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Abstract  42 

Methane is a unique archaeal metabolite that links gut microbial ecology to host physiology. 43 

Although intestinal methane production varies by several orders of magnitude between 44 

individuals and has been associated with gastrointestinal transit and disease states, the 45 

ecological and functional determinants underlying this variation remain poorly understood. 46 

Here, we integrate breath methane phenotyping with shotgun metagenomics, 47 

metatranscriptomics, comparative genomics, cultivation and stable-isotope tracing in 80 48 

deeply characterized individuals to determine the species-level and functional basis of human 49 

gut methanogenesis. 50 

Breath methane levels strongly reflected archaeal abundance but could not fully explain 51 

methane emission; species-resolved profiling revealed that methane emission represents 52 

distinct archaeome states rather than differences in methanogen quantity alone. High methane 53 

emitters were dominated by Methanobrevibacter smithii and M. intestini, whereas low emitters 54 

harbored a previously uncharacterized Methanobrevibacter lineage (M. sp900766745), for 55 

which we propose the name Candidatus Methanobrevibacter hominipaucus sp. nov.  56 

Comparative genomics revealed that M. sp900766745 represents a metabolically streamlined 57 

lineage lacking several methyl-compound utilization pathways and displaying reduced 58 

substrate acquisition capacity. Communities of low-emission individuals exhibited reduced 59 

microbial transcriptional activity and accumulated incompletely processed dietary metabolites, 60 

indicating lower fermentative turnover and altered hydrogen flux.  61 

 62 

 63 

 64 

 65 

 66 



 

Introduction 67 

 68 

Methane is the major gaseous end product of human gut microbial metabolism that can be 69 

quantified non-invasively in exhaled breath, providing a direct readout of microbial metabolism. 70 

Unlike most microbial metabolites, methane is produced exclusively by methanogenic 71 

archaea, which colonize more than 90% of adults but typically comprise only ~1% of the gut 72 

microbiome 1–3. Breath methane production varies by several orders of magnitude between 73 

individuals, with methanogens accounting for approximately 2% of the gut microbiome in high 74 

methane emitters but as little as 0.002% in low emitters 4. This variation follows striking 75 

demographic patterns. The prevalence of high methane producers ranges from approximately 76 

14% in East Asian populations to nearly 80% in populations of African ancestry, whereas 77 

European and Middle- to West-Asian populations typically exhibit intermediate frequencies of 78 

24-60% (mean ~44%) [reviewed in 5. Methane production increases with age and has been 79 

associated with positive and negative health outcomes, including constipation-predominant 80 

irritable bowel syndrome, intestinal methanogen overgrowth (IMO), colorectal cancer, slower 81 

intestinal transit, altered intestinal pH and a lean host phenotype 3,6–12. The reason for this 82 

striking inter-individual variation in methane production, however, remains poorly understood.  83 

Methanogens occupy a distinctive ecological niche in the gut as terminal consumers of 84 

hydrogen generated during bacterial fermentation. By converting hydrogen, carbon dioxide 85 

and methylated compounds to methane, methanogens maintain low hydrogen partial 86 

pressures that can thermodynamically favor continued bacterial fermentation and thereby 87 

influence microbial carbon and energy flux despite their low abundance 13–16.  88 

Analyzing the role of archaea is challenging, as they remain systematically underrepresented 89 

in microbiome research. Archaea represent a distinct domain of life, and thereby differ 90 

substantially from bacteria in terms of their genetic makeup and metabolic pathways 17,18. 16S 91 

rRNA gene sequencing approaches incompletely recover archaeal diversity, and much of our 92 

current understanding of human methanogens derives from cultivation or targeted qPCR 93 

studies performed in relatively small cohorts 18,19. Consequently, gut methanogenesis has 94 

largely been viewed through the lens of a single dominant species, Methanobrevibacter smithii 95 

(very recently reclassified as Methanocatella smithii 20), which has long been considered the 96 

principal methanogen of the human intestine 4,21,22. Recent genome-resolved metagenomic 97 

studies, however, have revealed previously unrecognized diversity within human-associated 98 

Methanobrevibacter, including M. intestini (recently reclassified as Methanocatella intestini 99 

20)1,23 and an uncultivated species-level lineage provisionally designated Methanobrevibacter 100 

sp900766745 24.  101 



 

These discoveries raise a fundamental ecological question: does variation in human methane 102 

production primarily reflect the abundance of methanogens, or does it arise from differences 103 

in the ecological strategies and metabolic capabilities of individual methanogen species? In 104 

particular, differences in substrate utilization, hydrogen consumption and energy conservation 105 

could alter how individual methanogen lineages interact with bacterial fermenters, while host 106 

factors such as gastrointestinal transit may further shape substrate availability, hydrogen 107 

gradients and the physicochemical environment in which these interactions occur.  108 

Here, we resolve the species-level and functional determinants of human methane production 109 

by integrating breath methane phenotyping with shotgun metagenomics, metatranscriptomics, 110 

cultivation, comparative genomics, metabolomics, and stable-isotope tracing in 80 deeply 111 

characterized individuals. We identify three recurrent Methanobrevibacter-dominated 112 

archaeome states associated with distinct methane emission phenotypes and show that these 113 

states differ not only in methanogen abundance but also in species composition, genomic 114 

potential, hydrogen metabolism, bacterial community structure, and microbial activity. We 115 

further characterize a previously uncultivated, genomically streamlined lineage enriched in low 116 

methane emitters, for which we propose the name Candidatus Methanobrevibacter 117 

hominipaucus sp. nov., and identify lineage-specific differences in hydrogen utilization and 118 

substrate acquisition. Integrating these observations with metabolomic and isotope-tracing 119 

data reveals distinct patterns of downstream anaerobic carbon turnover and fermentation 120 

associated with the methanogen states. Together, our findings establish methane emission 121 

as a readout of alternative gut ecosystem configurations and reveal previously unrecognized 122 

ecological and metabolic specialization within the archaeal component of the human 123 

microbiome. 124 

 125 

 126 

 127 

 128 



 

Results 129 

Methane phenotype is a major determinant of gut microbiome variation  130 

To determine whether methane production represents a determinant of gut microbiome 131 

variation, we analyzed a standardized cohort of 80 participants, with matched breath and stool 132 

samples collected using a harmonized recruitment, sampling and bioinformatic workflows 133 

optimized for archaeal detection. Participants were characterized for demographic variables 134 

(e.g., 𝑎𝑔𝑒, ݏ𝑒ܫܯܤ ,ݔ), gastrointestinal symptoms and habitual dietary intake (e.g., 135 

carbohydrate and protein intake). Breath methane concentrations were measured in the 136 

morning prior to food intake or oral hygiene procedures (Supp. Tab. 01). Individuals were 137 

classified by ݌ 4ܪܥℎ𝑒݊݌ݕݐ݋𝑒ݏ into ℎ݅𝑔ℎ ݉𝑒ݐℎ𝑎݊𝑒 𝑒݉݅ݐݐ𝑒(ܧܪ) ݏݎ or 138 ݈ݓ݋ ݉𝑒ݐℎ𝑎݊𝑒 𝑒݉݅ݐݐ𝑒(ܧܮ) ݏݎ using an established cut-off of 4 ppm 4; they were further classified 139 

by their ℎ𝑒𝑎݈ݐℎ ݐݏ𝑎ݏݑݐ (ℎ𝑒𝑎݈ݐℎݕ vs. ݀  𝑒݀ (any GIT complaints) (Fig. 1a and b). Recruitment 140ݏ𝑒𝑎ݏ݅

was balanced to obtain equally-sized groups of ܧܪ vs. ܧܮ (Supp. Tab. 01).  141 

None of the recorded demographic variables (including 𝑎𝑔𝑒, ݏ𝑒ܫܯܤ ,ݔ) differed significantly 142 

between healthy and diseased participants, either across the full cohort or within the 143 ݌ 4ܪܥℎ𝑒݊݌ݕݐ݋𝑒ݏ subgroups. Across all participants, however, breath 144 ݉𝑒ݐℎ𝑎݊𝑒 𝑒݉݅[݉݌݌] ݊݋݅ݏݏ increased significantly with 𝑎𝑔𝑒 (spearman correlation (Sc), ݌ =145 0.001), and was negatively associated with ݎ݂ ݈݋݋ݐݏ𝑒ݑݍ𝑒݊ܿ݌) ݕ = 0.035), consistent with 146 

previous associations between methane production, slower intestinal transit and constipation 147 

(Table 1) 8,11,18. Archaeal abundance showed similar associations: the relative abundance of 148 

archaea (clr transformed) increased significantly with 𝑎𝑔𝑒 (݌ = 0.005;  ܵܿ) and was inversely 149 

associated with ݐݏ݅ݏ݊݋ܿ ݈݋݋ݐݏ𝑒݊ܿ݌) ݕ = 0.019;  ܵܿ). The latter effect was accompanied by a 150 

decreased ݎ݂ ݈݋݋ݐݏ𝑒ݑݍ𝑒݊ܿ݌) ݕ = 0.041, ܵܿ) (Table 1). 151 

We next asked whether methane phenotype or disease status better explained variation in the 152 

gut microbiome. Shotgun metagenomic profiling of stool samples (n = 66) revealed no 153 

significant differences in alpha or beta diversity or differential microbial abundance between 154 

healthy and diseased participants, likely reflecting the heterogeneity of the gastrointestinal 155 

conditions included in the study. In contrast, ݌ 4ܪܥℎ𝑒݊݌ݕݐ݋𝑒ݏ (ܧܪ vs. ܧܮ) were associated 156 

with pronounced differences in microbial community structure (R2 = 0.06; Table 1; Fig. 1c), 157 

indicating that methane formation constitutes a stronger determinant of microbiome 158 

organization than disease status in this cohort.  159 

 160 



 

