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Abstract 

The functional pmoA gene is frequently used to probe the diversity and phylogeny of 

methane oxidizing bacteria (methanotrophs) in various environments. Here we compared the 

similarities between the pmoA gene and the corresponding 16S rRNA gene sequences of 77 

described species covering gamma- and alphaproteobacterial methanotrophs (type I and 

type II MOB, respectively) as well as methanotrophs from the phylum Verrucomicrobia. We 

updated and established weighted mean pmoA gene cutoff values on the nucleotide level at 

86%, 82%, and 71% corresponding to the 97%, 95%, and 90% similarity of the 16S rRNA 

gene. Based on these cutoffs, the functional gene fragments can be entirely processed at the 

nucleotide level throughout software platforms such as Mothur or QIIME which provide a 

user-friendly and command based alternative to amino-acid based pipelines. Type II 

methanotrophs are less divergent than type I both with regard to ribosomal and functional 

gene sequence similarity and GC content. We suggest that this agrees with the theory of 

different life strategies proposed for type I and type II MOB.  
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Aerobic methane oxidizing bacteria (MOB), also known as methanotrophs, are commonly 

grouped into type I and type II MOB belonging to Gammaproteobacteria and 

Alphaproteobacteria, respectively. Newer studies have uncovered further aerobic and intra-

aerobic methanotrophs among the Verrucomicrobia and the NC10 phylum (Dunfield et al. 

2007; Nazaries et al. 2013). Aerobic methanotrophs catalyze the oxidation of methane 

through the enzyme methane monooxygenase (MMO) which exists in a soluble (sMMO) and 

a membrane-bound, particulate form (pMMO) (Nazaries et al. 2013). The type I 

methanotrophs use the ribulose monophosphate (RuMP) pathway to assimilate carbon while 

the type II utilizes the Serine pathway of carbon assimilation (Trotsenko and Murrell 2008). 

The alpha subunit of the pMMO, encoded by the pmoA gene, is highly conserved (Hakemian 

and Rosenzweig 2007) and commonly used as a functional gene marker to probe 

methanotrophs in the environment (Luesken et al. 2011). This functional gene marker can 

simultaneously provide functional and taxonomic records of environmental methanotrophs 

(Luesken et al. 2011) and phylogenetic information as congruent as the 16S rRNA gene 

(Holmes et al. 1995). In practice, the pmoA gene fragments were mostly amplified using the 

forward primer A189f and the reverse primers of A682r (Holmes et al. 1995) or mb661 

(Costello and Lidstrom 1999).  

In the recent years, extensive sequencing efforts on MOB communities have yielded a 

massive amount of pmoA gene sequences from variable habitats. These gene fragments 

were commonly analyzed after translating them into amino acid sequences. One of the major 

advantages with amino acid over nucleotide sequences is to guarantee all sequences pass 

the translation check from the nucleotide to the amino acid sequence. Given all sequences 

are firstly checked for correct open reading frames (ORF) using tools like FrameBot 

(http://fungene.cme.msu.edu/FunGenePipeline/framebot/form.spr), the functional high 

throughput data could thereafter be further processed at the nucleotide level. In other words, 

the functional gene fragments could be entirely processed at the nucleotide level throughout 

software platforms such as Mothur or QIIME which provide a user-friendly and command-

based alternative to an amino-acid based pipeline (Fig. 1). This would also allow calculating 
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distance matrices using Mothur and QIIME which do not yet support amino acids. In this 

context, precise cutoff values at the nucleotide level are very important for reasonable OTU 

picking and further community analysis. Moreover, a dedicated reference database of pmoA 

gene sequences can enable consensus taxonomic assignation for custom data. Dumont and 

his colleagues have recently proposed a pmoA gene reference database (Dumont et al. 

2014). From them, the taxonomy is given in a special format which is not ranked as 

commonly in classification schemes from phylum to species.  

