation.  
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5.7. Supporting material 

5.7.1. Supporting material and methods 
16S rDNA copies correction via regression 

 

Figure S-5.7.1-1: P1 is chapter 4 experiment. P3 is chapter 5 experiment. Amplification efficiency comparison:1) Top graphs 
are 16S V3 rDNA gene copies uL-1 over total DNA (ug ml-1) and regression assumptions were checked, 2) Bottom graphs are 
Amplification efficiency in qPCR with cycle threshold (Cq) over log starting quantity (SQ) derived from 16S standards (as 
described in chapter 4 material and methods). The lower amplification efficiency in the qPCR run for chapter 5 experiment 
(P3) as compared to chapter 4 experiment (P1) can be seen. The 16S rDNA copy numbers in P3 experiment were then 
corrected by taking the regression equation from P1. 

16S rRNA copies plate correction 

Reverse transcribed RNA (cDNA) samples of two experiments (chapter 4 and 5) were run on 

two consecutive plates with the same reaction mix for amplification of the 16S V3 rRNA region. 

Results from the second plate (chapter 5) with a qPCR efficiency at 88.6 % (vs. 96.6 % in first 

plate) exhibited lower copy numbers than expected. A plate correction was done by re-

running select samples from the two separate plates in the same reaction run (plate) and 

calculating the mean distance decrease between plates (Plate correction qPCR run metrics: 

E=77.9 %, R2=94.9 %). The average distance between plate 1 and plate 2 samples was 4.53 

x107 copies and decreased to 1.87 x107 copies, when run together. The correction factor is 

calculated by the ratio of these mean distances to be 2.429. 
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Figure S-5.7.1-2: qPCR results of 16S V3 cDNA for select samples run initially on two plates (Plate 1 and plate 2 samples) and 
then run together to calculate the mean distance decrease between these samples (“Former plate x samples”). Box plot of 
consisting of n=4 samples with box for interquartile range, whiskers for quartiles, cross within box for mean, horizontal line 
for median. 

5.7.2. Supporting materials for results of C and N flux, 

microbial biomass C, and 16S rRNA copies 

 
Figure S-5.7.2-1: Boxplots of total (cumulated) SOM mineralised, resolved for phases. Assumptions for total SOM calculation 
were based on area spanned by time and rate: Note: Phase (week) 3 only lasted for 3 days. Treatment effects were assessed 
with one-way ANOVA with glucose levels as treatment factors, or with Kruskal-Wallis test when data were not normally 
distributed. Pairwise differences were assessed with Tukey HSD for ANOVA or pairwise Wilcoxon rank sum tests and were 
taken to be significant at p<0.05. n=4 replicates. 
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Table S-5.7.2-1: (log) Linear regression equations for cumulated SOM mineralised per week (log transformed) over glucose 
addition rate. Regression factors for slope and intercept are given with significance of factor (***), standard error (SE) and 
95 % confidence interval. The intercept is contrasted with the values of the “Control” treatment for each soil and would 
indicate a minimum substrate threshold when the intercept is lower than the Control value. The minimum amount of labile 
C (glucose) addition needed to induce priming effects is in principle given where the intercept of regression lines is below 
values of the “basal”/control units (no glucose addition). 

Soil Phase 

Slope  Intercept  

Comment 
Slope 

(mean±SE) 

95 % Confidence 
interval 

(Lower/Upper) 
 

Intercept 
(mean±SE) 

95 % Confidence 
interval (Lower/ 

Upper) 

Control 
(mean 
±SE) 

Grange Week 1 4.678e-04 *** ±  
4.449e-05 

0.0003743547/ 
0.0005612946 

 3.783 *** ±  
2.236e-02 

3.7362/ 
3.8301 

3.7361 ± 
0.0268 

 

 Week 2 5.696e-04 *** ± 
 5.625e-05 

0.0004514497/ 
0.0006878113 

 3.772 *** ± 
2.827e-02 

3.7130/ 
3.8318 

3.7861 ± 
0.0527 

 

 Week 3 8.074e-04 *** ± 
7.723e-05 

0.0006451841/ 
0.0009696968 

 2.938 *** ± 
3.881e-02 

2.8565/ 
3.0196 

2.8663 ± 
0.0697 

Resid. not 
normal 

Moorepark Week 1 3.268e-04 *** ± 
2.511e-05 

0.000274029/ 
0.0003795278 

 4.583 *** ± 
1.262e-02 

4.5566/ 
4.6096 

4.5445 ± 
0.0065 

 

