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Abstract 

Microbial necromass is a key contributor to soil organic matter (SOM, >50%) as mi-

crobes assimilate plant carbon (C) into their biomass and microbial residues later 

become stabilized in soils. Microbial necromass biomarkers, particularly amino sug-

ars (AS), are commonly used to trace microbial C contributions to SOM. Most stud-

ies have focused on using glucosamine (GlcN) to trace fungal C and muramic acid 

(MurA) for bacterial C; however, the knowledge of other potential necromass bi-

omarkers such as neutral sugars (NS) and amino acids (AA), as well as the contribu-

tion of other microbial groups such as archaea is still lacking. In this PhD thesis, I 

identified and quantified necromass biomarkers in archaeal, bacterial, fungal and 

plant species. I developed and used derivatization protocols, ultra-high performance 

liquid chromatography (UHPLC) and Orbitrap mass spectrometry to identify and 

quantify AS, NS and AA necromass biomarkers in these taxonomic groups. Multivar-

iate approaches alongside machine learning methods were used to determine the 

biomarker potential of these compounds. Our results showed that AS were the best 

discriminant biomarkers to separate all taxa. Alongside the use of GlcN and MurA as 

biomarkers specific for fungi and bacteria respectively, we identified new specific 

biomarkers: talosaminuronic acid (TalA) for Euryarchaeota, hydroxyproline for plants, 

and L,L-diaminopimelic acid  for bacteria. By combining AS, NS and AA biomarkers 

we were able to extend the biomarker approach from separating bacterial and fungal 

necromass to separate microbes from plants. Moreover, the simultaneous meas-

urement of MurA, TalA, hydroxyproline and hexosamines would allow to measure 

plant and microbial contributions to the continuum from litter decomposition to SOM 

formation through microbial processes. Overall, this PhD thesis expanded the reper-

toire of necromass biomarkers by including new specific biomarkers as well as com-

bining AS, NS and AA biomarkers found in a wide variety of taxa. 
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Zusammenfassung 

Mikrobielle Nekromasse trägt wesentlich zu dem bodeneigenen organischen Materi-

al (SOM, >50 %) bei, da Mikroben pflanzlichen Kohlenstoff (C) in ihre Biomasse auf-

nehmen und mikrobielle Rückstände später im Boden stabilisiert werden. Mikrobielle 

Nekromasse-Biomarker, insbesondere Aminozucker (AS), werden häufig verwendet, 

um mikrobielle C-Beiträge zum SOM zu verfolgen. Die meisten Studien konzentrier-

ten sich auf die Verwendung von Glucosamin (GlcN) zur Verfolgung von Pilz-C und 

Muraminsäure (MurA) für Bakterien-C. Es mangelt jedoch noch an Kenntnissen über 

andere potenzielle Nekromasse-Biomarker wie Neutralzucker (NS) und Aminosäu-

ren (AA) sowie über den Beitrag anderer mikrobieller Gruppen zur Nekromassebil-

dung wie Archaeen. In diesem Dissertationsprojekt habe ich Nekromasse-Biomarker 

in Archaeen-, Bakterien-, Pilz- und Pflanzenarten identifiziert und quantifiziert. Ich 

habe Derivatisierungsprotokolle entwickelt und angewandt, basierend auf Ultrahoch-

leistungsflüssigkeitschromatographie (UHPLC) und Orbitrap-Massenspektrometrie, 

um AS-, NS- und AA-Nekromasse-Biomarker in diesen taxonomischen Gruppen zu 

identifizieren und zu quantifizieren. Zur Bestimmung des Biomarkerpotenzials dieser 

Verbindungen wurden multivariate Ansätze sowie Methoden des maschinellen Ler-

nens eingesetzt. Unsere Ergebnisse zeigten, dass AS die besten diskriminierenden 

Biomarker zur Trennung aller Taxa waren. Neben der Verwendung von GlcN und 

MurA als spezifische Biomarker für Pilze bzw. Bakterien identifizierten wir neue spe-

zifische Biomarker: Talosaminuronsäure (TalA) für Euryarchaeota, Hydroxyprolin für 

Pflanzen und L,L-Diaminopimelinsäure für Bakterien. Durch die Kombination von 

AS-, NS- und AA-Biomarkern konnten wir den Biomarker-Ansatz von der Trennung 

von Bakterien- und Pilznekromasse auf die Trennung von Mikroben von Pflanzen 

erweitern. Darüber hinaus würde die gleichzeitige Messung von MurA, TalA, Hydro-

xyprolin und Hexosaminen die Messung pflanzlicher und mikrobieller Beiträge zum 

Kontinuum von der Streuzersetzung bis zur SOM-Bildung durch mikrobielle Prozes-

se ermöglichen. Insgesamt erweiterte dieses Dissertationsprojekt das Repertoire an 

Nekromasse-Biomarkern durch die Entwicklung neuer spezifischer Biomarker sowie 

die kombinierte Messung von AS-, NS- und AA-Biomarkern, die in einer Vielzahl von 

Taxa vorkommen.  
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General introduction 

1. Microbial necromass contribution to soil organic matter 

Soil organic matter (SOM) is the largest pool of terrestrial carbon (C) and a key 

component of terrestrial biogeochemical cycles. The composition of SOM is both 

chemically and physically heterogeneous and complex, with its primary source being 

plant inputs at various stages of decomposition (Kallenbach et al., 2016). Soil micro-

bial communities also contribute greatly to the SOM pool. The soil microbial carbon 

pump is an ecological framework that describes how microorganisms contribute to 

SOM. Accordingly, microbes assimilate plant C into new microbial biomass and, fol-

lowing death and lysis, part of their necromass and other microbial residues become 

stabilized in soils as part of the SOM pool (Liang et al., 2017; Zhu et al., 2020), par-

ticularly in the more stable mineral-associated organic matter (MAOM). This ultimate-

ly leads to the buildup of soil organic C stocks as a mix of plant and microbial derived 

residues (Chang et al., 2024). 

Microbial necromass is largely composed of fragmented cell wall residues, extra-

cellular polymeric substances (EPS), and cytoplasmic components from dead fungi 

and bacteria (Liang et al., 2019). Microbial metabolites, necromass and other resi-

dues can be stabilized in soils, specifically in the MAOM fraction, due to the physico-

chemical interactions between SOM and the mineral matrix that limits microbial de-

composition (Buckeridge et al., 2020). Some of these interactions include sorption to 

mineral surfaces, incorporation into organo-mineral complexes, and occlusion into 

aggregate pore spaces at the microscale (Liang et al., 2017). Necromass compo-

nents can also be stabilized via organo-organic (necromass-necromass) interactions 

regulated by cell chemistry (Buckeridge et al., 2020). These compounds thereby be-

come inaccessible to microorganisms and contribute to the long-term storage of soil 

organic C (SOC) (Zhu et al., 2020).  

The microbial buildup mechanism represents an important part of the ecosystem 

C cycle, since fungal and bacterial necromass are the main C-sources contributing to 

stable SOM pools (Liang et al., 2017, 2019). While living microbial biomass only con-

tributes ~1% to the SOC (Xu et al., 2013), many studies have suggested that micro-

bial necromass on average comprises 50% or more of the SOC (Creamer et al., 

2019; Liang et al., 2019; B. Wang et al., 2021). Although other studies have pro-



14 
 

duced lower estimates of microbial-derived SOM (Angst et al., 2021; Chang et al., 

2024; Z. Zhang et al., 2022), microbial contribution to C storage in soils is significant.  

Several qualitative and quantitative methods have been used to study the contri-

bution of microbial necromass to SOM. Imaging techniques have shown microbial 

necromass associations to soil minerals (Buckeridge et al., 2022; Creamer et al., 

2019; Miltner et al., 2012). A stoichiometric approach using isotope mixing models 

estimated the proportional contribution of plant residue versus microbial residues to 

MAOM (Chang et al., 2024). Molecular fingerprinting as well as mathematical models 

have proposed that microbial residues strongly dominate SOM (Fan & Liang, 2015; 

Liang et al., 2011; Miltner et al., 2012; Simpson et al., 2007). Nonetheless, the most 

common method used to quantify the microbial necromass contribution to SOM in-

volves the use of microbial necromass biomarkers. 

2. Microbial necromass biomarkers  

After microbial cell death, lysis and decomposition, some organic cell compo-

nents such as cytosolic proteins, ribosomes and other biopolymers are rapidly and 

efficiently reused by living microbes in close vicinity, while other residual compounds 

are retained in the soil matrix (Liang et al., 2019). In soils, cell wall residues from mi-

crobial necromass are commonly found in their polysaccharide form such as chitin or 

peptidoglycan (Joergensen, 2018). Mixtures of oligosaccharides, monosaccharides, 

amino acids, and oligopeptides are also found, which makes it challenging to trace 

their origin. Biomarkers are organic compounds with known phylogenetic origin that 

can be used as indicators for the source and transformation of other molecules or 

organisms (Amelung, 2003). Biomarkers of soil microbial necromass allow to distin-

guish between C found in microbial residues from non-microbial organic C (Liang et 

al., 2019). Cell wall fragments have a slow turnover and accumulate in soils, there-

fore biomarkers in microbial cell wall fragments are the most widely used ones. 

Specific compounds such as amino sugars and amino acids have been used as 

biomarkers for the identification of bacterial and fungal communities in soils 

(Joergensen, 2018; Zhu et al., 2020). Some of these biomarkers have also been 

used for the quantification of the contribution of microbial derived C to SOM (Liang et 

al., 2019; Zhu et al., 2020), and as indicators of microbial necromass versus living 

microbial biomass contributions to SOM (Liang et al., 2017). 
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There are different classes of compounds that are used as microbial and plant 

necromass biomarkers:  

i. Amino sugars 

Amino sugars have been used to trace the contribution of microorganisms to 

SOM since plants do not produce them in significant quantities (Parsons, 2021). 

Amino sugars represent 5-12% of soil total nitrogen (N) and 2-5% of soil organic C 

(Joergensen, 2018; X. Zhang & Amelung, 1996). The amino sugars most used as 

microbial biomarkers are glucosamine (GlcN), galactosamine (GalN), mannosamine 

(ManN) and muramic acid (MurA) (Amelung, 2003; Joergensen, 2018).  

GlcN is the most common amino sugar found in soils, contributing ~68% of total 

amino sugars in soil (Joergensen, 2018). It is the main component of fungal chitin 

where it is found in β-(1,4) links of N-acetylglucosamine (Parsons, 2021). It is also 

the major structural component of chitosan, where it is found in its deacetylated form. 

Additionally, GlcN is one of the main components of bacterial peptidoglycan, where it 

forms β-(1,4) links with N-acetylmuramic acid (Subedi et al., 2021), as well as ar-

chaeal pseudopeptidoglycan (a structural analog of bacterial peptidoglycan), where it 

is linked to N-acetyltalosaminuronic acid (Albers & Meyer, 2011).  

MurA is the most specific amino sugar biomarker because it is found exclusively 

in the murein layers of peptidoglycan in bacterial cell walls (Vollmer et al., 2008). It 

can contribute up to 30% of murein mass in gram-positive and gram-negative bacte-

ria (Joergensen, 2018). Using the assumption that MurA and GlcN occur at a molar 

ratio of 1:2 in bacteria, fungal GlcN can be estimated based on the contents of bacte-

rial MurA (Engelking et al., 2007; Joergensen, 2018).  

GalN is found in plant material (Liang et al., 2007), fungal cell walls (Beauvais & 

Latgé, 2018) and cell walls of rare archaea species (Albers & Meyer, 2011). ManN is 

found as integral part of sialic acids (Brigham et al., 2009), as part of capsular com-

ponents in gram-negative bacteria (Lewis et al., 2016) and in EPS of gram-positive 

bacteria (Degeest et al., 2001). Both GalN and ManN are produced by fungal and 

bacterial groups, and therefore are not considered specific biomarkers (Joergensen, 

2018). While the GalN content in soils can represent between 17% and 42% of total 

soil amino sugars, the ManN contents are usually minor (~4%) (Joergensen, 2018).  

Other amino sugars have rarely been evaluated for their biomarker potential. For 

example, talosaminuronic acid (TalA) is found linked in its acetylated form to N-
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acetylmuramic acid in the pseudopeptidoglycan of some Euryarchaeota species 

(Subedi et al., 2021).  

ii. Neutral sugars 

Neutral sugars are the most abundant organic monomers in the biosphere and 

the main energy sources for soil microbes as well as the primary input of organic C 

in soil. Neutral sugars mostly enter soils as plant polysaccharides that are decom-

posed by exoenzymes into oligo- and monosaccharides (Gunina & Kuzyakov, 2015). 

These compounds are soluble and easily available for microbes for maintenance 

metabolism, growth, and C storage (Bore et al., 2019).   

Plants are considered the primary sources of neutral sugars in soils due to the 

decomposition of plant litter and rhizodeposits. Plant cellulose consists mainly of glu-

cose (Glc, 1→4 linked), while hemicellulose contains various polymer-bound hex-

oses and pentoses, such as glucans, xylans, mannans, galactans and arabinogalac-

tans (Angst et al., 2021). Soil microorganisms are considered a secondary source of 

soil sugars as they synthesize their carbohydrates from other C sources, such as 

plant litter (Gunina & Kuzyakov, 2015). Fungal cell walls also contain a large fraction 

of pure −1,3-linked glucans and some bacteria also produce cellulose (Fesel & 

Zuccaro, 2016). Starch (Glc, 1→4/1→6 linked) serves as an energy storage com-

pound in plants and contributes to plant-derived polymeric Glc-based sugars in soils. 

Glycogen (Glc, 1→4 linked) is also form of energy storage compound in fungi, bac-

teria, and animals which can also contribute to Glc-based polymers in soils.  

Hexoses account for most of the bound polymeric sugars in soil, with Glc being 

the most abundant one, followed by mannose (Man) and galactose (Gal) (Gunina & 

Kuzyakov, 2015).  Due to the complex soil matrix, it is difficult to determine whether 

the origin of sugars is microbial or plant derived. Pentoses, particularly arabinose 

(Ara) and xylose (Xyl), mostly originate from plant residues, given that microorgan-

isms preferentially use and incorporate hexoses into their biomass (Apostel et al., 

2015; Gunina & Kuzyakov, 2015). Microbial polysaccharides therefore almost exclu-

sively consist of hexoses, though plants also produce them (Parsons, 2021). The 

use of a hexose/pentose ratio of (galactose + mannose)/(arabinose + xylose) 

(GM/AX) has been proposed to determine the plant versus microbial origin of poly-

saccharides in SOM (Gunina & Kuzyakov, 2015; Oades, 1984). 
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Less common sugars and sugar derivatives such as fucose, rhamnose and uron-

ic acids could potentially be used as biomarkers. For example, glucuronic acid 

(GluA) and galacturonic acid (GalA) are sugar acids and are unique to the exopoly-

mers found outside the cell membrane (Fazio et al., 1982). GluA has been found in 

teichuronic acids from gram-positive microbes grown under phosphorus limitation 

(Bhavsar et al., 2004) and in some gram-negative microbial lipopolysaccharides 

(Fazio et al., 1982). GalA is the main component of pectin in higher plant cell walls 

(Xiao & Anderson, 2013). 

iii. Amino acids 

Bound amino acids represent an important part of soil N, comprising ~50% of soil 

total N (Hu et al., 2017; Schulten & Schnitzer, 1997). Free amino acid pools in soil 

are very small and highly dynamic, with turnover times that range from minutes to a 

few hours (Hu et al., 2018; Wanek et al., 2010). Amino acids in their polymeric state 

can enter soils through a variety of sources such as root turnover and litterfall, mi-

crobial exudation and turnover, and animal inputs, with plants supplying the largest 

inputs (Jones et al., 2002; Jones & Kielland, 2002).     

L-amino acids are ubiquitous in nature while D-amino acids are rare or absent in 

eukaryotes. However, D-amino acids are important components of bacterial pepti-

doglycan, and they have been used as biomarkers for microbial residues in soil and 

sediments (Dworzanski et al., 2005; Hu et al., 2018; Radkov & Moe, 2014; Veuger et 

al., 2005). Peptide chains in bacterial peptidoglycan are composed of four or five 

amino acids consisting of L-alanine (L-Ala), D-alanine (D-Ala), and D-glutamine 

(Gln), and either lysine (Lys) in gram-positive bacterial or meso (D,L)-diaminopimelic 

acid (mDAP) in gram-negative bacteria (Vollmer et al., 2008). Archaeal pseudopepti-

doglycan does not contain D-amino acid enantiomers and its peptide chain is com-

posed of L-Glutamate, L-Ala and Lys attached to N-acetyltalosaminuronic acid (Sub-

edi et al., 2021). 

Other less common non-proteinogenic amino acids have the potential to be used 

as biomarkers. L,L-diaminopimelic acid (LLDAP) has been found instead of Lys in 

the peptidoglycan of Actinobacteria, such as Actinomyces and Streptomyces (Busse 

& Schumann, 1999; Leyh-Bouille et al., 1970). Similarly, hydroxyproline (Hyp) has 

been used as a tracer for plant residue N in soils, since its two major natural sources 
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are Hyp-rich glycoproteins in plant cell walls and animal collagen (Philben & Benner, 

2013), collagen contributing little to bound amino acids in soils.   

3. Upscaling biomarker data to microbial necromass   

In order to quantify the contribution of microbial necromass to SOM using bi-

omarkers, Appuhn and Joergensen (2006) developed conversion factors based on 

the GlcN and MurA content in biomass of selected cultured fungal and bacterial spe-

cies. By using the conversion factors of 9 for fungal GlcN and 45 for bacterial MurA, 

soil GlcN and MurA contents can be converted into fungal and bacterial necromass 

C, respectively.  Similarly, Liang et al. (2019) proposed conversion factors for N in 

bacterial residues to bacterial biomass in soils using the C/N ratio of the living soil 

microbial biomass. Using these conversion factors, the contribution of microbial nec-

romass C to SOC has been estimated to vary approximately between 40-70% in 

cropland soils, 30-62% in grasslands and 15-35% in forest soils (Angst et al., 2021; 

Khan et al., 2016; Liang et al., 2019; B. Wang et al., 2021; Whalen et al., 2022).  

Even though many studies have used these conversion factors, there are uncer-

tainties regarding these based on assumptions that could over- or underestimate the 

real contribution of microbial necromass C to SOM. For example, the conversion fac-

tor for MurA to bacterial C is calculated based on the assumption that the gram-

positive to gram-negative bacterial ratio in soils is 65:35 on a percentage basis (Ap-

puhn & Joergensen, 2006; Fanin et al., 2019). Additionally, necromass conversion 

factors are derived from living cultured microbes (biomass) which is considered as 

the sum of cell envelope and cytoplasm; however, microbial necromass comprises 

not only cell wall and cytoplasmic residues, but also exo-enzymes and EPS 

(Joergensen, 2018; Joergensen & Wichern, 2018). It is also assumed that all amino 

sugars in soils have the same stabilization and recycling rates, as well as the same 

ratios in microbial biomass compared to microbial necromass (Whalen et al., 2022).  

Even though necromass biomarkers have increasingly been used to study soil 

microbial communities and their necromass contribution to SOM (Joergensen, 2018; 

Joergensen & Wichern, 2018), there is much to learn about their presence in specific 

soil microbial groups and in plant litter, their transformation and (de)stabilization 

pathways and their pool sizes. Likewise, more accurate information on specific or-

ganisms would be useful to generate more precise conversion factors to determine 

microbial- and plant-derived C from necromass biomarker data.  



19 
 

4. Current methods in necromass biomarker research 

The compounds targeted generally as necromass biomarkers are relatively 

common compounds that can occur in their free low-molecular weight (LMW) form 

and in the bound polymeric form in soils. Most of the LMW metabolites in soils are 

found at very low concentrations (Jansson & Hofmockel, 2018; Oburger & Jones, 

2018), which means that their detection can be challenging. Multiple analytical tech-

niques have been developed to study these microbial metabolites. These techniques 

must allow the quantification of trace level compounds in complex matrices; there-

fore, they require high sensitivity and selectivity (J. Wang et al., 2021). Although a 

multitude of compounds have been discovered, the identification and quantification 

of compounds can be strongly affected by the constant uptake by microbial commu-

nities, the loss due to formation of organo-mineral associations, the concurrent SOM 

breakdown, and the method used for sampling (Oburger & Jones, 2018). In contrast 

to LMW metabolites, the same compounds can be bound in microbial necromass 

compounds in polymeric form and accumulate in soils. In polymeric form they are not 

amenable to direct quantification by chromatography and mass spectrometry. There-

fore, they need to be released first from bound to free form before analysis, which is 

performed by acid (6 M HCl or 4 M TFA) hydrolysis before becoming accessible for 

quantitative analysis. By acid hydrolysis the biomarkers are also released in greater 

amounts omitting the need for ultra-trace analysis. 

Many studies have used derivatization methods to trace amino sugar, neutral 

sugar and amino acid biomarkers in soils (Dai et al., 2010; Gonzalez et al., 2020; 

Salazar et al., 2012). Derivatization methods consist of a chemical reaction where a 

target compound is modified by adding a derivatization reagent, creating a newly 

derivatized compound with novel properties (Qi et al., 2014). Derivatization has been 

used in combination with high throughput methods, such as liquid chromatography 

(LC) or gas chromatography (GC) coupled to mass spectrometry (MS), to improve 

the selectivity and separation of compounds, to enhance ionization efficiency, and to 

facilitate the separation of structural isomers (Qi et al., 2014). 

Finally, multivariate machine learning (ML) approaches have been used to detect 

biomarkers in clinical metabolomics and biomonitoring studies (Cambon et al., 2023; 

Dias-Audibert et al., 2020; Hirakawa et al., 2022; J. D. Zhang et al., 2023). Similar 

statistical approaches have not yet been used to investigate the potential of necro-
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mass biomarkers in soils. Multivariate ML methods provide several advantages for 

the detection and analysis of biomarkers since they can handle large, non-linear, and 

heterogenous datasets (Pichler & Hartig, 2023). Therefore, combining high-

resolution analytical techniques with multivariate unsupervised and supervised ML 

approaches would help advance our understanding of soil necromass biomarkers as 

well as improve the detection of these compounds in complex matrixes such as soil 

environments.  

 

Thesis outline and main objectives 

The use of necromass biomarker data can help elucidate changes in microbial 

community composition over time and the contribution of microbial necromass to soil 

organic matter. There still are many uncertainties in the interpretation of necromass 

biomarkers as well as limited biomarker data for many representative soil groups and 

plants.  

The main goal of this PhD thesis was to identify and quantify necromass bi-

omarkers in representative groups of soil archaea, bacteria, fungi, and plants. For 

this purpose, I analysed (potential) amino sugar, neutral sugar, and amino acid nec-

romass biomarkers found in the biomass of the previously mentioned taxonomic 

groups and divided this PhD thesis into three subprojects. 

In the first subproject (Chapter II), I developed a method to separate, identify and 

quantify amino sugar and neutral sugar compounds in a single assay. I used 1-

phenyl-3-methyl-5-pyrazolone (PMP) derivatization coupled to reversed-phase ultra-

high performance liquid chromatography (UHPLC) and high-resolution Orbitrap mass 

spectrometry (MS). The method was validated and successfully applied in both mi-

crobial and plant biomass as well as in soil samples.  

In the second subproject (Chapter III), I identified and quantified amino sugar and 

neutral sugar necromass biomarkers in the biomass of representative soil groups of 

archaea, bacteria, fungi, and plants. In this subproject, I utilized the PMP derivatiza-

tion method developed in the first subproject. I evaluated the biomarker potential of 

both amino sugars and neutral sugars, as well as proposed new conversion factors 

to allow the estimation of microbial necromass residue C from amino sugar biomass 

contents.  
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Finally, in the third subproject (Chapter IV), I analysed amino acid and amino 

sugar biomarkers in the biomass of the same representative soil groups used in the 

second subproject. In this subproject, I used 6-aminoquinolyl-N-hydroxysuccinimidyl 

carbamate (AQC) derivatization and reversed-phase UHPLC coupled to Orbitrap 

MS. Additionally, I used multivariate unsupervised and supervised machine learning 

approaches to evaluate the biomarker potential of amino acids and amino sugars. By 

including both microbial and plant necromass biomarkers, this approach will further 

help understand the plant versus microbial contribution to the organic matter contin-

uum from litter decomposition to soil organic matter formation via microbial pro-

cessing.  
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Abstract 

Microbial necromass comprises a large fraction of soil organic matter (SOM) due to 

the accumulation and stabilization of microbial residues from dead archaea, bacteria 

and fungi. Amino sugars, neutral sugars and uronic acids have been used as microbial 

necromass biomarkers to trace the origin and composition of microbial residues in the 

SOM pool. Due to the structural complexity of sugars, derivatization reactions and 

high-throughput analytical methods are required to separate and quantify these sugar-

related compounds. Our aim was to develop a rapid and sensitive assay to measure 

amino sugar, neutral sugar and uronic acid compounds using pre-column 1-phenyl-3-

methyl-5-pyrazolone (PMP) derivatization. PMP-derivatives were separated and 

quantified via reversed phase (RP) ultra-high-performance liquid chromatography 

(UPLC) coupled to high-resolution Orbitrap mass spectrometry (MS). The method was 

validated and applied on hydrolyzed peptidoglycans and the biomass of archaeal, 

bacterial, fungal and plant species, as well as with soils. This developed PMP method 

allowed the separation and quantification of 18 sugar-related compounds, including 

four amino sugars, three N-acetyl amino sugars, eight neutral sugars, and three uronic 

acids within 20 min. This PMP method showed a precision for isotope enrichment 

detection of 0.03-0.05 atom % 13C for D-glucose and D-glucosamine. This is the first 

time talosaminuronic acid (deriving from archaeal pseudopeptidoglycan) was 

identified and quantified using PMP derivatization. The application of this novel PMP 

method on pure hydrolyzed biomass and soils, showed the successful 

chromatographic and mass spectrometric separation and quantification of amino 

sugar, neutral sugar and uronic acid compounds. A multivariate analysis using these 

sugar-related PMP derivatives showed a clustering of the species according to their 

respective taxonomic group (archaea, gram-positive bacteria, gram-negative bacteria, 

fungi and plants). The modified PMP method can be applied to identify and quantify 

soil microbial necromass biomarkers, as well as their contribution to SOM. The 

sensitive isotope tracer detection allows tracing isotopically labeled materials into 

necromass biomarkers in SOM pools. 

Key words 

Microbial necromass biomarkers, amino sugars, neutral sugars, uronic acids, PMP 

derivatization, UPLC-Orbitrap MS, isotopic enrichment precision 
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1. Introduction 

Soil organic matter (SOM) is largely made up of microbial necromass, including 

fragmented cell walls, cytoplasmic components, and extracellular polymeric 

substances from dead archaea, bacteria and fungi (Liang et al., 2019). Fungal and 

bacterial necromass comprises on average 50% of soil organic carbon (SOC) (Wang 

B. et al., 2021a), while living microbial biomass only contributes approximately 1% to 

SOC (Xu et al., 2013). The stabilization of microbial necromass residues contributes 

to the buildup of SOC stocks through the interaction with mineral surfaces, the 

incorporation into organo-mineral complexes, and occlusion into soil pore spaces and 

in aggregates (Liang et al., 2017). Biomarkers are used to trace microbial necromass 

concentrations and dynamics in soils since they allow to distinguish carbon found in 

microbial residues from non-microbial organic C (Liang et al., 2019; Whalen et al., 

2022), and to distinguish between bacterial and fungal contributions to soil organic 

matter. 

Different classes of organic compounds have been used as microbial necromass 

biomarkers, such as amino sugars and neutral sugars. Amino sugars are important 

structural components of archaeal, bacterial and fungal cell walls, in the form of 

(pseudo)peptidoglycan and chitin, respectively (Engelking et al., 2007; Joergensen, 

2018). Once part of the soil microbial necromass, bound amino sugars from cell wall 

fragments are stabilized and contribute significantly to the soil organic matter (SOM) 

accrual (Liang et al., 2017). Glucosamine (GlcN) is the most common amino sugar 

found in soils, contributing up to 68% of total amino sugars in soils (Joergensen, 2018). 

Muramic acid (MurN), an ether of lactic acid and glucosamine, is the most specific 

amino sugar biomarker, which is found exclusively in the murein layers of bacterial 

peptidoglycan (Vollmer et al., 2008). Galactosamine (GalN) and mannosamine 

(ManN) are produced by both fungal and bacterial groups, and therefore they are not 

considered specific biomarkers (Joergensen, 2018).  

Neutral sugars are the dominant low molecular weight (LMW) compounds found 

in soils and they mainly derive from plants (Gunina & Kuzyakov, 2015). Cellulose 

consists primarily of glucose (Glc) monomers, while hemicellulose contains various 

polymer-bound hexoses and pentoses. Starch and glycogen from plants, animals, 

fungi and bacteria also contribute to Glc-based polymers in soil (Bore et al., 2019; 

Drigo et al., 2012; German et al., 2011). While both, pentoses and hexoses, are 
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produced and utilized by plants, microorganisms preferentially use and incorporate 

hexoses into their biomass (Guggenberger et al., 1994). Consequently, the 

pentose:hexose ratio is indicative of the plant versus microbial origin of 

polysaccharides in SOM (Gunina & Kuzyakov, 2015; Ludwig et al., 2015). 

Uronic acids, such as glucuronic acid (GluA) and galacturonic acid (GalA), are 

sugar acids that can potentially be used as biomarkers. GluA has been found in some 

lipopolysaccharides of Gram-negative microbes (Fazio et al., 1982) and in teichuronic 

acids of Gram-positive microbes grown under phosphorus limitation (Bhavsar et al., 

2004). GalA is also a main structural component of plant pectins (Xiao & Anderson, 

2013). 

Due to the structural complexity of sugar-containing compounds, high-

throughput identification and characterization approaches of pure microbial isolates 

and of complex soil communities have remained a challenge. The combination of ultra-

high performance separation techniques, such as reversed-phase high-performance 

liquid chromatography (RP-HPLC), with high-resolution mass spectrometry (HRMS) 

have allowed the analysis of compound mixtures with isobaric structures (Wang B. et 

al., 2021b).  Derivatization using 1-phenyl-3-methyl-5-pyrazolone (PMP) has been 

widely used for the analysis of polymeric carbohydrates, because it rapidly reacts with 

the aldehyde moiety of reducing sugars under basic conditions (Honda et al., 1989; 

Strydom, 1994). This reaction forms a sugar-derivative with two PMP molecules (bis-

PMP derivatives) and no stereoisomers, which can be readily separated using LC-MS 

techniques.   

