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A B S T R A C T   

In methanogenic ecosystems, carboxylic acid degradation is a crucial process facilitated by specialized bacteria 
working in syntrophy with methanogens. This study explores the transcriptomic responses in 178 metagenome- 
assembled genomes upon changes in feeding composition, specifically lactate, butyrate, propionate, and acetate, 
in four lab-scale bioreactors. Methanothrix soehngenii and Methanoculleus sp. emerged as key biomethanation 
contributors. Through metatranscriptomics, machine learning-based functional annotation, and flux balance 
analysis the underlying microbial interactions and dynamics were deciphered. Syntrophomonadaceae and Meso
toga species maintained mutualistic metabolite exchanges with hydrogenotrophic methanogens, degrading pri
marily butyrate and lactate, respectively. Acetate was mainly consumed by Smithellaceae sp., in competition with 
M. soehngenii in all reactors. Furthermore, the acetoclastic archaeon exhibited a previously undocumented 
capability to metabolize lactate, thereby confirming the prevalence of acetotrophic pathway. Transcriptomic 
profiles revealed an additional layer of complexity, where propionate dismutation and beta-oxidation pathways 
are interconnected by the exchanges of butyrate between putative syntrophs, including Syntrophomonadaceae and 
Smithellaceae species. Integrating multi-omics data with genome-scale metabolic modeling enabled the accurate 
reconstruction of dynamics within the controlled ecosystem. This composite novel approach was applied to the 
AD system to unveil the intricate relationships operating within the microbiome to promote thriving. Results 
elucidated the still poorly explored organization of the so-called microbial dark matter.   

1. Introduction 

The increasing awareness of climate change and greenhouse gas 
emissions has spurred research efforts to enhance biofuel and bioenergy 
production while reducing reliance on fossil fuels. Residual biomass and 
by-products offer opportunities for effective renewable energy genera
tion through anaerobic digestion (AD) [1,2]. Governed by a complex 
microbiome [3], AD transforms organic carbon into carbon dioxide 
(CO2) and methane (CH4) through four sequential steps: hydrolysis, 
acidogenesis, acetogenesis, and methanogenesis. The latter is 

exclusively mediated by anaerobic archaea, using either acetate, 
hydrogen (H2) and CO2, or methylated C1 compounds as substrates. 
These intermediate metabolites result from the acetogenic step, through 
the degradative activity of carboxylic acids-oxidizing bacteria [4]. The 
strong interconnections between acetogenesis and methanogenesis, 
driven by syntrophic associations between acetogenic bacteria and 
hydrogenotrophic methanogens (HM), render the process thermody
namically favorable. Organic acid oxidation involves various microbial 
guilds capable of exploiting substrate-specific metabolisms [5]. Butyrate 
is processed through beta-oxidation by microbes such as Syntrophomonas 
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wolfei [6] and Syntrophus acidotrophicus [7]. For propionate, there are 
two main pathways: the methylmalonyl-CoA pathway, observed in 
Syntrophobacter species [8], and the dismutation pathway found in 
Smithella propionica [9]. Acetate instead is primarily processed via the 
Wood–Ljungdahl pathway (WL), as already demonstrated in Syntro
phaceticus schinkii [10]. This pathway can function bidirectionally, 
enabling acetyl-CoA production from CO2 through diverse electron do
nors, or serving as an electron sink during carbohydrate or organic acid 
fermentation [11]. However, not all acetate-oxidizing microbes can 
exploit both directions of this route. Additionally, the glycine synthase- 
reductase (GSR) pathway has been proposed as an alternative route to 
the WL pathway [12]. In this case acetate undergoes conversion to 
acetyl-CoA, leading to the generation of glycine, ultimately resulting in 
the production of two methylene-THF molecules through the glycine 
cleavage system (GCS). Furthermore, studies on Acetobacterium woodii 
revealed how oxidation of lactate to acetate occurs through a complex 
formed by the FAD-dependent lactate dehydrogenase and the electron 
transfer flavoprotein [13,14]. Altogether, these diverse metabolic routes 
play a crucial role in establishing and maintaining syntrophic associa
tions, ensuring an efficient and balanced conversion of carboxylic acids 
within anaerobic environments, as previously demonstrated [15]. 
However, mutually symbiotic relationships occurring between mi
crobes, remain largely unexplored, partially due to the difficulties in 
following the intricacy of metabolic exchanges occurring. Metagenomics 
alone cannot offer a sufficiently detailed understanding of the diversity 
and dynamics of methanogenic processes. Therefore, validation through 
transcriptome-level analysis is essential to obtain a comprehensive pic
ture of microbiome behavior [16–18]. In our previous study, meta
genomics, stable carbon isotope of fermentation gas, and bioreactor 
performance monitoring were employed to characterize the microbiome 
of four Up-flow Anaerobic Sludge Blanket (UASB) reactors [19]. 
Although all bioreactors exhibited similar CH4 production rates, isotopic 
analyses highlighted that acetate and lactate favored the acetotrophic 
pathway, while hydrogenotrophic methanogenesis was preferred when 
butyrate and propionate were provided as substrates [19]. To validate 
these findings, the current study employs a combined multi-omics 
approach to investigate the same microbiome, integrating tran
scriptomic data into genome-scale metabolic models (GEMs) and flux 
balance analysis (FBA). These mathematical representations success
fully revealed bioconversion abilities, growth requirements and inhibi
tor susceptibility of microbes [20–22]. Acetogenesis and 
methanogenesis complexity during lactate, butyrate, propionate and 
acetate processing were unraveled by valuable metatranscriptomics in
sights and the precise reconstruction of metabolites exchanges, corrob
orating and expanding prior findings [19]. Results were further 
validated through supervised machine learning (ML), which has been 
extensively employed in the biological field to model complex in
teractions and investigate the intricate links between genotypes and 
phenotypes. In particular, the functional capabilities of organisms were 
predicted from their KEGG gene annotation using supervised machine 
learning, an approach that was proven to be successful in the functional 
classification of organisms according to their genetic content [23,24]. 
The effectiveness of multi-omic analyses in reconstructing the intricate 
puzzle of microbial dynamics and metabolic roles within bioreactors 
was showcased, addressing future perspectives from recent syntrophies 
investigation [25] and offering promising avenues for optimizing CH4 
production. 