 161 

Figure 1. Overview of the dataset used in this study. a. Study design and methods used in this study. 162 
Questionnaires included general (e.g., age, sex, BMI), dietary (food frequency) and health-related (bowel 163 
movement and GIT health) information. Isolates of M. smithii and M. intestini were used to perform isotope tracing. 164 
(created using BioRender) b. Measured breath methane levels of all participants. The cut-off was set to 4 ppm for 165 
high methane emitters (CH4 < 4 ppm - low methane emitters). c. Statistics of CH4 levels and microbial reads based 166 
on metadata information health status, CH4 emission, or combined (CH4 emission and health status). archaeal and 167 
bacterial data were clr-transformed; HE - high methane emitter, LE - low methane emitter 168 

 169 

 170 

 171 
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 176 

 177 

 178 



 

Table 1. Statistics of general and microbial parameters of the participants based on methane emission 179 
phenotype (HE and LE) as well as health status (healthy and diseased). 180 

 181 
…alpha diversity (Mann-Whitney U test) 182 
…beta diversity (adonis2) 183 
…microbial difference (ALDEx2; q-values) 184 
…numerical (Mann-Whitney U test) 185 
…nominal (Chi Square test) 186 
 187 

 188 

Supplementary Figure X1. A schematic representation of the study design, showing all dropouts, filtered 189 

samples, and the features and reads obtained using each method. The grey-highlighted parts were performed 190 

in Ref 25. HE - high methane emitters, LE - low methane emitters; QC - quality control 191 



 

Methane emission is associated with methanogen abundance and distinct 192 

species-level Methanobrevibacter composition 193 

We next determined whether differences in methane emission reflected variation in 194 

methanogen abundance. Shotgun metagenomic profiling revealed a strong positive 195 

association between breath methane concentrations [ppm] and archaeal read counts (݌  s exhibited significantly higher 197ܧܪ ,linear regression model, Fig. 2a). Consistently ,6−10 ݔ 3.01 196=

archaeal signatures compared to ݍ) ܧܮ =  ALDEx2; Fig. 2b). However, archaeal 198 ,6−10ݔ 1.43

abundance alone did not fully explain methane emission phenotype: archaeal loads varied 199 

substantially among ܧܪs, while several ܧܮs carried unexpectedly high archaeal abundances 200 

despite producing little CH4 (Fig. 2c). Thus, methane emission is not determined by 201 

abundance alone. 202 

The archaeal community was dominated by Methanobrevibacter (GTDB taxonomy: 203 

Methanobrevibacter_A), accounting for approx. 90% of archaeal reads in both groups (89.7% 204 

in 90.25 ,ܧܪ% in ܧܮ), with significantly higher abundance in ݍ) ܧܪ = 0.004, ALDEx2) (Figure 205 

2d). Species-level resolution revealed phenotypic-specific partitioning within this dominant 206 

genus: M. smithii (GTDB taxonomy: Methanobrevibacter_A smithii) and/or M. intestini (GTDB 207 

taxonomy: Methanobrevibacter_A intestini) were significantly enriched in ܧܪs (ݍ ݍ and 6−10 ݔ 5.76 208= =  respectively, ALDEx2), while the uncultivated lineage M. 209 ,5−10 ݔ 1.25

sp900766745 was significantly enriched in ܧܮs (ݍ = 0.018, ALDEx2) (Fig. 2d and 2e; Supp. 210 

Tab. 02). 211 

Other archaeal genera, including Methanosphaera and Methanomassiliicoccus, were 212 

detected at substantially lower abundance. Among these, only Methanomassiliicoccus 213 

showed a modest enrichment in ܧܮs (ݍ = 0.02, ALDEx2) (Supp. Fig. X2; Supp. Tab. 02). No 214 

other archaeal signatures differed significantly between ݌ 4ܪܥℎ𝑒݊݌ݕݐ݋𝑒ݏ or by ℎ𝑒𝑎݈ݐℎ ݐݏ𝑎215 ݏݑݐ 

(Supp. Tab. 02; Supp. Fig. X3). 216 

Breath methane concentration was positively correlated with all three Methanobrevibacter 217 

species, although the association did not reach significance for M. sp900766745 (M. smithii: 218 ݌ = 0.00015; M. intestini: ݌ =  0.043; M. sp900766745: ݌ =  0.2422, linear regression).  219 

These findings indicate that methane emission reflects both the abundance and identity of 220 

dominant methanogens. We therefore focused subsequently on M. smithii, M. intestini and M. 221 

sp900766745 to resolve their species-specific ecological and functional characteristics.  222 



 

 223 

Figure 2. Archaeal signatures, especially of Methanobrevibacter species, are linked to methane emission. 224 
a. Significant positive correlation between CH4 emission [ppm] and archaeal read counts (linear regression model) 225 
b. Bacterial and archaeal read counts in HE and LE samples. c. Higher archaeal read counts in nearly all high 226 
emitters compared to low emitting participants. d. Archaeal genera and species in HE and LE, respectively, show 227 
differences in Methanobrevibacter relative abundance. e. Differential abundance analysis of representatives of the 228 
Methanobrevibacter lineage (ALDEx2 - Archaea (q=1.43e-06); Methanobacteriota (q=0.002); Methanobacteria 229 
(q=0.007); Methanobacteriales (q=0.961); Methanobacteriaceae (q=0.002); Methanobrevibacter A (q=0.004); 230 
Methanobrevibacter A smithii (q=5.76e-06)/ Methanobrevibacter A smithii A (q=1.25e-05)/ Methanobrevibacter A 231 
sp900766745 (q=0.018)). Statistics based on clr-transformed data. 232 

 233 



 

 234 

Supp. Figure X2. Differential abundance of Methanomassiliicoccus sp. from kingdom to species based on 235 

CH4 emission phenotype. ALDEx2: Archaea (q=1.43e-069); Thermoplasmatota (q=0.068); Thermoplasmata 236 

(q=0.043); Methanomassiliicoccales (q=0.98); Methanomassiliicoccaceae (q=0.021); Methanomassiliicoccus A 237 

(q=0.021); Methanomassiliicoccus intestinalis (q=0.442); Methanomassiliioccus MGYG000001856 (q=0.113); 238 

Methanomassiliicoccus MGYG000004312 (q=0.075) 239 



 

 240 

Supp. Figure X3. Microbiome of HE and LE participants did not differ based on health status. a. Read 241 
counts and relative abundance of archaeal taxa in HE and LE based on methane and health groups. b. Alpha 242 
diversity based on overall health status (black and white) as well as additionally separated by CH4 phenotypes 243 
(light and dark purple). c. Beta diversity based on the participants health status. HE - high methane emitter, LE - 244 
low methane emitter. 245 



 

Three Methanobrevibacter-dominated archaeome states define methane 246 

production in humans 247 

Having established that ݌ 4ܪܥℎ𝑒݊݌ݕݐ݋𝑒ݏ are associated with distinct Methanobrevibacter 248 

species, we ask whether gut archaeal communities create specific configurations rather than 249 

random combinations of methanogen species (Fig. 3a). Across the cohort, archaeal 250 

communities resolved into three predominant Methanobrevibacter-dominated states (Fig. 3a). 251 ܧܪ individuals were predominantly characterized by M. smithii or M. intestini, whereas most 252 ܧܮs were dominated by the uncultivated lineage M. sp900766745. M. smithii accounted for 253 

>45% of archaeal reads in 22/33 ܧܪ samples, and M. intestini dominated in a further 7/33 254 

samples; the remaining four ܧܪ samples were dominated by M. sp900766745 (Fig. 3a, Supp. 255 

Fig. X4). These individuals exhibited the lowest archaea-to-bacteria (A/B) ratios across the 256 ܧܪ cohort with an archaeal relative abundance of less than 10 % (Fig. 3a, Supp. Fig. X4; 257 

Supp. Fig. X5) (median ܧܪ A/B = 0.0013; median ܧܮ A/B = 0.00013; based on read counts). 258 

Although M. smithii and M. intestini showed a weak positive association, their co-occurrence 259 

was not significant (ܴ2 = = ݌ ;0.0039   0.62; Sc), suggesting that they may occupy partially 260 

overlapping but distinct ecological niches rather than exhibiting strong competitive exclusion.  261 

In contrast to ܧܪ individuals, most ݏܧܮ were dominated by M. sp900766745, with only isolated 262 

exceptions exhibiting predominance of M. smithii or alternative archaeal taxa. The A/B ratio 263 

remained consistently lower in ܧܮs compared to the ܧܪ median (Fig. 3a, Supp. Fig. X5).  264 

Based on these recurrent abundance patterns, we classified archaeomes into three dominant 265 

Methanobrevibacter states: M. smithii (ݏܯ), M. intestini (݅ܯ) and M. sp900766745 (݌ݏܯ). 266 -ݏܯ 

and ݅ܯ-archaeomes displayed higher archaeal richness compared with ݌ݏܯ-dominated 267 

communities (Fig. 3b and 3c). Furthermore, individuals carrying ݏܯ or ݅ܯ states represented 268 

the highest methane emitters, whereas ݌ݏܯ microbiome states and samples with negligible 269 

amounts of archaea (“ܰ݋”; archaeal reads ≤10% of the overall microbiome) remained usually 270 

below the set high methane emission threshold (ݏܯ and ݅ܯ compared to ݌ݏܯ and ܰ271 ݋ 

(pMsvsMsp= 5.0E-06; pMivsMsp= 9.0E-05; pMsvsNo= 1.5E-04; pMivsNo= 0.001) (Fig. 3d).  272 

The three states also differed in their associations with host phenotypes and hydrogen 273 

availability. The relative abundances of both M. smithii and M. intestini increased with age 274 