While PMP derivatization has proven useful in the analysis of sugars (Dai et al., 

2010; Gonzalez et al., 2020; Xia et al., 2017), there have been many variations in the 

reaction duration and retention characteristic of the different sugar derivatives, and 

this technique was not adopted for concurrent analysis of the multitude of neutral 

sugars, amino sugars and uronic acids. Our aim was to develop a modified PMP 

derivatization method that allows the concurrent separation and mass spectrometric 

detection of amino sugars, neutral sugars and uronic acids in a single assay. We 

tested the applicability of this method in one archaea species [Methanobacterium sp., 

also seeking for the biomarker talosaminuronic acid (TalA)], six bacterial species 

(Escherichia coli, Bacillus subtilis, Micrococcus luteus, Streptomyces sp., 

Staphylococcus aureus, and Synechococcus sp.), two fungal species (Clonostachys 

rosea, Fusarium fujikuroi), and two plant species (Anthriscus cerefolium, Malva 



35 
 

silvestris). We also tested the applicability of the method on forest, grassland and 

cropland soils with contrasting edaphic properties. To the best of our knowledge, this 

is the first time such a wide range of necromass biomarkers, including four amino 

sugars, three N-acetyl amino sugars, eight neutral sugars, and three uronic acids, 

were separated simultaneously in a single run within 20 min, including the ability of 

HRMS for sensitive isotope label quantification.  

2. Materials and methods 

2.1 Standards and reagents 

 Amino sugar, neutral sugar and uronic acid standards [arabinose (Ara), fucose 

(Fuc), galactosamine (GalN), galactose (Gal), galacturonic acid (GalA), glucosamine 

(GlcN), glucose (Glc), glucuronic acid (GluA), mannosamine (ManN), mannose (Man), 

muramic acid (MurN), N-acetylgalactosamine (NAcGal), N-acetylglucosamine 

(NAcGlc), N-acetylmannosamine (NAcMan), rhamnose (Rha), ribose (Rib), and 

xylose (Xyl)], 1-methyl-3-phenyl-2-pyralozone (PMP), ammonium formate solution, 

ammonia solution, formic acid, hydrochloric acid and acetonitrile (hypergrade for LC-

MS) solution were purchased from Sigma Aldrich (St. Louis, MO). Peptidoglycan (from 

Methanobacterium sp., B. subtilis, M. luteus, Streptomyces sp., and S. aureus), and 

lyophilized cells (from M. luteus, Synechococcus sp., and E. coli) were also obtained 

from Sigma. 

Clonostachys rosea EBL1201_S1 was isolated from strawberry roots. 

Identification is based on the markers ITS/LSU (GenBank: OP476509) and β-tubulin 

(GenBank: OP485759) as outlined in Gorfer et al. (2011). Fusarium fujikuroi DSM 893 

was obtained from the DSMZ German Collection of Microorganisms and Cell Cultures 

GmbH. Biomass of fungi for biomarker analysis was produced in 50 ml malt extract 

broth. Liquid cultures were incubated for two days at room temperature (~22 °C) in an 

orbital shaker at 180 rpm. Mycelium was harvested by vacuum filtration over GN-6 

Metricel filters (Pall). The mycelium was rinsed with sterile distilled water and 

lyophilized. 

2.2 Standard solutions 

 Stock solutions of all standards were prepared at 20 mM and mixed to give one 

combined standard (1 mM for each analyte). A serial dilution of the calibration 

standards that ranged from 20 nM to 25 µM was used for method validation. Dilute 
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single standards were used prior for retention time identification of isobaric 

compounds. 

2.3 Derivatization with PMP 

PMP solution was prepared in methanol to a final concentration of 0.5 M. For 

the derivatization reaction, 100 µL 0.5 M PMP and 200 µL ammonia were added to 

aliquots of 100 µL of saccharide standards or of hydrolyzed samples. The reactions 

were carried out in a 70 °C water bath for 20 min, and then cooled to room 

temperature. 200 µL of formic acid were then added to neutralize the reaction.  

Excess PMP was removed via liquid-liquid extraction, by adding 1 mL 

chloroform and 1 mL water to the derivatized samples. The solution was mixed 

thoroughly for 1 min and the organic layer was discarded. This process was repeated 

twice. The aqueous layer was then filtered through a 25 mm syringe filter with a 0.2 

µm acetate membrane (VWR InternationalTM) and injected into the UPLC-Orbitrap MS 

system.  

2.4 UPLC-Orbitrap MS conditions 

 Derivatized samples were measured using a UPLC Ultimate 3000 system 

(Thermo Fisher Scientific, Bremen, Germany) coupled to an Obitrap Q Exactive HRMS 

system (Thermo Fisher Scientific) with an electrospray ionization (H-ESI) source. 

Chromatographic separation was carried out on a Waters AccQ.Tag Ultra C18 column 

(2.1 mm x 100 mm, 1.7 µm particles) (Milford, MA, USA). An ACQUITY column in-line 

guard filter (2.1 mm, 0.2 µm) (Milford, MA, USA) was used. The column temperature 

was 35 °C. The mobile phase was composed of 20 mM ammonium formate as eluent 

A and acetonitrile as eluent B. The following solvent gradient was used: 0-0.5 min kept 

constant at 13% B, 0.5-2 min increased to 16% B, 2-15 min increased to 21% B, 15-

16 min increased to 60% B, 16-17 min increased to 90% B, and 17-20 min decreased 

to 13% B for column re-equilibration. The flow rate was set to 0.3 mL min-1 and the 

injection volume was 2 µL.  

The Orbitrap Q Exactive HRMS system was operated using full-mass scan 

mode (m/z 150-1000) in the ESI positive mode. The automatic gain control (AGC) 

target values were set to 3x106 and the resolution was set to 70,000. Lock mass 

correction was set to 214.0896 (contaminant from plasticizer).  Spray voltage was 3.5 
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kV, capillary temperature 300 °C, sheath gas was 35 arbitrary units and auxiliary gas 

was 15 arbitrary units. 

2.5 Method validation 

 Relative standard deviations (RSD) of the retention times, mass errors, 

linearities, limits of detection (LOD), limits of quantification (LOQ), repeatabilities (RSD 

of peak areas), and precision for 13C isotope enrichment detection were tested during 

method validation. A serial dilution of the calibration standards ranging from 20 nM to 

25 µM was injected to test the RSD of the retention time, linearity and repeatability. 

Mass errors were determined based on the relative difference between the expected 

m/z values and the observed m/z values. LOD and LOQ for the method were 

determined as 3σ/s or 10σ/s respectively, where σ refers to the standard deviation of 

the y intercept of the regression line and s refers to the slope of the calibration curve 

(Shrivastava & Gupta, 2011). 

 The precision of the measurement of 13C isotope enrichment was investigated 

using U-13C D-Glucose (99 atom % 13C, Sigma Aldrich) and D-glucosamine-1-13C (99 

atom % 13C, Sigma Aldrich). A mixed serial isotopic dilution was prepared for both 

isotopically enriched standards with natural abundance compounds and ranged from 

99 atom % 13C to natural 13C abundance (1.1 atom % 13C). Each 100 µl standard 

dilutions were derivatized with PMP and injected into the UPLC-ESI-Orbitrap HRMS 

system. The isotopic dilution series were carried out in triplicates at a concentration of 

50 µM. 

 In LC-HRMS applications, the atom % 13C is calculated accounting for multiple 

isotopologues by using the relative abundance of the signal (Sk) weighted by the 

number of isotopically labelled carbons (k) (Equation 1):  𝑎𝑡% 13𝐶 = ∑ (𝑘 ∗ 𝑆𝑘𝑛𝑘=1 ) (𝑛 ∗ ∑ 𝑆𝑘𝑛𝑘=0 )⁄ ∗ 100              (Eq. 1) 

where n is the total number of carbons in the molecule (Abadie & Tcherkez, 2021). 

Since both glucose and glucosamine contain 6 C atoms, in this study we account only 

for the isotopologues of M0 (all carbon atoms in the molecule are in their light isotopic 

variant, 12C) to M6 (all carbon atoms in the molecule are in their heavy isotopic variant, 

13C).  

However, during PMP-derivatization 20 C atoms are added to the molecules, 

creating bis-PMP derivatives for both glucose and glucosamine with 26 C atoms in 
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total. In order to properly estimate the atom % 13C in these large molecules, a 

correction for natural isotope occurrence from the derivatization reagents must be 

carried out to account for the 13C isotopologues from M0 to M26. This correction 

considers the difference between the theoretical and the experimental mass 

isotopomer distributions of the samples, including differences derived from tracer 

impurities (Heinrich et al., 2018; Selivanov et al., 2017).   

2.6 Applicability of the PMP method 

 In order to test the applicability of this method, pure biomass from isolates of 

different taxonomic groups, such as archaeal, bacterial, fungal and plant species, were 

hydrolyzed and derivatized using the proposed PMP method. Peptidoglycan and/or 

lyophilized cells from Methanobacterium sp., E. coli, B. subtilis, M. luteus, 

Streptomyces sp., S. aureus, and Synechococcus sp. were used. Fungal biomass 

from Clonostachys rosea and plant biomass from Malva silvestris were also 

hydrolyzed. Four replicates of each species were tested.  

Aliquots of 2 mg of peptidoglycan, lyophilized cells or freeze-dried isolates were 

hydrolyzed using 1.5 mL 6 M HCl. The solution was heated to 105 °C for 16 h and 

then cooled to room temperature. Vials were then centrifuged at 10,000 g for 20 min 

at room temperature and the supernatant was transferred into new vials and dried 

under a nitrogen stream. 1 mL water was then added to the samples and dried again 

under a nitrogen stream to remove residual HCl. In order to remove any salts, the dried 

samples were dissolved in 1 mL of MS-grade methanol, which does not extract salts. 

The samples were then centrifuged at 10,000 g for 10 min at room temperature and 

the supernatant was transferred and finally dried under a nitrogen stream. The dried 

hydrolyzed samples were dissolved in 1 mL water for the following PMP derivatization. 

Derivatization was carried out using 100 µL of dissolved hydrolyzed sample and 

following the same steps as previously depicted in the PMP-derivatization section.   

The applicability of the method was also tested on soil samples collected from 

Andalucía, Spain and Styria, Austria. At both sites, soils under forest, grassland and 

cropland management were sampled using a soil corer (8 cm diameter, n=5, soils 

mixed after sieving by 2 mm) at 0-15 cm depth. Soil properties from both locations can 

be found in Table S.1. For acid hydrolysis, 0.1-0.4 g dry finely ground soil (equivalent 

to ~0.3 mg N) were mixed with 10 ml 6 M HCl. The mixture was heated to 105 °C for 

8 h and then cooled to room temperature. The soil extract was filtered using qualitative 
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filter papers 150 mm diameter (Whatman®) and dried under nitrogen stream. The dried 

extract was re-dissolved with 12 mL of deionized water and the pH was adjusted to 

6.6 – 6.8 using 0.4 M KOH and 0.2 M HCl. The extracts were centrifuged at 1200 g for 

10 min and the supernatant was transferred and freeze-dried. In order to remove any 

salts, the freeze-dried extracts were dissolved in 8 mL MS-grade methanol and 

centrifuged at 1600 g for 15 min. The supernatant was transferred and finally dried 

under a nitrogen stream. The dried extracts were dissolved in 1 mL water for PMP 

derivatization.  

2.7 Data analysis 

In order to distinguish between taxonomic groups (archaea, bacteria, fungi and 

plants), a Principal Component Analysis (PCA) was carried out using all PMP-

derivatives obtained from the different species. A PCA biplot was constructed using 

only the first and second principal components (PC1 and PC2), in order to visualize 

the clustering of the taxonomical groups. A permutational multivariate analysis of 

variance (perMANOVA) was carried out to test the effect of taxonomic group on the 

content of amino sugars, neutral sugars and uronic acids. All statistical analyses were 

performed in R version 4.2.0 (R Core Team, 2021).  

3. Results 

3.1 Separation of PMP derivatives 

 The developed PMP-derivatization protocol allowed the successful separation 

of three N-acetyl amino sugars, four amino sugars, eight neutral sugars and two uronic 

acids in a 20 min run using RP-UPLC-ESI-Orbitrap HRMS, including the separation of 

all isobars (Fig. 1). All compounds were identified based on their retention time and 

their PMP-derivative molecular ions [M + H]+ with m/z values 481.2079 (Ara, Rib, Xyl), 

495.2235 (Fuc, Rha), 510.2349 (GlcN, GalN, ManN), 511.2186 (Glu, Gal, Man), 

525.1978 (GalA, GluA), 552.2453 (NAcGlc, NAcGal, NAcMan) and 582.2554 (MurN).  

3.2 PMP method validation 

Table 1 shows the method validation parameters. Retention time stability was 

very high (mean RSD < 0.4%). PMP-derivative molecular ions for all monosaccharides 

were found at the expected m/z values and the highest mass error detected was only 

0.8 ppm (Table 1). All PMP-derivatives showed very good linearity (R2 > 0.9991) and 
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repeatability (RSDs < 2.6%). The LOD and LOQ values ranged from 0.03 – 1.73 µM 

and 0.10 – 5.76 µM, respectively.  

The precision of isotopic enrichment was calculated using U-13C D-Glucose and 

13C for D-glucosamine-1-13C (Fig. S1). For D-Glucose the following isotopologue m/z 

values were used: 511.2193 (M0), 512.2227 (M1), 513.2260 (M2), 514.2294 (M3), 

515.2328 (M4), 516.2361 (M5) and 517.2395 (M6). For D-glucosamine the following 

isotopologue m/z values were used: 510.2353 (M0), 511.2387 (M1), 512.2420 (M2), 

513.2454 (M3), 514.2487 (M4), 515.2521 (M5) and 516.2555 (M6). Figure 2 shows 

the regression lines corresponding to the 13C isotopic calibrations. The U-13C D-

Glucose regression had a slope of 1.06, a y-intercept of -3.27 and an R2 = 0.9978. The 

D-glucosamine-1-13C regression had a slope of 0.97, a y-intercept of -3.07 and an R2 

= 0.9991. The precision of the measurement of 13C isotopic enrichment was 0.03 atom 

% 13C for U-13C D-Glucose and 0.05 atom % 13C D-glucosamine-1-13C, based on the 

atom % 13C standard deviation of repeated analyses of low-enrichment samples close 

to natural 13C abundance. 

3.3 Application of the PMP method 

The developed PMP protocol was tested in archaeal, bacterial, fungal and plant 

samples for the quantification of amino sugars, neutral sugars, and uronic acids (Fig. 

3). Since strong acid hydrolysis (> 1.3 M and > 50 °C) causes deacetylation of bound 

amino sugars, N-acetylamino sugars were not detectable in the hydrolyzed samples.  

The results of sugar-PMP derivatives quantified in the archaeal, bacterial, 

fungal and plant species are shown in Table 2. Both fungal species showed the highest 

content of glucosamine (GlcN), followed by Gram-positive bacteria. 

Methanobacterium sp. had the highest galactosamine (GalN) content compared to the 

other species. Both plant species showed the highest content of glucose (Glu). 

Muramic acid (MurN) was only found in bacterial samples, where it had a higher 

content in Gram-positive bacteria compared to Gram-negative bacteria.  

Based on its PMP-derivative molecular ion of m/z value 524.2128, we were able 

to identify talosaminuronic acid in archaea. This uronic acid was only found in 

Methanobacterium sp.. Mannosamine (ManN), xylose (Xyl) and galacturonic acid 

(GalA) were not detected above LOQ in any of the species tested.  

The PCA showed the clustering of the different taxonomic groups to be driven 

by the PMP derivatives content in each of the species (Fig. 4). In the PCA biplot, the 
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principal component 1 (PC1) accounted for 32.2% of the variance and principal 

component 2 (PC2) for 22.9% of the variance. There was a significant effect of 

taxonomic group on the amino sugar, neutral sugar and uronic acid contents, as shown 

by perMANOVA analysis (P<0.001).  

The PMP-derivatization method was also tested on soil samples (Fig. S.2 and 

S.3). The results of sugar-PMP derivatives quantified in forest, grassland and cropland 

soils are shown in Table 3. GlcN was the most abundant amino sugar found in all soil 

samples, while Xyl was the most abundant monosaccharide quantified (Table 3).  GlcN 

contents varied from 1.2 – 5.1 mg g-1 of dry weight (dw), while MurN varied from 0.25 

– 2.5 mg g-1 dw. Talosaminuronic acid (TalA) could be quantified in almost all soils 

tested. Mannosamine (ManN), galactose (Gal) arabinose (Ara), ribose (Rib), 

galacturonic acid (GalA) and glucuronic acid (GluA) were not detected in any of the 

soils tested. 

4. Discussion 

4.1 Separation of PMP-derivatives 

Our proposed PMP-derivatization method allowed the successful separation 

and quantification of four amino sugars, three N-acetyl amino sugars, eight neutral 

sugars and three uronic acids in a single run. While Orbitrap HRMS could distinguish 

between non-isomeric PMP-derivatives, UPLC separation was required to separate 

the different isomers. Both dimensions were necessary to fully resolve the 18 sugar-

related compounds. 

 Method validation parameters (Table 1) showed the successful application of 

the PMP-derivatization method. Retention time stability (RSD < 0.4%) was very high 

and within range of those observed by Hu et al. (2017). All PMP-derivative molecular 

ions were found to be similar to the expected m/z values and the highest mass error 

detected was only 0.8 ppm (Table 1). This not only shows the high precision and 

sensitivity of the proposed PMP-method as analyzed by an UPLC-Orbitrap HRMS 

system, but also the mass error was markedly lower than that observed for most 

monosaccharides in another study using similar PMP-derivatization and ion-trap time-

of-flight (IT-TOF) MS detection (Guo et al., 2019). A very good linearity of the MS 

response was obtained (R2 > 0.9991), better than that observed by using triple 

quadrupole ion trap MS (TQ-MS/MS) detection (Xia et al., 2017). The repeatability of 
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the method showed high precision for the PMP-derivatization methods, with all RSDs 

being below 2.6% for peak areas.  

The detection and quantification limits established in the current method were 

lower than those published for PMP-derivatization followed by diode array detection 

(DAD) (Wang W. et al., 2021), evaporative light scattering detection (ELSD) (Wang W. 

et al., 2021), IT-TOF MS detection (Guo et al., 2019), or capillary electrophoresis 

coupled to UV detection (Hu et al., 2014; Liu et al., 2022). Likewise, this PMP-method 

has lower limits of detection for most monosaccharides when compared to o-

phthalaldehyde (OPA) and p-aminobenzoic acid (p-AMBA) derivatization methods 

(Indorf et al., 2011; Meyer et al., 2001). The coupling of RP-UPLC separation to Q 

Exactive Orbitrap HRMS therefore provided highest specificity and sensitivity for the 

detection of the targeted biomarkers.  

The precision of isotopic enrichment carried out for the PMP-derivatization 

method using UPLC-Orbitrap HRMS showed the unique sensitivity for the separation 

of 13C isotopologues for both glucose and glucosamine, with a precision of 13C 

enrichment detection around 0.03 atom % 13C enrichment for glucose and 0.05 atom 

% 13C enrichment for glucosamine, which is much more sensitive than what is 

achieved by GC/MS (Patterson et al., 1997; Preston & Slater, 1994).  This highlights 

the potential use of this PMP-derivatization approach for the sensitive measurement 

of isotope incorporation in microbial and plant necromass biomarkers, without the use 

of more specialized instrumentation such as an isotope ratio mass spectrometer 

(IRMS) (Sessions, 2006). Though IRMS has a 10-fold higher sensitivity in terms of 

isotope incorporation, this comes at the cost of markedly decreased concentration 

sensitivity. 

In this study, the atom % 13C was calculated using only the isotopologues M0 

to M6 (Equation 1) since both glucose and glucosamine contain 6 C atoms. While 

these calculations provided useful proxies for the determination of the precision of 13C 

isotopic enrichment, a more precise estimation of the atom % 13C would require the 

consideration of all possible M0 to M26 13C isotopologues since the PMP-

derivatization reaction adds 20 C to the molecules and each of these C atoms come 

with an atom % 13C at natural abundance (1.1 atom % 13C). To generate this more 

precise atom % 13C estimation, a correction for the natural abundance of all possible 

isotopologues introduced by the derivatization reaction would be required alongside a 

correction for possible tracer impurities (Heinrich et al., 2018; Selivanov et al., 2017).  
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4.2 Application of the method 

We were able to identify and quantify most of the PMP derivatives in all 

prokaryotic and eukaryotic species tested. The amino sugar content quantified using 

our modified PMP-method is within range of what has been measured in other 

microorganisms. The measured GlcN content ranged from 60.3 – 76.6 mg g-1 dw for 

fungal species, and the MurN content from 32.4 – 65.1 mg g-1 dw for Gram-positive 

bacteria and 0.9 – 4.5 mg g-1 dw for Gram-negative bacteria (Table 2). Appuhn and 

Joergensen (2006) showed that GlcN content in different fungal species ranged 

between 9 – 112 mg g-1 dw, while MurN ranged from 1.7 – 42.2 mg g-1 dw for Gram-

positive bacteria and 2.0 – 7.2 mg g-1 dw for Gram negative bacteria. Similarly, Glaser 

et al. (2004) observed a GlcN content of 27.1 mg C g -1 of total organic carbon (TOC) 

for fungi and 34.7 mg C g -1 TOC for bacteria (contents on a dry mass basis ~2-fold 

higher at C content of 50%), while the MurN content varied from 6.6 mg C g -1 TOC in 

bacteria to <0.1 mg C g -1 TOC in fungi.  

Differences between the amino sugar content presented in this paper and 

previous papers could be explained by the different species used. Species-specific 

variations in the cell wall thickness in bacteria could explain differences observed in 

MurN and GlcN content (Vollmer et al., 2008), which was also observed in the wide 

range of MurN contents of Gram-positive bacteria presented in Appuhn and 

Joergensen (2006).   

Fungal chitin is mainly composed of interlinked N-acetylglucosamine, while 

bacterial peptidoglycan contains both, N-acetylglucosamine and N-acetylmuramic 

acid (Joergensen, 2018).  This explains not only why the highest GlcN content was 

found in both fungal species, but also why Gram-positive bacteria had a high GlcN 

content. Gram-positive bacteria also had a higher MurN content compared to Gram-

negative bacteria species, due to the greater thickness of the peptidoglycan layer in 

Gram-positive bacteria (Vollmer et al., 2008). Also, muramic acid was only found in 

the bacterial species, which coincides with it being a very specific bacterial necromass 

biomarker that is only found in bacterial peptidoglycan.  

Talosaminuronic acid was only found in Methanobacterium sp., but not in any 

other taxonomic group. This is due to archaeal pseudopeptidolglycan containing both 

N-acetylglucosamine and N-talosaminuronic acid (Subedi et al., 2021). König et al. 

(1993) also proposed that some methanobacterial pseudomurein glycan strands can 
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contain N-acetylgalactosamine along with or instead of N-acetylglucosamine, which 

could account for the high galactosamine content observed in this archaeal species.  

Regarding the neutral sugars, all microbial species had lower contents of 

hexoses, pentoses and uronic acids, when compared to their amino sugar contents, 

in contrast to higher plants (A. cerefolium and M. sylvestris), which showed the highest 

glucose contents and the lowest amino sugar contents out of all the other species 

tested. Since cellulose is an important structural polymer of plant cell walls and 

consists of interlinked glucose units, it explained the high glucose content in plants. 

Similarly, amino sugars have been found only in trace amounts in higher plants 

(Parsons, 2021). 

PCA results showed that the different taxonomic groups clustered based on 

their PMP-derivative distributions (Fig. 4). This indicates the successful application of 

the PMP-method for the measurement of amino sugar, neutral sugar and uronic acid 

contents and its application for the quantification of soil necromass biomarkers.  

When applied to soils, we were able to identify and quantify amino sugars, 

neutral sugars and uronic acids using the adopted PMP-derivatization protocol. GlcN 

was the most abundant amino sugar measured in all soils (Table 3), ranging from 1.2 

– 5.1 mg g-1 dw. According to Joergensen (2018), GlcN contributes between 47-68 % 

to total amino sugars in soils (54 ± 8% in this study) and its major source are fungal 

cell walls. However, GlcN from bacterial origin (peptidoglycan) can also contribute up 

to 30% in saline soils with high bacterial residues (Khan et al., 2016). High bacterial 

necromass was also found here in the Calcisols (~pH 8.6), with GlcN:MurN ratios of 

1.9-2.0 being close to those expected from bacteria alone (~2), with no GlcN 

contribution by fungi. The highest MurN content was observed in alkaline forest and 

grassland soils (Table 3), indicating a high abundance of bacterial structural residues. 

Both GlcN and MurN contents in all soils tested with the PMP-derivatization method 

were within the higher ranges of those presented in other studies using aldonitrile or 

OPA derivatization methods along with gas or liquid chromatography (Khan et al., 

2016; Wang B. et al., 2021a; Yang et al., 2020). High clay contents in soils might also 

explain the higher content of GlcN and MurN in Calcisols, since amino sugar polymers 

can be stabilized on clay particles and thereby resist microbial degradation (Khan et 

al., 2016). 

Furthermore, strong acid hydrolysis, which is required for the successful 

release of amino sugars from their polymeric form (Einbu & Vårum, 2007), can affect 
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the composition and yield of neutral sugars (Lavarack et al., 2002) and uronic acids. 

The hydrolysis of samples using 6 M HCl could account for the lower concentrations 

of neutral sugars and of uronic acids compared to amino sugars in all species. Guo et 

al. (2019) found that optimal hydrolysis conditions vary between amino sugars, neutral 

sugars and uronic acids, indicating that differential hydrolysis protocols should be 

applied to the same sample, when aiming to determine all three biomarker fractions. 

However, this is not only time-consuming, but it might also not be feasible if only low 

quantities of sample are available such as from slow-growing archaeal and bacterial 

isolates. While using 6 M HCl for hydrolysis is preferential for the release of amino 

sugars, we observed that neutral sugars and uronic acids, although low in 

concentration, are still quantifiable, but that they are likely underestimated (Table 2). 

This PMP derivatization method was successfully applied for the identification 

and quantification of microbial necromass biomarkers in soils. Moreover, this method 

can be used for tracing isotopically labeled substrates (e.g. in 15N and/or 13C, 

separately or combined, the latter due to the separation of 13C and 15N-isotopologues 

with almost same mass by Orbitrap MS) (Hu et al., 2017) into necromass biomarkers, 

and these into different SOM pools, such as occluded and free particulate organic 

matter and mineral-associated organic matter. However, in order to accurately 

determine the contribution of microbial necromass C to SOM, it is important to consider 

that the quantification of these biomarkers do not reflect the entirety of the microbial 

necromass pool since they do not account for the presence of microbial extracellular 

polymeric substances and rhizodeposits (Whalen et al., 2022).  

Conversion factors are used to estimate bacterial and fungal necromass C from 

MurN and GlcN content in soils. These conversion factors are derived from microbial 

biomarkers measured for a few isolates of bacteria and fungi and vary strongly, e.g. 

between Gram-positive and Gram-negative bacteria and among fungi (Appuhn & 

Joergensen, 2006). This bears a large uncertainty for the estimations of soil microbial 

necromass and further assumes that: 1) all necromass biomarkers are stabilized at 

the same rate in soils, and 2) their ratios found in microbial necromass are the same 

as in microbial biomass (Whalen et al., 2022). While more studies are required to 

investigate these assumptions, determining the ratio of Gram-positive to Gram-

negative bacteria, as well as the bacteria to fungi ratio in soils, would improve the 

quantification of microbial necromass C when using conversion factors. 



46 
 

5. Conclusions 

 We developed a modified PMP-derivatization method coupled to RP-UPLC-

ESI-Orbitrap HRMS, which allowed the successful separation and quantification of 18 

sugar-containing compounds, including four amino sugars, three N-acetylamino 

sugars, eight neutral sugars and three uronic acids. When applied to acid hydrolyzed 

samples from archaea, bacteria, fungi and plant species, a multivariate statistical 

analysis showed the separation between these taxonomic groups based on their 

amino sugar, neutral sugar and uronic acid contents, supporting the use of these 

compounds as necromass biomarkers. Similarly, our developed PMP-derivatization 

method was successfully applied to forest, grassland and cropland soils with 

contrasting edaphic properties. Our proposed PMP-derivatization method can be 

applied to identify and quantify soil microbial necromass biomarkers and their 

contribution to the stabilization of SOM, as well as for tracing isotopically labeled 

compounds into these necromass biomarkers and further into different SOM pools.  
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Table 1. Retention times, detected masses, mass accuracies, linearities, limits of detection (LOD), limits of quantification 

(LOQ) and repeatabilities (RSD, relative standard deviation) of 17 PMP-labeled amino sugars, neutral sugars and uronic 

acids measured by RP-UPLC-ESI-Orbitrap HRMS. 