 

A previous study used 22 methanotrophic isolates and proposed 13% and 7% cutoffs at the 

nucleotide and protein level, respectively, corresponding to a 3% dissimilarity of the 16S 

rRNA gene (Degelmann et al. 2010). In their study, Degelmann and colleagues provided 

cutoff values for the species- but not for the genus-level. Another study proposed 10% and 

17% dissimilarity of pmoA gene nucleotide cutoffs corresponding to 3% and 5% thresholds of 

the 16S rRNA gene (Lüke et al. 2010) by assuming a 3.5 times higher substitution rate 

(Heyer et al. 2002). However, the pmoA gene database has been increasingly expanded with 

new methanotrophic isolates. Numerous new sequences are not covered by already 

published pmoA gene cutoff values which, therefore, need to be updated. In this study we 

aimed to evaluate common pmoA gene cutoff values at the nucleotide level and to establish 

such values for the genus and family level taking into account recently isolated 

methanotrophs as well. The focus is on proteobacterial methanotrophs but Verrucomicrobia 

related species were also included. We also want to disclose the meaning of individual cutoff 

values for type I and type II MOB.  

Accumulating evidences concerning the ecological characteristics of type I and type II MOB, 

and community level molecular analyses under different conditions suggest that the different 

MOB subgroups possess distinct traits (Ho et al. 2013). For example, stable isotope labeling 

experiments demonstrated that type I MOB exhibit significantly higher pmoA gene 

expression level and growth rates than the type II, and are predominantly active in many 
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important habitats with high methane emissions (Chen et al. 2007; Qiu et al. 2008; Zheng et 

al. 2008;  Kip et al. 2010; Zheng et al. 2010; Dumont et al. 2011; Graef et al. 2011; Zheng et 

al. 2012; Ho et al. 2013). On the other hand, the type II MOB population is relatively stable 

and serves as microbial seed bank in the soil (Eller et al. 2005; Krause et al. 2012). These 

different traits are explained by different r/k strategies of type I and II MOB (Bodelier et al. 

2012; Ho et al. 2013). The sum of these studies renders it convincing that these two 

strategies exist among methanotrophs. Based on the sequence information necessary for the 

primary goal of this study we want to compact this theory. If type I and type II MOB 

possessed different life strategies, this should be reflected in the pmoA gene’s GC (guanine-

cytosine) content of type I and type II methanotrophs because the GC content is 

hypothesized as one of the genomic traits that relates with the variation in selection and 

mutational bias (Birdsell 2002). An additional, a minor objective of this work is therefore to 

compare the pmoA gene sequences of type I and type II MOB with regard to their GC 

content.   

 

Material and methods 

A total of 516 pmoA nucleotide sequences of pure cultures were originally retrieved from the 

FunGene database (http://fungene.cme.msu.edu). Then the corresponding 16S rRNA 

sequences were sequentially searched from the NCBI database by using perl scripts. After 

removing short and low quality sequences both for the pmoA and the 16S rRNA genes, we 

recovered a total of 77 species (for details, please refer to Table S1 and Fig. S1). These 

species could be assigned to 19 genera within all known classes of methanotrophs. Two 

filamentous methanotrophs (fMOB) Clonothrix and Crenothrix were also included together 

with three other pmo-like (pxmA) gene sequences. The 16S rRNA and pmoA gene 

sequences were aligned against the silva reference file (v119) by using Mothur platform 

(Schloss et al. 2009) and the pmoA sequences were aligned with pre-aligned pmoA 

sequences provided by the FunGene pipeline database. Afterwards, the distance matrices 
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were calculated by the R package of ape (v3.3) (Paradis et al. 2004) for both the 16S rRNA 

and the functional pmoA gene sequences. The distances were plotted pairwise against each 

other using the R package of ggplot2 v. 0.9.3.1 (Wickham 2009). The linear and quadratic 

regressions, analysis of variance (ANOVA) were performed by functions provided by the 

basic package in R (R Core Team 2014). In addition, the regression cutoff values were 

further evaluated by counting the agreement of both 16S rRNA genes and pmoA genes (Fig 