= ݌) 0.002 and ݌ = 0.001, respectively) and were associated with markers of constipation, 275 

including lower stool frequency (݌ = 0.004 and ݌ = 0.003) and constipation status (0.003 276= ݌, and ݌ = 0.005) (Fig. 3e). M. intestini abundance was negatively associated with breath 277 

hydrogen (ܴ2 =  −.285; = ݌  0.021), whereas M. sp900766745 showed the opposite 278 



 

association (ܴ2 =  0.297; = ݌  0.016), indicating differences in microbial hydrogen turnover, 279 

potentially reflecting increased production or decreased consumption in the different states. 280 

Among the remaining metadata variables, only female sex was associated with a significantly 281 

higher relative abundance of M. smithii (Fig. 3e and 3f). 282 

Our observations identify three recurrent Methanobrevibacter states that differ in methanogen 283 

composition, methane output and host-associated features.  284 

 285 

Figure 3. Participants can be categorized into different Methanobrevibacter-dominant states. a. Dominant 286 
archaeal taxa across high and low methane emitters with identified Methanobrevibacter-dominant states. b. Top14 287 
archaeal species found in the Methanobrevibacter states. c. Archaeal richness (but not Shannon diversity) differs 288 
between Ms/Mi and Msp/na states. d. Significant differences in CH4 emission between Methanobrevibacter states 289 
with higher methane emission in Ms and Mi was observed (pMsvsMsp = 5.0E-06; pMivsMsp = 9.0E-05; pMsvsNo = 1.5E-290 
04; pMivsNo = 0.001). e. and f. Statistics between dominant archaeal taxa and metadata variables showed significant 291 
correlations (numerical and categorical; Spearman correlation, Kruskal Wallis test; see also Supp. Tab. 03). * p-292 
value < 0.05, ** p-value < 0.01, *** p-value < 0.001  293 



 

 294 
Supp. Figure X4. Relative abundance of archaeal taxa in HE and LE. Data was grouped according to methane 295 
emission, health status and Methanobrevibacter state. Information was plotted on the left side. Relative abundance 296 

of archaeal and bacterial read counts are presented in the right barplot. Stars (✩) indicate samples from which 297 
Methanobrevibacter sp. were successfully isolated. The plot is based on non-normalized data. 298 
 299 
 300 



 

 301 

Supp. Fig. X5. Ratio between archaeal and bacterial reads in the samples of our study cohort. In general, 302 
HE show a higher A/B ratio compared to LE. 303 

 304 
 305 

 306 



 

Methanogen states are embedded within distinct fermentative 307 

microbiomes  308 

To determine whether different Methanobrevibacter states represent broader ecological 309 

configurations, we examined bacterial community structure across methane phenotypes and 310 

dominant methanogen states. Consistent with previous observations 4, ܧܪ microbiomes 311 

showed a significantly higher microbial diversity than ܧܮ, reflecting a more complex and 312 

metabolic versatile ecosystem (Supp. Fig. X6a). Although overall microbial community 313 

composition overlapped, microbiomes remained significantly segregated by 314 ݉𝑒ݐℎ𝑎݊𝑒 ݌ℎ𝑒݊݌ݕݐ݋𝑒 (Supp. Fig. X6b).  315 

Stratification by ܯ𝑒ݐℎ𝑎݊ݎܾ݋𝑒ܾ݅ݒ𝑎ܿݐ𝑒ݐݏ ݎ𝑎ݐ𝑒ݏ (݌ݏܯ ,݅ܯ ,ݏܯ and ܰ݋) revealed similar patterns. 316 ݏܯ and ݅ܯ states showed a significantly higher Shannon diversity than ݌ݏܯ and ܰ݋, driven by 317 

increases in both richness and evenness (Fig. 4a). Community composition also separated 318 

according to archaeome state, with ݏܯ and ݅ܯ states more similar to each other than to 319 ݌ݏܯ 

and ܰ݋ communities (Fig. 4b). 320 

Differential abundance analysis identified distinct bacterial signatures associated with these 321 

states. As expected, M. smithii and M. intestini were the strongest discriminants of the 322 -݅ܯ/ݏܯ 

associated microbiome (ݍ = ݍ and 10−10ݔ 1.42 =  respectively; MaAsLin2), 323 ,7−10ݔ 4.75

whereas M. sp900766745 was associated with the ݌ݏܯ-state (ݍ = 0.0007) (Fig. 4c and 4d; 324 

Supp. Tab. 04). At higher taxonomic levels, ݅ܯ/ݏܯ were primarily enriched in members of 325 

Christensenellales (12.7% of the ݅ܯ/ݏܯ-associated species; ݍ = 0.0001) and Oscillospirales 326 

(50.8% of the ݅ܯ/ݏܯ-associated species; ݍ = 0.024), bacterial groups that account for the top 327 

7 bacterial orders and include many fiber-degrading and butyrate-producing lineages, 328 

generating acetate, butyrate, and H2/formate 3,26,27. In contrast, ݌ݏܯ was predominantly 329 

enriched in Lachnospirales (42.7% of the LE-associated species, ݍ = 0.27) and Bacteroidales 330 

(24.7% of the LE-associated taxa, ݍ = 0.026) (Fig. 4d and 4f), taxa that frequently favor 331 

saccharolysis via reduced organic end products (e.g., butyrate, lactate, succinate) or 332 

propionate pathways with lower net H2 output compared to acetate, or H2-recapturing 333 

strategies (e.g., flavin-based electron bifurcation, fumarate reduction) 14. Similar compositional 334 

differences were observed when communities were stratified directly by ݌ 4ܪܥℎ𝑒݊݌ݕݐ݋𝑒 335 

(Supp. Fig. X6c and X6d). 336 

Microbial association networks further supported distinct ecological organization of the 337 

archaeome states. M. smithii and M. intestini occupied partially overlapping networks within 338 

the ܧܪ microbiomes with associations centered on Oscillospirales and Christensenellales 339 

(Supp. Fig. X6e). 340 



 

In contrast, M. sp900766745 formed a small and peripheral network in ݏܧܪ but was centrally 341 

positioned within the largest archaeal-bacterial networks within the ݏܧܮ, enriched in 342 

Bacteroides (Supp. Fig. X6e). These contrasting network structures suggest that the three 343 

Methanobrevibacter lineages occur within different microbial interaction contexts.  344 

Because substrate availability may influence these community configurations, we next 345 

examined dietary intake. Of 142 quantified nutrients, only vitamin B3 differed significantly 346 

among individuals classified by dominant Methanobrevibacter state, and no dietary variable 347 

consistently distinguished the three states. Correlation analyses nevertheless identified 348 

positive associations between M. smithii, M. intestini and the ܧܪ state and several 349 

carbohydrate and vitamin intakes (glucose, fructose; particularly B-group vitamins and vitamin 350 

C), whereas M. sp900766745 and ܧܮ individuals displayed inverse associations, particularly 351 

with grain-derived nutrients and glycogen (Fig. 4f, Supp. Tab. 05). Dietary variables, however, 352 

did not explain the overall microbiome variation (Fig. 4g).  353 

These results indicate that ݉𝑒ݐℎ𝑎݊𝑒 ݌ℎ𝑒݊݌ݕݐ݋𝑒ݏ are associated with distinct fermentative 354 

ecosystems. ܧܪ microbiomes are characterized by diverse bacterial communities enriched in 355 

hydrogen-generating fermentative taxa that support M. smithii and M. intestini-associated 356 

syntrophy, whereas ܧܮ microbiomes represent a lower-diversity, distinct ecological state 357 

associated with M. sp900766745 and alternative microbial interactions.  358 

 359 

 360 

 361 



 

 362 

Figure 4. Methanobrevibacter states come with a different microbial community. a. Alpha diversity across 363 
the identified Methanobrevibacter states. b. Beta diversity c. and d. Most and top 20 discriminative microbial 364 
species between Ms/Mi and Msp states. e. Bacterial composition at order level found within the Methanobrevibacter 365 
states. f. Dietary variables found to be significantly different with one of the three dominating Methanobrevibacter 366 
species (* p-value < 0.05, ** p-value < 0.01, *** p-value < 0.001; see also Supp. Tab. 05). g. No dietary variable 367 
was able to explain variations in microbiome composition. Variables shown here found to be significantly different 368 
when correlated with CH4 level, age, alpha diversity, or Methanobrevibacter sp. (Spearman correlation) or emitter 369 
status (Mann-Whitney U/t-test); only variables marked in green could explain variations in the microbiome. 370 
Methanobrevibacter states: “No”: Samples in which the overall normalized archaeal reads accounted for <0.01% 371 
of the total microbial reads were classified as having no detectable archaeal signal (19/66 samples). Ms, Mi and 372 
Msp; Methanobrevibacter species: M. smithii, M. intestini, Msp900766745. 373 



 

 374 

Supp. Fig. X6. Gut microbiome of HE and LE differs in diversity and bacterial partners. a. Alpha diversity of 375 
HE samples was significantly higher compared to LE. (Shapiro-Wilk: Shannon = 0.013; Richness = 0.030; 376 
Evenness = 0.009; Mann Whitney U q-value: Shannon = 9.39E-06; Richness = 3.55E-06; Evenness = 2.13E-05) 377 
b. Microbial communities of the CH4 emission phenotypes were overlapping but not completely separated (beta 378 
diversity; nonSRS data; Permanova - p-value: 0.004) c. Differential abundance analysis shows several microbial 379 
taxa that are significantly associated with one or the other CH4 emission phenotype. (ALDEx2: q-value and diff.btw). 380 
d. Differential abundance analysis of the top 20 taxa associated with either HE or LE. M. sp900766745 does not 381 
show up in the list of the top 20, however, was still significantly associated with LE. (ALDEx2: q-values; clr-382 
transformed data). e. Microbial networks around the three most discriminative archaeal taxa built on HE and LE 383 
data, respectively(shotgun, species level; grey lines: negative correlation; black lines: positive. correlation) f. No 384 
dietary variable could explain the differences in the microbial communities between the two CH4 emission states. 385 
 386 