 Week 2 3.518e-04 *** ± 
3.083e-05 

0.0002869935/ 
0.0004165183 

 4.502 *** ± 
1.549e-02 

4.4699/ 
4.5350 

4.4562 ± 
0.0052 

Data not 
normal (log) 

 Week 3 5.195e-04 *** ± 
6.365e-05 

0.0003857257/ 
0.0006531906 

 3.613 *** ± 
3.199e-02 

3.5456/ 
3.6800 

3.5129 ± 
0.0259 

Data not 
normal (log) 

*** Significant at p <0.0001 
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Figure S-5.7.2-2: Grange soil boxplots of respiration, glucose mineralisation, and SOM mineralisation daily rate compared between phases (week) for each day of each phase (week). Effect of 
phase as treatment were tested with non-parametric Kruskal-Wallis or ANOVA, as indicated. Pairwise differences were assessed with pairwise Wilcoxon rank sum test or Tukey HSD, as indicated.  



Chapter 5: Supporting material 

 

 

 

Figure S-5.7.2-3: Moorepark soil boxplots of respiration, glucose mineralisation, and SOM mineralisation rate compared between phases (week) for each day of each phase (week). Effect of 
phase as treatment were tested with non-parametric Kruskal-Wallis or ANOVA, as indicated. Pairwise differences were assessed with pairwise Wilcoxon rank sum test or Tukey HSD, as indicated. 
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Figure S-5.7.2-4: Ratio of SMB-C to total DNA. Statistical model as indicated. Treatments were applied in total 3 times. 

 

 
Figure S-5.7.2-5: Left hand side shows 16S gene copies g-1 DW of 16S V3 region (rDNA) normalised to minimum. Right hand 
side shows estimated actual copy numbers of 16S rDNA using the regression from chapter 4 material and methods for the 
same soils and analysis stream but run on a different qPCR plate. N=4 biological replicates. Values are missing for left hand 
side data for 1 replicate of Control Moorepark and one replicate of Grange +1000 µg C g-1 DW week-1 treatment. 
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Figure S-5.7.2-6: Reverse transcribed RNA (cDNA) copies of 16S V3 rRNA region. Left hand side shows uncorrected results, 
where due to plate differences 2 replicates out of 4 were removed from Moorepark glucose treatment units. Right hand side 
shows values that were corrected with plate correction factor and show 4 biological replicates per combination. Plate 
correction was done as lined out in material and methods. 

 
Figure S-5.7.2-7: Potential change of prokaryotic 16S rDNA or 16S rRNA normalised to respectively total DNA or RNA. Panel 
A: 16S rDNA normalised, one value for Moorepark control and Grange +3000 µg C g-1 DW missing. Panel B: 16S rRNA 
normalised for Moorepark soil one outlier removed and this led to normal distribution of data. 

 
Figure S-5.7.2-8: Ratio of absolute copy numbers of 16S rRNA (cDNA) over 16S rDNA with corrections applied as described in 
Figure S-5.7.1-1 and Figure S-5.7.1-2. On left hand side, copies were normalised to respective nucleic acid concentration (Total 
RNA for 16S rRNA and total DNA for 16S rDNA) to account for absolute changes in nucleic acids. On the right hand side ratios 
were formed by dividing the absolute numbers of copies g-1 DW for 16S rRNA over 16S rDNA. N= 4 biological replicate per 
treatment combination except for Control Moorepark, +300 Grange and +3000 µg C g-1 DW Grange with 3 out of 4 biological 
replicates. Differences between soils were significant as indicated above panels. 
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5.7.3. Supporting material community composition 
Grange and Moorepark soil had over all replicates 3830 OTUs in common on the 16S rDNA 

level (doubletons removed). Within the respective soils, Grange exhibited 1572 core OTUs, 

while Moorepark soil exhibited 1521 core OTUs. Alpha diversity in terms of richness for both 

soils was estimated based on observed OTU richness, Chao1 and Abundance-based coverage 

estimator (ACE) with phyloseq (Figure 5.7.3-1). 