Compound 
Chemical 

formula 

Retention 

time (min) 

Retention 

time RSD 

(%) 

m/z 

[M+H]+ 

Expected 

PMP 

derivatives 

[M+H]+ 

Observed 

PMP 

derivatives 

[M+H]+ 

Mass 

error 

(ppm) 

Linearity 

(R2) 

LOD 

(µM) 

LOQ 

(µM) 

Repeatability 

RSD (%) 

Ribose C5H10O5 6.75 0.2 151.0601 481.2082 481.2079 0.6 0.9999 0.03 0.10 0.3 

Arabinose C5H10O5 7.89 0.1 151.0601 481.2082 481.2080 0.5 0.9993 0.17 0.57 0.7 

Xylose C5H10O5 7.97 0.2 151.0601 481.2082 481.2079 0.6 0.9991 0.19 0.62 0.7 

Rhamnose C6H12O5 6.76 0.2 165.0758 495.2239 495.2235 0.8 0.9999 0.03 0.10 0.7 

Fucose C6H12O5 8.31 0.1 165.0758 495.2239 495.2236 0.6 0.9993 0.23 0.77 1.8 

Glucosamine C6H13NO5 6.71 0.3 180.0866 510.2347 510.2349 -0.4 0.9996 0.26 0.85 1.6 

Galactosamine C6H13NO5 7.22 0.3 180.0866 510.2347 510.2347 -0.1 0.9997 0.16 0.52 1.5 

Mannosamine C6H13NO5 6.90 0.1 180.0866 510.2347 510.2347 0.0 0.9997 0.84 2.78 0.5 

Glucose C6H12O6 7.61 0.2 181.0707 511.2188 511.2186 0.4 0.9997 0.08 0.26 0.2 

Galactose C6H12O6 7.97 0.2 181.0707 511.2188 511.2187 0.2 0.9996 0.23 0.77 1.6 

Mannose C6H12O6 6.16 0.3 181.0707 511.2188 511.2185 0.6 0.9993 0.13 0.44 1.2 

Galacturonic acid C6H10O7 7.30 0.1 195.0499 525.1980 525.1978 0.5 0.9992 0.25 0.84 2.2 

Glucuronic acid C6H10O7 7.14 0.4 195.0499 525.1980 525.1978 0.4 0.9998 0.13 0.44 1.6 

N-acetylglucosamine C8H15NO6 7.23 0.3 222.0972 552.2453 552.2452 0.2 0.9994 0.22 0.74 1.1 

N-acetylgalactosamine C8H15NO6 7.55 0.2 222.0972 552.2453 552.2451 0.3 0.9997 0.11 0.37 0.1 

N-acetylmannosamine C8H15NO6 8.01 0.4 222.0972 552.2453 552.2451 0.3 0.9996 0.36 1.12 1.6 

Muramic acid C9H17NO7 6.24 0.3 252.1078 582.2559 582.2554 0.8 0.9993 1.73 5.76 2.6 
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Table 2. Concentrations (± standard deviation) of amino sugars, neutral sugars and uronic acids measured in pure biomass 

from archaea, bacteria, fungi and plant species using PMP-derivatization and RP-UPLC-Orbitrap HRMS. 

Taxonomical 

group 
Species 

GlcN GalN MurN Glc Gal Man Rib Ara Fuc GluA TalA 

(mg g-1  

dw) 

(mg g-1 

dw) 

(mg g-1  

dw) 

(mg g-1  

dw) 

(mg g-1  

dw) 

(mg g-1  

dw) 

(mg g-1  

dw) 

(mg g-1  

dw) 

(mg g-1 

dw) 

(mg g-1  

dw) 

(mg g-1  

dw) 

Archaea Methanobacterium 

sp. 
20.3  

(± 5.3) 

26.7 

(±6.7) 
- 0.8 

 (±0.3) 

0.3 

 (±0.1) 

0.1 

 (±0.0) 

0.2  

(±0.1) 

0.2  

(±0.0) 
- - 

11.8  

(±4.9) 

Gram-

negative 

bacteria 

Escherichia 

coli 
1.8  

(± 0.6) 

0.2  

(±0.1) 

0.9  

(±0.3) 0.2 

 (±0.1) - 

- 
0.1  

(±0.1) 

0.3  

(±0.2) 
- - - 

 
Synechococcus 

sp. 
7.3  

(±2.3) 

0.9 

 (±0.3) 

4.5 

 (±1.4) 
2.2  

(±0.4) 

0.9  

(±0.2) 

0.2  

(±0.1) 

0.3  

(±0.1) 
0.3 (±0.1) 

0.1 

 (±0.0) 
- - 

Gram-

positive 

bacteria 

Bacillus 

subtilis 

32.3  

(±16.0) 
- 

53.8  

(±27.7) 0.2 

 (±0.1) 

0.2 

 (±0.0) 

- 
0.1  

(±0.0) 

0.3 

 (±0.0) 
- - - 

 
Micrococcus 

luteus 

(peptidoglycan) 

75.7  

(±6.4) 

20.1 

(±1.9) 

32.4  

(±2.7)  

0.5  

(±0.2) 

0.3 

 (±0.1) 

0.2 

 (±0.0) 

0.3 

 (±0.1) 

0.4 

 (±0.1) 
- - - 

 
Micrococcus 

luteus 

(lyophilized cells) 

38.3 

 (±4.8) 
- 

65.1 

 (±11.1) 

2.7  

(±0.6) 
- 

0.2 

 (±0.0) 

0.5 

 (±0.1) 

0.4  

(±0.0) 
- - - 

 
Staphylococcus 

aureus 

23.4 

(±16.2) 

0.8  

(±0.6) 

43.5  

(±33.1) 
0.2 

 (±0.1) - 
- 

0.1  

(±0.0) 

0.5 

 (±0.0) 
- - - 

 
Streptomyces 

sp. 
23.8  

(±1.9) 

1.5 

 (±0.1) 

39.6  

(±3.9) 
0.2  

(±0.0) 

0.2  

(±0.0) 

0.1 

 (±0.0) 

0.1  

(±0.0) 

0.2 

 (±0.0) 
- - - 

Fungi Clonostachys 

rosea 
76.6 

 (±7.1) 

6.1 

 (±0.5) 
- 4.7 

 (±0.9) 

1.9 

 (±0.2) 

0.1 

 (±0.0) 

0.1 

 (±0.0) 

0.2 

 (±0.0) 

0.2 

 (±0.0) 

0.1  

(±0.0) 
- 

 
Fusarium 

fujikurio 
60.3 

 (±5.9) 
- - 1.8  

(±0.4) 

0.7  

(±0.1) 

0.1  

(±0.0) 

0.1 

 (±0.0) 

0.1  

(±0.0) 
- - - 

Plants Anthriscus 

cerefolium 
0.7  

(±0.0) 

0.1 

 (±0.0) 
- 5.9  

(±0.6) 

1.9  

(±0.3) 

0.1  

(±0.0) 

0.1 

 (±0.0) 

0.1 

 (±0.0) 

0.1 

 (±0.0) 
- - 

 

Malva 

silvestris 
2.7  

(±0.2) 

0.2  

(±0.0) 
- 14.0 

(±4.1) 

0.8  

(±0.2) 

0.1  

(±0.0) 

0.1  

(±0.0) 

0.2 

 (±0.1) 

0.1 

 (±0.0) 
- - 
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Table 3. Concentrations of amino sugar and neutral sugar biomarkers measured in Calcisols and Cambisols under forest, 

grassland and cropland using PMP-derivatization and UPLC-Orbitrap MS. 

Site Management 

GlcN GalN MurN Glc Man Xyl Fuc Rha TalA 

(µg mg-1 

dw) 

(µg mg-1 

dw) 

(µg mg-1 

dw) 

(µg mg-1 

dw) 

(µg mg-1 

dw) 

(µg mg-1 

dw) 

(µg mg-1 

dw) 

(µg mg-1 

dw) 

(µg mg-1 

dw) 

1 Forest 5.05 2.94 2.53 4.90 1.60 20.90 0.42 0.08 0.15 

2 Grassland 4.69 2.39 2.41 4.03 1.30 14.80 0.35 0.07 0.18 

3 Cropland 1.15 0.75 0.62 1.20 0.34 4.40 0.11 0.02 0.05 

4 Cropland 2.97 1.91 0.47 2.27 1.01 17.83 0.36 0.07 0.22 

5 Grassland 4.92 3.14 0.45 3.24 1.25 24.64 0.47 0.09 0.48 

6 Forest 2.03 0.79 0.25 1.40 0.78 10.80 0.31 0.06 - 
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Figure 1. Chromatograms of amino sugar, neutral sugar and uronic acid standards 

derivatized with PMP and injected into the RP-UPLC-ESI-Orbitrap HRMS system. 
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Figure 2. 13C isotopic enrichment precision of U-13C D-glucose (A) and D-glucosamine-

1-13C (B). The calculated atom % 13C (x-axis) is determined using the isotopologues M0 

to M6, where the sum of the signal of all isotopologues weighted by the number of 13C 

substitutions is divided by the sum of the signals of all isotopologues times the total 

number of C atoms in the molecule (Equation 1). The calibrated atom % 13C (y-axis) is 

based on the estimation of atom % 13C from the mixed serial isotopic dilutions that ranged 

from 99 atom % 13C to natural 13C abundance (1.1 atom % 13C) for U-13C D-glucose, and 

from 17.4 atom % 13C to natural 13C abundance for D-glucosamine-1-13C. 
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Figure 3. Chromatograms of PMP-derivatives from acid-hydrolyzed Methanobacterium 

sp. (A), Streptomyces sp. (B), Clonostachys rosea (C) and Malva silvestris (D). 
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Figure 4.  Biplot from principal component analysis (PCA) using PMP-derivatives from 

acid hydrolyzed samples of species belonging to different taxonomic groups. The small 

symbols represent all the individual replicates and the big symbols their centroid. 
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Table S.1 Edaphic properties of forest, grassland and cropland soils used for testing the applicability of the PMP-

derivatization method via UPLC-Orbitrap MS. 

Site Location Latitude Longitud Management Bedrock  
Soil 

Type 
pH* WHC  

Total 

N 

(mg/g) 

Total 

C 

(mg/g) 

Sand 

% 

Silt 

% 

Clay 

% 
CEC 

1 Andalucía, Spain 36°26'44"N 6°2'10"W Forest Carbonate Calcisol 8.60 0.93 2.6 31.8 31 26.7 42.4 38.0 

2 Andalucía, Spain 36°24'45"N 6°6'21"W Grassland Carbonate Calcisol 8.50 0.74 2.4 26.4 23.8 43.8 32.4 26.6 

3 Andalucía, Spain 36°45'43"N 5°11'42"W Cropland Carbonate Calcisol 8.70 0.44 0.7 7.8 33.6 28.6 37.8 17.1 

4 Styria, Austria 47°29'46"N 14°6'3"E Cropland Silicate Cambisol 6.40 0.68 2.4 24.8 49.5 44.4 6.2 9.8 

5 Styria, Austria 47°29'47"N 14°6'23"E Grassland Silicate Cambisol 5.50 0.75 3.3 32.9 49.9 42.4 7.7 6.1 

6 Styria, Austria 47°28'57"N 14°5'37"E Forest Silicate Cambisol 4.40 0.89 2.1 44.1 49.3 34.1 16.6 6.4 

*pH was measured using MQ 1:5 ratio. 

WHC: Water holding capacity (g H2O/g dw). 

CEC: Cation exchange capacity (cmol/kg).
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Figure S.1 Mass spectra of Glc-PMP at natural abundance 13C (M0 = 511.2193 m/z, A) 

and the isotopically enriched variant U-13C-Glc-PMP (M6 = 517.2395 m/z, B). Mass 

spectra of GlcN-PMP at natural abundance (M0 = 510.2353 m/z, C) and the isotopically 

enriched variant 1-13C-GlcN-PMP (M1= 511.2387 m/z, D). In M0, all carbon atoms in 

the molecule are in their light isotopic variant (12C). In M6, 6 carbon atoms in the 

molecule are in their heavy isotopic variant (13C). 
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Figure S.2 Chromatograms of PMP-derivatives from acid-hydrolyzed Calcisol soils 

under forest (A), grassland (B) and cropland (C) management located in Andalucía, 

Spain.  
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Figure S.3 Chromatograms of PMP-derivatives from acid-hydrolyzed Cambisol soils 

under cropland (A), grassland (B) and forest (C) management located in Styria, Austria. 
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neutral sugar necromass biomarkers in archaea, 

bacteria, fungi, and plants 
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Abstract 

Soil microbial necromass is an important contributor to soil organic matter (>50%) and 

it is largely composed of microbial residues. In soils, fragmented cell wall residues are 

mostly found in their polysaccharide forms of fungal chitin and bacterial peptidoglycan. 

Microbial necromass biomarkers, particularly amino sugars (AS) such as glucosamine 

(GlcN) and muramic acid (MurA) have been used to trace fungal and bacterial residues 

in soils, and to distinguish carbon (C) found in microbial residues from non-microbial 

organic C. Neutral sugars (NS), particularly the hexose/pentose ratio, have also been 

proposed as tracers of plant polysaccharides in soils. In our study, we extended the 

range of biomarkers to include AS and NS compounds in the biomass of 120 species 

belonging to archaea, bacteria, fungi, or plants. GlcN was the most common AS found 

in all taxa, contributing 42-91% to total AS content, while glucose was the most 

common NS found, contributing 56-79% to total NS. We identified talosaminuronic 

acid, found in archaeal pseudopeptidoglycan, as a new potential biomarker specific 

for Euryarchaeota. We compared the variability of these compounds between the 

different taxonomic groups using multivariate approaches, such as non-metric 

multidimensional scaling (NMDS) and partial least squares discriminant analysis (PLS-

DA) and statistically evaluated their biomarker potential via indicator species analysis. 

Both NMDS and PLS-DA showcased the variability in the AS and NS contents 

between the different taxonomic groups, highlighting their potential as necromass 

residue biomarkers and allowing their extension from separating bacterial and fungal 

necromass to separating microbes from plants. Finally, we estimated new conversion 

factors where fungal GlcN is converted to fungal C by multiplying by 10 and MurA is 

converted to bacterial C by multiplying by 54. Conversion factors for talosaminuronic 

acid and galactosamine are also proposed to allow estimation of archaeal or all-

microbial necromass residue C, respectively.  

Key words 

Soil necromass biomarkers, chitin, peptidoglycan, PLS-DA, necromass conversion 

factors.  

1. Introduction 
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Soil organic matter (SOM) is the largest reservoir of terrestrial organic carbon 

(C), and soil microbes play a key role in the formation and long-term storage in this 

pool. While living microbial biomass is assumed to contribute approximately 1% to soil 

organic carbon (SOC) (Xu et al., 2013), dead microbes, also called microbial 

necromass, comprise on average 50% or more of the SOC (Liang et al., 2019; Wang 

et al., 2021). The accumulation and stabilization of microbial necromass, and 

consequently of SOC, is caused by organo-mineral interactions between necromass 

and mineral surfaces, organic-organic interactions between necromass and other 

organic matter, and necromass-necromass associations (Buckeridge et al., 2020; 

Creamer et al., 2019; Liang et al., 2019).  

Soil microbial necromass is largely made up of microbial residues and products 

such as fragmented cell walls, cytoplasmic components, and extracellular polymeric 

substances (EPS) from fungi, bacteria, and archaea. Microbial residues, particularly 

cell wall fragments of fungi and bacteria, are mostly found in polysaccharide form such 

as chitin and peptidoglycan (Kästner et al., 2021). In soils, cell wall residues are 

decomposed and recycled by extracellular hydrolytic enzymes, resulting in a mixture 

of oligo- and monosaccharides, as well as amino acids and oligopeptides, which 

makes it difficult to distinguish their origin (Hu et al., 2018; Schimel & Bennett, 2004). 

Biomarkers of soil microbial necromass have been used to differentiate between C 

found in microbial residues from non-microbial organic C (Liang et al., 2019). 

Amino sugars are the most commonly used biomarkers to trace bacterial and 

fungal necromass residues in soils, since plants only produce them in trace amounts 

(Parsons, 2021). Glucosamine (GlcN) is the most common amino sugar found in soils, 

contributing up to 68% of total amino sugars in soils (Joergensen, 2018). GlcN is the 

main component of fungal chitin, and one of the main components of bacterial 

peptidoglycan and archaeal pseudopeptidoglycan (Albers & Meyer, 2011; 

Joergensen, 2018; Parsons, 2021). Muramic acid (MurA) is considered the most 

specific microbial necromass biomarker because it is found exclusively in the murein 

layers of the bacterial peptidoglycan (Vollmer et al., 2008). Galactosamine (GalN) and 

mannosamine (ManN) are nonspecific amino sugars which can be found in plants 

(Indorf et al., 2011), fungal cell walls (Beauvais & Latgé, 2018), EPS of bacteria 

(Caruso et al., 2018; Cheah & Chan, 2022; Vaningelgem et al., 2004), and in the cell 

envelope of some archaeal species (Albers & Meyer, 2011). Talosaminuronic acid 
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(TalA) can be found as part of the archaeal pseudopeptidoglycan (Albers & Meyer, 

2011); however, its biomarker potential has yet to be demonstrated.  

Beside amino sugars, neutral sugars are also potential biomarkers for 

necromass in soils. They can be found in their polymeric form as building blocks of 

cellulose, hemicellulose, starch, and glycogen. Due to the decomposition of plant litter 

and rhizodeposits, plants are considered the primary sources of sugars in soils, while 

microbes are a secondary source since they synthesize their carbohydrates from other 

C sources (e.g., from plant litter) (Gunina & Kuzyakov, 2015). Hexoses account for 

most of the bound sugars found in soils, with glucose (Glc) being the most abundant 

one, followed by mannose (Man) and galactose (Gal) (Gunina & Kuzyakov, 2015). 

Pentoses, particularly arabinose (Ara) and xylose (Xyl), are thought to mostly originate 

from plant residues since microbes preferentially synthesize hexoses compared to 

pentoses (Apostel et al., 2015; Gunina & Kuzyakov, 2015). A hexose/pentose ratio 

GM/AX (galactose + mannose/arabinose + xylose) has thus been proposed to 

determine the plant vs. microbial origin of polysaccharides in soil, where a GM/AX > 2 

is indicative of microbial polysaccharides and a GM/AX < 0.5 is indicative of plant 

polysaccharides (Gunina & Kuzyakov, 2015; Oades, 1984). Other “rare” sugars and 

sugar derivatives, such as fucose, rhamnose, and uronic acids have also been found 

in EPS and other polymers attached to the cell walls of bacteria and archaea (Albers 

& Meyer, 2011; Bhavsar et al., 2004; Fazio et al., 1982; Roca et al., 2015) and in plant 

hemicelluloses (Scheller & Ulvskov, 2010).   

In order to estimate the contribution of microbial necromass to SOM, Appuhn 

and Joergensen (2006) developed conversion factors based on the GlcN and MurA 

content in the biomass of selected fungal and bacterial species. These conversion 

factors convert soil GlcN or MurA content into fungal or bacterial necromass C, 

respectively. However, the extrapolation using these conversion factors is based on 

critical assumptions. For example, the MurA to bacterial C conversion factor of 45 was 

calculated assuming a ratio of gram-positive to gram-negative bacteria of 65% to 35% 

in soils (Appuhn & Joergensen, 2006; Joergensen & Potthoff, 2005), which could 

potentially under- or overestimate the contribution of bacterial C depending on the 

ecosystem (Cao et al., 2023; Fanin et al., 2019). Other assumptions include the same 

stabilization and recycling rates in soils for all amino sugars, and the same amino 

sugar ratios in microbial biomass and necromass.  
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Microbial necromass contribution to SOM and long-term C storage has gained 

important recognition, and with it the use of microbial necromass biomarkers. Thus 

far, necromass biomarker studies have focused mainly on GlcN and MurA as 

biomarkers for fungi and bacteria (Angst et al., 2021; Hu et al., 2023; Wang et al., 

2021). There is a major research gap regarding other potential amino sugar 

biomarkers, as well as the potential of neutral sugars as biomarkers. Additionally, the 

knowledge of the content and variation of these biomarkers in representative soil 

microbial groups, including archaea, as well as plants is still lacking. In our study, we 

aimed to expand the repertoire of biomarkers by: (1) identifying and quantifying amino 

sugar and neutral sugar compounds in the biomass of archaea, bacteria, fungi, and 

plants, (2) determining the variability of these compounds amongst the taxonomic 

groups in order to evaluate their biomarker potential, and (3) deriving new conversion 

factors that estimate microbial residue C based on specific amino sugar biomarkers. 

We used a single and robust approach to measure for the first-time amino sugar and 

neutral sugar biomarkers in a wide variety of taxa using the same hydrolysis method, 

derivatization protocol and analytical conditions via ultra-high performance liquid 

chromatography (UPLC) coupled to Orbitrap high-resolution mass spectrometry 

(HRMS).  

2. Materials and methods 

2.1 Standards and reagents 

Amino sugar and neutral sugar standards [arabinose (Ara), deoxyribose (DRib), 

fucose (Fuc), galactosamine (GalN), galactose (Gal), galacturonic acid (GalA), 

glucosamine (GlcN), glucose (Glc), glucuronic acid (GluA), mannosamine (ManN), 

mannose (Man), muramic acid (MurA), rhamnose (Rha), ribose (Rib), and xylose 

(Xyl)], 1-methyl-3-phenyl-2-pyralozone (PMP), ammonium formate solution BioUltra 

10 M in H2O, ammonia solution 25%, formic acid solution BioUltra 1 M in H2O, 

hydrochloric acid and acetonitrile (hypergrade for LC-MS) solutions were purchased 

from Sigma Aldrich (St. Louis, MO).  

2.2 Sample biomass preparation 

 We analyzed biomass from 120 species belonging to archaea (13), bacteria 

(23), fungi (56), or plants (28) with the aim to capture a large diversity of soil microbial 

groups, as well as plants. These microbial species belonged to representative clades 
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of soil microorganisms (Fierer, 2017), such as Crenarchaeota and Euryarchaeota for 

archaea; Acidobacteria, Bacteroidetes, Proteobacteria, Verrucomicrobia, 

Actinobacteria and Firmicutes for bacteria; and Ascomycota, Basidiomycota and 

Mucuromycota for fungi. Microbial cultivation methods can be found in the 

supplementary methods. The biomass from bacterial, fungal, and archaeal species 

was freeze-dried prior to acid hydrolysis. Plant materials (leaves and/or roots obtained 

during the peak growing season in and around Vienna, Austria) were dried in paper 

bags at 70 °C for 24 h or purchased from Herbathek® (Berlin, Germany). Acid 

hydrolysis and PMP derivatization was carried out as previously described in Salas et 

al. (2023). Briefly, 2 mg of pure freeze-dried isolate biomass or dried plant material 

were hydrolyzed using 1.5 mL of 6 M HCl and heated to 105 °C for 16 h. After cooling, 

the solution was centrifuged at 10,000 g for 20 min and dried under a nitrogen stream. 

To remove any salts, 1 mL of MS-grade methanol was added which dissolves amino 

sugars and neutral sugars released from cell mass but not other precipitates (Pinho & 

Macedo, 2005). The solution was centrifuged at 10,000 g for 10 min and dried under 

a nitrogen stream. The dried samples were dissolved in 1 mL MQ water prior to 

derivatization using 1-phenyl-3-methyl-5-pyrazolone (PMP).  

Aliquots of 100 µL of hydrolyzed samples were derivatized by adding 100 µL 

0.5 M PMP and 200 µL ammonia 25%. The samples were incubated in a 70 °C water 

bath for 20 min. After cooling, 200 µL of 1 M formic acid were added to neutralize the 

reaction. Excess PMP was removed via liquid:liquid extraction by adding 1 mL 

chloroform and 1 mL water to the derivatized samples. The samples were mixed 

thoroughly, and the organic layer (bottom) was discarded. This process was repeated 

twice. Finally, the aqueous layer was filtered through a 25 mm syringe filter with a 0.2 

µm acetate membrane (VWR InternationalTM).  

Derivatized samples were injected into a UPLC Ultimate 3000 system (Thermo 

Fisher Scientific, Bremen, Germany) coupled to an Orbitrap Q Exactive HRMS system 

(Thermo Fisher Scientific) with an electrospray ionization (H-ESI) source. A Waters 

AccQ.Tag Ultra C18 column (2.1 mm x 100 mm, 1.7 µm particles) (Milford, MA, USA) 

coupled to an ACQUITY column in-line guard filter (2.1 mm, 0.2 µm) (Milford, MA, 

USA) was used. The UPLC and ESI-Orbitrap HRMS settings used were the same as 

outlined in Salas et al. (2023).  

2.3 Data analysis 
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The following mass to charge ratio (m/z) values were used to identify and 

quantify amino sugar and neutral sugar biomarkers: 510.2349 for GlcN, GalN and 

ManN; 582.2554 for MurA; 524.2133 for TalA; 511.2186 for Glc, Gal and Man; 

481.2079 for Ara, Rib and Xyl, 495.2235 for Fuc and Rha; 525.1978 for GluA and 

GalA; and 465.2135 for DRib. Stereoisomers were identified based on their different 

retention times (Salas et al., 2023). Data was extracted and compounds were 

identified and quantified by their mass spectrometric signals using the FreeStyleTM 1.7 

software (Thermo Scientific). 

 All statistical analyses were carried out using R version 4.2.3 (R Core Team, 

2021). Amino sugar and neutral sugar content data were checked for outliers and log- 

transformed when necessary to obtain homoscedasticity and normality. Differences in 

amino sugar and neutral sugar content between taxonomic groups were tested using 

Kruskal-Wallis, Dunn and Wilcoxon tests. Spearman correlations were used to test 

correlation between MurA and GlcN in all bacterial groups.  

We carried out non-metric multidimensional scaling (NMDS) analyses to 

visualize patterns of clustering among the different taxa based on their amino sugar 

and/or neutral sugar content. We performed NMDS analyses using the metaMDS 

function of the vegan package (Oksanen et al., 2008) and vegdist to create the Bray-

Curtis dissimilarity matrix. To test whether the groups differed based on their amino 

sugar and neutral sugar biomass content, we performed analysis of similarity 

(ANOSIM) using multiple permutations (n = 9999). Additionally, to discriminate 

between taxonomic groups based on their amino sugar and neutral sugar content, we 

used partial least squares discriminant analysis (PLS-DA), a supervised method based 

on partial least squares regression (PLS) analysis where the response variable is 

categorical (in this case, the taxonomic groups). PLS-DA was carried out using leave-

one-out cross-validation in the mixOmics package (Rohart et al., 2017). PLS-DA 

loadings from components 1 and 2 were used to detect which amino sugar and neutral 

sugar biomarkers were the most discriminatory between the different taxonomic 

groups.  

To identify amino sugar and neutral sugar biomarkers associated to specific 

taxonomic groups, we ran an indicator species analysis using the multipatt function 

from the indcspecies package (Caceres & Legendre, 2009) using multiple 

permutations (n = 9999). 
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We calculated conversion factors from specific amino sugar biomarkers into 

biomass C for each taxon. These conversion factors were calculated based on: (1) the 

weighted averages of amino sugar content found in the hydrolyzed biomass of each 

group, and (2) the assumption that fungal, bacterial, archaeal and plant dry biomass 

contain approximately 46% organic C (Jenkinson, 1988; Joergensen & Potthoff, 2005; 

Ma et al., 2018). 

3. Results 

We analyzed amino sugar and neutral sugar contents in pure isolates of 120 

species belonging to archaea, bacteria, fungi, and plants using the same acid 

hydrolysis and PMP derivatization method via UPLC-Orbitrap MS (Table S1). In most 

cases, bacterial samples were separated into two major groups: gram-positive 

bacteria and gram-negative bacteria, to showcase the different biomarker content 

between these two groups.  

3.1 Amino sugar and neutral sugar content in pure hydrolyzed biomass 

Glucosamine was the most common amino sugar found in the hydrolyzed 

biomass of all taxonomic groups and represented 42 - 91% of total amino sugar 

content (Table 1). Both fungi and gram-positive bacteria had the highest GlcN content 

with an average of 45.9 µg GlcN mg-1 dry weight (dw) and 37.3 µg GlcN mg-1 dw, 

respectively. Plants had the lowest GlcN content with 1.4 µg mg-1 dw.  

Muramic acid was found only in bacterial samples, where it was higher in gram-

positive bacteria than in gram-negative bacteria, with an average of 24.7 µg MurA mg-

1 dw and 3.9 µg MurA mg-1 dw respectively (Table 1). We calculated a MurA:GlcN 

molar ratio of 1:2 for gram-positive bacteria and 1:4 for gram-negative bacteria. We 

observed a positive significant correlation between GlcN and MurA only in gram-

positive bacteria, but not in gram-negative bacteria (Fig. 1A). When carried out within 

the phyla of gram-positive bacteria, we found a strong positive correlation between 

GlcN and MurA in Firmicutes, but not in Actinobacteria (Fig. 1B). There was no 

correlation between GlcN and MurA in any of the phyla of gram-negative bacteria (Fig. 

S1).    

Galactosamine content was highest in archaea with 15.2 µg GalN mg-1 dw. In 

bacteria, fungi and plants GalN content only ranged from 1.1 to 4.0 µg GalN mg-1 dw 
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(Table 1). We calculated GalN:GlcN molar ratios of 1:1 for archaea and plants, and 

1:10 for fungi and bacteria.  

Talosaminuronic acid was only found in archaea (Table 1), specifically in 

species belonging to Euryarchaeota, with an average of 6.4 µg TalA mg-1 dw (Table 

S2). A TalA:GlcN molar ratio of 1:2 was calculated for Euryarchaeota.  

Hexoses (glucose, galactose, and mannose) were the most abundant neutral 

sugars found in the biomass of all groups, with glucose representing 56-79% of the 

total neutral sugars measured in this study (Table 2). We observed higher hexose 

contents in fungi and plants compared to bacteria and archaea. Gram-positive bacteria 

had negligible contents of Fuc, Xyl and GluA. GluA was not detected in any plant 

samples (Table S3). DRib content was similar between all groups, where it ranged 

from 36.1 ng mg-1 dw in plants to 50.0 ng mg-1 dw in fungi.  

Table 2 showcased the GM/AX ratios for all taxonomic groups. Bacterial groups 

had the lowest GM/AX ratios of 3.2 and 9.0 for gram-positive bacteria and gram-

negative bacteria, respectively. The highest GM/AX ratios were found in fungi and 

plants with 24.5 and 22.6, respectively. Archaea had an intermediate GM/AX value of 

13.2.  

ManN and GalA could not be quantified for almost all species and are therefore 

not included in the data analyses.  

3.2 Amino sugars and neutral sugars as necromass biomarkers 

The NMDS ordination using only amino sugar biomarkers showed the 

separation of gram-positive and gram-negative bacteria from the clusters of archaea, 

fungi, and plants, which overlapped (Fig. 2A, ANOSIM’s R = 0.59, P < 0.001). This 

bacterial separation was driven by MurA (Fig. 2D). When considering only neutral 

sugar biomarkers, the NMDS showed a tight clustering of fungi and plants 

(eukaryotes) compared to archaea and bacteria (prokaryotes; Fig. 2B, ANOSIM’s R = 

0.34, P < 0.001). Glc and Man content drove the tight clustering of the eukaryotes (Fig. 

2E). Finally, NMDS analysis using both amino sugar and neutral sugar biomarkers 

showed the separation of plants from all other microbial groups (Fig. 2C and 2F, 

ANOSIM’s R = 0.63, P < 0.001).   