2. Materials and Methods 

2.1. Experimental setup and analytical methods 

Four methane-producing anaerobic microbial communities, were 
cultivated in 3.5-liter UASB bioreactors at mesophilic conditions (21–23 
◦C), utilizing synthetic media designed to simulate a blend of non- 
gaseous byproducts from various acid fermentations, with a 

predominant emphasis on lactic (M1), butyric (M2), propionic (M3), or 
acetic acid (M4). The original methanogenic inoculum derived from 
anaerobic activated sludge collected from the “Warszawa Południe” 
municipal waste treatment plant in Warsaw, Poland. The UASB bio
reactors were operated for 886 days (Fig. S1). In the first 667 days, 
substrate adaptation and process stabilization were done to establish 
substrate-specific microbiomes. Five media compositions were tested 
during this period (Fig. S1, Table S1) and the main carbon sources were 
the same used in Experiment 1 for each reactor (Table S2). In Experi
ment 1, carbon and energy sources varied (Table S2). Specifically, for 
M1: sodium lactate (10.71 g/L), sodium butyrate (1.30 g/L), propionic 
acid (0.96 g/L), and acetic acid (0.96 g/L); for M2: sodium lactate (1.3 
g/L), sodium butyrate (9.0 g/L), propionic acid (0.96 g/L), and acetic 
acid (0.96 g/L); for M3: sodium lactate (1.30 g/L), sodium propionate 
(9.0 g/L), butyric acid (0.94 g/L), and acetic acid (1 g/L); for M4: so
dium lactate (1.3 g/L), sodium acetate trihydrate (9.8 g/L), butyric acid 
(0.94 g/L), and propionic acid (0.96 g/L). In Experiment 2, each medium 
contained a single dominant component: 15.3 g/L of sodium lactate 
(M1), 12.8 g/L of sodium butyrate (M2), 12.8 g/L of sodium propionate 
(M3) and 17 g/L of sodium acetate trihydrate (M4). Starting from day 17 
the respective media were supplied to the UASB bioreactors using a 
peristaltic pump such that the hydraulic retention time was 7 days, with 
a resulting upflow rate of 0.5L/day. Prior to Experiment 1 and Experi
ment 2, there were periods of 9 and 47 days, respectively, with the 
medium flow turned off to reduce concentrations of organics with un
known 13C isotope content. Throughout the operation, physicochemical 
parameters, including pH, COD, biogas production rate, and gas 
composition (CH4 and CO2), were monitored (Table S4,S5). Addition
ally, stable carbon isotope analyses and volatile fatty acids (VFA) were 
assessed in biogas and effluent samples from Experiments 1 and 2 
(Table S6-S8). On the 751st and 884th days of operation, methanogenic 
sludge samples were collected for DNA and RNA analyses, marking the 
end of Experiment 1 (days 710–751) and Experiment 2 (days 799–884). 
Extended details about experimental setup and analytical methods are 
reported in a previous publication [19]. 