 

 

Figure S-5.7.3-1: Alpha diversity measures of observed and estimated richness for Grange soil (upper panel) and Moorepark 
soil (lower panel). 16S rDNA and rRNA counts had doubletons removed (rare OTUs with less than 3 counts in each soil set). 
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Figure S-5.7.3-2: Relative abundance on phylum level for Grange soil (upper panel) and Moorepark soil (lower panel) with 
increasing total labile C addition (µg C g-1 DW soil) from left to right. 16S rDNA level on left hand side and 16S rRNA level on 
right hand side. Count data had doubletons removed, rarefied to even depth for each soil and relativized to total. Fractions 
shown as % mean ±sd for top 8 phyla indicated by * in legend. 
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5.7.4. Supporting material treatment effects on OTUs 

 

Figure S-5.7.4-1: Dispersion plots for local dispersion fit and poscounts size estimate function. Grange soil on left hand side, 
and Moorepark soil on right hand side. 

 

Figure S-5.7.4-2: Cook’s distances used in DESeq2 for judging outliers of samples. 1 outlier OTU was replaced in both soil sets 
by DESeq2. Grange soil on left hand side, and Moorepark soil on right hand side. 

 

 

 



 

 

 
Figure S-5.7.4-3: Grange soil 16S rDNA changes contrasted between the labile C addition levels in top row. In lower row OTUs are shown, which are contained in the higher addition level as significant vs. Control H1 
but not in the lower level. Total counts are average of n=4 replicates.



 

 

 
Figure S-5.7.4-4: Moorepark soil 16S rDNA changes contrasted between the labile C addition levels in top row. In lower row OTUs are shown, which are contained in the higher addition level as significant vs Control 
H1 but not in the lower level. There were no significant changes in the contrast of the two lowest labile C addition levels. Total counts are average of n=4 replicates.



 

 

 
Figure S-5.7.4-5: Grange soil significant (s-value ≤0.05) changes on 16S rRNA level (up or down). Changes shown between the four labile C addition levels vs the basal Control H1. Differences increase of OTUs as 
difference when compared to the next higher labile C addition level. The Contrast increase in OTUs by contrast between the levels, see supporting material Figure S-5.7.4-7. Total counts are average of n=4 replicates.



 

 

 
Figure S-5.7.4-6: Moorepark soil significant (s-value ≤0.05) changes on 16S rRNA level (up or down). Changes shown between the four labile C addition levels vs the basal Control H1. Difference increase of OTUs as 
difference when compared to the next higher labile C addition level. The Contrast increase in OTUs by contrast between the levels see supporting material Figure S-5.7.4-8. Total counts are average of n=4 replicates.



 

 

 
Figure S-5.7.4-7: Grange soil 16S rRNA changes contrasted between the labile C addition levels in top row. In lower row OTUs are shown, which are contained in the higher addition level as significant vs. Control H1 
but not in the lower level. Total counts are average of n=4 replicates.



 

 

 
Figure S-5.7.4-8: Moorepark soil 16S rRNA changes contrasted between the labile C addition levels in top row. In lower row OTUs are shown, which are contained in the higher addition level as significant vs. Control 
H1 but not in the lower level. Total counts are average of n=4 replicates.
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Figure S-5.7.4-9: (Pseud)Arthrobacter 16S rRNA:rDNA ratio as calculated with DESeq2 tool and “ashr” type shrinkage 
estimator applied with error bars as standard error (SE). 
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6. Summary and further work 
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6.1. Summary 
This thesis investigated biological mechanisms associated with the increase in the rate of soil 

organic matter (SOM) decomposition and mineralisation in response to labile organic C inputs 

(real or positive Priming Effects). The general research aim concerned the determination of 

microbes involved in primed SOM mineralization. To address this aim, required high resolution 

characterization of taxa, population abundance changes, and determination of activity in the 

specific experimental/environmental context. The first part, presented in chapters 2 and 3, 

focused on method development for the extraction, quantification, and identification of soil 

proteins. Ultimately, the aim was to extract and prepare proteins from contrasting soil extract 

fractions for identification with mass spectrometry based metaproteomics. Proteins from 

contrasting extract fractions are potentially enriched by co-location and there differentially 

involved in contrasting SOM decomposition and mineralisation processes. Although, 

metaproteomics for illuminating activity and taxonomic origin of biological mechanisms in 

Priming Effects would be promising, it was not further used as a complementary analysis 

techniques to investigate manipulative Priming Effect experiments in chapter 4 and 5. This 

was mainly due to remaining technical challenges in dealing with soil humic substances, which 

have an adverse impact on protein identification in mass spectrometry. The second part of 

the thesis, shown in chapters 4 and 5, therefore focussed on investigating the bacterial 

component mediating Priming Effects with high taxonomic resolution molecular techniques. 