The results of the PLS-DA model using amino sugar and neutral sugar 

biomarkers showed the separation of bacteria, fungi and plant groups, with 

components 1 and 2 explaining 29% of the variance (Fig. 3A). MurA was the major 
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contributor to the separation of bacteria, while GlcN was the major contributor to the 

separation of fungi (Fig. 3B and 3C). Plants were mainly separated due to their Glc 

and Gal content. The receiver operating characteristic (ROC) curves showcasing the 

performance of the PLS-DA model for the classification of each taxonomic group are 

shown in Figure S2.  

The indicator species analysis showed the association of different taxonomic 

groups to specific biomarkers (Table 3). GlcN was indicative of archaea, bacteria, and 

fungi, while MurA was a specific indicator for bacteria. Both GalN and TalA were 

specific indicators for archaea. Glc and Gal were indicators for fungi and plants. Fuc 

was indicative of plants, Rib of archaea, and both Xyl and GluA were indicators for 

fungi. DRib was the only sugar associated to all groups. 

We estimated conversion factors that convert amino sugar content (e.g., µg 

MurA/g dw) to microbial necromass C (e.g., bacterial necromass C/g dw). We 

calculated a GlcN conversion factor of 10 for fungal C, 12 for gram-positive bacterial 

C, 41 for gram-negative bacterial C, 29 for archaeal C and 329 for plant C (Table 1). 

Using the averages of MurA content in bacteria, we estimated conversion factors from 

MurA to bacterial C of 19 for gram-positive bacteria and 118 for gram-negative 

bacteria. If a proportion of 35 % to 65% for gram-negative to gram-positive bacteria in 

soils is assumed (Appuhn and Joergensen, 2006), we calculated a conversion factor 

from MurA to bacterial C of 54. Based on the TalA content found in the pure biomass 

of euryarchaeota (Table S2), we estimated a TalA conversion factor of 72 for 

euryarchaeota C.  

4. Discussion 

4.1 Amino sugar and neutral sugar contents in hydrolyzed biomass 

Our data showed that GlcN was the most abundant amino sugar, with fungi and 

gram-positive bacteria presenting the highest GlcN contents in their biomass (Table 

1). Fungal GlcN contents were similar to those presented in other studies (Appuhn & 

Joergensen, 2006; Engelking et al., 2007; Glaser et al., 2004). Most fungal GlcN 

originates from the β(1-4) linked N-acetylglucosamine in chitin and β(1-4) linked 

glucosamine in chitosan (naturally occurring deacetylated chitin), where it can 

represent up to 15% of the fungal cell wall mass (Arroyo et al., 2016). Moreover, our 

data showed the largest variation in the GlcN content between fungal species (Table 
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S1), which is often explained by phylogenetic differences in cell wall composition (Gow 

et al., 2017). 

The MurA content in gram-negative bacteria was similar to that presented by 

previous authors (Appuhn & Joergensen, 2006; Engelking et al., 2007). In contrast, 

we measured a higher MurA content in gram-positive bacteria, which could be due to 

the different species included in this study as compared to the previous ones. The 

large range of MurA contents between the upper and lower confidence limits in gram-

positive bacteria has also been previously observed (Appuhn & Joergensen, 2006). 

Additionally, since bacterial murein contains alternating N-acetylglucosamine and N-

acetylmuramic acid linked by β(1-4) bonds (Subedi et al., 2021), the thicker 

peptidoglycan cell wall of gram-positive bacteria resulted in the higher GlcN and MurA 

content when compared to gram-negative bacteria (Table 1).  

We observed a positive correlation between the GlcN and MurA content only in 

gram-positive bacteria, specifically only in Firmicutes (Fig. 1A, 1B). This suggests that 

most of the GlcN in Firmicutes can be found in their peptidoglycan structure. This also 

indicates that MurA and GlcN co-variations in Firmicutes are mostly deriving from 

species differences in cell wall thickness (Megrian et al., 2020), while cell wall 

thickness in the species of Actinobacteria was similar (as observed from relatively 

constant MurA contents, Fig 1B). On the contrary, the higher GlcN content relative to 

MurA in Actinobacteria and gram-negative bacteria can be due to GlcN originating 

from other structural components of bacterial cell walls aside from peptidoglycan. For 

example, GlcN is a component of lipid A in lipopolysaccharides of gram-negative 

bacteria (Raetz et al., 2007), and it can be found alongside ManN in teichoic acids 

(TAs), where TAs can constitute up to 60% of the cell wall mass of gram-positive 

bacteria (Brown et al., 2013).  

In archaea, GlcN probably originated from the glycoproteins on the surface 

layer (S-layer) or from pseudopeptidoglycan in the cell wall. Pseudopeptidoglycan 

contains a backbone of β(1-3) linked N-acetylglucosamine and N-

acetyltalosaminuronic acid (Subedi et al., 2021), and this has only been found in a few 

methanogens (Albers & Meyer, 2011). This would also explain why TalA was only 

found in euryarchaeota species (Table S2). 

Similarly, we found high concentrations of GalN in archaea (Table 1). Some 

Methanosarcinales produce methanochondroitin during cell wall formation (Albers & 

Meyer, 2011). Methanochondroitin is composed of two N-acetylgalactosamine 
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molecules per GluA, which could explain the high GalN content in this archaeal group. 

In fungi, GalN could originate from galactosaminogalactan (GAG), a polysaccharide 

composed of GalN and Gal that is associated to cell walls and plays an important role 

in fungal pathogenesis (Bardalaye & Nordin, 1976; Latgé & Beauvais, 2014). GalN is 

also a common component in the bacterial cell wall, where it can be found in 

lipopolysaccharides (Leyn et al., 2012) and teichoic acids (Freymond et al., 2006), 

which explains the presence of this amino sugar in bacterial species.  

Plants have been known to have trace amounts of amino sugars, which 

coincided with the low GlcN and GalN content we measured from their hydrolyzed 

biomass (Table 1). The GlcN and GalN content we detected in plants most likely 

originated from glycoproteins in the plant cell wall (Nguema-Ona et al., 2014) and to a 

small extent from microbial endophytes (Appuhn & Joergensen, 2006).  

Neutral sugar data showed Glc as the most common neutral sugar found in all 

taxonomic groups, particularly in fungi and plants (Table 2). Fungal glucan contains 

high amounts of Glc and can represent 50-60% of the cell wall dry weight (Garcia-

Rubio et al., 2020), which coincides with the high Glc content we found in fungi. In 

plants, cellulose and hemicellulose are mainly composed of linked Glc, but plant 

hemicelluloses and glycoproteins can contain substantial amounts of Gal, Man, Ara 

and Xyl (Nguema-Ona et al., 2014; Scheller & Ulvskov, 2010).  

We also detected more rare neutral sugars, such as Fuc, Rha and GluA, in 

almost all taxonomic groups. These rare neutral sugars have been found in cell wall 

glycoproteins (Messner, 1997) and in microbial EPS (Roca et al., 2015). Fuc, Rha and 

GluA are important constituents of glycoproteins of all prokaryotes and eukaryotes 

(Eichler, 2020; Nguema-Ona et al., 2014; Tra & Dube, 2014) and are complex and 

diverse macromolecules that can be found in almost all organisms (Messner, 1997). 

Planktonic isolates as analyzed as biomarker source in this study do not produce EPS 

in large quantities. However, in environmental samples common and rare sugars also 

derive from EPS to a substantial proportion (Flemming & Wingender, 2010) but there 

is still quite an extensive research gap regarding the identity and stability of 

compounds found in EPS. The use of EPS extraction methods (Redmile-Gordon et 

al., 2014) could improve the current understanding on the composition of EPS is soils, 

the stability of EPS compounds and their role on soil aggregation. 

The GM/AX ratio assumes that values > 2 are indicative of microbial 

polysaccharides, while values < 0.5 are indicative of plants (Gunina & Kuzyakov, 2015; 
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Oades, 1984). These values were based on the incorporation of 14C into sugars in 

soils amended with 14C-glucose or 14C-dextran (Oades & Wagner, 1971). Our 

measurements based on pure isolates and plant biomass revealed a wider range in 

the GM/AX ratio, where it varied from 2.1 in gram-positive bacteria to 22.9 in plants 

(Table 2). This shows that not only plants have considerable amounts of hexoses (Gal 

and Man), but also microbial polysaccharides contain significant amounts of pentoses 

(Ara and Xyl). Therefore, our data reveals that the GM/AX ratio is an inadequate 

indicator for the origin of neutral sugars as it behaved inverse to the pattern proposed 

for plants versus microbes (GM/AX proposed values should indicate microbes > 

plants, but our data shows plants ≥ microbes). The current analyses highlight a 

different biomarker potential of this GM/AX ratio, differentiating between a plants/fungi 

group (GM/AX > 22) and a bacterial group (GM/AX < 9), however this requires further 

confirmation. Archaea had intermediate values but contribute very little to soil bound 

sugars (Bates et al., 2011). 

Strong acid hydrolysis (6 M HCl) is required to depolymerize amino sugars; 

however, such acidic conditions can degrade the released monosaccharides, 

particularly neutral sugars (Liu et al., 2021). While other hydrolysis methods, such as 

4 M TFA, are used as a mild alternative to depolymerize neutral sugars from 

polysaccharides, it does not completely depolymerize the amino sugar bonds (Garna 

et al., 2004; Liu et al., 2021). Therefore, the choice of acid hydrolysis method must be 

a compromise between the best depolymerization of polysaccharides for amino sugars 

with the least degradation of released monosaccharides. Since amino sugars are the 

most used necromass biomarkers for soil microbial groups, 6 M HCl hydrolysis was 

chosen to ensure the efficient depolymerization of amino sugar polymers at the 

expense of possibly degrading neutral sugars. To ensure the total depolymerization of 

both amino sugars and neutral sugars from microbial and plant residues, we 

recommend using both 6 M HCl and 4 M TFA hydrolysis methods in parallel.  

Some biomarkers could not be detected in certain species (Table S1). This 

could be due to: (1) biomarkers not being present in a specific species, (2) biomarkers 

being depolymerized during the acid hydrolysis, or (3) biomarker content in the 

hydrolyzed biomass is lower than the limit of detection of the UPLC-Orbitrap MS 

system (Salas et al., 2023).  

4.2 Amino sugars and neutral sugars as necromass biomarkers 
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By focusing only on the amino sugar content, the NMDS showed the separation 

of bacterial groups, from archaea, fungi, and plants (Fig. 2A). MurA content drove this 

separation (Fig. 2D), therefore showing the importance of this amino sugar to trace 

necromass residues from bacteria. This was also corroborated by the PLS-DA (Fig. 

3). When only neutral sugar content is considered, the high hexose content in fungi 

and plants is most likely the cause of the tighter clustering of these groups compared 

to archaea and bacteria (Fig. 2B & 2E). Even though there was a significant separation 

of the taxonomic groups based on their neutral sugar content, these sugars are 

ubiquitous and therefore should not be considered alone as specific necromass 

biomarkers.  

When both amino sugar and neutral sugar contents were included, the NMDS 

showed the separation of plants from all other microbial groups (Fig. 2C). Both the low 

amino sugar content and the high neutral sugar content, particularly hexoses, in plants 

produced this separation (Fig. 2F). This suggests that the combination of both amino 

sugar and neutral sugar profiles can be used to separate plants from microbial groups, 

which holds great potential to use the same set of sugar-related molecular compounds 

to separate plants from fungi and bacteria when using multivariate methods instead of 

relying only on single compounds. PLS-DA demonstrated the clear separation of 

plants, fungi and bacteria based on amino sugars and neutral sugars, driven by 

contributions from MurA, GlcN, Glc, Gal, and Xyl (Fig. 3). Separation between organic 

matter derived from microbes and plants is otherwise performed by plant-compounds 

absent in microbes, such as lignin monomers and specific alkanes which requires 

separate analysis approaches (Angst et al., 2021).  

Multivariate necromass attribution methods have not yet been applied to 

microbial and plant residues in soils and would involve a two-step process: (1) group 

definition and separation by mixed biomarker signals in a multivariate space, and (2) 

source mixing or source attribution modeling based on multivariate group separators. 

Group separation by multicomponent analysis is based on discriminant analysis (DA) 

such as linear discriminant analysis (LDA) and PLS-DA (Oliveri et al., 2021; Ruiz-

Perez et al., 2020). Source attribution models are based on the multivariate definition 

of the sources including error terms and Bayesian source mixing models, which was 

developed for stable isotope in animal nutrition and related research but can be 

extended to any biomarkers (Hopke, 2016; Stock et al., 2018). Such an approach 
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holds great potential to bring biomarker analysis to a new level using machine learning 

approaches. 

The indicator species analysis showed that GlcN was an indicator of archaea, 

bacteria and fungi showcasing its function as a commonly used microbial necromass 

biomarker (Table 3). MurA was only associated to bacteria due to its sole presence in 

the peptidoglycan structure. This showcases MurA as a robust bacterial necromass 

biomarker. Similarly, both GalN and TalA were only associated with archaea, likely 

due to pseudo-murein and methanochondroitin occurrence. Since TalA has only been 

found in methanogens (Subedi et al., 2021), we highlight the potential of TalA as a 

new necromass biomarkers specific for these organisms. 

In soils, amino sugars from microbial necromass are stabilized in soils as 

polymers due to organo-mineral interactions, organic-organic interactions and 

necromass-necromass associations (Buckeridge et al., 2020; Creamer et al., 2019). 

Due to the decomposition of the homopolysaccharide cellulose, the most abundant 

biopolymer on Earth, Glc is the most abundant neutral sugar released in soils (Gunina 

& Kuzyakov, 2015). Once polysaccharides are decomposed, oligo- and 

monosaccharides become easily available for microbes and are therefore taken up by 

microbes and used for growth, maintenance metabolism and C storage. Additionally, 

sugar polymers can be adsorbed to other soil components such as organic matter or 

clay particles and thereby play an important role in aggregate formation, or they are 

leached to deeper soil horizons within dissolved organic matter (DOM) and/or more 

rarely taken up by plants (Gunina & Kuzyakov, 2015). Consequently, amino sugars 

and neutral sugars can only be stabilized in soils long-term if they are found in 

recalcitrant polymeric forms such as cellulose or microbial residues (Dungait et al., 

2012). The decomposition, recycling, and stabilization of amino sugars and neutral 

sugars in soils should therefore be considered when using these compounds as 

necromass residue biomarkers.  

4.3 Conversion factors derived from the amino sugar content in biomass 

Most of the necromass biomarker studies use conversion factors to extrapolate 

amino sugar content measured in soils into microbial C. However, these conversion 

factors were derived only from the GlcN and MurA biomass content in selected fungal 

and bacterial species. In our study, we estimated conversion factors that allow to 

convert amino sugar content in soils into microbial necromass residue C for all 
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taxonomic group (Table 1). These conversion factors were derived from the amino 

sugar content found in the biomass of each taxon. This is the first-time GlcN 

conversion factors were calculated for archaea, bacteria, and plants. It is also the first-

time conversion factors specific for GalN and TalA have been proposed for archaea.  

Appuhn and Joergensen (2006) estimated a conversion factor of 9 for fungal 

GlcN with 95% confidence limits ranging from 8 to 10. While the conversion factor 

estimated in this study is similar (10), we calculated a much larger 95% confidence 

interval (9 to 55). Overall, our study not only included a larger diversity of fungal 

species than those presented by the former authors, but also included more species 

belonging to Ascomycota, which generally present a wide range of fungal cell wall 

structures and cell wall chitin contents (Erwig & Gow, 2016). Given that we also 

measured more than twice the amount of GlcN in Ascomycota and Mucuromycota 

than in Basidiomycota (Table S2), this could explain the large variability in the average 

fungal GlcN content.  

We estimated similar MurA conversion factors than those presented by Appuhn 

and Joergensen (2006); however, we again calculated a larger 95% confidence 

interval. We estimated two conversion factors for MurA: 19 for gram-positive bacteria 

and 118 for gram-negative bacteria (Table 1). Appuhn and Joergensen (2006) 

assumed a representative ratio of 65% to 35% gram-positive to gram negative bacteria 

in soils to calculate a single conversion factor of 45 for MurA into bacterial C. When 

calculated using the same bacterial ratio, we obtained a MurA to bacterial necromass 

C conversion factor of 54. The difference between both conversion factors, as well as 

the larger variation observed (Table 1), is likely caused by the inclusion of a larger 

diversity of bacterial species, as well as a higher MurA content measured in gram-

positive bacteria than that presented by Appuhn and Joergensen, (2006). Fanin et al. 

(2019) showed that the gram-positive to gram-negative bacteria ratios differed 

between soil ecosystem conditions using phospholipid-derived fatty acid analysis 

(PLFAs). A global analysis also showed that gram-positive to gram-negative bacteria 

ratios predictably vary with soil moisture and pH (Cao et al., 2023). Therefore, we 

suggest determining the proportion of gram-positive to gram-negative bacteria in the 

corresponding soils in order to estimate accurately the contribution of bacterial residue 

C to SOM using a dynamic MurA conversion factor tailored to the present gram-

positive to gram-negative bacteria ratio of the respective soil.  
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We propose TalA as a new biomarker for archaeal species, specifically for 

methanogens within Euryarchaeota. The archaeal cell wall and envelope are quite 

diverse between species and across phylogeny (Albers & Meyer, 2011). To 

extrapolate a conversion factor of TalA into archaea-derived C in soils, we propose 

that it is necessary to know the ratio of archaeal groups that do not contain TalA in 

their cell envelope (such as Crenarchaeota and Thaumarchaeota) to TalA-containing 

archaea that occur in soils, e.g., using 16S-gene amplicon information (Bates et al., 

2011; Starke et al., 2021). Salas et al. (2023) were able to quantify TalA from soil 

samples, showcasing the potential use of this amino sugar as a soil necromass 

biomarker.  

While the GlcN and MurA conversion factors calculated in this study were 

similar to those proposed previously (Appuhn & Joergensen, 2006; Engelking et al., 

2007), the larger 95% confidence intervals can have important implications when using 

conversion factors to estimate necromass residue C contribution to SOM. This means 

that the interspecies variation of amino sugar contents should be considered via error 

propagation when extrapolating amino sugar measurements into necromass residue 

C. This is particularly important for the GlcN conversion factor since GlcN content in 

fungi is highly variable (Table 1). This could be done by including the 95% confidence 

intervals in the extrapolations using amino sugar conversion factors. Similarly, the 

representative nature of the organisms used for the quantification of amino sugar 

contents should also be considered since assessing a higher diversity of species 

would lead to the derivation of more accurate conversion factors.  

4.4 Considerations for the application of conversion factors in soils  

To accurately apply the conversion factors calculated in this study as a proxy 

for the contribution of necromass residues to SOM, certain aspects need to be 

considered. First, the amino sugar content in soils should be ideally quantified using 

the same analytical method to achieve full comparability. Second, the ratio of gram-

positive to gram-negative bacteria should be determined for each soil by an 

independent method to generate a correct MurA conversion factor to bacterial 

necromass C. Third, the contribution of fungal GlcN to total GlcN is currently estimated 

assuming a 1:2 molar ratio of MurA:GlcN for bacteria, and assuming negligible 

contribution of GlcN from archaea and plants. Finally, the TalA conversion factor 
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should be considered as a proxy for methanogens, unless the ratio of methanogens 

to other soil archaea groups is known.   

Even though necromass biomarker studies are increasingly used to trace the 

contribution of microbial necromass C to the SOM pool (Liang et al., 2019; Wang et 

al., 2021), certain limitations must be addressed:  

(1) The use of necromass biomarkers does not reflect the entire contribution of 

microbes and/or plants to SOM (Whalen et al., 2022). The necromass biomarkers 

quantified in this paper only account for the presence of necromass residues and not 

for extracellular residues such as plant rhizodeposits or microbial EPS.  

(2) The use of biomarkers as a proxy for microbial or plant residue C assumes that the 

specific biomarkers and their ratios behave similarly during death, decomposition, and 

recycling. The use of conversion factors derived from microbial residues creates direct 

conclusions from biomass biomarkers to necromass biomarkers. Post-mortem 

modification of compounds, as well as different degradation rates once these 

biomarkers reach the soil matrix could affect the ratios in which biomarkers are found. 

Camenzind et al. (2023) proposed that different microbial death pathways might 

determine the quantity and quality of microbial necromass in soils due to the chemical 

transformations microbial biomass suffer before and when becoming necromass. For 

example, predation by bacteria could lead to the uptake of cytoplasmic components 

leaving behind mainly cell wall fragments, predation by fauna would cause ingestion 

and assimilation only of digestible compounds and leave behind non-digested 

necromass, and fungal compartmental senescence would facilitate internal recycling 

of nutrients while leaving only modified cell walls behind (Camenzind et al., 2023). All 

these post-mortem modifications lead to fragmented cell walls residues in soils, and 

to a variable loss of non-cell wall mass such as cytoplasm. The loss of cytoplasm by 

predation and solute leaching can eventually increase the relative proportion of cell 

wall biomarkers. Also, growth stage and physiological state can alter the biochemical 

composition of microbes and thereby eventually affect the biomarker contents. 

Therefore, cultured biomass can only be regarded as a proximate yet close match for 

necromass biomarker composition. As such, while post-mortem modifications should 

be considered and the use of conversion factors based on “living” cultured strains 

should be done cautiously, conversion factors estimated from microbial residues are 

good estimators of microbial C contribution.   
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(3) Biomarker approaches assume that all necromass components are stabilized at 

the same rate in soils. Differential turnover dynamics of amino acids and amino sugars 

from bacterial necromass were recently shown by Zheng et al. (2023). Similarly, Craig 

et al. (2022) observed that necromass retention could not be predicted just by 

necromass production. Physical and chemical protection of cell wall fragments due to 

necromass-necromass interactions (Buckeridge et al., 2020), stabilization 

mechanisms due to the formation of aggregates (Angst et al., 2021), and the binding 

to minerals (Creamer et al., 2019) could not only alter the chemistry but also the 

stability of specific biomarkers. Different stabilization rates of biomarkers can also alter 

the ratios in which compounds are found in soil microbial necromass compared to the 

ratios found in microbial biomass.   

These limitations need to be considered when using conversion factors derived 

from microbial cultures. Similarly, interspecies variation in the biomarker content within 

a taxonomic group should be addressed, which could be done via the inclusion of error 

propagation calculations. While there exist still substantial research gaps regarding 

the long-term transformation, recycling, turnover and stabilization of microbial 

necromass compounds in soils, the use of necromass biomarkers and the derived 

conversion factors do represent the golden standard to estimate necromass residue-

C contribution to SOC.  

5. Conclusions 

We were able to identify and quantify amino sugars and neutral sugars in the pure 

biomass of a wide range of archaea, bacteria, fungi, and plant species. Our data 

showcased the variability in the amino sugar and neutral sugar content amongst the 

different taxonomic groups highlighting their potential as necromass residue 

biomarkers and allowing their extension from separating bacterial and fungal 

necromass to separating microbes from plants using multicomponent multivariate 

approaches. Moreover, we developed more accurate GlcN and MurA conversion 

factors, as well as new conversion factors for GalN and TalA that can be used to 

extrapolate amino sugar content into soil necromass C. Similarly, these necromass 

biomarkers and their derived conversion factors can help elucidate necromass 

contribution to the SOM pool.  
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Table 1. Average amino sugar contents (95% confidence intervals in brackets) and 

conversion factors (C.F.) derived from hydrolyzed biomass of archaea, bacteria, 

fungi, and plant species. 

  GlcN MurA GalN TalA N 

   µg mg-1 dw  C.F.  µg mg-1 dw  C.F.  µg mg-1 dw  C.F.  µg mg-1 dw  C.F.  

Archaea 15.8 a 29 ND  15.2 a 30 6.4* 72* 13 

(10.1-21.5) (21-46)   (7.9-22.4) (21-58) (1.8-8.0) (58-256) 
 

Gram-negative 

bacteria 
11.3 a 41 3.9 a 118 1.1 bc 418 ND  18 

(4.1-18.5) (25-112) (1.5-6.2) (74-307) (0.3-1.9) (242-1533) 
   

Gram-positive 

bacteria 
37.3 b 12 24.7 b 19 3.8 bc 121 ND  29 

(28.3-46.3) (10-16) (18.4-30.9) (15-25) (1.3-6.3) (73-354) 
   

Fungi 45.9 b 10 ND  4.0 b 115 ND  66 
 

(8.3-53.5) (9-55)   (2.5-5.6) (82-184)    

Plants 1.4 c 329 ND  1.2 c 383 ND  38 

  (1.1-1.7)  (271-418)    (0.6-1.7) (271-767)       

N: number of replicates. ND: not detectable. *Only detected in Euryarchaeota. 

Different letters indicate significant differences (P<0.01) between taxonomy groups. Numbers in brackets indicate 95% confidence interval. 
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Table 2. Average neutral sugar contents (95% confidence intervals in brackets) in the hydrolyzed biomass of archaea, 

bacteria, fungi, and plant species. 

  Glc Gal Man Fuc Rha Rib Xyl Ara GluA DRib 
GM/AX 

ratio 
N   

µg mg-1 dw µg mg-1 dw µg mg-1 dw ng mg-1 dw ng mg-1 dw ng mg-1 dw ng mg-1 dw ng mg-1 dw ng mg-1 dw ng mg-1 dw 

Archaea 3.1 a 0.1 a 1.0 a 50.0 ab 99.9 175.6 a 5.4 ab 120.4 a 5.5 43.5 13.2 ab 13  
(0.4-5.8) (0.0-0.2) (0.5-1.5) (0.0-147.7) (28.1-171.6) (144.6-206.6) (2.5-8.3) (76.0-164.9) (0.0-16.1) (41.1-45.9) (6.4-19.9)  

Gram-negative 

bacteria 
2.1 a 0.7 a 0.3 b 297.4 a 1.9 136.6 bc 5.3 b 179.7 ab 25.8 46.7 9.0 a 18 

 
(1.0-3.2) (0.1-1.3) (0.0-0.6) (0.0-600.5) (0.0-4.1) (84.9-188.3) (1.1-9.5) (107.4-252.0) (0.0-55.6) (32.6-60.8) (3.2-14.7)  

Gram-positive 

bacteria 
2.4 a 0.3 a 0.2 b 73.3 b 0.6 160.0 bc 1.5 b 232.8 b 9.8 45.5 3.2 a 

29  
(0.8-4.0) (0.1-0.6) (0.1-0.2) (0.0-177.4) (0.0-1.5) (100.0-220.0) (0.0-3.7) (183.6-281.7) (0.0-24.4) (41.2-49.8) (1.9-4.5)  

Fungi 
15.2 b 2.2 b 1.3 a 317.4 ab 56.8 109.6 b 110.5 a 104.2 a 46.9 50.0 24.5 b 

66  
(11.5-19.0) (1.3-3.1) (1.0-1.6) (145.1-484.4) (25.2-92.5) (91.6-123.6) (55.5-170.9) (84.5-120.9) (23.6-69.4) (46.0-54.0) (18.4-30.2)  

Plants 
15.7 b 2.2 b 1.1 a 474.6 c 57.4 88.0 c 10.6 a 132.9 a ND 36.1 22.6 b 

38 

  (13.2-18.2) (1.6-2.9) (0.9-1.3) (403.5-545.7) (26.3-88.5) (73.1-102.9) (8.4-12.7) (117.8-147.9)   (31.8-40.5) (18.8-26.4)   
N: number of replicates. ND: not detectable. GM/AX: galactose + mannose / arabinose + xylose.  

Different letters indicate significant differences (P<0.05) between taxonomy groups. Numbers in brackets indicate 95% confidence interval.
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Table 3. Indicator species analysis of amino sugar and neutral sugar biomarkers found 

in the hydrolyzed biomass of archaea, bacteria, fungi, and plant species. 

Biomarker Indicator value p value Taxa associated 

GlcN  0.77 <0.001 Archaea, Bacteria, Fungi 

MurA 0.90 <0.001 Bacteria 

GalN 0.39 <0.001 Archaea 

TalA 0.72 <0.001 Archaea 

Glc 0.66 <0.001 Fungi, Plants 

Gal 0.63 <0.001 Fungi, Plants 

Man 0.45 <0.001 Archaea, Fungi, Plants 

Fuc 0.64 <0.001 Plants 

Rib 0.33 0.003 Archaea 

Ara 0.31 0.003 Archaea, Bacteria, Plants 

Xyl 0.42 <0.001 Fungi 

GluA 0.33 0.006 Fungi 
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Figure 1. Correlation between glucosamine (GlcN) and muramic acid (MurA) contents in 

gram-negative and gram-positive bacteria (A), and in Actinobacteria and Firmicutes (B). 

Shaded background indicates 95% confidence intervals. Spearman correlations were 

used to test the correlation between GlcN and MurA in all bacterial groups. 
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Figure 2. Non-metric multidimensional scaling (NMDS) analysis (A,B,C) and the sugars 

driving the separation (D,E,F) based only on amino sugar contents (A,D), only on neutral 

sugar contents (B,E) and on amino and neutral sugar biomarker contents (C,F) measured 

in the biomass of archaea, bacteria, fungi and plant species. Ellipses represent the 95% 

confidence interval. 

  

                                             

      



99 

 

 

Figure 3. Partial least squares discriminant analysis (PLS-DA) score of amino sugar and 

neutral sugar contents of archaea, bacteria, fungi, and plants (A), and the contribution 

plots of the most discriminatory sugars for component 1 (B) and component 2 (C). Ellipses 

represent the 95% confidence interval. The colors indicate the taxonomic group in which 

the sugar compound has maximal importance based on the median. Y-axes in plots B 

and C represent the loading weight of each sugar in components 1 and 2. 
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Table S1. Amino sugar and neutral sugar biomarker contents (± standard deviation) in the hydrolyzed biomass of archaea, 

bacteria, fungi, and plant species. 