 

Comparative genomics reveals metabolic specialization among human 387 

gut Methanobrevibacter lineages  388 

 389 

To investigate the genomic basis underlying the distinct ecological niches of the three 390 

dominant Methanobrevibacter lineages, we compared their genomic repertoires and predicted 391 

metabolic capacities. Metagenomic assembly recovered two high-quality M. smithii genomes 392 

and one M. intestini genome, together with 176 high-quality bacterial metagenome-assembled 393 

genomes (MAGs; completeness ≥95%, contamination ≤5%), predominantly affiliated with 394 

Clostridia (102 MAGs) and Bacteroidia (28 MAGs) (Fig. 5a; Supp. Fig. X7; dereplicated 395 

Methanobrevibacter MAGs can be found here: PRJEB127146). No MAGs of M. sp900766745 396 

were recovered. To comparative analyse, we therefore selected 10 representative genomes 397 

per Methanobrevibacter lineage, prioritizing isolate genomes where available and 398 

complementing these with high-quality MAGs (0% contamination; mean completeness 99.5%; 399 

Supp. Tab. 06).  400 

The three lineages shared a conserved metabolic core but differed substantially in genome 401 

architecture and predicted substrate utilization. M. sp900766745 had the smallest median 402 

genome size (1.64 Mbp), compared with M. intestini (1.85 Mbp) and M. smithii (1.77 Mbp) 403 

(Supp. Tab. 06a). 404 

Transporter predictions identified conserved capacities for uptake of amino acids and amino 405 

acid derivatives, consistent with the importance of host- and microbiome-derived organic 406 

substrates for gut-associated methanogens (Mohammadzadeh et al., 2026). In contrast, M. 407 

sp900766745 lacked several transport systems broadly conserved in M. smithii and M. 408 

intestini, including predicted uptake systems for glycerol, guanosine, nitrite, cyanate, uracil, 409 

thiamine, folate and heme. It also uniquely encoded predicted GABA uptake, while 6/10 410 

genomes encoded a maltose transporter (Fig. 5b; Supp.Tab. 06b-d). The reduced predicted 411 

uptake of nucleosides and other components in M. sp900766745 suggests a lower reliance 412 

on scavenging these metabolites from the gut environment, potentially reflecting greater 413 

metabolic self-sufficiency.  414 

Differences were particularly pronounced in methanogenic substrate flexibility. M. smithii and 415 

M. intestini retained reactions associated with methyl compound utilization, M. sp900766745 416 

lacked multiple methyltransferase reactions involved in methanol and methylated cofactor 417 

utilization, including methanol-specific methyltransferase components (MtaA/B/C) and 418 

methylated MtbC, MtmC and MttC processing reactions (Fig. 5c; Supp. Tab. 06e-g). 419 

Nevertheless, all three lineages retained the essential enzymes required for hydrogenotrophic 420 

methanogenesis from CO₂ or formate using H₂ as electron donor (Fig. 5c).  421 



 

Central carbon metabolism was highly conserved among all three lineages. Genes involved 422 

in gluconeogenesis, the pentose phosphate pathway and the incomplete TCA cycle were 423 

present across Methanobrevibacter genomes (exemplarily shown in Supp. Fig. X8a), 424 

consistent with acetate serving primarily as a carbon source for biomass production rather 425 

than energy generation 16. Stable-isotope probing confirmed that acetate was incorporated 426 

into archaeal biomass: isolates of M. smithii (from sample P31) and M. intestini (from sample 427 

P45) actively expressed methanogenesis-associated genes and produced methane. 428 

Following incubation with uniformly 13C-labelled acetate, isotope incorporation was detected 429 

in anabolic products including amino acids (alanine, glutamate and aspartate), nucleotide-430 

associated metabolites (glycine and serine), and archaeal membrane lipid precursors such as 431 

glycerol-3-phosphate (Fig. 5d; Supp. Fig. X8b). Add some graphs showing 13C-incorporation 432 

as a supplementary figure? 433 

Genome-scale metabolic modeling revealed a highly conserved metabolic core across the 434 

analyzed Methanobrevibacter strains. All reconstructed models predicted uptake of inorganic 435 

nutrients and central carbon and nitrogen sources, including H2, CO₂, phosphate, ammonia, 436 

glucose, acetate, sulfate, methionine, urea, and oxalate, together with the production of 437 

methane, formaldehyde, and hydrogen sulfide (Supp. Tab. 06h). However, M. sp900766745 438 

displayed several lineage-specific features, including predicted dependence on L-439 

phenylalanine uptake, absence of methylsulfide utilization and lack of predicted methanethiol 440 

production. In addition, this lineage lacked polyphosphate kinase and exopolyphosphatase 441 

reactions, even under relaxed annotation thresholds (Supp. Tab. 06e), suggesting altered 442 

phosphate storage and stress-response capacities. The absence of formate hydrogenlyase-443 

associated reactions further indicated differences in electron transfer flexibility. Conversely, 444 

M. sp900766745 uniquely encoded acetylornithine deacetylase, suggesting divergence in 445 

ornithine and arginine metabolism.  446 

Flux balance analysis further predicted lower median growth rates and reduced biomass 447 

production for M. sp900766745 compared with M. smithii and M. intestini (Supp. Tab. 06h 448 

and 06i). 449 

Collectively, these comparative analyses suggest that M. sp900766745 represents a 450 

metabolically specialized Methanobrevibacter lineage characterized by reduced substrate 451 

flexibility, particularly for methyl compound utilization, combined with distinct adaptations in 452 

nutrient acquisition and nitrogen metabolism.  453 



 

 454 
Figure 5. Similar yet distinct energy and biomass metabolism, and transporter capacities predicted from 455 
metagenomes and supported by experimental data. a. Metagenomic assembled genomes (MAGs) found in the 456 
shotgun data after quality filtering (completeness >95; contamination < 5). Circle size represents the number of 457 
MAGs retrieved for each taxonomic class, with larger circles indicating a greater number of MAGs. b. Predicted 458 
substrate transporters across Methanobrevibacter species. Heatmap showing the relative abundance of predicted 459 
substrate-specific transporter genes across three Methanobrevibacter species groups (10 representative genomes 460 
per species). left: Rows correspond to transported substrates and are grouped by substrate type. For some 461 
substrates, more than one transporter was predicted; for full details, please see Supp. Tab. 06. i) Values represent 462 
row-wise z-score scaled mean transporter abundances calculated from presence-absence profiles of individual 463 
genomes within each species group (blue to red color scale indicates low to high relative abundance). ii) Right-464 
hand bar annotations indicate transporter presence frequency per species group, defined as the fraction of 465 
genomes encoding at least one transporter for the given substrate. Bars are shown separately for each species 466 
group, with full-length bars indicating universal presence and shorter bars indicating partial occurrence within the 467 
species. c. Methanogenesis substrates and pathways identified in three Methanobrevibacter species based on 468 
retrieved MAGs and representative genomes (10 genomes per species). d. 13C-Acetate tracer experiment in 469 
monocultures of M. smithii and M. intestini isolates. 470 
 471 



 

 472 

Supp. Fig. X7. Quality of retrieved MAGs of the shotgun data. Two complementary bioinformatic approaches, 473 
the metagenome-atlas and nextflow workflows, were used to recover MAGs. However, the Nextflow pipeline was 474 
applied only to reads mapped to the M. intestini reference genome. Only MAGs with >95% completeness and <5% 475 
contamination are shown.  476 
 477 

 478 



 

 479 
Supp. Fig. X8. Central carbon metabolism was highly conserved among all three lineages. a. Central carbon 480 
metabolism highlighting enzymes identified in genomic and metatranscriptomic data. Metabolites that differed 481 
significantly between Methanobrevibacter states based on metabolomic analysis are indicated by colored boxes 482 
and asterices. * p-value < 0.05, ** p-value < 0.01, *** p-value < 0.001 b. Stable isotope tracing with 13C2-acetate in 483 
M. intestini and M. smithii. Isotopologue fractions of metabolites in M. smithii and M. intestini after tracing with 10 484 
mM 13C2-acetate for 26 hours (n = 3). Samples were analyzed by gas chromatography-mass spectrometry. OAA, 485 
oxalocetate; PEP, phosphoenolpyruvate; Glycerol-3P, glycerol-3-phopshate; α-KG, α-ketoglutarate; 2 PG, 2-486 
phosphoglycerate; 3 PG, 3-phosphoglycerate; 1,3 PG, 1,3-bisphosphoglycerate; GAP, glyceraldehyde 3-487 
phosphate; F1,6P, fructose 1,6-bisphosphate; F6P, fructose 6-phosphate; G6P, glucose 6-phosphate; PRPP, 5-488 
phosphoribosyl-1-pyrophosphate. 489 
 490 

491 



 

Low methane emitters are characterized by incomplete fermentation and 492 

lower microbiome activity  493 

To determine whether the distinct Methanobrevibacter lineages identified above also differ in 494 

their functional impact on the gut ecosystem, we integrated stool metabolomics with 495 

community-wide metatranscriptomics.  496 

Untargeted stool metabolomics demonstrated clear distinct metabolic profiles across 497 

archaeome states (Supp. Data. 06). Communities dominated by M. smithii (ݏܯ) and M. 498 

intestini (݅ܯ) contained significantly higher concentrations of metabolites associated with 499 

advanced anaerobic carbon metabolism, aromatic amino acid degradation and nucleotide 500 

turnover, including fumaric acid (ݏܯ: q = 0.011; ݅ܯ: q = 0.006), deoxyuridine (ݏܯ: q = 0.014) 501 

and aspartic acid (ݏܯ: q = 0.028). In contrast, archaeomes dominated by M. sp900766745 502 

 contained higher levels of comparatively unprocessed substrates, including glucose 503 (݌ݏܯ)

 suggesting 504 ,(Fig. 6a; Supp. Tab. 07) (q = 0.013 :݌ݏܯ) and asparagine (q = 0.032 :݌ݏܯ)

reduced downstream microbial substrate conversion. The measured short-chain fatty acids 505 