There, it was investigated, which bacterial populations were implicated in mediating the SOM 

derived C and N mineralisation fluxes, when the energy limitation was lifted by labile C 

addition. 

Chapter 2 dealt with the accurate quantification of protein content under the influence of soil 

interfering substances, as this is a long-standing research problem. A rapid protein 

quantification assay on the basis of the Lowry assay was used and a sample-specific correction 

devised to determine protein content and quantify the magnitude of humic substances. The 

research questions that were addressed were: 1) Do sample-specific correction factors differ 

from those derived from clean matrices (i.e. in the absence of interfering substances)? 2) How 

do protein estimates from the Lowry assay (sample-specific and in-clean matrix corrections) 

compare to fluorophore-based Qubit protein assay and total hydrolysable amino acids in labile 

and humic extracts? It was hypothesised that: 1) Sample-specific correction factors would 

differ to in-clean matrix derived corrections as a function of soils and soil extraction buffer 

specific differences; 2) In protein extraction buffers, which enhance the extraction of humic 

substances (NaPPi buffers), protein estimates with uncorrected Lowry assay Absorbance A, 

would be higher than estimates with fluorophore-based Qubit protein assay, and hydrolysable 

amino acids content. Sample-specific or in-clean matrix derived corrections for the Lowry 

assay would yield similar protein estimates to the other methods. In extracts with low humic 

content (water buffer), all methods report similar magnitudes. Results showed that generally 

sample-specific correction factors provided significantly different corrections to the 

absorbances measured in the Lowry assay when compared to those yielded from in-clean 

matrices. The correction factors also differed between soils and contrasting extraction buffers. 

The influence of the sample matrix on the slope of protein additions was thereby shown. 

Despite that results with in-clean matrix correction or sample-specific correction lay close, 
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sample-specific corrections exhibited higher co-factor values. This finding signifies that the 

sample-specific calibration gives more weight (i.e. higher co-factors) to the information that 

“Absorbance A” and “Absorbance B” provided. Adverse effects of the sample matrix on the 

calibration itself were also discussed, but the extent to which this needs to be considered is 

unclear, as the slope intersection used to estimate humic substances background would be 

justifiably derived from the sample-specific correction but not from clean matrices. Further 

work could optimise Lowry reagent concentrations together with challenging the assay with 

defined model humic substances additions. In regard to the second hypothesis, it was shown 

that the application of either in-clean matrix or sample-specific corrections to the Lowry assay 

was needed to reduce influence of humic substances and to report much reduced protein 

estimates in the range of the Qubit assay, and both lower than with estimations based on total 

hydrolysable amino acids. Although, it was reported in several papers previously that the 

uncorrected Lowry assay would overestimate protein content when phenolic/humic 

substances were present, here for the first time the sample-specific subtraction of that 

influence was theorized and tested. All in all, the contribution of these findings to the 

literature would be that a harmonised theory of Lowry corrections in environmental matrices 

was synthesised. Based on this, a method for sample-specific humic substances correction for 

the Lowry assay was developed and this allowed sample-specific partitioning into protein- and 

humic proportions. The potential impact would be in presenting a sought after rapid, cheap, 

and sample-specific interference corrected protein and humic substances quantification 

method based on the Lowry assay for application to soil and plant extract samples. 