Taxon 
Phylum* or 

Division 
Species 

GlcN MurA GalN TalA Glc Gal Man Rib Xyl Ara Fuc Rha GluA DRib 

N 
(µg mg-1 

dw) 

(µg mg-1 

dw) 

(µg mg-1 

dw) 

(µg mg-1 

dw) 

(µg mg-1 

dw) 

(µg mg-1 

dw) 

(µg mg-1 

dw) 

(ng mg-1 

dw) 

(ng mg-1 

dw) 

(ng mg-1 

dw) 

(µg mg-1 

dw) 

(µg mg-1 

dw) 

(ng mg-1 

dw) 

(ng mg-

1 dw) 

Archaea 
Crenarchaeota 

Saccharolobus 
solfataricus 

9.6  ND   ND   ND  17.4 ND 1.5 137.9 8.7 91.4 ND ND ND 43.1 1 

 

Crenarchaeota 
Sulfolobus 

acidocaldarius 
36.7  ND   ND   ND  8.1 ND 2.8 141.5 8.5 73.5 ND 0.2 ND 43.0 1 

 

Crenarchaeota Sulfolobus islandicus 10.4  ND   ND   ND  6.2 ND 1.8 162.2 ND 65.8 ND 0.3 ND 45.7 1 
 

Euryarchaeota Haloferax volcanii ND ND ND ND 1.7 ND 1.3 143.1 ND 55.0 ND ND ND 34.8 1 
 

Euryarchaeota Methanobacterium sp. 
20.3    

(± 5.3) 
ND 

26.7 

(±6.7) 

11.8 

(±4.9) 

0.8 

(±0.3) 

0.3 

(±0.1) 

0.1 

(±0.0) 

230.4 

(±68.0) 
ND 

236.5 

(±24.3) 
ND ND ND 

45.5     

(± 6.6) 
4 

 

Euryarchaeota 
Methanothermobacter 
marburgensis 

16.8  ND  22.2 7.0 1.2 ND 1.4 148.3 11.0 65.8 ND ND ND 47.5 1 
 

Euryarchaeota 
Methanothermus 

fervidus 
28.7 ND 17.5 4.2 0.0 ND 1.9 125.1 9.8 60.2 ND 0.3 ND 42.6 1 

 

Euryarchaeota 
Methanocaldococcus 

jannaschii 
11.9 ND 6.2 2.8 2.5 ND ND 132.8 11.7 64.4 ND ND ND 38.1 1 

 

Euryarchaeota 
Methanothermococcus 

okinawensis 
2.0  ND  3.9  ND  0.3 ND ND 155.7 ND 67.4 ND 0.3 ND 38.0 1 

 

Euryarchaeota Methanotorris igneus 5.6  ND  5.0 1.5 0.6 ND 1.7 129.3 9.9 65.3 ND 0.3 ND 41.2 1 
 

Euryarchaeota 
Methanospirillum 
stamsii 

ND ND ND ND 5.4 0.0 1.5 199.1 16.1 78.5 0.9 ND ND 44.1 1 
 

Euryarchaeota 
Methanopyrus 

kandleri 
ND ND ND ND 0.2 0.3 ND ND ND ND ND ND ND 35.1 1 

 

Euryarchaeota 
Methanosarcina 

spelaei 
2.5 ND 35.4 1.4 0.6 ND 1.5 228.4 11.0 65.7 0.6 ND 70.9 44.7 1 

Gram-
negative 

bacteria 

Acidobacteria Koribacter versatilis 1.7 ND ND ND 0.0 ND 0.6 ND ND 12.8 0.0 ND ND ND 1 

Acidobacteria Terriglobus sp. 34.2 1.3 3.4 ND 5.6 6.6 2.2 336.8 34.5 443.5 2.1 ND 105.1 102.0 2 

Acidobacteria Solibacter usitatus 3.5 3.3 2.0 ND 3.7 ND 0.4 42.5 ND 22.4 0.0 0.0 ND ND 1 

Bacteroidetes 
Spirosoma 
spitsbergense 

9.6 11.0 1.0 ND 6.6 ND 0.2 ND ND 49.9 0.0 0.0 ND 36.6 1 

 

Cyanobacteria Synechococcus sp. 
7.3 

(±2.3) 

4.5 

(±1.4) 

0.9 

(±0.3) 
ND 

2.2 

(±0.4) 

0.9 

(±0.2) 

0.2 

(±0.0) 

259.6 

(±82.1) 
ND 

276.8 

(±109.1) 

0.1 

(±0.0) 
ND ND 

44.0       

(± 16.8) 
4 

 

Proteobacteria 
Chelativorans 

multitrophicus 
11.2 16.7 0.6 ND 2.7 ND ND ND 17.7 20.0 ND ND ND 40.1 1 
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Proteobacteria Neorhizobium sp. 21.5 13.3 ND ND 0.3 4.2 ND 253.6 20.4 222.3 2.4 ND 182.0 88.5 1 
 

Proteobacteria Labilithrix luteola 10.9 9.1 0.6 ND 0.6 ND 0.2 9.9 ND 12.6 ND 0.0 ND 38.5 1 
 

Proteobacteria Klebsiella aerogenes 4.9 ND ND ND 0.7 ND ND 156.0 17.3 70.9 ND ND ND 38.1 1 
 

Proteobacteria Enterobacter sp. ND 67.5 53.4 ND 9.7 10.3 ND 1.3 0.1 0.9 ND 2.8 ND 487.0 1 
 

Proteobacteria Escherichia coli 
1.8        

(± 0.6) 

0.9 

(±0.3) 

0.2 

(±0.1) 
ND 

0.2 

(±0.1) 
ND ND 

138.7 

(±91.2) 
ND 

284.8 

(±186.1) 
ND ND ND 

39.6       

(± 8.1) 
5 

 
Verrucomicrob
ia 

Chthoniobacter flavus 20.3 3.8 3.8 ND 3.0 ND 0.3 63.8 ND 67.4 0.1 ND ND 51.6 1 

Gram-

positive 
bacteria 

Actinobacteria 
Arthrobacter 

globiformis 
28.0 11.0 ND ND 8.5 ND 0.3 48.0 ND 39.7 ND 0.0 ND 37.2 1 

Actinobacteria Arthrobacter tecti 18.0 19.8 7.0 ND 10.5 ND 0.3 49.5 ND 36.2 ND ND ND 39.9 1 

Actinobacteria 
Micrococcus luteus 
(lyophylized cells) 

37.7 

(±4.3) 

30.9 

(±6.7) 
ND ND 

2.7 

(±0.6) 
ND 

0.3 

(±0.0) 

488.1 

(±131.4) 
ND 

409.9 

(±39.3) 
ND ND ND 

42.9      

(± 4.4) 
5 

 

Actinobacteria 
Micrococcus luteus 
(peptidoglycan) 

75.7 

(±6.4) 

16.32 

(±1.4)  

20.1 

(±1.9) 
ND 

0.5 

(±0.2) 

0.3 

(±0.1) 

0.2 

(±0.0) 

283.5 

(±55.6) 
ND 

366.8 

(±77.3) 
ND ND ND 

59.1       

(± 11.9) 
4 

 

Actinobacteria 
Pseudarthrobacter 

oxydans 
26.7 13.8 0.7 ND 6.9 ND 0.3 41.9 ND 37.9 ND 0.0 ND 39.6 1 

 

Actinobacteria Rhodococcus sp. 10.4 10.9 ND ND 0.8 0.5 0.3 46.1 ND 63.2 0.0 ND ND 43.8 1 
 

Actinobacteria Solirubrobacter soli 5.4 1.8 1.3 ND 19.8 ND 0.3 ND ND 86.8 ND ND ND 52.6 1 
 

Actinobacteria Streptomyces sp. 
27.2 

(±5.8) 

22.8 

(±4.7) 

1.7 

(±0.5) 
ND 

0.2 

(±0.1) 

0.3 

(±0.1) 

0.2 

(±0.1) 

127.0 

(±45.0) 
ND 

267.3 

(±95.0) 
ND ND ND 

50.7       

(± 19.8) 
5 

 

Actinobacteria 
Streptosporangium 
roseum 

19.4 20.2 1.6 ND 0.4 ND 0.2 19.4 ND 27.1 ND ND ND 37.4 1 
 

Firmicutes Bacillus subtilis 
32.3 

(±16.0) 

27.2 

(±14.0) 
ND ND 

0.2 

(±0.1) 

0.2 

(±0.0) 
ND 

110.3 

(±15.6) 
ND 

249.7 

(±40.8) 
ND ND ND 

43.5       

(± 8.4) 
4 

 

Firmicutes 
Paenibacillus 

alginolyticus 
90.4 83.3 ND ND 0.6 ND 0.3 14.6 ND 98.1 ND ND ND 35.4 1 

 

Firmicutes Staphylococcus aureus 
23.4 

(±16.2) 

43.5 

(±33.1) 

0.8 

(±0.6) 
ND 

0.2 

(±0.1) 

0.3 

(±0.0) 
ND 

107.7 

(±12.8) 
ND 

230.9 

(±33.8) 
ND ND ND 

38.8     

(± 5.6) 
4 

Fungi Ascomycota Alternaria alternata 58.9 ND ND ND 13.5 1.7 1.7 134.9 14.3 88.8 ND ND ND 51.9 1 
 

Ascomycota 
Aspergillus 

brasiliensis 
81.8 ND 7.3 ND 5.9 1.3 1.4 125.6 16.7 76.3 ND ND ND 46.9 1 

 

Ascomycota Aspergillus nidulans 40.0 ND 26.7 ND 21.8 2.5 1.6 152.3 ND 133.9 ND ND ND 69.9 1 
 

Ascomycota Blastobotrys sp. 50.2 ND 4.2 ND 37.7 2.4 2.6 114.0 15.2 130.6 ND ND ND 46.9 1 
 

Ascomycota Cadophora finlandica 33.7 ND 4.3 ND 30.4 2.4 1.6 175.0 ND 115.5 ND ND ND 37.5 1 
 

Ascomycota 
Cephalotrichum 

microsporum 
93.9 ND 20.6 ND 15.3 0.8 1.7 119.2 12.0 82.8 0.3 0.1 ND 41.7 2 
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Ascomycota Clonostachys rosea 
76.6 

(±6.2) 
ND 

6.1 

(±0.4) 
ND 

4.7 

(±0.8) 

1.9 

(±0.2) 

0.1 

(±0.0) 

135.15 

(±22.2) 
ND 

182.0 

(±35.0) 

0.2 

(±0.0) 
ND 

83.8 

(±26.7) 

51.5     

(± 5.2) 
5 

 

Ascomycota 
Coniochaeta 
hoffmannii 

30.1 ND 5.7 ND 11.2 1.7 1.8 119.0 10.4 64.0 ND 0.2 ND 50.2 1 
 

Ascomycota Epicoccum nigrum 36.9 ND ND ND 36.6 1.5 1.8 149.4 ND 150.9 ND ND ND 56.7 1 
 

Ascomycota Exophiala sp. 13.2 ND ND ND 20.1 2.3 2.2 137.2 ND 111.3 ND ND ND 61.6 1 
 

Ascomycota Fusarium fujikurio 
60.3 

(±5.9) 
ND 4.6 ND 

1.8 

(±0.4) 

0.7 

(±0.1) 

0.1 

(±0.0) 
68.4 (±5.1) ND 92.0 (±7.9) ND ND ND 

49.4     

(± 13.1) 
4 

 

Ascomycota Geomyces sp. 35.3 ND 4.4 ND 30.7 ND 2.2 137.1 ND 128.8 ND 0.6 ND 46.9 1 
 

Ascomycota 
Gibellulopsis 

nigrescens 
23.1 ND 4.2 ND 9.1 2.6 1.5 129.7 8.4 88.7 ND 0.3 ND 38.9 1 

 

Ascomycota 
Gonytrichum 

macrocladum 
27.2 ND 6.9 ND 21.8 2.7 2.8 232.1 ND 209.2 ND ND ND 66.5 1 

 

Ascomycota Heydenia sp. 55.0 ND 4.9 ND 14.4 4.6 2.8 140.3 11.8 151.6 ND ND ND 48.1 1 
 

Ascomycota Microdochium bolleyi 54.9 ND ND ND 3.3 2.5 1.6 130.1 13.0 66.3 ND ND ND 38.1 1 
 

Ascomycota Morchella elata 14.6 ND ND ND 4.2 ND 0.3 15.0 652.6 ND ND ND ND 42.4 1 
 

Ascomycota 
Penicillium 

chrysogenum 
85.8 ND ND ND 5.1 1.5 1.5 144.1 ND 72.8 ND ND ND 44.6 1 

 

Ascomycota 
Periconia 

macrospinosa 
9.6 ND 0.6 ND 8.5 ND 0.3 ND 441.8 ND ND ND ND 40.7 1 

 

Ascomycota Peziza ostracoderma 82.8 ND 33.7 ND 24.5 ND 1.9 133.2 41.2 81.0 ND 0.2 ND 36.6 1 
 

Ascomycota 
Phialocephala 
helvetica 

25.9 ND 8.2 ND 37.1 11.5 2.9 212.9 38.5 250.1 ND 0.5 ND 82.3 1 
 

Ascomycota Pichia fermentans 5.7 ND ND ND 27.5 ND 1.6 130.1 22.5 115.8 ND ND ND 41.1 1 
 

Ascomycota Pyrenochaeta acicola 100.0 ND ND ND 5.3 1.0 1.5 136.0 10.3 113.7 ND ND ND 45.2 1 
 

Ascomycota Pyrenochaeta cava 72.6 ND 4.2 ND 15.0 1.2 1.5 116.3 ND 93.0 0.6 ND ND 52.6 1 
 

Ascomycota 
Schizosaccharomyces 

pombe 
2.1 ND ND ND 16.3 3.7 1.7 121.2 14.0 81.0 ND ND ND 52.4 1 

 

Ascomycota 
Schwanniomyces 
capriottii 

30.1 ND 4.2 ND 87.6 ND 7.9 120.3 90.9 161.8 ND ND ND 42.8 1 

 

Ascomycota Tetracladium furcatum 7.3 ND ND ND 2.8 ND 2.1 180.0 18.6 86.5 ND 0.4 ND 59.6 1 
 

Ascomycota 
Tetracladium 

marchalianum 
53.9 ND ND ND 82.4 28.2 32.5 ND 225.4 1471.8 ND 5.5 ND 848.0 1 

 

Ascomycota 
Tetracladium 

maxilliforme 
13.1 ND ND ND 41.5 16.8 1.9 159.0 ND 148.7 ND 0.3 ND 70.8 1 

 

Ascomycota 
Trichocladium 
asperum 

61.0 ND 13.5 ND 15.3 2.8 1.6 153.2 12.5 125.3 ND ND ND 47.2 1 
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Ascomycota 
Trichoderma 

flavofuscum 
5.1 ND ND ND 18.4 ND 0.4 12.7 315.0 ND ND ND ND 47.1 1 

 

Ascomycota Tuber sp. 33.4 ND ND ND 4.3 ND 0.3 14.3 1168.1 ND ND ND ND 44.3 1 
 

Ascomycota Warcupia sp. 281.9 ND 6.1 ND 9.5 1.3 2.0 144.3 ND 178.9 ND ND ND 61.1 1 
 

Ascomycota Boliniaceae 30.3 ND ND ND 26.9 22.3 5.2 339.7 24.0 208.6 ND ND ND 121.9 1 
 

Ascomycota Chaetosphaeriaceae 26.7 ND 3.7 ND 17.0 1.7 1.6 114.8 ND 62.1 ND 0.2 ND 39.6 1 
 

Ascomycota Helotiales 44.0 ND 4.5 ND 35.9 4.0 3.0 138.4 ND 149.7 ND 0.5 ND 38.0 1 
 

Basidiomycota Agaricus sp. 11.7 ND ND ND 0.8 ND 0.2 14.0 672.1 ND ND ND ND 45.7 1 
 

Basidiomycota Amanita muscaria 16.1 ND ND ND 8.9 ND 0.2 ND ND ND ND ND ND 35.8 1 
 

Basidiomycota Armillaria bulbosa 21.9 ND ND ND 6.1 ND 0.3 12.4 485.6 ND 0.0 ND ND 41.4 1 
 

Basidiomycota Auricularia polytricha 7.5 ND 0.7 ND 6.8 ND 0.9 19.2 333.0 ND 0.0 ND 271.4 45.9 1 
 

Basidiomycota 
Craterellus 
cornucopioides 

19.0 ND ND ND 0.0 ND 0.3 ND 1041.3 ND ND ND ND 45.8 1 

 

Basidiomycota Grifola frondosa 13.9 ND ND ND 5.2 ND 0.3 19.2 357.4 ND ND ND ND 43.4 1 
 

Basidiomycota Hericium sp. 8.6 ND ND ND 11.4 ND 0.3 15.2 510.9 ND 0.0 ND ND 46.8 1 
 

Basidiomycota Lentinula edodes 30.1 ND ND ND 3.4 ND 0.3 ND ND ND ND ND ND 39.8 1 
 

Basidiomycota Psilocybe cyanescens 14.6 ND ND ND 10.0 ND 0.3 159.2 204.8 ND ND ND ND 48.1 1 
 

Basidiomycota Ramaria sp. 50.9 ND ND ND 16.0 ND 2.8 122.3 11.4 153.2 0.6 ND 83.7 50.7 1 
 

Basidiomycota Volvariella volvacea 18.3 ND ND ND 11.3 ND 0.3 34.9 267.7 ND ND ND 215.5 35.2 1 
 

Mucuromycota Mortierella alpina 18.7 ND 5.0 ND 8.7 ND 1.4 148.1 9.6 89.4 0.9 ND 69.2 53.8 1 
 

Mucuromycota Mortierella gamsii 68.9 ND ND ND 43.1 5.5 1.6 166.0 83.3 182.5 2.4 ND 174.6 62.5 1 
 

Mucuromycota Mucor hiemalis 62.8 ND 4.4 ND 35.1 1.0 1.8 140.1 10.2 117.2 1.2 ND 234.7 45.7 1 
 

Mucuromycota 
Rhizophagus 

irregularis 
53.3 ND 4.3 ND 3.1 5.6 1.4 133.1 17.2 133.7 2.1 0.3 79.9 44.8 1 

 

Mucuromycota 

Rhizophagus 

irregularis (hyphae 

and spores) 

108.5 

(±41.0) 
ND 

3.9 

(±0.2) 
ND 

0.5 

(±0.3) 

2.0 

(±1.1) 
ND 

119.0 

(±11.0) 
ND 

233.7 

(±82.8) 

0.8 

(±0.2) 
ND 

107.1 

(±41.8) 

45.2     

(± 5.7) 
3 

 

Mucuromycota 
Rhizophagus 
irregularis (hyphae) 

85.7 ND ND ND 3.1 5.6 1.4 ND 45.6 243.2 3.9 ND 313.1 129.9 1 

 

Mucuromycota Rhizopus oligosporus 4.0 ND 0.6 ND 5.8 ND ND 13.2 181.3 ND ND ND ND 39.4 1 
 

Mucuromycota Rhizopus oryzae 55.6 ND 3.8 ND 8.4 0.9 1.1 79.2 7.8 69.0 0.7 ND 150.2 29.9 1 
 

Mucuromycota Thamnidium elegans 92.4 ND 6.6 ND 32.4 5.6 1.9 149.7 ND 217.4 2.0 ND 532.1 36.1 1 
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Mucuromycota 
Umbelopsis 
ramanniana 

37.7 ND 5.5 ND 27.4 1.3 1.8 140.7 16.3 117.2 1.4 ND 125.7 38.1 1 
 

Mucuromycota Umbelopsis vinacea 31.0 ND 5.7 ND 43.3 3.3 1.9 149.1 12.3 150.1 1.1 ND 107.7 59.6 1 

Plants Bryophyta Artichum undulatum 1.0 ND 3.0 ND 20.9 3.0 1.4 95.0 16.2 128.0 0.5 0.2 ND 34.6 1 
 

Bryophyta 
Brachythecium 

rutabulum 
2.0 ND 3.9 ND 30.7 2.9 1.4 102.8 15.5 164.6 0.5 0.2 ND 36.3 1 

 

Bryophyta 
Hypnum 

cupressiforme 
1.4 ND 3.4 ND 30.2 6.0 1.4 116.7 12.4 181.4 0.5 0.2 ND 39.3 1 

 

Bryophyta 
Sphagnum 

magellanicum 
1.1 ND 3.6 ND 29.7 4.2 1.4 120.5 22.1 134.8 0.6 0.2 ND 39.8 1 

 

Bryophyta Tortella tortuosa 1.9 ND 3.9 ND 30.2 7.6 2.1 173.0 ND 227.4 0.6 0.2 ND 41.9 1 
 

Marchantiophy

ta 
Bazzania trilobata 1.8 ND 3.9 ND 9.6 5.2 1.2 101.7 15.0 94.1 0.5 ND ND 32.1 1 

 
Marchantiophy
ta 

Marchantia 
polymorpha 

1.7 ND 3.4 ND 21.2 4.9 1.3 95.2 17.2 121.1 0.6 0.2 ND ND 1 
 

Marchantiophy

ta 
Metzgeria conjugata 1.5 ND 3.8 ND 20.9 8.7 1.4 154.6 13.0 286.1 0.6 0.2 ND 44.3 1 

 

Marchantiophy
ta 

Plagiochila 
asplenioides 

3.0 ND 4.0 ND 15.0 4.6 1.4 129.4 13.7 170.8 0.6 ND ND 40.7 1 

 
Anthocerophyt

a 
Anthoceros sp. 1.2 ND 3.1 ND 1.3 0.6 1.1 86.3 7.6 57.6 0.5 ND ND 28.3 1 

 
Polypodiophyt
a 

Equisetum arvense ND ND ND ND 24.4 1.4 1.5 104.1 8.3 131.6 0.5 ND ND 35.8 1 
 

Conipherophyt

a 
Picea abies 0.8 ND ND ND 20.1 1.2 1.1 87.1 12.6 114.0 0.5 ND ND 28.3 1 

 

Gynkgophyta Ginko biloba 1.4 ND ND ND 11.0 0.5 1.3 ND 8.6 93.1 0.6 ND ND 37.1 1 
 

Monocot Allium ursinum 2.9 ND ND ND 10.2 0.9 1.2 97.5 13.7 137.7 0.5 ND ND 30.5 1 
 

Eudicot Alchemilla vulgaris ND ND ND ND 8.5 1.0 1.1 91.5 9.2 51.6 0.5 ND ND 30.3 1 
 

Eudicot Anthriscus cerefolium 
0.8 

(±0.1) 
ND 

0.1 

(±0.0) 
ND 

6.5 

(±1.3) 

1.8 

(±0.4) 

0.3 

(±0.6) 

81.0 

(±19.1) 
ND 

98.7 

(±18.6) 

0.1 

(±0.0) 
ND ND 

35.9     

(± 0.6) 
4 

 

Eudicot Betula pendula ND ND ND ND 15.3 2.7 1.4 118.7 13.7 201.1 0.6 0.2 ND 43.2 1 

 

Eudicot 
Capsella bursa-
pastoris 

1.2 ND ND ND 17.1 1.8 ND 114.4 14.9 148.7 0.6 ND ND 50.8 1 
 

Eudicot Dictamnus albus 1.2 ND ND ND 19.2 1.2 1.4 ND 13.8 128.7 0.6 ND ND 43.5 1 
 

Eudicot Fumaria officinalis 2.1 ND 3.1 ND 12.6 0.9 1.2 100.4 8.8 136.2 0.5 ND ND 67.8 1 
 

Eudicot Galium verum ND ND ND ND 23.6 2.5 1.4 113.8 10.4 199.6 0.6 0.2 ND 45.3 1 
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Eudicot Malva silvestris 
2.6 

(±0.3) 
ND 

0.1 

(±0.1) 
ND 

14.0 

(±4.1) 

0.8 

(±0.2) 

0.1 

(±0.0) 
46.7 (±8.0) ND 

148.5 

(±45.5) 

0.1 

(±0.0) 
ND ND 

37.2     

(± 5.7) 
5 

 

Eudicot 
Petroselinum crispum 

(leaves) 
ND ND ND ND 10.4 0.8 1.1 94.8 9.8 96.3 0.5 ND ND 37.8 1 

 

Eudicot 
Petroselinum crispum 

(roots) 
ND ND ND ND 17.0 1.6 1.5 ND 10.0 91.3 0.6 ND ND 39.2 1 

 

Eudicot Plantago major 1.3 ND ND ND 16.8 1.5 1.5 128.1 26.2 139.2 0.7 ND ND 39.5 1 
 

Eudicot Polygonum aviculare 1.6 ND ND ND 12.1 1.5 1.3 105.5 10.5 131.2 0.6 ND ND 42.6 1 
 

Eudicot 
Taraxacum officinale 

(leaves) 
2.5 ND ND ND 10.1 1.1 2.5 200.6 23.5 141.4 1.1 ND ND 67.4 1 

 

Eudicot 
Taraxacum officinale 
(roots) 

ND ND ND ND 3.1 ND ND ND 14.0 82.7 0.6 ND ND ND 1 
 

Eudicot Urtica dioica (leaves) 1.2 ND ND ND 12.8 2.1 1.2 106.0 11.1 109.8 0.5 0.2 ND 29.9 1 
 

Eudicot Urtica dioica (roots) 1.9 ND 4.3 ND 23.7 1.5 1.5 ND 15.7 121.0 0.7 ND ND 41.1 1 
 

Eudicot Vaccinium myrtillus 1.0 ND ND ND 13.7 1.2 1.2 96.5 11.1 102.2 0.5 ND ND 31.1 1 

N: number of replicates. ND: not detectable. * Phylum classification of fungi was based on the National Center for Biotechnology Information (NCBI) taxonomy.
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Table S2. Average amino sugar contents in the hydrolyzed biomass of archaea, bacteria, 

fungi, and plant species.  

     GlcN MurA GalN TalA 

N    µg mg-1 dw   µg mg-1 dw  µg mg-1 dw  µg mg-1 dw  

    mean 95% C.I. mean 95% C.I. mean 95% C.I. mean 95% C.I. 

Archaea Crenarchaeota 18.9 1.5-36.3 ND  ND  ND  3 

Euryarchaeota 14.8 9.0-20.7 ND  19.7 12.5-27.0 6.4 2.9-10.0 10 

Gram-negative 
bacteria 

Acidobacteria 24.5 1.7-67.5 1.9 0.0-3.9 2.9 0.0-6.9 ND  3 

Bacteroidetes 9.5  11.0  1.0  ND  1 

Cyanobacteria 7.3 5.1-9.6 2.2 1.5-2.8 0.9 0.6-1.2 ND  4 

Proteobacteria 7.9 3.1-12.6 4.5 0.1-8.9 0.2 0.1-0.4 ND  9 

Verrucomicrobia 20.3  3.8  3.8  ND  1 

Gram-positive 

bacteria 
Actinobacteria 35.9 25.8-45.9 20.0 16.0-23.9 5.1 1.6-8.6 ND  20 

Firmicutes 40.4 21.2-59.7 35.1 18.4-51.8 0.9 0.0-2.0 ND  9 

Fungi Ascomycota 47.1 38.6-55.7 ND  5.2 2.9-7.4 ND  42 

Basidiomycota 19.3 12.1-26.5 ND  0.1 0.0-0.2 ND  11 

Mucuromycota 64.3 43.1-85.5 ND  3.7 2.5-4.8 ND  13 

Plants Bryophyta 1.5 1.1-1.9 ND  3.6 3.2-3.9 ND  5 

Marchantiophyta 2.0 1.0-3.0 ND 
 

3.8 2.3-5.3 ND  4 

Anthocerotophyta 1.2  ND  3.1  ND  1 

Polypodiophyta ND  ND  ND  ND  1 

Coniferophyta 0.8  ND  ND  ND  1 

Ginkgophyta 1.4  ND  ND  ND  1 

Monocot 2.9  ND  ND  ND  1 

Eudicot 1.3 0.9-1.7 ND  0.4 0.0-0.8 ND   24 

N: number of replicates. ND: not detectable. C.I.: Confidence interval. 
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Table S3. Average neutral sugar contents (95% confidence intervals in brackets) in the hydrolyzed biomass of archaea, 

bacteria, fungi, and plant species.  
    Glc Gal Man Fuc Rha Rib Xyl Ara GluA DRib 

N   µg mg-1 dw µg mg-1 dw µg mg-1 dw ng mg-1 dw ng mg-1 dw ng mg-1 dw ng mg-1 dw ng mg-1 dw ng mg-1 dw ng mg-1 dw 

Archaea Crenarchaeota 10.6 ND 2.0 ND 163.2 147.2 5.7 76.9 ND 43.9 3 

 (3.8-17.4)  (1.3-2.8)  (1.8-324-7) (132.4-162.0) (0.1-11.3) (62.1-91.7)  (42.2-45.7)  

Euryarchaeota 0.8 0.1 0.7 65.0 80.9 184.1 5.3 133.5 7.1 43.4 10 

 
(0.4-1.3) (0.0-0.2) (0.2-1.2) (0.0-192.0) (0.2-161.6) (145.1-223.1) (1.8-8.9) (77.9-189.2) (0.0-21.0) (40.3-46.5) 

 
Gram-

negative 

bacteria 

Acidobacteria 1.6 1.2 0.4 553.9 4.3 87.4 9.0 140.4 70.1 28.3 3 

 
(0.0-3.8) (0.0-3.6) (0.0-0.7) (0.0-1579.0) (0.0-12.7) (0.0-219.3) (0.0-26.8) (0.0-381.0) (0.0-207.4) (0.0-83.7) 

 
Bacteroidetes 6.6 ND 0.2 33.1 7.5 ND ND 49.9 ND 36.6 1 

Cyanobacteria 2.2 0.9 0.2 133.4 ND 259.6 ND 276.8 ND 44.0 4 

 (1.7-2.6) (0.7-1.1) (0.1-0.2) (103.6-163.2)  (179.2-340.0)  (169.9-383.7)  (27.5-60.5)  
Proteobacteria 1.6 0.6 0.3 340.0 1.6 121.6 7.6 176.6 28.3 54.6 9 

 (0.1-3.6) (0.0-1.4) (0.0-0.9) (0.0-868.2) (0.0-4.8) (59.7-183.6) (1.6-13.6) (68.7-284.5) (0.0-69.1) (33.4-75.8)  
Verrucomicrobia 3.0 ND 0.3 65.1 ND 63.8 ND 67.4 ND 51.6 1 

Gram-

positive 

bacteria 

Actinobacteria 3.4 0.2 0.2 37.5 0.9 193.2 0.7 235.9 3.9 47.8 20 

 (0.2-5.6) (0.1-0.3) (0.2-0.3) (0.0-110.1) (0.0-2.1) (110.7-275.7) (0.0-2.1) (166.1-305.7) (0.0-11.6) (42.1-53.4)  
Firmicutes 0.3 0.6 0.0 153.0 ND 86.3 3.3 225.4 22.8 40.5 9 

 (0.1-0.4) (0.0-1.3) (0.0-0.1) (0.0-453.0)  (56.0-116.5) (0.0-9.6) (118.3-262.7) (0.0-67.5) (36.0-45.0)  
Fungi Ascomycota 17.0 2.6 1.6 48.3 82.9 127.7 70.8 111.9 10.0 51.1 42 

 (12.1-22.0) (1.2-3.9) (1.2-2.1) (4.7-82.9) (36.3-135.9) (105.8-143.2) (10.1-140.2) (91.9-127.3) (1.1-17.5) (46.5-55.8)  
Basidiomycota 7.3 ND 0.6 65.3 ND 36.0 353.1 13.9 51.9 43.5 11 

 (4.4-10.1)  (0.1-1.0) (0.0-178.0)  (4.5-67.6) (165.0-541.3) (0.0-41.2) (0.0-110.2) (40.6-46.4)  
Mucuromycota 16.1 2.7 1.0 1401.3 20.6 113.6 33.2 155.4 162.2 52.0 13 

 (6.7-25.5) (1.5-3.9) (0.5-1.4) (858.4-1944.3) (0.0-60.7) (85.1-142.0) (6.3-60.1) (110.0-200.9) (88.0-236.4) (38.3-65.7)  
Plants 
 

 

 
 

 

 
 

 

 
 

 

 
  

Bryophyta 28.3 4.8 1.5 545.9 216.7 121.6 13.3 167.2 ND 38.4 5 

 (24.7-32.0) (3.0-6.5) (1.2-1.8) (474.8-616.9) (197.0-236.4) (94.8-148.3) (6.1-20.5) (132.1-202.4)  (35.80-40.9)  
Marchantiophyta 16.7 5.9 1.3 572.7 108.5 120.2 14.7 168.1 ND 29.3 4 

 (10.6-22.8) (4.2-7.6) (0.7-2.0) (340.7-804.7) (29.8-187.2) (74.2-166.3) (8.3-21.2) (122.4-213.7)  (14.9-43.6)  
Anthocerotophyta 1.3 0.6 1.1 470.5 ND 86.3 7.6 57.6 ND 28.3 1 

Polypodiophyta 24.4 1.4 1.5 520.0 ND 104.1 8.3 131.6 ND 35.8 1 

Coniferophyta 20.1 1.2 1.1 456.6 ND 87.1 12.6 114.0 ND 28.3 1 

Ginkgophyta 11.0 0.5 1.3 576.8 ND ND 8.6 93.1 ND 37.1 1 

Monocot 10.2 0.9 1.2 507.2 ND 97.5 13.7 137.7 ND 30.5 1 

Eudicot 13.4 1.4 0.9 436.8 27.7 78.3 9.4 125.3 ND 37.6 24 

  (11.1-15.7) (1.1-1.6) (0.6-1.2) (328.0-545.6) (0.0-57.8) (58.8-97.8) (6.4-12.3) (109.7-140.9)   (31.6-43.7)   

N: number of replicates. ND: not detectable.
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Figure S1. Correlation between glucosamine (GlcN) and muramic acid (MurA) contents 

in phyla of gram-negative bacteria. Only phyla with 3 or more replicates were included in 

the analysis. Spearman correlations was used to test the correlation between GlcN and 

MurA in all bacterial groups. 
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Figure S2. Receiver operating characteristic (ROC) curves using components 1,2 and 3 

showcasing the performance evaluation of the PLS-DA model for each taxonomy group. 