(SCFAs), including acetic, butyric, and propionic acid, did not differ significantly between 506 

groups. However, the relative proportions of individual SCFAs showed trends for butyric 507 

(↑Msp) and propionic acid (↓Msp) (Supp. Fig. X9) 508 

To link these functional capacities and metabolite patterns to active microbial processes in 509 

stool samples, we next profiled community-wide gene expression using stool 510 

metatranscriptomics (Supp. Data 05). Differentially abundant transcripts were primarily 511 

associated with two major functional categories: energy metabolism and genetic information 512 

processing, with the largest transcriptional shifts observed in ݅ܯ-associated communities (Fig. 513 

6b-d).  514 

Given the central role of methanogens as hydrogen sinks, we specifically examined transcripts 515 

involved in hydrogenotrophic methanogenesis and electron transfer. Specifically, Mi and Ms 516 

states were dominated by methanogenesis-involved transcripts tied to H2 oxidation and 517 

downstream electron flow particularly oxidoreductases (e.g., frh) and electron transport-518 

associated proteins, including multiple dehydrogenases (e.g., fwd, fdh) and reductase families 519 

(e.g., hdr) - indicating strong hydrogenotrophic flux from H2 to CH4 (Fig. 6b; Supp. Tab. 08). 520 

These genes collectively catalyze hydrogen oxidation, electron transfer and the final reduction 521 

steps leading to methane formation, indicating increased hydrogenotrophic flux in the high-522 

methane-associated archaeome states.  523 



 

Importantly, core methanogenesis genes were detected across all phenotypes, demonstrating 524 

that the canonical methane-producing pathway is broadly conserved in vivo. Instead, the key 525 

differences were observed in supporting redox and energy-transduction transcripts that 526 

regulate H2 uptake, electron bifurcation, and overall efficiency of CH4 production under varying 527 

environmental conditions/in different microbial communities (Fig. 6b, Supp. Tab. 08). 528 

Beyond energy metabolism, ݅ܯ-associated communities also exhibited higher expression of 529 

genes involved in genetic information processing, as well as signaling, motility and 530 

transporter transcripts (e.g., flagellar proteins, pili-associated proteins and multiple 531 

transporter families; ribosomal proteins, transcription-associated factors and DNA replication 532 

and repair proteins) (Fig. 6b). These differences are consistent with a greater overall 533 

biosynthetic and cellular activity. Although these pathways are universally required for cellular 534 

function, their increased expression suggests elevated overall biosynthetic activity within 535-݅ܯ 

associated communities rather than pathway-specific metabolic specialization. In contrast, 536 

transcripts associated with the incomplete TCA cycle were not differentially expressed 537 

between archaeome states (Supp. Tab. 08), supporting a broadly conserved central metabolic 538 

backbone. 539 ݌ݏܯ-associated communities exhibited no differentially abundant transcripts, supporting the 540 

view that this archaeome state represents a metabolically less active ecosystem characterized 541 

by reduced hydrogen turnover and shallower fermentation (Fig. 6d; Supp. Tab. 08). 542 

Together with the metabolomic profiles, these results indicate that the three 543 

Methanobrevibacter states correspond to distinct functional configurations of the gut 544 

microbiome. Ms and ݅ܯ states are associated with greater hydrogenotrophic methanogenic 545 

activity and more extensive downstream substrate conversion, whereas the ݌ݏܯ state is 546 

characterized by accumulation of residual substrates and lower detectable community-wide 547 

transcriptional activity.  548 

 549 

 550 

 551 



 

 552 



 

Figure 6. M. intestini and M. smithii states differ from Msp state in metabolomic and metatranscriptomic 553 

profile. a. Correlation between stool metabolites and Methanobrevibacter species (spearman correlation). b. 554 

Significant different transcripts between Methanobrevibacter states (MaAsLin2). c. Significant differences based 555 

on archaeal relative abundance (MaAsLin2). d. Overview on the amount of significantly different transcripts 556 

between the three Methanobrevibacter states (metatranscriptomics data normalized by count per million and log 557 

transformed). 558 

 559 

 560 
 561 
Supp. Figure X9. SCFA ratios between the Methanobrevibacter states. Ratios of acetic, butyric, and propionic 562 
acid concentrations across Methanobrevibacter states calculated from the mean metabolite concentrations for each 563 
Methanobrevibacter state. 564 

 565 

 566 



 

DISCUSSION 567 

 568 

The gastrointestinal ecosystem is shaped by numerous host factors, including intestinal 569 

transit, diet, immune interactions and the mucus layer, together with the metabolic activities 570 

and interactions of its resident microorganisms 28–31. We were interested in gaining deeper 571 

insights into the inter-individual differences of methane-production within the colon, and 572 

analyzed the species-level contribution of different methanogenic archaea, and put this in 573 

context with the host- and bacterial environment. For a long time, gut methane production has 574 

been attributed predominantly to M. smithii, considering that the gut methanogens form a 575 

functionally homogenous group and that genus-level abundance is sufficient to explain 576 

variations in methane emission via breath. Here we show that three different, recurrent 577 

Methanobrevibacter states, characterized by a dominance of three different species (i.e., M. 578 

smithii, M. intestini 23, and uncultivated M. sp900766745 24 are associated with variation in 579 

methane and hydrogen phenotypes, bacterial community structure and levels of microbial 580 

activity, with influence on the entire gut ecosystem. 581 

The previously less considered M. sp900766745 predominated in methane-low emitters (LE; 582 

Msp state), but interestingly persisted at low abundance also in high-emitter (HE) individuals, 583 

which were usually predominated by M. smithii (Ms state) or M. intestini (Mi state). 584 

Comparative genomics revealed a conserved metabolic core of hydrogenotrophic 585 

methanogenesis across the three lineages, but a more restricted substrate-acquisition and 586 

metabolic repertoire for M. sp900766745. Most notably, this lineage lacks methylotrophic 587 

capacities, which may have consequences beyond methane production as methylated 588 

compounds can connect methane metabolism to host-associated metabolic pathways. M. 589 

smithii has been reported to consume trimethylamine (TMA) and reduce TMAO 590 

(trimethylamine N-oxid) levels in mice and humans by this activity 32–34. Given the association 591 

of TMA and TMAO with cardiovascular risk and epithelial damage (e.g., inflammation, mucosal 592 

damage) in the colon and rectum, links its presence to potentially beneficial host effects 32,35,36. 593 

This is further in agreement with the predicted L-carnitine and crotonobetaine transporters for 594 

M. smithii.  595 

Genomic features further point to niche-specific adaptation of M. sp900766744. It encodes a 596 

predicted γ‑aminobutyric acid (GABA) transporter absent from the other species’ genomes. In 597 

gut microbes, GABA cycling supports acid-stress tolerance by consuming intracellular protons 598 

37–39. Together with other genome peculiarities, such as additional predicted transporters for 599 

carbohydrates which are usually depleted in distal colon (dependent on fiber intake)40, we 600 

predict that M. sp900766745 is rather adapted to small intestinal regions or the proximal colon, 601 

and does not share an ecological niche with M. smithii and M. intestini. 602 



 

The apparent absence of M. sp900766745 from our cultivation collection and its low 603 

abundance in some high-methane samples also highlight an important limitation of stool-604 

based profiling. Stool predominantly samples the distal luminal compartment and may 605 

underrepresent organisms associated with the mucosa or more proximal gastrointestinal 606 

regions 41,42. Direct sampling along the gastrointestinal tract will be required to test this 607 

assumption.  608 

Given its distinct genomic characteristics and species-level divergence from other 609 

Methanobrevibacter lineages (ANI 79.03% to M. smithii and ANI 78.99% to M. intestini 43), we 610 

propose the name ‘Candidatus Methanobrevibacter hominipaucus sp. nov.' (ho.mi.ni.pau’cus; 611 

L. n. homo -inis, a human being; L. adj. paucus, few/small numbers; N.L. masc. adj. 612 

hominipaucus, in small numbers in humans; representative genome: MGYG-HGUT-00522). 613 

Gastrointestinal transit provides a plausible link between host physiology to the observed 614 

methanogen states. Multiple studies have consistently associated higher methane emission 615 

with slower gastrointestinal transit and constipation phenotypes 8,44–47, whereas shorter transit 616 

has been associated with less efficient microbial fermentation 28,48. Our data support these 617 

associations: high-emitting Ms/Mi states were characterized by lower stool frequency and 618 

firmer stools, whereas LE, Msp states were associated with higher stool frequency and softer 619 

stools. Longer residence times increase the opportunity for sequential microbial metabolism 620 

and may sustain the availability of substrates and H₂ for hydrogenotrophic methanogens 28,48. 621 

Consistent with this interpretation, Ms/Mi communities showed higher expression of 622 

methanogenesis-associated genes, and M. intestini was associated with lower breath H₂ than 623 

M. sp900766745, suggesting more effective H₂ removal in the former or less H2 demand in M. 624 

sp900766745. The higher growth rates observed for M. intestini compared with M. 625 

sp900766745 may further indicate more efficient coupling between H₂ availability and 626 

methanogenic energy conservation. 627 

Transit time can also alter the temporal and physicochemical conditions under which microbial 628 

metabolism occurs. Along the gastrointestinal tract, complex carbohydrates and other 629 

substrates are progressively fermented to SCFAs, which are subsequently absorbed 49,50. 630 