In Chapter 3, the goal was to identify function and microbial origin of proteins associated with 

labile and humic soil operational fractions. In addition, a third extraction buffer, which aimed 

at maximal protein recovery from soil, was employed. It was planned that the proteomic 

profiling of these fractions would provide evidence to interpret enzymatic transformation 

activities on SOM decomposition, and also other functions such as transport, defence, and 

structural proteins. This experiment employed extraction buffers, which consisted of water 

for labile extracts, neutral NaPPi for humic and SOM-mineral associated extracts, and a 

complex buffer to yield “total” proteins. The research questions were: 1) Do the three 

extraction buffers yield contrasting extracts in terms of protein yield and humic substances 

content? 2) Applied to soil extracts of contrasting properties, which bioinformatic strategy is 

advantageous when comparing contrasting workflows differing in terms of database and 

search engine? 3) Which proteins are abundant in the respective fractions and does their 

function provide clues to their involvement in SOM cycles? It was hypothesised that: 1) 

Operational fractionation yields contrasting extracts characterised by their protein and humic 

substances content, where water extracts exhibit labile characteristics with low humic 

substances content and NaPPi extracts exhibit high humic substances content and “humic” 

characteristics on gel-electrophoresis. The “total” buffer would yield the highest protein yield; 

2) The bioinformatic workflow utilising the larger, comprehensive database yields more hits 

in contrasting soil extracts than the smaller, non-redundant database search strategy; 3) 

Protein composition in terms of their phylogenetic origin and function differs in the 

operational fractions. Results showed that operational fractions, concurrently with 

contrasting protein and humic substances content, contrasted in their electrophoretic 
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patterns, however, the proteomic profiling was hindered by reduced mass spectrometry (MS) 

performance for the extracts with increased humic substances content (NaPPi and “total” 

extraction buffer). The water extracts yielded clear extracts low in protein and humic 

substances content, but still harboured on average close to one hundred protein-family hits 

(after contamination removal). Its proteomic profile indicated that Proteobacteria and their 

carbohydrate, amino acid, and nitrogen transporters were the most abundant proteins and 

thereby possibly indicate their importance for the transport and microbial uptake of SOM 

breakdown products in the A horizon of the grassland soil. Arylsulfatase from Proteobacteria 

was identified as the most abundant enzyme, which could indicate its importance in 

degradation of recalcitrant SOM substances. In contrasting soil extracts, the bioinformatic 

strategy utilising a large, comprehensive database (entries may be redundant) was able to 

perform with better replicability and number of hits than the workflow utilising a smaller, non-

redundant database (only reference sequences). Results for the water extracts, confirmed the 

advantage of using a large, comprehensive database strategy, as previously found for 

analysing a known microbial mixture. However, the much-reduced protein hits in the NaPPi 

and “total” buffer prevented conclusions on how the database strategies would fare for those 

soil extracts. The third research question could therefore not be answered. Operational SOM 

fractionation with sodium pyrophosphate (NaPPi) extracts for proteomics, with its more 

“humic” properties and mineral-associated organic compounds, pending better cleaning prior 

to analysis, would hold more potential for revealing the function and microbial origin of SOM 

decomposition processes, which are likely co-located with these SOM moieties. Here, the 

advance was in the method development and recommendations for further work in terms of 

preparation, MS strategy and bioinformatics workflows for contrasting soil operational 

extracts. Further development work was beyond the scope of this thesis, but the relevance of 

this work package for investigating Priming Effects is laid out in the next section. 

The experiment presented in chapter 4, investigated basal and primed conditions and bacteria 

implicated with the respective fluxes. The labile C addition in the form of glucose in two 

contrasting grassland soils was designed to resemble rhizosphere conditions. Although 

rhizodeposits enter soil in different forms such as rhizoexudates, mucilage, root cap/border 

cells and roots hairs, it is methodically difficult to quantify the relative proportions thereof in 

soil (Nguyen, 2003; Jones, 1999; Dennis et al., 2010). The relative composition differences in 

rhizodeposition even on a fine scale between plant species genotypes and their eco-

physiological state is thought to lead to detected differences in the rhizosphere microbial 

community and primed SOM fluxes (Mwafulirwa et al., 2016; Pausch et al., 2016). Overall, 

glucose as the monomer of cellulose would be a relevant decomposition product of plant 

components in soil, and it constitutes part of rhizoexudates. Furthermore, its microbial 

transformation pathway is representative of other monosaccharides and glucose therefore is 

a frequently used approach to simulate Priming Effects (Kuzyakov, 2010). The two soils were 

used as model systems to investigate commonality or differences in the potential growth and 

potential activity of the communities. The research questions were: 1) Under basal conditions, 

do the two contrasting soils exhibit commonalities or differences in the identity and 

proportion of basal active microbial populations? 2) Under priming conditions, which bacterial 

populations are implicated in primed SOM mineralisation in both soils by potential growth and 
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activity, and were these microbes (potentially) active prior to labile C addition? It was 

hypothesised that: 1) In basal conditions, SOM mineralisation rates would be proportional to 

biomass size in both soils, and exhibit a similar basal-active, K-selected bacterial community; 