2. B-D). Briefly, this evaluation process is as follows, 1) set a line at the 97%, 95% or 90% 

similarity of the 16S rRNA gene and move a horizontal line upwards (i.e. increase the 

similarity of the pmoA gene), the intersection in the top right represents the consistent 

classifications based on both genes, 2) count the intersection points and calculate their 

fractions according to the total points which fell within the 16S rRNA and pmoA genes, 

respectively, 3) plot these fraction values as a line chart, the ideal thresholds in agreement 

with both genes should be close to the intersection point of the two lines. Comparing to these 

ideal values helps to estimate how confident the regression derived values are. Finally, all 

nucleotide sequences of 16S rRNA and pmoA genes in this study were subject to calculating 

the GC content by using Biopython scripts. A pairwise plot of the GC content between both 

gene sequences was generated by using basic packages in R (R Core Team 2014). Besides, 

we created a more comprehensive taxonomy database for the pmoA gene sequences which 

could be probed by the primer set combination of A189f and A682r. Sequences in this 

database were firstly retrieved from the NCBI database and progressively screened by 

Biopython or R scripts. The corresponding taxonomy was generally referred to the NCBI 

taxonomy if the taxonomic ranks from phylum to species are available. For those with 

ambiguous taxonomies given by the NCBI database, efforts have been made to blast against 

the Dumont’s database (Dumont et al. 2014) to improve the taxonomic classification as 

appropriate.  

 

Results 
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Briefly, the taxonomic database consists of 7809 unaligned pmoA gene nucleotide 

sequences of methanotrophs in fasta format and corresponding taxonomy files special for 

Mothur and QIIME. This database included unique functional sequences of pmoA gene and 

related (pxmA) genes in the methanotrophs within the phyla of Proteobateria and 

Verrucomicrobia. This library also contains some related amoA sequences which are 

frequently co-amplified by the above mentioned primer set. The taxonomic file is a two 

column tabular file, with the first column containing the sequence accession number and the 

second showing the taxonomic information, where the taxonomic levels are separated by 

semicolons. The database is published as supplementary data to this article and can be 

accessed via http://dx.doi.org/10.5880/GFZ.5.3.2016.001 (Yang et al. 2016). These files are 

suitable for assigning sequences to the taxonomy using open-source software such as 

Mothur and QIIME. 

To determine the family, genus and species cutoff values for the pmoA gene we referred to 

the common thresholds of 90%, 95% and 97% sequence identities of 16S rRNA genes, 

respectively. Based on a linear correlation of the pairwise distances (R2 = 0.7603), the 

thresholds of 74.44%, 82.06% and 85.10% were derived for pmoA gene. However, the 

quadratic fitting analysis which resulted in cutoff values of 70.95%, 81.20% and 86.18%, 

appears more appropriate (R2 = 0.8047) (Fig. 2A). Since all cutoff values contain a certain 

degree of arbitrariness, we systematically investigated how well the classification based on 

the 16S rRNA gene and the pmoA gene agrees for different threshold calculations, shown in 

Figures 2B, C and D. The intersections from them suggest pmoA gene thresholds of 69.92%, 

83.10% and 87.22% according to 16S rRNA gene cutoff values of 90%, 95%, and 97%. 

Ideally, the pmoA gene cutoff values should coincide with the maximum fraction of pairs 

classified based on both genes. Therefore, the statistical cutoff values by quadratic rather 

than the linear fitting (Fig. 2A) are again more preferable. In this regard, it is plausible to set 

the pmoA gene nucleotide cutoff values at 86% for the species, 82% for the genus, and 71% 

for the family level (Table 1). 
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Because type I and type II methanotrophs exhibit different variability in sequence similarity 