Further distally, readily fermentable carbohydrates and free SCFAs become less abundant, 631 

while amino acid fermentation becomes increasingly important and generates more alkaline 632 

metabolites, contributing to a transition from relatively acidic toward neutral or mildly alkaline 633 

conditions 51,52. 634 

Faster transit may interrupt this sequence, by increasing the delivery and retention of 635 

incompletely processed substrates while reducing the time available for microbial cross-636 

feeding and host absorption 51. It may consequently alter the supply of CO2 and H2 available 637 

https://www.ncbi.nlm.nih.gov/datasets/genome/GCA_902463315.1/


 

for hydrogenotrophic methanogenesis. The elevated breath H₂ and accumulation of glucose 638 

and other incompletely processed substrates observed in Msp-dominated states are 639 

consistent with such reduced downstream substrate conversion, whereas the increased M. 640 

smithii and M. intestini abundance and their activity towards the distal colon is compatible with 641 

an environment in which prolonged microbial processing has depleted alternative substrates 642 

while maintaining fermentation 53. 643 

The three archaeal states were accompanied by distinct bacterial communities, indicating that 644 

species-resolved methanogen composition is embedded within a broader microbiome 645 

configuration. Msp-associated communities contained several taxa characteristic of 646 

saccharolytic metabolism, including Lachnospirales, Bacteroides and Eubacterium species 647 

These organisms rapidly ferment carbohydrates to SCFAs, while limited residence time and 648 

incomplete cross-feeding may restrict subsequent conversion and absorption 29,48,49. 649 

Acidification can favor butyrate-producing organisms, including Eubacterium, 650 

Faecalibacterium and Roseburia, whereas propionate production may be comparatively 651 

reduced under more acidic conditions and slower transit 48,54. Consistently, the relative 652 

propionate fraction was higher in Ms and Mi than in Msp, reflected in ratios of 1:0.902:0.878 653 

(Mi:Ms:Msp). These measurements align with differences in the fermentation environment, 654 

although fecal SCFA ratios alone cannot determine luminal pH. 655 

In contrast, the slower transit characteristic of Ms and Mi states coincided with enrichment of 656 

fiber-degrading Bacillota (formerly Firmicutes), including Oscillospirales, particularly 657 

Ruminococcaceae, and Christensenellales, which have been repeatedly reported to co-occur 658 

with Methanobrevibacter 4,9. In the presence of M. smithii, Christensenellales can release CO₂, 659 

H₂ and formate during degradation of resistant starches and complex polysaccharides and 660 

have been associated with a shift in SCFA production from butyrate toward acetate 3,55. Ms/Mi-661 

associated Enterobacteriales likewise produce acetate, together with formate and other 662 

fermentation products 56. The resulting acetate-rich fermentation environment is consistent 663 

with the importance of acetate as a carbon source for Methanobrevibacter biomass formation 664 

16. 665 

Our experimental data provide a direct biochemical link between this bacterial fermentation 666 

output and archaeal metabolism. 13C2-acetate tracing demonstrated incorporation of acetate 667 

57 into multiple metabolites in M. smithii and M. intestini isolates, while metabolic reconstruction 668 

identified acetate utilization capacity across all three Methanobrevibacter lineages. Thus, 669 

acetate produced during bacterial fermentation represents an important carbon source directly 670 

supporting archaeal biomass formation and provides a functional connection between 671 

community-level fermentation and methanogen growth. 672 



 

The SCFA patterns are further compatible with pH-controlled fermenter studies showing that 673 

butyrate predominates at pH 5.5, whereas the acetate:butyrate ratio reverses around pH 6.5 674 

54. In our cohort, the fecal butyrate ratio between the groups was indeed higher in the Msp 675 

state compared to Mi and Ms (1:0.991:1.228), consistent with greater relative butyrate 676 

production under the putatively more acidic Msp fermentation regime. However, fecal SCFA 677 

concentrations represent the balance between production and epithelial absorption and 678 

capture only a fraction of the total colonic SCFA pool 57. These measurements therefore 679 

provide evidence for differences in fermentation output but cannot by themselves resolve the 680 

spatial or pH gradients underlying them. 681 

Differences in fermentation output were accompanied by broader differences in substrate 682 

turnover, suggesting that the methanogen states may represent different depths of anaerobic 683 

metabolism. Slower transit in Ms and Mi states provides additional time for sequential 684 

carbohydrate utilization and subsequent metabolism of alternative substrates, including amino 685 

acids. From a thermodynamic perspective, hydrogenotrophic methanogens, sulfate-reducing 686 

bacteria (SRB) and reductive acetogens can maintain low H₂ partial pressures, allowing 687 

otherwise unfavorable H₂-producing reactions to proceed 58,59. Efficient hydrogen disposal 688 

may therefore facilitate continued fermentation and increase the extent to which complex 689 

substrates are progressively degraded. 690 

Several observations are consistent with such a shift in Ms and Mi-associated ecosystems. 691 

High-CH₄ microbiomes and our Ms/Mi states showed signatures of increased protein turnover 692 

and aromatic amino acid metabolism, together with enrichment of secondary protein 693 

degraders such as Peptostreptococcales (Anaerovoracaceae), and Enterobacteriales, of 694 

which some have been shown to convert amino acids and proteolysis products into acetate, 695 

butyrate, ammonia and other metabolites 50,60. These findings suggest that prolonged 696 

microbial processing may extend beyond carbohydrate fermentation toward increased protein 697 

fermentation once readily available carbohydrates become depleted. The potential 698 

physiological relevance is notable because products of protein fermentation, including 699 

ammonia, phenol and p-cresol, have been associated with adverse effects on colonic epithelial 700 

cells 61–63. Thus, the association between slow transit, high methane emission and Ms/Mi 701 

states may represent a broader metabolic configuration characterized by more extensive 702 

downstream substrate conversion, including proteolysis. Whether this shift is driven primarily 703 

by methanogen-mediated hydrogen removal, prolonged transit, bacterial community 704 

composition, or their combination remains unresolved. 705 

The contrasting Msp state provides a complementary model. Its reduced activity for hydrogen-706 

dependent methanogenesis and association with higher breath H₂ are consistent with lower 707 



 

hydrogen-consuming capacity. Elevated H₂ could constrain some hydrogen-producing 708 

reactions and contribute to the accumulation of incompletely processed substrates observed 709 

in Msp-dominated individuals. Alternative electron sinks may consequently become more 710 

important. The association with acetogens such as Blautia is consistent with this possibility, 711 

as reductive acetogenesis redirects reducing equivalents toward acetate rather than methane. 712 

Methanogenesis generally provides a greater energetic yield than acetogenesis under 713 

favorable H₂ concentrations and can therefore competitively exclude acetogens when efficient 714 

hydrogenotrophic methanogens such as M. smithii are abundant 58,64–66. Nevertheless, our 715 

data do not establish a causal hierarchy in which reduced methanogenesis directly produces 716 

the Msp bacterial community. Rather, they support a model in which alternative hydrogen 717 

sinks contribute to, and potentially stabilize, distinct fermentation states. 718 

The positive sample-level association between Ms/Mi states and SRB, including 719 

Desulfovibrionaceae, provides an additional indication that hydrogen metabolism may be 720 

organized spatially along the gut. This association should not be interpreted as evidence for 721 

relaxed competition or local cohabitation within the same microniche. Instead, it may reflect 722 

longitudinal metabolic partitioning: H2 and CO2 production increases toward the distal colon 723 

by bacterial fermentation, providing a potential substrate for hydrogenotrophic taxa. However, 724 

SRB can also use organic electron donors such as lactate, ethanol, pyruvate, etc., so their 725 

distribution isn't determined by H₂ alone 67, whereas methanogens may become more 726 

competitive distally as they rely on H₂ and use CO2 16,59,68. Moreover, under sulfate limitation, 727 

one gut SRB, namely Desulfovibrio vulgaris, can ferment organic acids and alcohols to H₂, 728 

and CO₂ in bioreactors 69,70
, potentially functioning also in the gut as upstream producers rather 729 

than hydrogen sinks. The observed co-association could therefore represent a spatial and 730 

metabolic relay, in which proximal fermentation and sulfate reduction generate substrates that 731 

support distal hydrogenotrophic methanogenesis, rather than direct ecological cohabitation. 732 

Taken together, the genomic, physiological and community-level observations support a 733 

model, in which Methanobrevibacter lineages occupy partially distinct ecological niches along 734 

the gastrointestinal tract. Msp combines a restricted metabolic repertoire, distinctive 735 

carbohydrate transport capacity, a predicted GABA transporter, elevated H₂ and low methane 736 

emission, whereas Ms and Mi show greater methanogenic activity, broader substrate 737 

utilization and stronger associations with fiber-degrading and acetate-producing bacterial 738 

communities. These features are consistent with different physicochemical and substrate 739 

regimes along the gastrointestinal tract, potentially shaped by transit, pH, substrate depletion 740 

and competing electron sinks. 741 



 

We emphasize, however, that spatial partitioning remains a hypothesis rather than a 742 

demonstrated property of the three lineages. Our primary measurements were obtained from 743 

stool and therefore predominantly represent the distal luminal community. Likewise, fecal 744 