Specificity indicates the rates of true negatives. Sensitivity indicates the rates of true 

positives. Numbers on the right indicate the accuracy of the classification performed by 

the PLS-DA model. 
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Abstract 

Soil organic matter is the largest carbon (C) pool in terrestrial ecosystems, and it is 

largely composed of microbial necromass. Microbes contribute to the long-term C 

storage in soils by incorporating C from plants into their biomass and, consequently, 

microbial necromass becomes stabilized mostly in mineral associated organic matter. 

So far, most studies have focused on tracing microbial necromass using amino sugar 

biomarkers, while plant contributions to soil organic matter are predominantly traced 

using lignin or long-chain alkanes. Glucosamine and muramic acid are amino sugars 

commonly used as biomarkers of fungal and bacterial necromass, respectively. Amino 

acids, such as D-enantiomers and non-proteinogenic amino acids have also been 

used though rarely as microbial and/or plant necromass tracers. For instance, meso 

(D,L)-diaminopimelic acid can be found in the peptidoglycan peptide chain of gram-

negative bacteria, while hydroxyproline is commonly found in glycoproteins of plant 

cell walls. Currently, only very few studies have measured amino sugars alongside 

primary and secondary amino acids as biomarkers of plant and microbial necromass. 

In this study, we propose a new method that allows the simultaneous exploration of 

microbial and plant residue biomarkers using a single run via 6-aminoquinolyl-N-

hydroxysuccinimidyl carbamate (AQC) derivatization, followed by ultra-high 

performance liquid chromatography (UHPLC) and Orbitrap high resolution mass 

spectrometry. For this, we analyzed 121 species of archaea, bacteria, fungi, and 

plants. We were able to quantify amino acids and amino sugar biomarkers in the 

biomass of all taxonomic groups, as well as compare how these biomarker contents 

varied between broad taxonomic groups. We confirmed the biomarker potential of non-

proteinogenic amino acids and amino sugars using indicator species analysis as well 

as supervised multivariate approaches, such as random forest and partial least 

squares discriminant analysis (PLS-DA). Our results showed that hydroxyproline is a 

biomarker specific for plants, while L,L-diaminopimelic acid can be used alongside 

muramic acid as biomarkers specific for bacteria. Talosaminuronic acid represents a 

biomarker specific for archaea, while glucosamine was a biomarker indicative of 

archaea, bacteria, and fungi, being absent in plants. Our results showcase an 

unparalleled approach to trace both plant and microbial contributions to soil organic 

matter which will help improve our understanding of how different organic matter 

sources contribute to soil carbon formation and stabilization. This approach also allows 
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the quantitation of plant versus microbial contributions to the continuum from litter 

decomposition to soil organic matter formation through microbial processing, the 

contribution of plant, fungal and bacterial organic matter to mineral-associated organic 

matter (MaOM) versus particulate organic matter (POM), and to soil macro- and 

microaggregate formation. 

Key words 

Soil necromass, machine-learning, random forest, AQC chemistry, Orbitrap  

 

1. Introduction 

Microbes play a critical role in the conversion of plant organic matter and the 

buildup of soil organic matter (SOM), as well as in concurrent ecosystem C and 

nitrogen (N) cycling. The soil microbial carbon pump is an ecological framework that 

describes how microorganisms assimilate plant C into new microbial biomass and 

how, subsequently, part of their necromass and other microbial residues become 

stabilized in soil as part of SOM (Liang et al., 2017; Zhu et al., 2020). Necromass 

biomarkers, mainly amino sugars, are used to trace this microbial contribution to the 

soil organic C stocks (Joergensen, 2018; Wang et al., 2021). 

Specific amino acids can be used as biomarkers for soil microorganisms. While L-

amino acids are ubiquitous in nature, the less abundant D-amino acids are important 

components of bacterial peptidoglycan but are rare to absent in eukaryotes, and 

therefore have been used to trace bacterial residues in soils and sediments 

(Dworzanski et al., 2005; Hu et al., 2018; Radkov & Moe, 2014; Veuger et al., 2005). 

The bacterial peptidoglycan peptide chain is composed of four or five amino acids 

consisting of L-alanine (Ala), D-glutamine (Gln) as the first two, and D-alanine as the 

last one or two (Radkov & Moe, 2014). The third amino acid is usually a diamino acid, 

being lysine (Lys) in Gram-positive bacterial and meso (D,L)-diaminopimelic acid 

(mDAP) in Gram-negative bacteria (Vollmer et al., 2008). In some Gram-positive 

organisms a 5-glycine chain interconnects the peptide chains.  Pseudopeptidoglycan, 

a structural analog of peptidoglycan found only in archaea, does not contain D-amino 

acid enantiomers and is composed of L-glutamate (Glu), L-Ala and Lys (Subedi et al., 

2021).  
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Isotope tracing in mDAP and D-Ala has been used to estimate the decomposition 

of bacterial peptidoglycan (Hu et al., 2018). L,L-diaminopimelic acid (LLDAP) has been 

found to replace Lys in the peptidoglycan of some species of Actinobacteria (Gram-

positive bacteria), such as Actinomyces and Streptomyces  (Busse & Schumann, 

1999; Leyh-Bouille et al., 1970), though this has not yet been explored in biomarker 

research. Hydroxyproline (Hyp) has been used to trace plant N in soils since its two 

major natural sources are Hyp-rich glycoproteins in plant cell walls and animal 

collagen (Nguema-Ona et al., 2014; Philben & Benner, 2013). Even though the origin 

and mineralization of amino acid biomarkers have been studied to some extent 

(Miltner et al., 2009; Vranova et al., 2012), our knowledge regarding amino acid 

residues from other soil microbial groups and their contribution to soil environments is 

highly fragmentary.  

In contrast, amino sugars have been regularly used as biomarkers of soil microbial 

necromass to trace the contribution of microbial-derived C to SOM (Liang et al., 2019; 

Wang et al., 2021), however excluding plants which are largely devoid of amino 

sugars. Muramic acid (MurA), a major component of bacterial peptidoglycan, is used 

as a specific biomarker for bacterial residue C (Joergensen, 2018). Glucosamine 

(GlcN), the other amino sugar component of bacterial peptidoglycan and the major 

constituent of fungal chitin, is used as a biomarker of fungal C once the contribution of 

bacterial glucosamine has been corrected using the bacterial GlcN:MurA molar ratio 

(Appuhn & Joergensen, 2006; Joergensen, 2018). Galactosamine (GalN) and 

mannosamine (ManN) are less specific microbial necromass biomarkers since they 

can be found in bacteria, fungi and archaea (Joergensen, 2018; Salas et al., 2024). 

Similar to bacteria, some archaea contain a pseudopeptidoglycan cell wall composed 

of alternating N-acetylated GlcN and talosaminuronic acid (TalA); however, only 

recently has TalA been proposed as biomarker specific for Euryarchaeota in soils 

(Salas et al., 2024).  

Multivariate supervised machine learning (ML) methods have been applied for 

classification, regression and biomarker detection in clinical metabolomics studies 

(Dias-Audibert et al., 2020; Hirakawa et al., 2022; Zhang et al., 2023) and in 

biomonitoring investigations (Cambon et al., 2023). ML algorithms have been widely 

used recently since they can handle nonlinear, large and heterogeneous datasets 

(Pichler & Hartig, 2023). Although some ML models present an overfitting risk, others 

such as partial least squares discriminant analysis (PLS-DA) and random forest 
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algorithms have low overfitting risk while maintaining high interpretability (Ghannam & 

Techtmann, 2021; Liebal et al., 2020). While supervised ML approaches have many 

advantages to analyze multivariate data, they have not yet been used to investigate 

the potential of amino acids together with amino sugars as soil residue/necromass 

biomarkers and to distinguish amongst microbial and/or plant contributions.  

Soil necromass biomarker studies that quantify both microbial and plant 

contribution to SOM are of great value to better understand their dynamics and role in 

long-term soil C storage (Angst et al., 2021). So far, there have been neither 

approaches nor studies that have quantified both microbial and plant biomarkers using 

the same analytical approach or compound class. This derives from the problem that 

in current biogeochemical research amino sugars are applied as unique tracers of 

microbes while lignin or long-chain alkanes are used as specific tracers for plants 

(Angst et al., 2021; Whalen et al., 2022). Yet different compound classes such as 

lignins and proteins have different turnover characteristics and therefore cannot be 

directly compared (Gleixner et al., 1999). 6-aminoquinolyl-N-hydroxysuccinimidyl 

carbamate (AQC) derivatization provides numerous advantages for the analysis of 

amino compounds (Cohen & Michaud, 1993; Salazar et al., 2012); however, most 

studies focused on the analysis of amino acids only and very few have extended this 

to primary and secondary amines (Boughton et al., 2011) or to the concurrent 

measurement of amino acids and amino sugars (Díaz et al., 1996). In our study, we 

aimed to: (1) identify and quantify amino acid and amino sugar biomarkers in 

representative groups of soil archaea, bacteria, fungi, and plants using AQC 

derivatization, (2) determine the variability of amino acids and amino sugars between 

the different taxonomic groups, and (3) evaluate the biomarker potential of amino acids 

and amino sugars using multivariate machine learning approaches.  

2. Methods 

2.1 Chemicals and reagents 

Amino acid and amino sugar standards [L-alanine (Ala), L-arginine (Arg), L-

asparagine (Asn), L-aspartic acid (Asp), L-cysteine (Cys), L-glutamine (Gln), L-

glutamic acid (Glu), glycine (Gly), L-histidine (His), L-hydroxyproline (Hyp), L-

isoleucine (Ile), L-leucine (Leu), L-lysine (Lys), L-methionine (Met), meso (D,L)-

diaminopimelic acid (mDAP), L,L- diaminopimelic acid (LLDAP), L-phenylalanine 
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(Phe), L-proline (Pro), L-serine (Ser), L-threonine (Thr), L-tryptophan (Trp), L-tyrosine 

(Tyr), L-valine (Val), glucosamine (GlcN), galactosamine (GalN), mannosamine 

(ManN), muramic acid (MurA)], formic acid solution (BioUltra 1 M in H2O), hydrochloric 

acid, and acetonitrile (hypergrade for LC-MS) solutions were purchased from Sigma-

Aldrich (St. Louis, MO). The AccQ•Tag Ultra derivatization kit (AccQ•Tag Ultra borate 

buffer, AccQ•Tag Ultra reagent powder, and AccQ•Tag Ultra reagent diluent) was 

purchased from Waters Corporation (Milford, MA, USA). 

2.2 Sample preparation 

With the aim to cover a large diversity of soil microbial groups, as well as plants, 

we analyzed the biomass from 121 species belonging to representative soil taxa of 

archaea, bacteria, fungi, and plants. Biomass samples from these taxonomic groups 

were hydrolyzed in a previous study (Salas et al., 2024). Briefly, 2 mg of pure freeze-

dried cultured biomass or dried plant material were hydrolyzed by addition of 1.5 mL 

6 M HCl and heating to 105 °C for 16 h. After cooling, the solution was centrifuged at 

10,000 g for 20 min and dried under a nitrogen stream. To remove salts, 1 mL MS-

grade methanol was added. The solution was centrifuged at 10,000 g for 10 min and 

dried under a nitrogen stream. The dried samples were dissolved in 1 mL Milli-Q water 

prior to derivatization using AQC.  

AQC derivatization was carried out using the AccQ•Tag Ultra derivatization kit 

(WatersTM, USA) following the protocol from the manufacturer. Briefly, 70 µL borate 

buffer were mixed with 10 µL sample aliquot or amino acid standard, followed by 

addition of 20 µL AccQ•Tag Ultra reagent (3 mg/mL AQC in acetonitrile). The mixture 

was briefly vortexed and kept at room temperature for 1 min. Samples were then 

incubated at 55 °C for 10 min, allowed to cool to room temperature and injected into 

the UHPLC-Orbitrap MS system.  

2.3 UHPLC-Orbitrap MS system 

Derivatized samples were injected into a UHPLC Ultimate 3000 system 

(Thermo Fisher Scientific, Bremen, Germany) coupled to an Orbitrap Q Exactive 

HRMS system (Thermo Fisher Scientific) with an electrospray ionization (H-ESI) 

source. Reversed phase chromatographic separations were performed on a Waters 

AccQ.Tag Ultra C18 column (2.1 mm x 100 mm, 1.7 µm particles) (Milford, MA, USA) 

with ACQUITY column in-line guard filter (2.1 mm, 0.2 µm) (Milford, MA, USA). The 
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column temperature was set to 55 °C. The mobile phase was composed of 0.001% 

formic acid in Milli-Q as eluent A and 0.001% formic acid in acetonitrile as eluent B. 

The following solvent gradient was used: 0-0.5 min constant at 0.1% B, 0.5-2.5 min 

increase to 5% B, 2.5-8 min increase to 20% B, 8-8.25 min increase to 90% B, 8.25-

11 min constant at 90% B, 11-11.2 min decrease to 0.1% B, and 11.2-14.5 min 

constant at 0.1% B for column re-equilibration. The flow rate was set to 0.4 mL min-1 

and the injection volume was 1 µL.  

The Orbitrap Q Exactive HRMS system was operated using full-mass scan 

mode (m/z 150-1000) in the ESI positive mode. The automatic gain control (AGC) 

target value was set to 3x106 and the resolution to 70,000. Lock mass correction was 

set to 214.0896 (contaminant from plasticizer). Spray voltage was 3.5 kV, capillary 

temperature 300 °C, sheath gas 35 arbitrary units and auxiliary gas 15 arbitrary units. 

2.4 Data analysis 

The mass to charge ratios (m/z) and retention times of all AQC-amino acid and 

amino sugar derivatives analyzed in this study can be found in Table S1. Structural 

isomers (e.g. leucine and isoleucine) were identified based on their distinct retention 

times. Data were extracted and compounds were identified and quantified by their 

mass spectrometric signal using the FreeStyle™ 1.7 software (Thermo Scientific) and 

Skyline software (Adams et al., 2020).  

All statistical analyses were carried out using R version 4.2.3 (R Core Team, 

2021). Amino acid and amino sugar data were checked for outliers and log-

transformed when necessary to obtain normality and homoscedasticity. Kruskal-

Wallis, Dunn, and Wilcoxon tests were performed to detect differences in amino acid 

and amino sugar content between taxonomic groups. To visualize the clustering of the 

taxonomic groups using amino acid and amino sugar contents we carried out principal 

component analyses (PCA). To test whether the taxonomic groups differed based on 

their amino acid and amino sugar biomass content in multivariate space, we used 

analyses of similarity (ANOSIM) with multiple permutations (n = 9999).  

Indicator species analysis was used to identify amino acid and amino sugar 

biomarkers associated to specific taxonomic groups. Indicator species analysis uses 

the relative abundance and occurrence of species to estimate the strength of its 

association with a priori groups of interest and evaluates the probability of association 

based on randomization. We used log-transformed data and the multipatt function 
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from the indcspecies package (Caceres & Legendre, 2009) with multiple permutations 

(n = 9999). 

We used two supervised multivariate approaches: random forest and partial least 

squares discriminant analysis (PLS-DA) to verify the use of amino compounds as 

biomarkers for different soil microbial groups and for plant necromass. The random 

forest algorithm trained on amino acid and amino sugar data was used to classify 

samples according to their taxonomic group (archaea, bacteria, fungi, or plants) using 

the randomForest package (Breiman, 2001). Data partitioning was set to 70% for 

model training and 30% for model testing. We set the number of trees to 500 and mtry, 

a parameter that corresponds to the number of features (in our study, number of amino 

compounds) randomly selected by the algorithm for each split of the decision trees, to 

3 using five-fold cross-validation. The Gini index was used to determine the most 

important features during the decision tree classification process, where high values 

indicate more informative features (Cambon et al., 2023). A multidimensional scaling 

(MDS) plot was created using the proximity matrix calculated by the random forest. 

This proximity matrix is based on the frequency that two data points end up in the 

same leaf nodes. 

To discriminate between taxonomic groups based on their amino acid and amino 

sugar content, we ran a PLS-DA using leave-one-out cross-validation in the mixOmics 

package (Rohart et al., 2017). PLS-DA loadings from components 1 and 2 were used 

to determine which amino acids and amino sugars were the most discriminatory 

between the different taxonomic groups. The area under the receiver operating 

characteristic (AUROC) curves showcased the performance evaluation of the PLS-DA 

model for each group.  

3. Results 

We analyzed amino acid and amino sugar contents in 12 archaeal species, 24 

bacterial species, 57 fungal species, and 28 species of plants, using the same acid 

hydrolysis and AQC derivatization method via UHPLC-Orbitrap MS (Table S2).  

3.1 Amino acid and amino sugar content in hydrolyzed biomass 

We quantified 16 proteinogenic amino acids in the biomass of all taxonomic 

groups (Fig. S1). The highest contents of proteinogenic amino acids were found in 

both archaeal and bacterial samples, while the lowest contents were found in plants. 

https://www.sciencedirect.com/topics/earth-and-planetary-sciences/phenyls
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Gln, Asn, Trp and Cys were degraded by 6 M HCl hydrolysis, the former two 

deamidated (to Glu and Asp) and the latter two oxidized (to cystine and 

oxindolylalanine), and therefore were not analyzed here.  

In our study, we focused on three non-proteinogenic amino acids with biomarker 

potential: mDAP, LLDAP and Hyp. Archaea had the highest mDAP content, followed 

by bacteria and fungi and plants the lowest (Fig. 1A). LLDAP was found at highest 

level in bacteria, but only in one archaeon and not in fungi and plants (Fig. 1B, Table 

S2). Hyp was consistently found in plants and at low levels in fungi and bacteria (Fig. 

1C).  

We were able to simultaneously quantify amino sugar compounds using AQC 

derivatization. We measured the MurA, TalA, and the sum of hexosamines (HexN = 

GlcN + GalN + ManN), the latter since the individual AQC-derivatives of HexN could 

not be chromatographically resolved. Fungal samples had the highest HexN content, 

followed by bacteria and archaea and lowest contents were measured in plants (Fig. 

1D). MurA was only detected in bacterial samples (Fig. 1E), while TalA was detected 

only in archaeal samples (Fig. 1F).  

When compared between bacterial groups, LLDAP, HexN, and MurA contents 

were higher in gram-positive than in gram-negative bacteria, while mDAP was higher 

in gram-negative than in gram-positive bacteria (Fig. 2).  

3.2 Biomarker potential of amino acids and amino sugars 

All proteinogenic amino acids were strongly correlated to each other (Fig. S2), with 

a PCA biplot of proteinogenic amino acids explaining 89.2% of the total variance (Fig. 

3). Since the PC1 explained 83.8% of the variance in proteinogenic amino acids, we 

used these PC1 scores (termed PC1*) as a proxy of the content of proteinogenic 

amino acids to remove excessive co-variance from distorting all subsequent statistical 

analyses.  

The full biomarker PCA based on non-proteinogenic amino acids, amino sugars 

and the PC1* proxy of proteinogenic amino acids showed a clear separation of 

prokaryotes (archaea + bacteria) from eukaryotes (fungi + plants) (Fig. 4). Their 

separation was explained by the inverse effects of PC1* proxy versus TalA, MurA and 

both DAP isomers on PC1. Along PC2 MurA and LLDAP contents drove the separation 

of bacteria, while mDAP and TalA were positively associated with archaea. Moreover, 
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the separation of plants and fungi was driven by PC3 (Fig. S3), following differences 

in Hyp and HexN content between non-plants and plants.  

The indicator species analysis showed that TalA was a specific indicator of 

archaea while Hyp was specific to plants (Table 1). MurA and LLDAP were indicators 

for bacteria. HexN and mDAP were indicators of archaea, bacteria, and fungi. The 

PC1* proxy was indicative of eukaryotes (plants + fungi).  

Our random forest model had an out-of-bag error of 8.3%, an accuracy of 92.3%, 

and a classification error of 25.0% for archaea, 8.6% for bacteria, 6.8% for fungi and 

3.4% for plants. Random forest results also showed that HexN and MurA, followed by 

the PC1* proxy, are the most important biomarkers during the decision tree 

classification process, shown by their greatest negative impact on the Gini index (Fig. 

5A). An MDS plot using the proximity matrix calculated from the random forest model 

showed a clear separation of all taxa (Fig. 5B).  

The results of the PLS-DA model also showed the separation of bacteria, fungi, 

and plants, where components 1 and 2 explained 49% of the variance (Fig. 6A). PC1* 

proxy was a major contributor to the definition of plants, followed by MurA and LLDAP 

for bacteria (Fig. 6 B). HexN drove the separation of fungi, and TalA that of archaea 

(Fig. 6C). The receiver operating characteristic (ROC) curves of the performance of 

the PLS-DA model showed a classification error of 1.8% for archaea, 7.5% for 

bacteria, 2.9% for fungi and 1.6% for plants (Fig. 6D). 

Finally, we assessed whether the relative composition of proteinogenic amino 

acids improves the separation of the taxonomic groups. We ran a PCA using the 

relative molar percentages of proteinogenic amino acids, in contrast to using their 

absolute contents (Fig. S4). The PC1 (PC1_ m) and PC2 (PC2_m) scores of the 

relative molar percentages of proteinogenic amino acids were included along with the 

PC1* proxy of proteinogenic amino acid contents and the non-proteinogenic amino 

acids and amino sugars into the multivariate analyses. However, the indicator species 

analysis, random forest model and PLS-DA showed very similar results to those 

mentioned above (Table S3, Fig. S5, Fig. S6).  

4. Discussion 

In this study we demonstrate the excellent separation of the major organismal 

groups contributing to SOM formation by their residues and necromass, based on 
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canonical biomarkers (amino sugars including HexN and MurA) and non-canonical or 

novel biomarkers (TalA, LLDAP, mDAP, and proteinogenic PC1*). We measured 

higher contents of proteinogenic amino acids in archaea and bacteria compared to 

fungi and plants (Fig. S1), which drove the separation of prokaryotes from eukaryotes 

(Fig. 3). Proteinogenic amino acids, especially L-enantiomers, are ubiquitous in nature 

and therefore, are commonly found in all taxa since they are the building blocks of 

peptides and key intermediates in biochemical processes. Therefore, proteinogenic 

amino acids have not yet been used as biomarkers. 

Non-proteinogenic amino acids and amino sugars (e.g. GlcN as HexN member, 

and MurA) have been proposed and used as biomarkers for soil microorganisms 

(Appuhn & Joergensen, 2006; Dworzanski et al., 2005). Yet the presence and absence 

of potential non-proteinogenic amino acid biomarkers has not been systematically 

tested thus far. Indicator species analysis showed the association of specific amino 

compounds as biomarkers for specific taxonomic groups (Table 1). While mDAP is 

known as major constituent of the peptidoglycan peptide chain of gram-negative 

bacteria (Vollmer et al., 2008), we also found significant quantities in gram-positive 

bacteria, archaea and fungi (Fig. 1A, Fig 2A). Furthermore, our results showed that 

mDAP is not specific to bacteria but instead is indicative of archaea, bacteria, and 

fungi.  

On the contrary, we found that LLDAP was an excellent biomarker specific for 

bacteria (Table 1, Fig. 1B), with gram-positive bacteria having a higher content 

compared to gram-negative bacteria (Fig. 2B). Leyh-Bouille et al. (1970) proposed that 

LLDAP could replace Lys in the peptidoglycan peptide chain of some Actinobacteria. 

A systematic survey later showed the prevalence of the LLDAP in Actinobacteria 

(Busse & Schumann, 1999). While both LLDAP and mDAP can be also be found as 

intermediates of the Lys biosynthesis pathways in prokaryotes and plants (Hudson et 

al., 2006), in our study most of the measured LLDAP and mDAP in bacteria likely 

derived from peptidoglycan peptides since we detected negligible contents of LLDAP 

in archaea and of mDAP in plants (Fig. 2).  

We observed that Hyp was prevalent in plant samples and our indicator species 

analysis confirmed that Hyp can be used as a biomarker specific for plants (Fig. 1C, 

Table 1). Hyp is produced by hydroxylation of proline by the enzyme prolyl hydroxylase 

following protein synthesis, via post-translational modification. Hyp is a major 

component of the animal protein collagen, comprising ~13.5% of protein. In plants, the 
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major source of Hyp are the Hyp-rich glycoproteins (HRPGs) in their cell walls 

(Nguema-Ona et al., 2014). HRGPs comprise a superfamily of plant cell wall proteins 

that function in diverse aspects of plant growth and development. Given the expectedly 

small contribution of fauna (and collagen) to soil biota and to soil organic matter (Bar-

On et al., 2018), Philben & Benner (2013) proposed Hyp as a tracer of plant N in soils. 

This demonstrates that Hyp is a suitable biomarker that can be used to trace plant cell 

wall residues in soil environments. The current study therefore circumvents one 

cardinal problem of current soil biomarker analysis: adding an amino compound (Hyp) 

as biomarker specific of plants to the known set of amino biomarkers for soil microbes. 

This relaxes problems of relying on chemical disparate classes of biomarkers (lignins 

or alkanes versus amino compounds) with very different turnover times and recycling 

kinetics.    

Amino sugars, particularly GlcN and MurA, have been used as fungal and bacterial 

biomarkers, respectively, to trace microbial necromass C dynamics and contributions 

to soil organic matter (Joergensen, 2018; Liang et al., 2019; Wang et al., 2021). In our 

study, we found that HexN (lumping GlcN, GalN and ManN together) were indicative 

of archaea, bacteria, and fungi, while MurA was a biomarker specific for bacteria and 

TalA was specific for archaea (Table 1, Fig. 1 D-F). Though it be favorable to separate 

HexN into its constituents – which does not work with reversed phase chromatography 

of AQC-derivatized HexN components – it was shown that GlcN is dominant in HexN 

and on average constitutes 64%, followed by GalN (32%) and ManN (4%), with little 

differences across soils (Joergensen, 2018). The main components of archaeal 

pseudopeptidoglycan are alternating N-acetylated GlcN and TalA (Albers & Meyer, 

2011), while bacterial peptidoglycan is composed of alternating N-acetylated GlcN and 

MurA (Subedi et al., 2021). In fungi, linked N-acetylated (or non-acetylated) GlcN is 

the major component of chitin (or chitosan) in the cell wall (Arroyo et al., 2016). Our 

results coincide with those from a previous study, in which a different derivatization 

protocol specific for neutral and amino sugars was used (Salas et al., 2024). This 

confirms that AQC derivatization can be successfully applied for the quantification of 

amino sugar biomarkers of archaea, bacteria, and fungi.  

Our random forest model had a high accuracy percentage (92.3%), as well as low 

classification error for bacteria, fungi, and plants (<8.6%). The higher classification 

error for archaea (25.0%) was likely due to the small number of samples and the 

extreme diversity of archaeal cell wall structures almost rivaling that of all other 
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organisms together (Albers & Meyer, 2011). The Gini index results showed that HexN 

and MurA were the most important biomarkers for the classification of the different 

taxa, followed by the PC1* proxy of proteinogenic amino acids, LLDAP and Hyp (Fig. 

5A). The MDS of the proximity matrix constructed by the random forest model clearly 

showed the separation of the different taxonomic groups (Fig. 5B), highlighting the 

importance of these amino compounds as biomarkers. Overall, our random forest 

model results verify that these amino compounds can be used as biomarkers and 

highlight their importance as tracers for the classification and for quantitative 

partitioning of soil organic matter into the different taxonomic groups. 