(insert Fig. 2), the cutoff values of pmoA gene were tentatively computed for the type I and 

type II, respectively. For the type I methanotrophs, if including the 92 outliers scattering in the 

bottom right of the plot, the 78% and 83.95% identity of pmoA gene fragment roughly 

correspond to 95% and 97% similarity of 16S rRNA gene. However, the R2 of 0.2224 indicate 

a relatively low representative of these values. Excluding the minor part of outliers from the 

total caused by Crenothrix and Methylococcaceae bacterium M200 derived sequences 

substantially improves the fitting goodness (R2 = 0.5359), leading to the corresponding cutoff 

values of 82.04% and 86.30% (Fig. S1). For the type II MOB, the thresholds are 82.13% and 

87.19% equivalent to 95% and 97% of similarity of the 16S rRNA gene (Fig. S2).  Thus, the 

overall cutoff is very robust and can also individually be applied for type I and type II MOB 

with a slight underestimation of type II species richness using the general cutoff. 

 

The GC content of the pmoA gene fragments used in this study showed high variations 

among type I MOB while they only displayed a narrow range among type II MOB which also 

had a generally higher GC content (Fig. 3). ANOVA test suggests statistical significance (p < 

0.001) in GC content between the 16S rRNA and pmoA gene fragments (the inset boxplot in 

Fig. 3), but not between the alpha- and gamma- 16S rRNA genes (p = 0.37). The narrow 

range of GC values may partly be biased by the uneven distribution of species per genotype. 

There are, for example, 22 species belonging to Methylocystis (Fig. S1), and they had to be 

expected to have similar GC values. However, species of genotypes Methylobacter and 

Methylomonas (type I MOB) vary greatly with regard to their pmoA gene’s GC values despite 

their affiliation to the same genus.   

 

Discussion 
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According to our results, the pmoA gene cutoff value (14% dissimilarity) for species is 4.7 

times higher than the 3% cutoff for 16S rRNA gene, and modifies the Degelmann cutoff (13%) 

by 1%. Our substitution rate is higher than the previously published rate of 3.5 for partial 

pmoA genes of type II MOB (Heyer et al. 2002). The regression of the pairwise plot could 

cover most of the species (R2 = 0.8047). The residuals are mainly due to Crenothrix and 

Methylococcaceae bacterium M200, which scattered as outliers in Figure 2. Crenothrix 

belongs to the gammaproteobacterial methanotrophs in terms of the 16S rRNA gene, but it 

shows a very divergent pmoA gene (Stoecker et al. 2006). The strain M200 shows highest 

homology on the 16S rRNA gene with various uncultured bacteria from different ecosystems, 

but it shares only 71-72% homology on the functional gene level with its closest relatives 

Methylobacter marinus and Methylomicrobium album (Kip et al. 2011; Tavormina et al. 2011). 

Moreover, the pxm operon has a different origin and the order of genes is uniquely organized 

in the non-canonical form different to that in all reported amo and pmo operons (Tavormina 

et al. 2011). These two species also contributed the major outliers in the pairwise plot of type 

I methanotrophs (Fig. S1). Among the type II methanotrophs, the outliers are mainly caused 

by Methylocapsa acidiphila, which forms a deep divergent clade to the other 

alphaproteobacteria methanotrophs (Degelmann et al. 2010).  

The cutoff values based on the regression model are a weighted mean for the two groups. 

Since the type II MOBs have higher similarities and smaller variability than the type I MOB, 

the tradeoff thresholds should be a bit lower than the actual ones for the type II MOB while 

they should be slightly higher for the major type I MOB. The individual cutoff values for type II 

and type I reflect this difference (Fig. S1, 2), although the regression fitness is slightly poor 

for both groups. As a consequence, assigning OTUs based on the generalized cutoff values 

lead to slightly underestimated species richness for type II and slightly inflated diversity for 

type I MOB. Despite these minor limitations, the proposed cutoff values cover the majority of 

methanotrophic species and represent the most reliable values to date. They allow for a 

more precise estimation of methanotrophic diversity in the environment.   
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We have illustrated that the pmoA gene’s GC content of the type II MOB is generally higher 

than that of type I MOB and show a rather narrower variability (Fig. 3). As mentioned earlier, 

the GC content is suggested to be a genomic trait that relates for example with the variation 

in selection (Birdsell 2002). Although the hypothesis that the GC content plays a vital role in 

temperature adaptation has been refuted (Hurst and Merchant 2001), a recent gene-centric 

association analysis demonstrated that correlation exists at least for certain genomic regions 