SCFA profiles provide an integrated endpoint of production and absorption rather than direct 745 

measurements of local fermentation or pH. Direct sampling of mucosal, small-intestinal, 746 

proximal and distal colonic communities, ideally combined with spatially resolved 747 

measurements of H₂, pH, SCFAs and substrate availability, will be required to test whether 748 

the three Methanobrevibacter states correspond to distinct anatomical niches. Such studies 749 

may also determine whether low stool abundance of Msp reflects genuinely low population 750 

size or preferential localization outside the sampled compartment. 751 

Several limitations should be considered. Although the cohort was carefully phenotyped and 752 

sampling and bioinformatic procedures were standardized, its size and clinical heterogeneity 753 

limit the resolution with which host factors can be separated from microbial effects. Dietary 754 

information likewise does not capture all habitual exposures, including potentially relevant 755 

supplementation, and residual dietary variation may contribute to differences in microbial 756 

composition and activity. More fundamentally, most ecological associations were derived from 757 

cross-sectional stool samples and therefore cannot establish temporal relationships or 758 

causality between transit, methanogen composition, bacterial community structure and 759 

methane production. 760 

The functional interpretation of M. sp900766745 is also necessarily more tentative than that 761 

of M. smithii and M. intestini. Its metabolic properties were inferred primarily from genome-762 

resolved analyses because we were unable to obtain an isolate. Isolation and cultivation will 763 

therefore be an important next step for experimentally testing its predicted substrate 764 

dependencies, methylotrophic deficiency, hydrogen metabolism and response to pH or GABA 765 

availability. Defined co-cultures and synthetic communities could further establish whether 766 

differences in H₂ transfer, acetate exchange and competition with alternative electron sinks 767 

are sufficient to reproduce the observed ecosystem states. Finally, spatially resolved sampling 768 

and host-associated experimental systems, including intestinal organoids, could determine 769 

whether species-specific methanogen metabolism alters epithelial responses or other host 770 

phenotypes. 771 

  772 

Conclusion 773 

Our findings expand the interpretation of human gut methane production from a measure of 774 

methanogen abundance to a species-resolved ecological phenotype. Three recurrent 775 

Methanobrevibacter states were associated with distinct host transit characteristics, bacterial 776 



 

fermentation communities, hydrogen phenotypes, genomic capacities and levels of microbial 777 

activity. The convergence of these observations suggests that hydrogen availability provides 778 

an important ecological link between host physiology, bacterial fermentation and archaeal 779 

metabolism: fermentation generates H₂, methanogens consume it, and the resulting hydrogen 780 

balance can influence the thermodynamic landscape and depth of anaerobic carbon turnover. 781 

More broadly, methane emission may therefore serve as a non-invasive readout of alternative 782 

configurations of the gut microbial ecosystem. Species-level resolution is essential to this 783 

interpretation, because closely related methanogens can differ substantially in substrate 784 

utilization, hydrogen metabolism and ecological niche. Resolving this previously 785 

underappreciated archaeal diversity provides a basis for understanding how host physiology 786 

and microbial interactions jointly shape methane production and, potentially, broader 787 

metabolic and host-associated phenotypes. 788 

 789 
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Material and Methods (3000 words) 845 

 846 

Cohort and Ethics 847 

Eighty participants, aged 20 to 78 years, with varying health conditions (either healthy or 848 

experiencing gastrointestinal disease and/or symptoms, such as food intolerances, 849 

inflammatory bowel disease or irritable bowel syndrome), were recruited based on their 850 

baseline breath methane (CH₄) levels (≥4 ppm, classified as high CH₄ emitters). Medical 851 

doctors at the State Hospital in Graz, Austria, along with an independent physician in Graz, 852 

Austria, supported the recruitment process.  853 

Each participant provided a stool sample for microbiome analysis, underwent a breath test to 854 

measure CH₄ emissions, and completed a questionnaire covering general information, health 855 

status, and dietary habits (Supp. Tab. 01). Prior to participation, all individuals signed informed 856 

consent. Details on inclusion and exclusion criteria are available in Supp. Tab. 09. The study 857 

received approval from the local ethics committee at the Medical University of Graz, Austria 858 

(EK-Nr: 31-452 ex 18/19). 859 

 860 

 861 

Classification based on methane emission - high and low methane emitters 862 

Breath methane emission of all participants was assessed to group the cohort based on the 863 

methane emission phenotype. Participants with breath CH₄ levels ≥4 ppm were classified as 864 

high CH₄ emitters based on the criteria in 4. Depending on availability, individuals either 865 

performed the test directly using the GastroCH4ECK™ Gastrolyzer (Bedfont Scientific Ltd., 866 

UK) or collected their breath samples in a GastroCH4ECK™ breath bag (Bedfont Scientific 867 

Ltd., UK) for later analysis with the Gastrolyzer device. All measurements were performed 868 

following the manufacturer's instructions. Measured CH₄ emission in parts per million can be 869 

found here: Supp. Tab. 01. 870 

 871 

 872 

Nutritional assessment 873 

Participants’ dietary habits and food intake over the four weeks prior to the study were 874 

evaluated with the validated German Food Frequency Questionnaire (FFQ) from the Robert 875 

Koch Institute 71. Nutrient composition including the average intake of a comprehensive set of 876 

macro- and micronutrients (e.g. fat protein etc.) —as well as dietary diversity indices were 877 

determined using nutrition analysis software based on Austrian food composition databases 878 

72. A complete overview of dietary intake data is available in Supp. Tab. 01. 879 

 880 



 

 881 

Microbial sample pre-processing - collection, DNA, RNA extraction 882 

Participants were asked to collect oral and stool samples. Two stool samples were obtained 883 

from the same sample material. One was collected for anaerobic cultivation with eSwabs™ 884 

(Copan, USA), while the other was used for microbiome profiling (shotgun metagenomics) and 885 

placed in a sterile stool sample container (Sarstedt, Austria), which was filled with ethanol 886 

(DNA/RNA free) to preserve the sample 25. Participants were instructed to return the samples 887 

within 24 hours of collection, keeping them at 4°C. Upon delivery, the samples for anaerobic 888 

cultivation were processed as described previously 25 before being stored alongside the 889 

samples for DNA/RNA extraction and metabolomics analysis at -80°C for future use. 890 

 891 

DNA extraction of the original stool and oral samples was performed using the PureLink™ 892 

Microbiome DNA Purification Kit (Invitrogen, Thermo-Fisher, USA), and RNA extraction (stool) 893 

was performed using the RNeasy PowerMicrobiome Kit (Qiagen Group, Germany), following 894 

the manufacturer's instructions. Extracted DNA and RNA were stored at -80°C until further 895 

use. 896 

 897 

 898 

Shotgun metagenomics - sequencing, data preprocessing (stool samples) 899 

Extracted DNA of the stool samples was sequenced using the NovaSeq 6000 platform 900 

(Illumina, Eindhoven, the Netherlands) in a 2x150bp configuration at Macrogen, Seoul, South 901 

Korea. Libraries were constructed by the company using the TruSeq PCR-Free kit (350bp 902 

insert). Fastq files were received as final output after sequencing. The snakemake workflow 903 

metagenome-atlas (version 2.16.2) was used for quality control (QC), to filter the sequences 904 

and remove human reads (human genome: chm13v2.0) 73. 905 

 906 

Shotgun metagenomics - taxonomic profiling (stool samples) 907 

For taxonomic analysis, the QC sequences were taxonomically classified using Kraken2 908 

(version 2.1.2) with confidence setting 0.1 to retain archaeal sequences and Bracken 909 

(Bayesian Reestimation of Abundance with KrakEN; v2.7, read length 100) for abundance 910 

estimation 74,75. The UHGG database (version 2.0.2) was used for both tools 76. Subsequently, 911 

hierarchical lineage information was incorporated into the sample files using the 912 

"kreport2mpa.py" script, which is publicly available on GitHub 913 

(https://github.com/jenniferlu717/KrakenTools/blob/master/kreport2mpa.py) and feature 914 

tables of all samples were merged (Supp. Data 01). The reads in the final feature table were 915 

https://github.com/jenniferlu717/KrakenTools/blob/master/kreport2mpa.py


 

normalized using SRS with a minimum sampling depth of 7,252,728 reads (Supp. Data 02) 916 

77,78 https://github.com/CME-lab-research/AGAD/ . 917 

 918 

Classification of Methanobrevibacter-dominant states 919 

 920 

Methanobrevibacter-dominant states were defined based on the relative abundance of three 921 

dominant Methanobrevibacter taxa - M. smithii, M. intestini, and M. sp900766745 - in the 922 

shotgun metagenomic data derived from stool. Samples in which the overall normalized 923 

archaeal reads accounted for <0.01% of the total microbial reads were classified as having no 924 

detectable archaeal signal (“No” - 19/66 samples). Among samples with an archaeal signal 925 

≥0.01%, samples were classified according to the dominating Methanobrevibacter taxon of 926 

the combined relative abundance of the three taxa: M. smithii-dominant (Ms - 24/66), M. 927 

intestini-dominant (Mi - 7/66), or M. sp900766745-dominant (Msp - 16/66) (Supp. Tab. 01). 928 

 929 

Shotgun metagenomics - Metagenome-assembled genomes (MAGs) 930 

Two approaches were used to retrieve metagenome-assembled genomes (MAGs). In the first 931 

approach, the focus was on the microbiome data. The previously mentioned snakemake 932 

workflow metagenome-atlas 73 was used to perform metagenome assembly (megahit - 933 

version1.2.9), genomic binning (MetaBAT2 - v2.15; MaxBin - v2.2.7 79 ), refining bins 934 

(DASTool - v1.1.6 80 ), dereplication (dRep - v 3.5.0 43), estimation of quality (CheckM2 - v 935 

1.0.1 81) and taxonomic classification (GTDBtk - v2.3.2 82,83). The second one focused only on 936 

Methanobrevibacter reads and was performed using bowtie2 (v2.4.4) 84 to map shotgun reads 937 

to M. smithii and M. intestini, MAGs of our study and a UHGG reference genome of M. 938 

sp900766745 (UHGG database - v2.0.2: MGYG000000522/Msp900_GCA_902463315) 939 

(https://github.com/CME-lab-research/AGAD/). Subsequently, the Methanobrevibacter-940 

related reads were binned (MetaBAT2 - v2.17 79), classified (GTBtk - v2.4.0 82,83), dereplicated 941 

(dRep - v 3.5.0), and quality-checked (CheckM2 – v 1.0.2 81) using the Nextflow (v24.04) 85 942 

binning workflow, which can be found here: 943 

https://github.com/dienerlab/pipelines/tree/main/metagenomics.  944 

All tools were used with default settings unless otherwise specified. Information on the MAGs 945 

can be found in Supp. Data 03a+03b and sequences were uploaded to the MaGe (Magnifying 946 