2) In priming conditions, the total primed SOM mineralisation rate would be proportional to 

biomass size in both soils, but that the stimulated bacterial portion would be fast growing, r-

strategic bacteria. The results indicated for both soils, that the “active” prokaryotic community 

was in terms of numbers of OTUs and relative abundance less than the “potentially active” 

and “dormant” community. Similarity between soils was also found in the identities of the 

dominant basal active bacterial populations. There was further indication that soil specific 

differences would support explanations of the relative proportions of those dominant basal 

active bacteria. However, the 16S rRNA:rDNA ratio, as previously reported to be indication of 

potential activity or “protein synthesis potential” only, could and can only indicate putative 

“activity” states, which need to be investigated in further studies. In primed conditions, results 

showed that r-selected bacteria, which were not indicated to be active in basal conditions, 

mediated parts of primed SOM-C mineralisation fluxes rather than basal active, K-selected 

bacteria. The candidate bacteria implicated in primed responses were previously reported to 

utilise recalcitrant or fresh/polymeric organic compounds as nutrients. In both soils 

investigated, (Pseud)Arthrobacter was primarily implicated in the primed SOM response and 

was reported to be able to decompose recalcitrant substances. There were also soil-specific 

differences of stimulated bacterial populations and SOM-C mineralised fluxes. This could point 

to heterogenous SOM moieties as the multiple sources of primed SOM mineralised fluxes and 

to the different microbial populations specialised on them. Reasons for proliferation 

differences of identical genera between soils would need to be investigated in further 

experiments, and are possibly explained by OM content, SOM quality differences by plant 

cultivar history and site management, physico-chemical factors, soil organisation (e.g. co-

location of SOM with microbes), microbial interactions, and genetic capabilities of local 

species and strains (biogeography). The advance that this research presented was in 

illuminating the bacterial populations implicated in mediating basal and primed SOM 

mineralisation fluxes. The potential impact of these findings may be in providing enhanced 

understanding of SOM and nutrient dynamics and help in further investigations for sustainable 

cropping and fertiliser regimes. 

In chapter 5, the experiment studied the link in the magnitude of labile C addition with Priming 

Effects and the underlying microbial community dynamics. It was previously hypothesised that 

the amount of substrate C added relative to the microbial biomass C would be the major 

determinant of microbial community changes and observed Priming Effects; apparent and real 

(Blagodatskaya and Kuzyakov, 2008). Therefore, the research questions of this chapter were: 

1) For labile C addition amounts lower than the microbial biomass C size, which bacterial 

populations are activated, and which are growing? 2) For labile C addition amounts higher 

than the microbial biomass size, are the same or different bacterial populations stimulated or 

growing than at lower additions? The hypotheses were that: 1) At low magnitudes of substrate 

C additions (Amount of substrate C ≤ microbial biomass C), r-strategists would be activated, 

but that there would be no microbial growth and the measured Priming Effects would be 

“apparent” due to “triggering” and microbial turnover; 2) At higher magnitudes of substrate 



Chapter 6: Summary and further work 
 

256 
 

C additions (Amount of substrate C ˃ microbial biomass C) r-strategists would grow and 

eventually specialist microbial populations (e.g. K-strategists) would be activated and grow 

too. Measured Priming Effects would be “real” due to increased SOM decomposition driven 

by microbial nutrient demand in their growth phase. It was found that already at comparably 

low labile C additions, significant increases of r-strategic bacteria occurred, which continued 

to be important at high labile C additions. This would suggest that real Priming Effects occurred 

already at low magnitudes of labile C additions, and that not only “apparent” Priming Effects 

of “triggering” and microbial turnover were occurring at low levels of labile C addition. At 

higher magnitudes of labile C additions, a mix of r- and K-strategists were indicated to be 

significantly increasing in relative abundance, whereby especially those indicated to be K-

strategic, exhibited strong responses on the 16S rRNA level, possibly indicating activation. 