Similarly, the PLS-DA results also showcased the biomarker value of these amino 

compounds to discriminate between phylogenetic broad groups, along with very low 

classification errors for all groups (<8%, Fig. 6D). The PLS-DA model showed the 

separation of all groups (Fig. 6), where the PC1* proxy of proteinogenic amino acids 

along with Hyp drove the separation of plants. HexN defined the separation of fungi, 

LLDAP and MurA caused the grouping of bacteria, and archaea were separated due 

to the presence of TalA. This further suggests that the amino compounds analyzed in 

this study can be used as biomarkers to discriminate between the main taxonomic 

groups contributing to soil organic matter in terms of their necromass and residues.  

Both random forest and PLS-DA approaches demonstrated the importance of 

using a combined set of specific biomarkers for the classification of the different 

taxonomic groups. This multivariate biomarker approach differs from the use of single 

biomarkers specific to one group only. When compared to traditional statistics, ML 

algorithms provide higher flexibility and automatic data complexity optimization 

(Pichler & Hartig, 2023). Within ML approaches Menze et al. (2009) showed that 

random forest algorithms outperformed PLS-DA in variable selection but PLS-DA 

outperformed random forest algorithms in classification tasks. We also observed a 

similar trend in the classification error of both ML models; therefore, exploring a 

combination of different ML models can improve the robustness of the results in 

biomarker identification, particularly if more biomarker analyses are added to this 

dataset.   

Multivariate ML models can also be applied in soil ecology to identify the 

contributions and dynamics of microbial and plant residues in soil environments. This 

requires not only the definition and separation of biomarker signals for all groups 

targeted, but also the application of a multivariate source mixing or attribution 
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modelling approach. Bayesian mixing models are used to estimate the contribution of 

several sources to a mixture, where tracer data (i.e., stable isotopes or biomarkers) 

are required to characterize both the sources and the mixture (Stock et al., 2018; 

Tackmann et al., 2018). This holds great potential for biomarker tracing analysis in 

complex mixtures such as soils in the future.   

Furthermore, AQC chemistry provided an unparalleled approach to necromass 

biomarker analyses, where biomarkers for both microbes and plants can be measured 

and analyzed simultaneously. While previous biomarker studies have focused on 

amino sugars as tracers for soil microbes and lignin for plants (Angst et al., 2021; 

Whalen et al., 2022), the analysis of these different compounds required different 

analytical methods due to their chemical differences. By confirming Hyp as a 

biomarker specific for plants, our results showed that we were able to successfully 

measure Hyp alongside amino sugars and other amino acids using the same AQC 

derivatization protocol. To the best of our knowledge, this is the first time a full set of 

plant and microbial necromass biomarkers can be quantified using the same extraction 

and analytical methods.   

5. Conclusions 

In our study we describe a novel method to quantify both microbial and plant 

necromass biomarkers simultaneously using AQC derivatization via UHPLC and 

Orbitrap MS. We showed that amino acid and amino sugar contents varied in the 

hydrolyzed biomass of archaea, bacteria, fungi, and plants. We confirmed that non-

proteinogenic amino acids, specifically LLDAP and Hyp, can be used as necromass 

biomarkers specific for bacteria and plants, respectively. The biomarker potential of 

both amino acids and amino sugars were evaluated using multivariate ML models. 

The amino biomarkers presented in this study can be used to trace both plant biomass 

and archaeal, bacterial, and fungal necromass in soils using a single analytical 

platform, and therefore can help improve our current knowledge on the plant and 

microbial contributions to soil organic matter.   
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Table 1. Indicator species analysis of amino acid and amino sugar contents measured 

in the hydrolyzed biomass of archaea, bacteria, fungi, and plants. 

Taxa Amino acid Indicator value 

Archaea TalA 0.771 

Bacteria MurA 0.808 

 LLDAP 0.637 

Plants Hyp 0.561 

Fungi + Plants PC1* 0.642 

Archaea + Bacteria + Fungi HexN 0.708 

 mDAP 0.385 

PC1* refers to the PC1 scores of the proteinogenic amino acids content. 
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Figure 1. Non-proteinogenic amino acid (A, B, C) and amino sugar (D, E, F) contents 

measured in the hydrolyzed biomass of archaea, bacteria, fungi, and plants using AQC 

derivatization via UHPLC-Orbitrap MS. Different letters indicate significant differences 

(P < 0.05) between taxonomic groups. 
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Figure 2. Non-proteinogenic amino acid (A & B) and amino sugar (C & D) contents in 

the hydrolyzed biomass of gram-negative and gram-positive bacteria. Different letters 

indicate significant differences (P < 0.05) between bacterial groups. 
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Figure 3. Principal component analysis (PCA) biplot of proteinogenic amino acid 

contents in the hydrolyzed biomass of archaea, bacteria, fungi, and plants. Large 

circles represent the data centroids. 
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Figure 4. Principal component analysis (PCA) biplot using non-proteinogenic amino 

acid contents and they PC1 proxy of proteinogenic amino acid contents (PC1*) in 

samples of archaea, bacteria, fungi, and plants. Large circles represent the data 

centroids. 
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Figure 5. Random forest model results using amino sugars, non-proteinogenic amino 

acid contents and the PC1 proxy of proteinogenic amino acid contents (PC1*) in 

samples of archaea, bacteria, fungi, and plants. (A) Feature importance for decision 

tree classification process in the random forest model as detected by the mean 

decrease in Gini index. (B) Multidimensional scaling (MDS) plot of the random forest 

model proximity matrix. 
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Figure 6. (A) Partial least squares discriminant analysis (PLS-DA) score results using 

amino sugars, non-proteinogenic amino acid contents and the PC1 proxy of 

proteinogenic amino acid contents (PC1*) in samples of archaea, bacteria, fungi, and 

plants. Ellipses represent the 95% confidence interval. (B & C) Contribution plots of 

the most discriminatory amino compounds for component 1 and component 2. Y-axes 

in plots B and C represent the loading weight of each amino compound in components 

1 and 2, respectively. (D) Receiver operating characteristic (ROC) curves using 

components 1,2 and 3 showcasing the performance evaluation of the PLS-DA model 

for each taxonomic group. Specificity indicates the rates of true negatives. Sensitivity 

indicates the rates of true positives. Numbers on the right indicate the accuracy of the 

classification performed by the PLS-DA model. 
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Supplements 

Table S1. Detected masses and retention times of AQC-labeled amino acids and 

amino sugars measured by RP-UPLC-ESI-Orbitrap HRMS.  

Compound  
Chemical 

formula 
m/z [M+H]+ 

AQC derivatives 

[M+H]+ 

Retention 

time (min) 

Glycine C2H5NO2 75.0320 246.0872 5.05 

Alanine C3H7NO2 89.0477 260.1026 6.55 

Serine C3H7NO3 105.0426 276.0977 4.46 

Proline C5H9NO2 115.0633 286.1184 7.30 

Valine C5H11NO2 117.0790 288.1340 9.00 

Threonine C4H9NO3 119.0582 290.1133 6.44 

Cysteine C3H7NO2S 121.0198 292.0745 7.30 

Hydroxyproline C5H9NO3 131.0582 302.1134 1.94 

Isoleucine C6H13NO2 131.0946 302.1497 10.34 

Leucine C6H13NO2 131.0946 302.1497 10.47 

Asparagine C4H8N2O3 132.0535 303.1091 2.43 

Aspartic acid C4H7NO4 133.0375 304.0926 5.54 

Glutamine C5H10N2O3 146.0691 317.1248 4.78 

Lysine C6H14N2O2 146.1055 317.1606 8.08 

Glutamic acid C5H9NO4 147.0532 318.1090 5.93 

Methionine C5H11NO2S 149.0511 320.1061 8.77 

Histidine C6H9N3O2 155.0695 326.1244 1.05 

Phenylalanine C9H11NO2 165.0790 336.1339 10.55 

Arginine C6H14N4O2 174.1117 345.1670 3.20 

Hexosamines C6H13NO5 179.0794 350.1339 0.96 

Tyrosine C9H11NO3 181.0739 352.1288 8.47 

meso-diaminopimelic acid C7H14N2O4 190.0954 361.1508 6.96 / 7.09 

L,L-diaminopimelic acid C7H14N2O4 190.0954 361.1502 7.08 

Talosaminuronic acid C6H11NO6 193.0586 364.1136 1.10 

Tryptophan C11H12N2O2 204.0899 375.1447 10.59 

Muramic acid C9H17NO7 251.1005 422.1552 5.45 / 6.21 
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Table S2. Average (± standard deviation) amino acid and amino sugar contents (µg mg-1 dw) in pure hydrolyzed biomass of archaea, 

bacteria, fungi, and plants using AQC derivatization and UPLC-Orbitrap MS.  

Taxon Species Ala Ser Glu Asp Arg Gly His Phe Met Lys Pro Leu Ile Thr Tyr Val Hyp LLDAP mDAP HexN TalA MurA N 

Archaea Average 62.6 53.2 12.6 120.3 41.1 50.7 7.2 28.7 15.7 70.9 32.7 52.4 33.7 49.3 32.9 35.7 n.d 2.6 28.3 5.9 8.2 n.d 15 

  (±20.7) (±31.6) (±3.8) (±51.0) (±12.6) (±20.5) (±3.1) (±10.2) (±6.8) (±20.6) (±12.5) (±15.1) (±11.3) (±23.2) (±14.9) (±12.4)  (± 4.7) (± 22.8) (±4.1) (±7.4)   

 

Saccharolobus 
solfataricus 

54.6 69.7 11.9 139.6 41.5 57.2 5.4 34.7 16.1 69.8 39.7 59.4 40.6 60.0 50.0 40.2 n.d. n.d. 23.4 3.1 n.d. n.d. 1 

 

Sulfolobus 

acidocaldarius 
59.8 97.4 13.8 154.7 51.9 68.1 5.5 41.5 18.2 77.1 47.3 73.1 46.7 77.0 57.1 51.1 n.d. n.d. n.d. 10.0 n.d. n.d. 1 

 
Sulfolobus islandicus 60.7 82.9 13.6 143.9 42.9 64.9 4.7 35.8 16.3 72.1 44.7 68.2 42.0 70.3 51.5 42.0 n.d. n.d. 43.1 3.8 n.d. n.d. 1 

 
Haloferax vulcanii 36.2 33.5 11.0 93.8 25.9 33.6 3.4 14.1 6.8 16.8 16.6 27.2 15.2 31.9 13.8 21.5 n.d. n.d. 41.0 n.d. n.d. n.d. 1 

 
Methanobacterium sp. 52.8 23.9 8.8 61.9 36.6 29.6 10.9 25.2 13.4 66.1 23.2 46.6 24.1 27.8 22.2 27.2 n.d. 9.7 28.8 7.5 14.5 n.d. 4 

 
 (±12.0) (±5.9) (±2.9) (±13.8) (±9.3) (±6.8) (±2.3) (±4.7) (±3.2) (±16.2) (±5.7) (±9.8) (±5.2) (±6.5) (±6.1) (±6.3)  (± 3.6) (± 6.3) (±1.5) (±3.1)   

 

Methanothermobacter 

marburgensis 
91.2 52.9 19.9 137.9 59.7 63.8 7.8 28.4 23.7 88.9 38.4 56.5 36.5 49.3 28.7 40.7 n.d. n.d. 89.4 9.9 19.4 n.d. 1 

 

Methanothermus 

fervidus 
71.5 33.6 14.1 100.9 31.0 40.3 4.7 20.3 11.9 80.7 26.6 37.7 30.0 43.8 24.0 29.2 n.d. n.d. 8.7 12.2 11.7 n.d. 1 

 

Methanocaldococcus 

jannaschii 
74.0 58.9 14.4 162.4 44.5 66.8 6.2 31.9 9.2 86.6 39.8 61.7 46.2 54.6 38.7 46.8 n.d. n.d. 54.0 4.7 15.7 n.d. 1 

 

Methanothermococcus 

okinawensis 
40.8 36.6 10.1 107.8 23.7 38.4 3.6 16.1 9.7 55.2 22.0 33.2 25.1 34.1 22.1 22.1 n.d. n.d. 7.7 0.7 1.5 n.d. 1 

 
Methanotorris igneus 56.8 42.3 13.0 134.9 35.1 53.0 5.7 25.3 14.8 75.9 30.6 50.5 37.9 45.2 30.9 32.0 n.d. n.d. 8.8 2.7 10.2 n.d. 1 

 

Methanospirillum 

stamsii 
115.9 131.1 19.7 248.4 67.6 99.5 10.8 53.6 33.6 104.9 61.6 79.4 54.8 109.6 59.1 64.8 n.d. n.d. 23.2 0.2 0.6 n.d. 1 

 

Methanosarcina 

spelaei 
67.2 64.1 12.4 132.3 45.9 57.0 6.9 26.9 22.0 70.4 31.0 52.1 33.6 52.3 29.5 36.3 n.d. n.d. 9.5 10.9 5.3 n.d. 1 

Bacteria Average 68.5 37.8 9.9 77.7 35.3 45.9 6.9 23.3 9.8 38.9 26.2 41.5 17.7 38.1 18.4 26.5 0.2 19.1 18.6 6.3 n.d. 32.2 49 

  (±36.8) (±29.9) (±5.2) (±57.5) (±26.1) (±29.1) (±4.0) (±13.9) (±7.0) (±23.3) (±16.2) (±21.6) (±11.4) (±27.8) (±13.7) (±15.5) (±1.0) (±26.5) (±21.1) (±5.6)  (±46.2)  

 Koribacter versatilis 41.1 37.7 6.2 72.4 23.8 33.5 2.9 17.4 4.1 20.9 20.4 27.7 11.2 35.7 10.8 18.0 n.d. 0.8 14.5 0.6 n.d. 1.4 1 

 
Terriglobus roseus 102.3 84.9 15.1 156.1 66.9 76.8 8.5 37.6 15.0 55.9 52.6 63.2 34.4 81.9 35.5 44.5 0.1 2.9 65.9 2.6 n.d. 5.2 1 

 
Terriglobus sp.  91.7 66.7 12.7 135.2 54.4 65.0 6.6 32.7 12.3 54.5 41.9 54.1 25.0 66.7 27.7 35.4 0.4 4.7 55.4 1.7 n.d. 7.3 1 

 
Solibacter usitatus 96.2 78.8 12.4 137.0 44.2 80.6 4.2 36.2 9.9 31.5 49.8 57.0 27.3 91.0 20.3 45.3 n.d. 4.4 30.7 2.4 n.d. 7.0 1 

 

Spirosoma 

spitsbergense 
138.1 95.5 16.5 201.7 82.1 102.2 8.4 53.3 13.9 63.1 61.0 76.8 39.9 96.7 53.7 50.5 n.d. 19.0 58.0 4.3 n.d. 33.1 1 

 
Synechococcus sp. 23.7 13.0 4.1 30.5 14.2 13.6 3.1 12.7 2.8 12.3 9.5 21.1 7.6 15.0 4.6 11.0 n.d. n.d. 12.8 1.7 n.d. 4.2 1 

 
 (±9.2) (±5.4) (±1.7) (±12.1) (±5.9) (±5.8) (±1.2) (±4.7) (±1.6) (±5.1) (±3.8) (±7.9) (±3.2) (±6.1) (±2.6) (±4.3)   (±6.0) (±0.7)  (±1.6)  

 

Chelativorans 

multitrophicus 
140.1 89.6 19.7 194.2 102.0 114.8 9.9 55.0 25.3 54.0 58.5 84.7 39.0 88.1 48.1 58.2 n.d. 28.5 49.2 4.9 n.d. 44.4 4 

 
Neorhizobium sp. 135.0 95.5 20.9 207.9 80.3 110.5 7.0 52.2 19.8 56.7 54.5 78.2 41.2 83.3 42.4 55.9 n.d. 17.6 88.9 4.3 n.d. 36.6 1 
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Labilithrix luteola 156.1 112.9 20.2 228.3 119.4 119.2 10.7 65.1 21.6 68.2 75.4 106.4 49.4 103.3 56.6 71.0 n.d. 15.4 59.1 4.5 n.d. 27.8 1 

 
Klebsiella aerogenes 104.5 86.3 18.0 193.4 80.7 79.8 13.0 42.7 27.1 81.1 46.0 83.4 41.5 76.2 43.4 54.8 0.0 7.3 35.2 3.1 n.d. 9.4 1 

 
Enterobacter sp. 44.1 33.3 6.4 66.8 26.4 34.0 1.5 15.0 3.3 25.0 21.2 26.6 11.4 32.5 9.5 15.2 n.d. n.d. 32.5 7.5 n.d. n.d. 1 

 
Eschericia coli 21.8 11.8 2.7 26.2 11.2 34.1 3.8 8.6 2.6 15.5 21.6 16.3 5.4 10.3 6.4 9.5 n.d. n.d. 3.0 0.4 n.d. n.d. 5 

 
 (±10.9) (±5.6) (±1.5) (±12.2) (±5.2) (±17.5) (±1.7) (±3.6) (±1.2) (±6.5) (±11.7) (±8.1) (±1.8) (±4.6) (±3.1) (±4.4)   (±1.5) (±0.2)    

 
Chthoniobacter flavus 83.9 69.7 11.4 128.0 43.3 72.4 6.3 35.2 12.2 36.8 44.3 54.1 25.1 74.7 21.1 38.7 n.d. 10.8 37.7 11.4 n.d. 11.9 1 

 

Arthrobacter 

globiformis 
88.1 62.4 14.8 102.2 43.3 53.0 5.0 20.2 19.5 47.7 30.9 43.1 18.9 59.1 16.2 31.2 6.3 n.d. 20.9 9.8 n.d. 29.1 1 

 
Arthrobacter tecti 128.5 34.5 12.5 82.2 33.3 42.7 3.3 15.0 18.0 35.9 24.5 31.2 13.5 52.7 12.1 24.1 3.6 n.d. 13.7 8.4 n.d. 47.5 1 

 

Micrococcus luteus 

(lyophylized cells) 
56.7 11.7 7.9 32.2 22.9 27.4 6.5 11.2 13.0 51.4 17.1 24.6 8.0 16.6 7.3 16.4 n.d. 6.2 4.1 5.7 n.d. n.d. 5 

 
 (±3.0) (±0.6) (±0.5) (±1.8) (±1.4) (±1.2) (±0.5) (±0.5) (±2.4) (±3.6) (±1.7) (±1.4) (±1.0) (±1.3) (±0.6) (±0.8)  (±0.4) (±0.2) (±0.3)    

 

Micrococcus luteus 

(peptidoglycan) 
50.4 16.7 8.1 42.4 19.1 18.0 8.7 18.6 4.1 34.3 13.8 32.2 16.0 19.3 14.9 19.4 n.d. 40.6 n.d. 16.0 n.d. 27.1 4 

 
 (±1.9) (±0.7) (±0.5) (±1.1) (±0.6) (±0.7) (±0.5) (±1.0) (±0.7) (±1.1) (±0.6) (±3.0) (±1.1) (±1.0) (±0.7) (±0.9)  (±2.3)  (±1.5)  (±1.5)  

 

Pseudarthrobacter 

oxydans 
100.1 63.1 21.1 101.9 41.7 50.9 4.7 18.6 25.8 48.9 29.8 41.6 18.4 63.9 15.4 32.1 0.6 0.0 13.8 9.7 n.d. 35.6 1 

 
Rhodococcus sp. 89.7 80.9 15.2 115.8 43.6 62.2 5.1 20.8 11.9 29.2 29.7 47.5 21.8 60.7 15.7 33.6 0.4 22.4 34.1 4.4 n.d. 34.1 1 

 
Solirubrobacter soli 37.7 25.5 5.0 42.4 17.0 30.2 0.8 11.3 3.9 9.7 15.4 21.6 9.5 24.8 6.1 15.4 n.d. 2.6 12.9 2.3 n.d. 4.7 1 

 
Streptomyces sp. 74.4 33.3 9.2 66.6 38.8 45.1 10.4 22.5 7.0 29.0 26.9 47.0 14.5 33.1 17.0 28.6 0.1 38.6 25.3 6.3 n.d. 53.7 5 

 
 (±26.6) (±22.3) (±4.1) (±28.7) (±14.2) (±16.4) (±5.5) (±8.1) (±2.3) (±11.0) (±9.6) (±16.1) (±7.2) (±14.3) (±6.8) (±9.7) (±0.2) (±19.1) (±8.8) (±1.6)  (±28.5)  

 

Streptosporangium 
roseum 

109.1 68.7 15.3 144.2 83.4 79.5 8.2 35.0 12.1 51.4 44.0 58.5 25.8 75.1 36.4 53.2 n.d. 30.5 34.8 8.1 n.d. 45.5 1 

 
Bacillus subtilis 69.9 23.5 10.2 46.6 17.0 29.3 6.6 23.6 5.5 34.8 13.3 39.6 17.0 21.5 17.2 19.3 n.d. 66.5 n.d. 9.9 n.d. 94.4 4 

 
 (±33.8) (±13.4) (±4.3) (±30.4) (±9.6) (±20.5) (±4.4) (±6.4) (±4.6) (±32.2) (±4.8) (±8.1) (±7.1) (±10.3) (±7.5) (±6.8)  (±44.3)  (±6.6)  (±67.7)  

 

Paenibacillus 

alginolyticus 
93.6 51.9 11.0 90.2 60.1 70.1 5.6 24.9 11.3 37.3 35.1 55.3 18.4 50.6 19.5 35.7 0.0 0.8 30.2 26.3 n.d. 238.6 1 

 

Staphylococcus 

aureus 
59.2 29.5 10.0 76.0 29.8 49.2 12.8 31.3 12.3 73.2 18.7 52.4 23.0 31.1 27.6 28.0 n.d. 29.3 2.1 5.1 n.d. 46.5 4 

 
 (±9.4) (±11.0) (±1.4) (±35.3) (±12.8) (±23.5) (±4.9) (±8.6) (±6.1) (±37.5) (±5.9) (±12.7) (±7.3) (±11.8) (±9.8) (±8.8)  (±43.3) (±1.5) (±4.3)  (±38.5)  

Fungi Average 31.9 32.2 6.5 60.9 29.3 25.1 4.2 13.0 4.3 28.5 18.9 20.7 10.4 24.6 11.6 13.8 0.0 n.d. n.d. 15.0 n.d. n.d. 69 

  (±17.8) (±17.5) (±3.4) (±30.4) (±18.9) (±12.4) (±2.3) (±6.5) (±2.8) (±14.5) (±10.2) (±10.5) (±5.6) (±13.0) (±6.0) (±7.1) (±0.1)   (±9.5)    

 Alternaria alternata 50.2 49.0 10.6 78.7 54.4 38.5 6.3 18.6 8.3 44.9 27.0 28.7 14.4 32.8 19.4 19.5 0.1 n.d. 15.4 18.7 n.d. n.d. 1 

 

Aspergillus 

brasiliensis 
60.7 53.4 11.5 84.5 52.3 39.7 7.7 20.8 8.9 38.0 30.5 35.2 18.1 40.7 21.3 24.2 0.0 n.d. 19.9 20.9 n.d. n.d. 1 

 
Aspergillus nidulans 32.5 32.0 9.5 65.0 32.3 24.9 4.1 13.5 4.1 24.0 20.7 21.8 11.3 24.4 11.7 14.9 0.1 n.d. 8.5 21.8 n.d. n.d. 1 

 
Blastobotrys sp. 27.2 28.6 8.0 57.6 24.0 22.8 4.2 11.9 4.5 30.0 50.1 18.2 9.1 28.9 11.5 12.8 0.0 n.d. 19.9 12.3 n.d. n.d. 1 

 
Cadophora finlandica 63.9 51.7 10.9 86.1 47.3 59.1 6.1 19.7 8.1 50.2 25.3 31.3 16.4 33.0 18.9 21.5 0.0 n.d. 17.6 12.0 n.d. n.d. 1 

 

Cephalotrichum 

microsporum 
31.9 31.3 5.7 50.9 18.5 23.8 2.4 10.7 3.3 22.0 22.5 18.4 9.4 24.1 10.7 12.9 0.0 n.d. 5.7 28.2 n.d. n.d. 1 
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Cephalotrichum sp. 36.8 34.3 7.2 55.9 23.3 24.9 2.5 11.7 4.0 23.7 25.5 19.4 10.7 26.9 10.7 14.2 0.0 n.d. 8.4 24.1 n.d. n.d. 1 

 
Clonostachys rosea 14.5 16.3 3.1 25.2 14.7 9.7 4.4 9.3 1.7 21.6 8.6 14.9 6.3 10.5 7.3 8.2 n.d. n.d. 4.9 14.1 n.d. n.d. 5 

 
 (±0.9) (±3.5) (±0.2) (±1.4) (±0.6) (±0.6) (±0.2) (±0.7) (±0.4) (±1.6) (±0.6) (±1.4) (±0.4) (±0.8) (±0.4) (±0.7)   (±0.6) (±1.1)    

 

Coniochaeta 

hoffmannii 
49.7 39.4 8.0 79.8 36.1 35.9 5.1 19.1 8.9 38.5 26.8 30.1 14.1 34.6 15.8 20.1 0.1 n.d. 27.8 9.2 n.d. n.d. 1 

 
Epicoccum nigrum 51.9 43.2 8.4 72.9 57.1 35.5 6.8 17.0 8.5 40.7 23.0 25.7 13.0 30.2 16.0 18.1 0.1 n.d. 19.9 11.2 n.d. n.d. 1 

 
Exophiala sp. 34.5 40.7 8.8 61.3 90.8 29.8 5.5 13.4 4.4 53.3 19.1 21.8 11.0 34.6 11.8 15.5 0.1 n.d. 12.9 3.9 n.d. n.d. 1 

 
Fusarium fujikuroi 22.2 12.0 3.8 33.9 16.0 13.8 6.2 12.8 3.3 22.2 14.2 21.9 7.2 16.6 10.1 11.6 n.d. n.d. 5.5 6.3 n.d. n.d. 5 

 
 (±4.6) (±1.8) (±0.6) (±5.2) (±2.8) (±1.3) (±1.1) (±0.8) (±0.1) (±4.6) (±2.2) (±1.9) (±1.4) (±3.4) (±1.4) (±1.5)   (±1.3) (±3.6)    

 
Geomyces sp. 44.7 48.9 10.4 80.4 34.9 35.8 5.0 16.2 6.5 37.0 28.2 28.9 13.3 36.5 16.1 17.6 0.0 n.d. 31.4 16.8 n.d. n.d. 1 

 

Gibellulopsis 

nigrescens 
47.8 47.3 11.3 80.2 41.3 37.1 8.0 18.9 6.4 42.4 32.8 29.4 15.9 47.3 18.8 21.7 0.1 n.d. 18.4 11.2 n.d. n.d. 1 

 

Gonytrichum 

macrocladum 
41.6 45.9 10.5 78.3 35.3 34.3 4.4 18.0 6.0 33.0 23.8 28.6 14.6 35.1 14.3 21.2 0.1 n.d. 8.6 10.9 n.d. n.d. 1 

 
Heydenia sp. 52.3 39.8 7.0 61.9 32.6 28.1 3.8 12.8 5.2 32.1 34.9 22.3 10.8 35.0 16.5 18.0 0.3 n.d. 31.9 16.9 n.d. n.d. 1 

 
Microdochium bolleyi 61.0 59.8 13.7 95.4 69.3 45.5 8.6 22.4 7.8 66.7 34.4 34.3 20.1 53.9 26.9 26.3 0.0 n.d. 20.0 12.1 n.d. n.d. 1 

 
Morchella elata 35.6 35.2 6.6 64.2 28.2 28.9 3.4 14.6 6.3 24.0 20.4 23.6 14.2 31.0 13.3 16.8 n.d. n.d. 9.8 9.0 n.d. n.d. 1 

 

Penicillium 

chrysogenum 
49.4 54.7 9.0 95.7 40.5 40.8 5.5 24.7 11.8 43.3 30.4 40.0 20.2 44.2 21.5 26.6 n.d. n.d. 16.7 21.5 n.d. n.d. 1 

 

Periconia 

macrospinosa 
3.6 6.3 0.4 3.7 1.1 3.1 0.0 1.1 0.0 0.6 4.5 1.9 0.8 5.2 0.9 2.0 0.0 n.d. 2.5 8.1 n.d. n.d. 1 

 
Peziza ostracoderma 34.4 37.3 7.0 63.5 25.7 28.7 3.7 15.3 5.1 32.3 40.9 22.7 11.9 36.1 13.1 16.2 0.1 n.d. 10.1 34.5 n.d. n.d. 1 

 

Phialocephala 

helvetica 
43.2 35.4 7.9 56.4 44.2 28.9 3.2 12.4 5.0 24.2 20.5 19.6 10.1 27.2 11.1 12.9 0.4 n.d. 19.0 9.2 n.d. n.d. 1 

 
Pichia fermentans 13.7 19.8 5.5 28.9 7.8 10.8 2.2 7.6 2.2 14.8 7.7 11.0 5.8 13.3 5.0 7.2 0.1 n.d. 2.6 1.5 n.d. n.d. 1 

 
Pyrenochaeta acicola 61.9 49.4 10.5 81.3 59.0 35.7 6.7 20.9 8.2 45.1 30.0 29.8 15.6 36.3 18.2 20.4 0.1 n.d. 19.7 25.5 n.d. n.d. 1 

 
Pyrenochaeta cava 44.1 45.8 8.4 64.0 74.8 29.5 4.7 14.1 7.4 34.1 20.2 22.4 11.5 26.9 13.1 15.0 0.1 n.d. 19.0 21.0 n.d. n.d. 1 

 

Schizosaccharomyces 

pombe 
30.0 41.0 7.8 71.0 53.7 33.6 5.3 15.6 7.1 34.8 18.4 24.0 13.6 29.3 15.2 18.3 n.d. n.d. 18.7 0.5 n.d. n.d. 1 

 

Schwanniomyces 

capriottii 
21.7 27.4 9.5 46.8 21.8 17.3 3.3 9.0 2.1 27.0 11.5 14.2 8.0 19.6 9.8 9.3 0.0 n.d. 17.2 9.6 n.d. n.d. 1 

 

Tetracladium 

furcatum 
29.4 17.5 3.5 24.4 9.6 24.2 0.9 3.8 0.4 28.6 5.2 6.8 3.7 7.0 2.4 4.0 n.d. n.d. 2.9 2.6 n.d. n.d. 1 

 