(Zheng and Wu 2010). Experimental evidence shows that the dormant type II MOB can 

become metabolically active with higher methane uptake rates in response to an exposure to 

elevated temperatures (Whittenbury et al. 1970; Ho and Frenzel 2012), suggesting the high-

GC type II can positively respond to higher temperatures. Type I MOB are active in various 

environments with high methane emissions, while type II MOB are relatively stable and are 

assumed to be present often in dormant states (Ho et al. 2013). Type II MOB also exhibited 

slower growth rates reflected in lower mRNA transcripts per cell (Steenbergh et al. 2010). 

However, some type II MOBs are less dependent on the availability of other nutrients 

besides methane (Steenbergh et al. 2010). Some facultative type II MOBs are able to utilize 

more versatile substrates than the type I (Ho et al. 2013). Therefore, in some case, the type 

II MOB, although largely dormant, could ultimately dominate the total MOB population 

following disturbance as type I adversely response to the disturbance (Ho et al. 2011). These 

different features and life strategy give them a survival advantage. In the long process of 

evolution, type II MOB, being slow-growing as well as capable of dormancy  under 

unfavorable conditions, tend to propagate to a much lower extent  compared to type I 

populations, and may simultaneously have accumulated fewer mutations in the genomic 

sequences. This possibly also had an effect on the differences in GC content we described. 
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Table 1. cutoff values for pmoA gene nucleotide sequences 

 Species Genus Family Reference 

pmoA 87% - - Degelmann et al. 2010 

pmoA 90% 83% - Lüke et al. 2010 

pmoA 86% 82% 71% This study 

Type I MOB 86% 82% - This study 

Type II MOB 87% 82% - This study 
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Fig 1. Schematic flowchart illustrating pipelines at nucleotide and amino acid levels for 

processing pmoA gene NGS data. Note that except for the very initial step the nucleotide 

pipeline can be performed throughout the Mothur or QIIME platforms. 
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Fig. 2. Pairwise correlation of similarities based on the 16S rRNA gene versus the pmoA 

gene. The color of the dots in Fig. 2A indicates the numerical range of pmoA gene similarity. 

The polynomial and linear fitting lines in 2A are in red and blue, respectively. The inset 

boxplot describes the quantile statistic of similarities of 16S rRNA and pmoA genes of type I 

(gammaproteobacterial) and type II (alphaproteobacterial) methanotrophs. ANOVA test 

displayed statistical significance in sequence similarities between the two genes (p < 0.001). 

In 2B, C, D fixed cutoff-values for the 16S rRNA gene are assumed at 90%, 95%, and 97% 

sequence identity while the functional pmoA gene threshold is variable. The purple lines 

show the fraction of pairs classified on the pmoA gene level. Evidently, for a low functional 

threshold this ratio is 1, while for large values it drops to zero. Conversely, the black lines 

show the fraction of pairs classified on the 16S rRNA gene level. This value increases to 1 

for large functional thresholds. 
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Fig. 3 Pairwise scatter plot of GC contents between the functional and 16S rRNA gene 

fragments across MOB used in this study. Specified symbols are used to discriminate 

different subgroups of methanotrophs (Alpha: type II MOB; Gamma: type I MOB; pxmA: 

methanotrophs with pxmA gene fragment; fMOB: filamentous methanotrophic Crenothrix 

polyspora and Clonothrix fusca; Verru: Verrucomicrobia). The inset boxplot illustrates the 

statistical quantiles of GC content of the 16S rRNA gene and the pmoA gene fragments. 

 

 