Furthermore, bacterial predators were also indicated to be stimulated and seemed to adhere 

to K-selection. Their activation could be a response to growth of their bacterial prey, 

presumably r-strategists involved in SOM mineralisation. These results were suggestive of a 

further N release mechanism, which would extend the “Microbial loop” concept, previously 

proposed for protozoan grazing (Clarholm, 1985). The contribution of this research to the 

literature would be in the illumination of bacterial population dynamics as a function of 

magnitude of labile C inputs and related to primed SOM mineralisation. The bacterial 

predator-prey dynamics would have implications for nutrient release dynamics. The potential 

impact would be on informing on bacterial population dynamics involved in nutrient dynamics 

and thereby highlight the importance of biodiversity for ecosystem functions such as nutrient 

cycling. 

6.2. Further work 
This thesis investigated aspects of Priming Effects of soil organic matter (SOM) decomposition 

and found evidence, which strongly suggested that specific bacterial populations were 

implicated in mediating primed SOM mineralisation. Further, the here indicated soil bacterial 

predator-prey dynamics would be consistent with an often observed regulating behaviour 

found in nature, as known for example from entomology literatures (Kenmore et al., 1984). 

The importance of predatory bacteria to soil nutrient status was also recently shown in Wang 

et al. (2020). In Priming Effects, the bacterial predator-prey dynamics would have implications 

for explaining nutrient release by extending the mechanisms of the “microbial loop” concept 

of nutrient release (Clarholm, 1985). That bacterial predator-prey dynamics, where 

presumably the players have similar/same C:N ratio, would lead to nutrient release can be 

explained based on the theory in Hodge et al. (2000). It states that when considering C demand 

from respiration, that the effective C:N ratio of the substrate can be higher than that of the 

organisms and still lead to excess N. The bacterial predator-prey dynamics with its significance 

for regulation of population and nutrient dynamics could be regarded as a further element of 

monitoring “healthy” soil (Karlen, 2013). Although fungal community dynamics were not 

investigated, in chapter 4 and 5 experiments, the results showed that also on bacterial level 

there were r-to K-strategic dynamics apparent. Results indicated that bacteria mediate at least 

part of primed SOM mineralisation fluxes. Future studies on primed SOM mineralisation 

should focus on (Pseud)Arthrobacter, Streptomyces, and Pseudomonas as those bacteria were 

implicated in primed SOM fluxes.  
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The crux would be for both bacterial and fungal studies, that it remains to be proven that 

growing microbes satisfy their nutrient demands by SOM mineralisation, e.g. by detecting the 

enzymes for recalcitrant and/or polymeric OM degradation, and linking their microbial origin 

to the growing populations. It was beyond the scope of this thesis to further investigate 

proteomics of priming experiment samples, but this is likely important in investigating the link 

between the bacterial populations implicated with primed SOM mineralisation and the 

enzymatic activity of SOM decomposition and mineralisation. In principle, the resource 

investment into enzymes that would have to diffuse to distal substrates and the declining 

concentration gradient of degradation products, would make this strategy ecologically 

unstable and prone to “cheating” by other organisms (Allison et al., 2010). Here, a situation 

could be conceivable where polymer degrading organisms invest in the decomposition of 

polymeric substances and low molecular weight organic (LMWO) substances consumers 

would co-benefit (cheat). For a small and presumably energy-limited, and potentially 

recalcitrant SOM degrading organism, like (Pseud)Arthrobacter, such a possibly costly 

workload would be unfavourable. However, there is a possible refuge for such an organism in 

small crevices and pore spaces, as the situation in soil was characterised by spatio-temporal 

niches (Dungait et al., 2012; Ekschmitt et al., 2005). For example, in crevices, pore spaces, and 

due to the large uninhabited portions in soil, microbial inoculants can singly occupy and 

capitalise the spatio-temporal niche. Thereby, the organisms and growing populations in that 

niche could profit nevertheless two-fold from the investment into extracellular enzymes. 