Tetracladium 

marchalianum 
57.3 65.0 11.3 113.4 61.1 46.8 2.3 24.2 6.2 57.7 36.4 43.0 16.9 46.4 10.6 23.4 0.4 n.d. 25.3 11.1 n.d. n.d. 1 

 

Tetracladium 
maxilliforme 

16.0 20.2 4.3 36.7 26.0 14.5 2.6 7.6 2.7 18.2 10.1 12.1 5.7 13.6 6.4 7.4 0.0 n.d. 9.5 3.3 n.d. n.d. 1 

 

Trichocladium 

asperum 
49.6 54.7 11.5 87.4 42.0 37.6 5.8 18.5 5.7 37.3 25.8 32.6 17.2 39.6 18.2 23.9 0.0 n.d. 20.9 22.5 n.d. n.d. 1 

 

Trichoderma 
flavofuscum 

3.3 4.2 0.7 5.9 1.8 3.2 0.0 1.5 0.0 1.3 2.7 2.1 1.0 3.5 1.2 1.5 n.d. n.d. 1.4 3.8 n.d. n.d. 1 
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Tuber sp. 68.2 74.4 8.2 69.5 25.0 42.1 3.7 15.0 5.0 21.7 24.0 26.0 24.9 39.2 13.8 23.8 n.d. n.d. 14.4 29.3 n.d. n.d. 1 

 
Warcupia sp. 36.7 39.5 7.0 75.0 24.4 33.8 8.5 16.5 4.8 27.6 21.5 25.3 13.0 27.6 13.1 17.4 0.1 n.d. 14.8 50.5 n.d. n.d. 1 

 
Boliniaceae 28.2 31.2 6.7 50.6 26.5 24.0 1.9 11.0 3.5 19.2 15.0 18.0 8.2 25.5 8.8 11.7 0.0 n.d. 17.1 12.4 n.d. n.d. 1 

 
Chaetosphaeriaceae 43.9 42.9 11.8 74.5 60.5 32.2 6.1 17.7 6.7 48.7 23.7 28.0 13.0 36.5 17.0 18.6 0.0 n.d. 13.2 7.0 n.d. n.d. 1 

 
Helotiales 52.0 56.8 10.1 80.6 42.5 36.6 7.0 15.7 4.2 38.1 27.6 25.8 15.0 40.0 15.8 18.0 0.1 n.d. 30.7 14.3 n.d. n.d. 1 

 
Agaricus sp. 41.9 42.9 7.0 68.8 27.2 31.4 3.9 17.9 4.7 26.7 22.6 28.8 17.3 31.6 10.9 20.4 n.d. n.d. 8.5 14.2 n.d. n.d. 1 

 
Amanita muscaria 26.8 26.7 5.3 43.5 17.0 19.7 3.5 11.1 3.4 16.2 13.9 17.1 9.0 20.1 7.6 10.8 n.d. n.d. 7.8 10.3 n.d. n.d. 1 

 
Armillaria bulbosa 5.7 8.6 1.4 16.3 4.1 8.3 0.6 3.2 0.0 2.9 6.2 4.8 3.3 8.4 1.7 3.9 0.0 n.d. 3.0 14.6 n.d. n.d. 1 

 
Auricularia polytricha 19.5 18.8 2.8 29.8 10.5 13.0 1.3 7.5 1.5 7.8 9.2 11.3 4.8 16.9 6.6 7.4 n.d. n.d. 7.0 5.5 n.d. n.d. 1 

 

Craterellus 

cornucopioides 
12.6 19.2 2.6 28.8 10.6 13.4 1.5 7.6 1.6 9.8 10.0 11.3 7.5 16.2 6.2 7.9 n.d. n.d. 0.0 15.1 n.d. n.d. 1 

 
Grifola frondosa 31.8 38.0 7.1 65.0 24.4 30.2 3.6 15.8 5.8 23.8 19.9 25.2 13.1 29.2 12.7 17.0 n.d. n.d. 9.5 11.7 n.d. n.d. 1 

 
Hericium sp. 6.6 8.3 1.4 14.5 3.6 6.0 0.0 2.9 0.0 1.8 4.5 4.9 2.4 5.9 2.1 3.1 0.0 n.d. 0.0 6.7 n.d. n.d. 1 

 
Lentinula edodes 27.9 32.7 8.3 57.2 23.8 23.3 2.2 13.6 3.8 22.9 17.2 20.8 11.7 27.3 11.6 15.9 0.0 n.d. 9.7 17.8 n.d. n.d. 1 

 
Psilocybe cyanescens 14.6 20.1 2.1 26.5 6.7 14.8 0.6 7.4 1.2 5.9 10.8 8.9 4.9 14.4 5.5 7.0 0.0 n.d. 5.0 38.6 n.d. n.d. 1 

 
Ramaria sp.  17.4 18.5 3.3 29.2 9.6 16.8 1.3 7.3 1.4 8.8 10.2 10.8 5.7 15.2 6.5 7.3 0.0 n.d. 12.7 11.8 n.d. n.d. 1 

 
Volvariella volvacea 57.5 79.0 11.2 126.0 49.4 50.2 6.4 36.4 8.6 51.2 39.8 54.2 25.0 55.8 27.7 32.9 n.d. n.d. 49.3 17.5 n.d. n.d. 1 

 
Mortierella alpina 50.7 56.6 9.3 110.4 47.0 44.3 8.6 24.4 10.5 57.1 29.3 37.9 18.3 41.5 21.8 23.9 0.2 n.d. 35.9 6.8 n.d. n.d. 1 

 
Mortierella gamsii 54.2 39.2 8.3 80.0 26.4 34.4 4.1 17.1 4.1 34.4 22.1 28.0 13.0 29.8 14.8 18.7 0.2 n.d. 24.7 17.7 n.d. n.d. 1 

 
Mucor hiemalis 37.0 39.8 10.2 95.2 33.6 30.4 7.0 15.7 5.3 40.0 20.9 25.3 13.6 28.6 15.0 16.5 0.1 n.d. 21.2 19.1 n.d. n.d. 1 

 

Rhizophagus 
irregularis 

6.4 9.8 1.7 78.5 32.4 13.9 2.8 3.6 0.5 27.0 5.9 4.4 2.7 6.4 5.0 3.0 n.d. n.d. 1.8 13.8 n.d. n.d. 1 

 

Rhizophagus 

irregularis (hyphae) 
7.8 13.1 1.9 57.3 15.5 14.3 0.7 3.9 0.0 10.6 8.2 5.1 2.5 7.2 3.3 2.9 n.d. n.d. 1.5 24.7 n.d. n.d. 1 

 

Rhizophagus 

irregularis (hyphae 

and spores) 

7.2 14.4 1.9 123.1 21.9 19.0 3.9 3.2 0.8 34.0 8.3 4.0 2.7 6.9 4.9 3.1 n.d. n.d. 2.2 27.1 n.d. n.d. 3 

 
 (±2.9) (±3.7) (±0.4) (±24.3) (±14.3) (±3.9) (±1.5) (±0.9) (±0.4) (±12.5) (±2.1) (±1.6) (±1.1) (±2.7) (±2.1) (±0.9)   (±1.2) (±9.0)    

 
Rhizopus oligosporus 17.9 19.9 5.1 33.3 16.1 16.3 1.8 9.3 3.5 9.5 10.4 14.9 7.1 12.9 8.7 10.2 0.1 n.d. 1.8 2.9 n.d. n.d. 1 

 
Rhizopus oryzae 16.2 21.3 4.0 44.9 15.1 15.5 2.7 8.3 2.6 19.1 10.1 12.5 6.9 15.0 8.3 8.3 0.0 n.d. 10.7 17.3 n.d. n.d. 1 

 
Thamnidium elegans 51.3 38.4 8.4 75.6 22.6 26.2 6.5 15.9 5.1 30.8 23.4 23.5 11.6 28.4 15.4 14.7 0.0 n.d. 22.3 29.6 n.d. n.d. 1 

 

Umbelopsis 
ramanniana 

43.3 40.4 9.2 84.4 38.7 33.0 6.6 17.6 7.5 42.2 23.6 28.0 14.5 33.8 19.1 18.6 0.0 n.d. 27.5 12.9 n.d. n.d. 1 

 
Umbelopsis vinacea 40.7 45.4 9.7 86.3 44.7 32.9 6.0 17.9 6.9 41.1 24.8 28.5 15.4 31.7 19.6 18.2 0.1 n.d. 29.6 12.7 n.d. n.d. 1 

Plants Average 12.9 13.2 2.7 29.7 7.5 12.8 1.5 7.5 2.3 9.1 10.8 12.0 4.3 10.5 5.1 7.4 0.4 n.d. n.d. 0.5 n.d. n.d. 39 

  (±6.7) (±7.6) (±1.4) (±13.7) (±7.0) (±6.9) (±1.1) (±4.2) (±1.5) (±5.0) (±7.9) (±7.0) (±3.4) (±5.4) (±2.8) (±4.0) (±0.5)   (±0.5)    
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 Artichum undulatum 9.5 7.7 1.6 20.4 4.3 9.9 0.7 4.1 1.0 5.5 5.0 6.3 2.7 7.1 3.0 4.0 0.2 n.d. 3.9 0.4 n.d. n.d. 1 

 

Brachythecium 

rutabulum 
13.6 13.7 2.7 28.6 8.6 14.5 1.0 6.1 2.0 7.2 7.9 9.2 4.3 10.8 4.0 6.3 0.5 n.d. 6.3 1.5 n.d. n.d. 1 

 

Hypnum 

cupressiforme 
14.3 16.1 3.0 42.7 13.3 17.6 1.1 7.0 1.8 8.8 8.2 10.2 4.2 11.8 5.2 6.6 0.2 n.d. 6.6 0.7 n.d. n.d. 1 

 

Sphagnum 

magellanicum 
5.0 5.3 1.0 18.1 2.4 4.7 0.2 1.8 0.3 2.1 2.8 3.1 1.3 4.1 1.5 2.2 0.2 n.d. 0.9 0.6 n.d. n.d. 1 

 
Tortella tortuosa 8.9 9.3 1.5 21.1 5.4 10.2 0.5 3.8 0.9 4.4 4.8 5.4 2.3 7.1 2.8 3.9 0.5 n.d. 4.7 1.3 n.d. n.d. 1 

 
Bazzania trilobata 8.2 8.6 1.5 18.4 6.4 8.6 0.6 3.6 0.9 4.4 5.1 5.8 2.5 7.2 2.6 3.7 0.1 n.d. 3.2 1.0 n.d. n.d. 1 

 

Marchantia 
polymorpha 

10.4 11.2 2.2 33.9 8.0 9.9 0.8 4.8 1.6 6.7 5.9 7.1 3.1 8.7 3.5 4.7 0.2 n.d. 4.3 0.8 n.d. n.d. 1 

 
Metzgeria conjugata 7.7 8.5 1.5 16.8 3.7 8.1 0.3 3.6 0.6 3.9 4.9 5.2 2.4 7.2 2.6 3.6 0.2 n.d. 3.1 0.7 n.d. n.d. 1 

 

Plagiochila 

asplenioides 
9.4 10.4 2.1 27.0 5.1 9.7 0.5 4.0 0.7 4.6 5.5 6.4 3.1 8.5 2.5 4.3 0.2 n.d. 2.8 1.8 n.d. n.d. 1 

 
Anthoceros sp. 3.4 3.2 0.5 4.9 2.8 3.7 0.1 1.3 n.d. 1.7 1.9 2.1 0.9 2.4 0.3 1.5 0.1 n.d. 0.7 0.5 n.d. n.d. 1 

 
Equisetum arvense 15.5 15.3 2.9 28.3 9.6 14.7 1.1 8.3 2.9 9.8 9.2 12.7 5.7 11.5 6.0 7.7 0.2 n.d. 5.2 0.2 n.d. n.d. 1 

 
Picea abies 7.2 8.1 1.4 14.3 5.0 7.7 0.3 4.0 1.1 4.6 5.1 6.1 3.0 6.0 2.4 3.9 0.3 n.d. 1.5 0.2 n.d. n.d. 1 

 
Ginko biloba 15.9 16.8 3.2 33.3 9.5 16.6 1.4 8.8 2.3 10.8 17.8 12.2 6.9 12.3 5.9 8.7 0.6 n.d. 2.9 0.6 n.d. n.d. 1 

 
Allium ursinum 26.9 23.4 5.0 47.7 15.1 23.6 2.2 13.9 4.7 13.8 15.0 20.3 10.5 19.8 10.7 12.9 0.2 n.d. 6.1 1.1 n.d. n.d. 1 

 
Alchemilla vulgaris 12.8 13.2 2.3 24.6 8.2 13.0 1.1 7.0 2.6 8.3 8.0 10.7 4.9 10.4 5.7 6.8 0.2 n.d. 2.8 0.1 n.d. n.d. 1 

 
Anthriscus cerefolium 14.5 11.0 2.8 24.9 n.d. 12.0 3.4 12.0 3.4 14.1 10.3 23.0 2.3 11.0 7.9 9.5 n.d. n.d. 4.8 0.1 n.d. n.d. 5 

 
 (±0.7) (±0.5) (±0.1) (±0.8)  (±0.5) (±0.4) (±1.0) (±0.4) (±1.0) (±0.5) (±1.0) (±0.3) (±0.5) (±0.5) (±0.5)   (±0.3) (±0.0)    

 
Betula pendula 14.5 15.7 2.9 28.3 9.5 15.6 1.1 8.0 2.3 8.2 9.7 12.1 5.6 11.5 5.7 7.3 0.7 n.d. 9.1 0.3 n.d. n.d. 1 

 

Capsella bursa-

pastoris 
18.8 20.9 4.5 38.2 12.6 19.7 1.6 10.7 4.2 13.2 35.5 16.0 9.7 16.7 7.6 13.3 0.5 n.d. 2.7 0.4 n.d. n.d. 1 

 
Dictamnus albus 13.2 15.7 2.7 36.7 8.4 14.6 1.0 8.5 2.7 8.0 18.8 12.2 6.3 12.3 6.3 8.2 0.4 n.d. 2.4 0.4 n.d. n.d. 1 

 
Fumaria officinalis 15.9 18.0 3.6 38.3 11.4 16.3 1.4 8.6 2.9 9.2 14.8 13.3 7.1 13.8 6.1 9.5 0.6 n.d. 3.4 0.9 n.d. n.d. 1 

 
Galium verum 10.0 11.1 1.8 20.3 5.5 10.1 0.8 5.3 1.7 6.1 8.6 8.2 3.7 8.1 3.8 5.4 0.5 n.d. 4.4 0.3 n.d. n.d. 1 

 
Malva silvestris 6.5 5.6 1.3 22.3 n.d. 5.3 1.9 5.1 1.3 6.7 5.2 8.2 n.d. 4.9 3.0 4.5 0.0 n.d. 1.4 0.4 n.d. n.d. 5 

 
 (±0.2) (±0.2) (±0.1) (±0.7)  (±0.1) (±0.1) (±0.2) (±0.1) (±0.3) (±0.2) (±0.4)  (±0.3) (±0.2) (±0.1)   (±0.5) (±0.0)    

 

Petroselinum crispum 

(leaves) 
23.2 23.5 4.0 47.3 15.1 23.5 2.5 13.5 5.1 17.1 14.3 20.4 9.7 20.2 10.4 14.0 0.3 n.d. 3.9 0.1 n.d. n.d. 1 

 

Petroselinum crispum 
(roots) 

7.5 7.4 5.8 26.3 4.0 6.2 0.3 2.9 0.9 4.6 3.6 5.1 2.6 6.0 1.8 3.8 0.3 n.d. n.d. 0.1 n.d. n.d. 1 

 
Plantago major 10.8 12.3 2.3 21.7 7.2 11.8 0.7 6.4 2.2 5.7 7.9 9.2 5.1 9.5 4.6 6.3 0.4 n.d. n.d. 0.4 n.d. n.d. 1 

 
Polygonum aviculare 22.1 24.2 4.9 40.9 13.6 22.0 2.0 12.3 4.6 13.8 32.6 17.8 9.2 17.4 8.6 12.8 0.5 n.d. 5.5 0.9 n.d. n.d. 1 

 

Taraxacum officinale 

(leaves) 
31.1 34.3 6.8 76.3 19.9 33.0 2.9 18.4 5.5 20.8 28.1 27.6 14.0 25.5 10.6 19.0 0.4 n.d. 13.4 1.6 n.d. n.d. 1 
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Taraxacum officinale 

(roots) 
4.9 5.4 2.6 27.4 20.6 4.6 0.3 2.4 0.8 3.9 22.5 3.4 2.4 4.7 1.6 3.0 0.5 n.d. n.d. 0.1 n.d. n.d. 1 

 
Urtica dioica (leaves) 31.0 33.7 5.5 63.9 21.6 30.1 3.0 15.8 5.5 23.2 19.2 25.2 11.1 23.1 9.0 16.3 0.8 n.d. 12.3 0.4 n.d. n.d. 1 

 
Urtica dioica (roots) 15.3 25.4 3.8 52.3 27.8 18.7 1.5 7.6 2.2 13.1 15.6 10.2 6.9 15.8 5.8 11.4 3.1 n.d. 2.8 1.0 n.d. n.d. 1 

  Vaccinium myrtillus 10.9 13.4 1.9 22.7 6.5 12.1 0.8 6.2 2.0 6.7 7.8 9.8 4.2 9.0 4.4 6.0 0.7 n.d. 3.2 0.3 n.d. n.d. 1 

N: number of replicates.  n.d.: not detectable
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Table S3. Indicator species analysis of amino acid and amino sugar contents measured 

in the hydrolyzed biomass of archaea, bacteria, fungi, and plants.  

Taxa Amino acid Indicator value 

Archaea TalA 0.771 

Bacteria MurA 0.808 

 LLDAP 0.637 

Plants Hyp 0.561 

Archaea + Bacteria PC1.ma 0.445 

Fungi + Plants PC1*b 0.642 

Archaea + Bacteria + Fungi HexN 0.708 

 mDAP 0.385 
a PC1.m refers to the PC1 scores of the relative molar percentage of proteinogenic amino acids content. b PC1* refers 

to the PC1 scores of the proteinogenic amino acids content. 
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Figure S1. Proteinogenic amino acid contents in the hydrolyzed biomass of archaea, 

bacteria, fungi, and plants using AQC derivatization via UHPLC-Orbitrap MS. Different 

letters indicate significant differences (P < 0.05) between taxonomic groups. 
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Figure S2. Correlation plot of proteinogenic amino acid contents in the hydrolyzed 

biomass of archaea, bacteria, fungi, and plants. Circles indicate a significant correlation 

(p<0.01), where bigger circles indicate a stronger correlation. 
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Figure S3. Principal component analysis (PCA) biplot using components 1 and 3 of non-

proteinogenic amino acid contents and the PC1 proxy of proteinogenic amino acid 

contents (PC1*) in samples of archaea, bacteria, fungi, and plants. Large circles 

represent the data centroids. 

  

*



151 
 

 

Figure S4. Principal component analysis (PCA) biplot using the relative molar 

percentages of proteinogenic amino acid contents in samples of archaea, bacteria, fungi, 

and plants. Large circles represent the data centroids. 
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Figure S5. Random forest model results using amino sugars, non-proteinogenic amino 

acid contents, PC1 scores of proteinogenic amino acid contents (PC1*), and PC1 

(PC1_m) and PC2 (PC2_m) scores of the relative contents (molar percentages) of 

proteinogenic amino acid contents in samples of archaea, bacteria, fungi, and plants. (A) 

Feature importance for decision tree classification process in the random forest model as 

detected by the mean decrease in Gini index. (B) Multidimensional scaling (MDS) plot of 

the random forest model proximity matrix. 
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Figure S6. (A) Partial least squares discriminant analysis (PLS-DA) score results using 

amino sugars, non-proteinogenic amino acid contents, PC1 scores of proteinogenic 

amino acid contents (PC1*), and PC1 (PC1_m) and PC2 (PC2_m) scores of the relative 

contents (molar percentages) of proteinogenic amino acid contents in samples of 

archaea, bacteria, fungi, and plants. Ellipses represent the 95% confidence interval. (B & 

C) Contribution plots of the most discriminatory amino compounds for component 1 and 

component 2. Y-axes in plots B and C represent the loading weight of each amino 

compound in components 1 and 2, respectively. (D) Receiver operating characteristic 

(ROC) curves using components 1,2 and 3 showcasing the performance evaluation of 

the PLS-DA model for each taxonomic group. Specificity indicates the rates of true 

negatives. Sensitivity indicates the rates of true positives. Numbers on the right indicate 

the accuracy of the classification performed by the PLS-DA model. 
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Summary 

Soil necromass biomarkers are commonly used to estimate the microbial 

contribution to soil organic matter. However, there are still many uncertainties 

regarding the interpretation of microbial necromass biomarkers as well as limited 

information on biomarkers from many representative soil organism groups and plants. 

In this PhD project I identified and quantified amino sugar, neutral sugar, and amino 

acid necromass biomarkers in the biomass of representative soil groups of archaea, 

bacteria, fungi, and plants. In chapter II, I focused on developing a method to quantify 

amino sugar and neutral sugar biomarkers simultaneously. Chapters III and IV were 

dedicated to gaining deeper insights into amino sugar, neutral sugar, and amino acid 

necromass biomarkers. This provided a comprehensive analysis of current and novel 

potential necromass biomarkers encompassing a large range of compounds in a wide 

variety of soil taxonomic groups.  

In chapter II, I developed a method to identify and quantify amino sugars and 

neutral sugars as necromass biomarkers using 1-phenyl-3-methyl-5-pyrazolone 

(PMP) derivatization coupled to ultra-high performance liquid chromatography 

(UHPLC) and high-resolution Orbitrap mass spectrometry. The method successfully 

separated and allowed the quantification of 18 sugar-related compounds in a single 

20 minute assay. Method validation showed very low relative standard deviations in 

retention time (<0.4%) and repeatability (<2.6%), very low mass error (<0.8 ppm), very 

high linearity (>0.9991) and low limits of detection (0.03 – 1.73 µM) and quantification 

(0.10 – 5.76 µM). The precision of the measurement of 13C isotopic enrichment was 

calculated to be 0.03 atom % for U-13C D-glucose and 0.05 atom % for 13C D-

glucosamine-1-13C. This meant that this PMP protocol is more sensitive to 13C 

enrichment detection than gas chromatography/mass spectrometry methods 

(Patterson et al., 1997; Preston & Slater, 1994), while at the same time it allows a 

lower concentration sensitivity than what is achieved by isotope ratio mass 

spectrometry (Sessions, 2006).  

This PMP method was successfully applied on acid-hydrolysed (6 M HCl) biomass 

of archaea, bacteria, fungi and plants, as well as on samples from forest, grassland, 

and cropland soils. This was the first time such a wide range of compounds were 

separated simultaneously using PMP derivatization in a single assay, including the 

capability of using Orbitrap mass spectrometry for isotope enrichment quantification. 
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It was also the first time talosaminuronic acid was quantified using PMP derivatization 

alongside other amino sugars and neutral sugars.  

In chapter III, I analysed amino sugar and neutral sugar biomarkers in the biomass 

of archaeal, bacterial, fungal, and plant species using the PMP method developed in 

chapter II. The results showed that glucosamine (GlcN) was the most common amino 

sugar found across taxonomic groups (representing 42-91% of total amino sugar 

contents), being indicative of archaea, bacteria, and fungi. Muramic acid was 

associated only to bacteria, and it was positively correlated to GlcN content only in 

Firmicutes. In Actinobacteria and gram-negative bacteria, the MurA contents remained 

constant even at high GlcN contents, which suggested that GlcN in these organisms 

likely originated from other structural components and not only from peptidoglycan. 

We also found that both galactosamine and talosaminuronic acid were specific 

indicators for archaea. Galactosamine likely originated from methanochondroitin, a cell 

wall polymer produced by some Methanosarcinales (Albers & Meyer, 2011), while 

talosaminuronic acid originated from archaeal pseudopeptidoglycan (Subedi et al., 

2021). We found that hexoses were more abundant than pentoses in the biomass of 

all taxonomic groups. We also calculated a hexose/pentose ratio of 9 or lower for 

bacterial groups and 22 or higher for plants and fungi. Our results showed that a 

combination of amino sugars and neutral sugar biomarkers improved the separation 

of plants from other microbial groups.  

We calculated new conversion factors for the extrapolation of amino sugar 

contents into microbial or plant C. We estimated a GlcN conversion factor of 10 for 

fungal carbon (C) and two MurA conversion factors: 19 for gram-positive bacterial C 

and 118 for gram-negative bacterial C. The conversion factors estimated in this 

chapter had wider confidence intervals than those presented by Appuhn & Joergensen 

(2006). This likely arose from a larger diversity of fungal species and bacterial groups 

analysed in this subproject. Therefore, a measurement of error propagation should be 

accounted for when extrapolating amino sugar contents into soil microbial necromass.  

When using these conversion factors, several limitations should be considered. 

For example, the gram-positive to gram-negative bacterial ratio in the soil should be 

estimated before using only one conversion factor from MurA to bacterial C since the 

MurA conversion factor varied significantly between these two bacterial groups (19 

versus 118). Additionally, conversion factors were derived from the biomass of 

organisms which included cell wall and cytoplasmic components. This means that the 
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conversion factors were representative of cell wall residues and not necessarily total 

microbial necromass since extracellular polymeric substances (EPS) were not 

analysed in this subproject. Lastly, biomarker approaches assume that amino sugars 

and their ratios remain the same after cell death, decomposition and recycling. 

However, amino sugar stabilization and turnover in complex matrixes such as soils still 

require further studies.  

In chapter IV I analysed amino acid and amino sugar biomarkers in the biomass 

of the same species utilized in chapter III using 6-aminoquinolyl-N-

hydroxysuccinimidyl carbamate (AQC) derivatization coupled to UHPLC and Orbitrap 

mass spectrometry. By using a combination of indicator species analysis and 

multivariate machine learning methods (random forest and discriminant analysis), we 

confirmed the biomarker potential of non-proteinogenic amino acids and amino 

sugars. Our results showed the separation of prokaryotes (archaea + bacteria) from 

eukaryotes (fungi + plants) based on the proteinogenic amino acid content in the 

biomass of these taxonomic groups. Both non-proteinogenic amino acids and amino 

sugars (the sum of hexosamines, muramic acid and talosaminuronic acid) can be used 

as necromass biomarkers. Hydroxyproline (Hyp) was shown to be an amino acid 

biomarker specific for plants, since the most common sources in soils are Hyp-rich 

glycoproteins of plant cell walls (HRPGs) (Nguema-Ona et al., 2014). Similarly, we 

found that L,L-diaminopimelic acid could be used alongside muramic acid as a 

biomarker specific for bacteria, where gram-positive bacteria had higher contents 

compared to gram-negative bacteria.  

Both machine learning models used had very high accuracy, with the random 

forest model having a 92.3% accuracy and the discriminant analysis having less than 

8% classification error. The combined use of machine learning algorithms improved 

the robustness of our results and showed that the concurrent use of both amino acid 

and amino sugar biomarkers can successfully discriminate between broad taxonomic 

groups.  

Finally, we showed that AQC derivatization successfully separated amino acid and 

amino sugar biomarkers in a single run, showcasing an unparallel method to trace 

both microbial and plant necromass biomarkers simultaneously. This approach would 

allow to quantify the microbial versus plant contributions to soil organic matter along 

the continuum from litter decomposition to soil C stabilization via microbial processing.  
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Overall, this PhD study provided novel insights into the identification and 

quantification of soil necromass biomarkers from archaea, bacteria, fungi, and plants. 

By using a method specifically developed for the analysis of reducing sugars (PMP 

derivatization, Chapter II), I could analyse amino sugars and neutral sugar biomarkers 

from prominent soil microbial groups as well as plants (Chapter III). By using a method 

specific for amino groups (AQC derivatization), I could extend the biomarker analysis 

to include not only amino sugars, but also less commonly used non-proteinogenic 

amino acids (Chapter IV).  

With our results, we expanded on the current knowledge of GlcN as a tracer for 

fungal and MurA as a tracer for bacterial residues (Engelking et al., 2007; Joergensen, 

2018; Liang et al., 2019; Wang et al., 2021). First, we identified new necromass 

biomarkers specific for archaea (talosaminuronic acid), plants (Hyp), and bacteria 

(LLDAP). This not only significantly expanded the number and scope of compounds 

that are currently used as soil necromass biomarkers (Appuhn & Joergensen, 2006; 

Joergensen, 2018), but also it will allow to trace necromass residues from archaea 

and plants together with those from bacteria and fungi in soils using the same 

analytical protocols. Second, we proposed new conversion factors to extrapolate 

amino sugar contents into microbial or plant carbon which we derived from the 

biomass analysis of a broad range of taxonomic groups. This brought new insights into 

the necromass biomarker composition of other representative soil groups including 

archaea and plants. Third, we pointed to the limitations of using conversion factors 

from necromass biomarkers to extrapolate microbial contributions to soil organic 

carbon. Specifically, by generating conversion factors with broader confidence 

intervals than previously reported (Appuhn & Joergensen, 2006; Engelking et al., 

2007), we highlight the importance of adding error propagation measures to avoid 

over- or underestimating the quantification of microbial necromass carbon in soils. 

Finally, we simultaneously quantified microbial and plant necromass using amino 

sugar and amino acid biomarkers. Different analytical protocols are currently needed 

when comparing microbial versus plant-derived organic matter in soils since amino 

sugars are used to trace microbes and lignin and long-chain alkanes are applied for 

plants (Angst et al., 2021; Craig et al., 2022; Whalen et al., 2022). By combining the 

measurements of microbial and plant residues into one protocol of amino-compound 

biomarkers, we could eliminate the use of different compound classes with varying 

turnover kinetics as biomarkers (lignin /alkanes versus amino sugars). At the same 
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time, it allows to follow carbon stabilization from litter to soil organic matter via 

microbial processing namely the microbial carbon pump.  

This PhD has provided important new perspectives into the use of amino sugars, 

neutral sugars, and amino acids as biomarkers to trace both microbial and plant 

necromass into soil ecosystems and how they contribute to soil organic C 

accumulation. While there is still a large gap regarding how these necromass 

biomarkers are transformed after cell death, as well as on their turnover and 

(de)stabilization rates in soils, our findings pave the way to the next exploratory steps 

to increase our understanding of soil organic matter formation and the role microbes 

and plants play in it.    
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