Genomes): Methanobrevibacter smithii MAG297, Methanobrevibacter smithii P66.1, 947 

Methanobrevibacter intestini P46.1. 948 

https://github.com/CME-lab-research/AGAD/
https://github.com/CME-lab-research/AGAD/
https://github.com/dienerlab/pipelines/tree/main/metagenomics


 

The average nucleotide identity (ANI) among the three representative Methanobrevibacter 949 

genomes obtained from GTDB was calculated using dRep 43. 950 

 951 

Metagenomics - analyzing the Methanobrevibacter-related functional capability 952 

To assess the functional capability of the three Methanobrevibacter species, the genes of the 953 

two MAGs (M. smithii - MAG297; M. intestini - Mintestini_P46.1) as well as of one 954 

representative genome of M. sp900766745 (UHGG database - v2.0.2: 955 

MGYG000000522/Msp900_GCA_902463315) were predicted using prodigal 86 (v2.6.3) and 956 

functionally annotated using eggNOG-mapper (v2.1.8) (Supp. Data 04a-04c) 957 

(https://github.com/CME-lab-research/AGAD/) 87,88. 958 

 959 

Metatranscriptomics - sequencing, data preprocessing 960 

The sequencing library (NEBnext Ultra II (Directional) RNA Library Prep Kit) was prepared at 961 

the Core Facility for Molecular Biology at the Center for Medical Research in Graz, Austria. 962 

The sequencing was performed using the NovaSeq 6000 platform (Illumina, Eindhoven, the 963 

Netherlands) with an S2 flowcell in a 2x100bp configuration at the Vienna BioCenter Core 964 

Facilities (VBCF), Austria. 965 

The snakemake workflow metagenome-atlas (version 2.16.2) was used to quality filter, 966 

assemble and functionally annotate the data as described above 73. The final tables containing 967 

the functional information were normalized to copies per million (cpm) using the script provided 968 

by the developers: metagenome-atlas/Analyze_genecatalog.Rmd. Normalized data (cpm) 969 

was used for further analysis (Supp. Data 05) (https://github.com/CME-lab-research/AGAD/). 970 

 971 

Downstream analysis and visualization 972 

 973 

Feature tables of sequencing data (Supp. Data 01-05) were used for downstream taxonomic 974 

analyses. Alpha diversity metrics (Shannon, richness, evenness; Supp. Table 10) were 975 

calculated from SRS-normalized data, while beta diversity (bray-curtis) was assessed on 976 

rarefied data. All analyses were performed in RStudio (R version 4.3.1) 89,90. Differential 977 

abundance analyses between predefined groups were conducted on non-normalized data 978 

using MaAsLin2 91 and regression analysis was performed in R studio. Unless otherwise 979 

specified, all figures were generated using RStudio.  980 

Network analyses were carried out using SCNIC (Sparse Co-occurrence Network 981 

Investigation for Compositional data) and visualized in Cytoscape (version 3.10.1; SCyNet 982 

https://github.com/CME-lab-research/AGAD/
https://github.com/metagenome-atlas/Tutorial/blob/master/R/Analyze_genecatalog.Rmd
https://github.com/CME-lab-research/AGAD/


 

layout; 92). The web-based tools NAMCO microbiome explorer and RAWGraphs 983 

(https://www.rawgraphs.io/) were used to generate bar charts, PCoA plots, and circle packing 984 

plots and sunburst diagrams, respectively 93,94. 985 

The legends and color-blind friendly colors of the charts and graphs were adjusted using 986 

Inkscape 95. For more details on all scripts and commands used in this manuscript, see 987 

(https://github.com/CME-lab-research/AGAD/). 988 

 989 

 990 

Statistics on collected data 991 

Statistical tests for different analyses, including alpha diversity indices and correlations, were 992 

performed in IBM SPSS Statistics 29 96 or RStudio 89,90, unless stated otherwise. Based on the 993 

results of the Shapiro-Wilk test, either parametric or non-parametric tests were selected to 994 

compute p-values. To account for multiple comparisons, q-values were calculated by adjusting 995 

the p-values with Bonferroni correction for all analyses except for MaAsLin2 for which 996 

Benjamini-Hochberg correction was used. 997 

 998 

 999 

Transporter prediction and genome-scale metabolic modelling 1000 

 1001 

Metabolic models were reconstructed from ten representative genomes each of 1002 

Methanobrevibacter smithii, M. intestini and M. sp900766745, prioritizing isolate genomes 1003 

where available and complemented by high-quality MAGs (0% contamination; mean 1004 

completeness 99.5%; Supp. Tab. 06a). Analyses were performed using gapseq v2.1.0 97,98 1005 

within a Nextflow workflow (https://github.com/dienerlab/gapseq-docker). Reaction and 1006 

pathway predictions were performed using gapseq find with DIAMOND v2.1.11 99 as the 1007 

sequence aligner and archaeal-specific settings (-t Archaea), followed by transporter 1008 

prediction using gapseq find-transport. A bitscore threshold of 100 was applied for high-1009 

confidence reaction (Supp. Tab. 06e) and transporter predictions (Supp. Tab. 06b), while a 1010 

lower score threshold of 50 was used during draft model construction and gap filling. Draft 1011 

models were generated using gapseq draft and subsequently gap-filled to support a 1012 

minimum growth rate of 0.01 h⁻¹ (Supp. Tab. 06h, i). Molecular oxygen (cpd00007) was 1013 

constrained to zero during medium generation, thereby enforcing anaerobic growth conditions.  1014 

For conservative comparative analyses, transporter and reaction predictions were additionally 1015 

filtered using a threshold of 200 bitscore and 75% query coverage (Supp. Tab. 06c, f). 1016 

https://www.rawgraphs.io/
https://github.com/CME-lab-research/AGAD/
https://github.com/dienerlab/gapseq-docker


 

Resulting presence/absence matrices were used for comparative analyses (Supp. Tab. 06d, 1017 

g). Transporters were classified according to their predicted substrates. Reaction presence, 1018 

fluxes and predicted growth rates were obtained directly from the gapseq output (Supp. Tab. 1019 

06a–i). For selected functions, including polyphosphate kinase and exopolyphosphatase, 1020 

predictions were additionally assessed using relaxed annotation thresholds to evaluate the 1021 

robustness of lineage-specific differences.  1022 

 1023 

Metabolomics - metabolic quantification 1024 

 1025 

Nuclear magnetic resonance spectroscopy (NMR) analysis was performed at the Gottfried 1026 

Schatz Research Center for Cell Signaling, Metabolism and Aging, Molecular Biology and 1027 

Biochemistry, Medical University of Graz as described previously 4. 1028 

Spectra pre-processing and data analysis have been carried out using the state-of-the-art data 1029 

analysis pipeline (group of Prof. Jeremy Nicholson at Imperials College London) using 1030 

Matlab® scripts and MetaboAnalyst 4.0 100. NMR data were imported to Matlab® vR2014a 1031 

(Mathworks, Natick, Massachusetts, USA), regions around the water, TSP, and remaining 1032 

methanol signals excluded, and to correct for sample metabolite dilution probabilistic quotient 1033 

normalization 101 was performed. Supp. Data 06 lists all metabolites quantified as arbitrary 1034 

units revealed by peak integration, which are proportional to concentrations. 1035 

 1036 

 1037 

Cultivation - tracer experiment 1038 

One isolate of M. smithii (P31) and M. intestini (P45), respectively, were cultivated in MS 1039 

medium in triplicates. Enrichment and isolation of the Methanobrevibacter species was 1040 

described elsewhere 25. At the time of inoculation sodium acetate was replaced by 10 mM 13C2 1041 

acetate. One culture of each Methanobrevibacter strain was treated as control (without tracer). 1042 

Cells were harvested after 26 h by centrifugation at 8000 rpm for 2 mins. Supernatant was 1043 

transferred into fresh 1.5 mL tubes and pellets were washed in 1 ml 0.9% NaCl. The 1044 

supernatant and pellets were shock-frozen and stored at -80°C until further use. 1045 

Cell pellets were extracted in chilled 62.5% methanol containing norvaline as an internal 1046 

standard. After brief sonication in a water bath, chloroform was added for biphasic extraction. 1047 

Samples were vortexed, centrifuged and the polar (aqueous) phase was transferred and dried 1048 

down in a vacuum centrifuge. For derivatisation, samples were reconstituted in 20 μL 1049 

methoxyamine (MOX) reagent (Thermo Fisher Scientific, USA) and incubated at 37°C for 60 1050 

minutes, followed by 30 μL N-tert-butyldimethylsilyl-N-methyltrifluoroacetamide with 1% tert-1051 



 

butyldimethylchlorosilane (MTBSTFA + 1% TBDMS, Thermo Fisher Scientific) and an 1052 

incubation for 30 minutes at 60°C. Derivatized samples were analyzed by gas 1053 

chromatography-mass spectrometry (GC-MS) analysis on an Agilent 7890B GC coupled to a 1054 

5977A Inert MSD system (Agilent Technologies, USA). A DB-35 ms column and helium as 1055 

carrier gas with a flow rate of 1 mL/min was used for chromatographic separation. The injection 1056 

volume was 1 μL and measurements were taken in splitless mode with an inlet temperature 1057 

of 270°C; the oven program held 100°C for 3 minutes and ramped to 300°C at 3.5°C/min. 1058 

Mass spectra were acquired in electron-ionization (EI) mode at 70 eV across m/z 100-605. 1059 

Peak integration and isotopologue analysis were carried out in El-Maven 102 and natural 1060 

abundance correction was performed with IsoCor 103. 1061 

  1062 

 1063 

 1064 
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