Firstly, the diffusion of decomposition products in the liquid phase would be limited by the 

crevice, pore space, or in biofilms, and the benefits from decomposition would accrue to the 

microbial population as a whole, if not to a single cell (Ekschmitt et al., 2005). Secondly, the 

intensity of decomposition would increase, the more cells of that population produce 

extracellular enzymes, thereby increasing the decomposition product concentration (Spohn 

and Kuzyakov, 2014). Priming Effect responses to the availability of labile C addition of e.g. 

(Pseud)Arthrobacter spp., or Streptomyces spp. could be exhibiting distinct spatio-temporal 

niches. Methods to further investigate this could resolve spatial distribution of taxa in soil, e.g. 

pore size distribution and co-location with OM, and/or illuminate primed activity, e.g. protein 

functions (Hatzenpichler et al., 2014). 

Metaproteomics of operational soil extract fractions could determine function and microbial 

origin of proteins and could clarify, if extracted proteins stem from those microbes associated 

with polymeric OM degradation (e.g. Streptomyces), and whether other extracted proteins 

can be placed in the lineages of bacteria implicated in primed recalcitrant SOM mineralisation 

sources (e.g. (Pseud)Arthrobacter and Pseudomonas). Considering the likely heterogeneity of 

the “primed” SOM moieties, identified proteins could further be cross-checked, if the function 

is connected to polymeric OM degradation, e.g. cellulase enzymes, or the function is to act on 

e.g. aromatic structures such as by aryl-acting enzymes. Operational fractionation may 

support this aim by testing for enrichment of enzymes, which are connected to degradation 

of recalcitrant structures in e.g. “humic”, mineral-associated extracts. Also, metaproteomics 

would in principle be able to identify proteins from all domains of life, e.g. include fungi. A 

specific problem for linking populations with activity with proteomic approaches, aside from 

cleaning and purification of soil extracts, mass spectrometry (MS) and bioinformatic demands, 
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is that only fragments of proteins can be analysed and these are conserved to different 

degrees along phylogenetic lines (Mesuere et al., 2015; Tanca et al., 2013). Nevertheless, the 

last common ancestor approach (LCA) can provide at least some phylogenetic placement level. 

For future work, samples of incubation experiments in this project were also stored for protein 

extraction and it remains possible to analyse them with proteomics and cross-check with 

bacterial and fungal dynamics in primed situations. 

In a broader view, ongoing efforts to increase SOC content in agricultural soils would create 

benefits to soil fertility as well as the sequestration of atmospheric CO2 (Minasny et al., 2017). 

A trade-off between SOM stabilisation and nutrients mobilisation can be thought of, when the 

microbial degradation of SOM is required to access nutrients (Janzen, 2006). However, even 

with positive Priming Effects, there can be net C sequestration in the short term, as seen in 

this study and as reported in numerous other studies summarised in Liu et al. (2016). It would 

be conceivable that primed microbial responses of increases in SOM mineralisation are 

targeting other SOM moieties, than those that are being built up at the same time. This would 

be consistent with the view that priming may be an “N-mining” activity (Blagodatskaya and 

Kuzyakov, 2008) and with the multitude of SOM stabilisation mechanisms (see section 1.2), 

which impede microbial control on its decomposition. At the same time, microbial biomass 

has been implicated to have a large role in the formation of stable SOM (see section 5.4.3). 

The Priming Effect would then be central to SOC balances, especially in terms of microbial 

biomass C increase. Central to Priming Effects is the assumption that microbes satisfy their 

nutrient requirements in growth by SOM mineralisation (Blagodatskaya and Kuzyakov, 2008). 

The subsequent microbial growth following availability of labile OM leading to increased 

(stable) SOM content was explained for example in results on root derived compounds 

forming stable SOM (Kätterer et al., 2011; Cotrufo et al., 2013; Kallenbach et al., 2015). Further 

work could illuminate the microbially mediated Priming Effect dynamics in the context of 

agricultural management practices and the resulting SOC and nutrient fluxes. For example, 

proposed agricultural management practices to achieve SOC sequestration may consist of 

alleviating nutrient deficiency, green cover of soils, reduce tilling, residue retention, better 

timing and dosage of fertiliser, use of high residue crops such as perennials, agroforestry, high 

C input species, and cover crops (Paustian et al., 2016). Overall, this is part of approaches since 

long termed in organic agriculture in the following (Herrmann and Plakolm, 1993): “Feed the 

soil, and the soil feeds the plant”. 
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