2.2. Total RNA isolation and sequencing 

Triplicate samplings were conducted independently throughout the 
entire bioreactor, employing a glass pipette with a fractured tip. Sub
sequently, the sludge was promptly frozen in liquid nitrogen. RNA 
isolation and sequencing were executed separately for each technical 
replicate. Total RNA purification was accomplished using the RNeasy 
PowerSoil Total RNA Kit (Qiagen). Approximately 1 g of samples was 
utilized for RNA isolation, and the isolated RNA was stored at − 80 ◦C. 
Prokaryotic ribosomal RNA was eliminated using the RiboZero Univer
sal Bacterial rRNA Removal Kit (Illumina, San Diego, USA). Construc
tion of cDNA libraries was performed using the KAPA Stranded RNA Seq 
kit (KAPA-Roche, Basel, Switzerland), following the manufacturer’s 
protocol. Quality and quantity of purified libraries were assessed using 
the Agilent 2100 Bioanalyzer, Qubit®2.0 (Life Technologies, Thermo 
Fisher Scientific, Waltham, USA), and the KAPA Library Quantification 
kit (KAPA-Roche, Basel, Switzerland). Subsequently, libraries were 
sequenced on Illumina NextSeq 550 with 2 × 75-bp paired-end reads, 
resulting in a sequencing depth between 45–90 million reads, depending 
on the sample. Raw DNA and RNA sequences generated, have been 
archived in the SRA with accession codes PRJNA680596 and 
PRJNA1052968, respectively. 

2.3. Metagenomics, gene-level and machine learning investigation 

An updated genome-centric metagenomic pipeline was employed to 
retrieve microbial genomes [26], enhancing the results of the prior study 
by integrating additional binning software and a refinement step. DNA 
libraries were sequenced on Illumina NextSeq 550 with 2 × 150-bp 
paired-end reads, with a sequencing depth between 40–100 million 
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reads, depending on the sample. The sequencing reads underwent pre
processing using Trimmomatic v0.39 [27]. To check for contamination, 
BBDuck v38.93 [28] was utilized. Paired reads were merged with 
BBMerge v38.93 [28], and short-read co-assembly was conducted using 
Megahit v1.29 [29], resulting in an assembly size of 4.06 Gb. The 
Metagenome-Assembled Genome (MAG) acquisition involved multiple 
binning software: MaxBin v2.2.7 [30], MetaBAT1 [31], MetaBAT2 
v2.15 [32], and VAMB v3.0.2 [33]. Subsequently, MAGs were refined 
and dereplicated utilizing DAS_Tool v1.1.6 followed by dRep v3.4.0 
[34]. Only medium to high-quality MAGs were retained for subsequent 
analyses, according to MIMAG standards [35]. Quality and complete
ness of MAGs were evaluated using checkM2 v1.0.2 [36], and their 
relative abundance (RA) was estimated through coverM v0.6.1 [37] 
(Table S5). Taxonomic assignment was carried out using GTDB-TK 
v2.1.1 [38] and database version R214. Phylogenetic tree was built 
using PhyloPhlAn v3.0 [39]. Gene prediction was executed using 
Prodigal v2.6.3 [40] and functional annotation with eggNOG-mapper 
v2.1.10 [41]. The KEGG database [42] was used for manual metabolic 
reconstruction of pathways of interest (Fig. S2). A ML classifier pre
dicting butyrate oxidizers was implemented, training the model with 
logistic regression, random forest, and support vector machines algo
rithms (Supplementary Methods). 

2.4. Genome-centric metatranscriptomics 

RNA-seq reads underwent preprocessing with Trimmomatic v0.39 
[27] and were aligned to the MAGs using Bowtie2 [43]. RPKM profiles 
for the reconstructed MAGs were computed with coverM v0.6.1 
(Table S5). The correlation between biochemical parameters, RA and 
RPKM was visualized through a Principal Component Analysis (PCA) 
using the envfit() package (Table S6-S7, Fig. S3). HTSeq v2.0.2 [44] was 
utilized to count the number of RNA fragments per gene in stranded 
mode. For transcriptome data analysis DESeq2 v3.14 [45] was 
employed. Each MAG was processed independently, excluding genes 
with a cumulative count across all samples of 5 or fewer. The remaining 
normalized counts were then transformed into a log2 scale. Differential 
expression analysis with DESeq2 [45] was defined using the design 
formula “Reactor + Timepoint”. For each reactor, the log2 fold change 
(log2FC) was calculated by comparing the gene expression on day 884 
(TP2) with that measured on day 714 (TP1). Analysis was conducted 
employing a Wald test and a false discovery rate threshold of 0.05, along 
with a log2FC threshold of 1. Furthermore, fragment counts were 
normalized separately for each MAG. Size factors were calculated using 
the Estimate Size Factors function [45] and applied to raw counts, 
resulting in normalized counts. These were normalized by gene and 
scaled by a factor of 103, resulting in Fragments Per Kilobase (FPK) 
values (Supplementary Methods). Downstream analyses were per
formed only on a subset of MAGs, satisfying the threshold of 5 RPKM in 
at least one RNA sample (Table S5, Fig. S4). A PCA was performed on the 
RPKM profiles of the selected MAGs to evaluate the difference in activity 
level depending on the carbon substrate (Fig. S5). A gene-level investi
gation was then performed on genes involved in methanogenesis 
(hydrogenotrophic and acetoclastic) and carboxylic acid oxidation 
(lactate, butyrate, propionate and acetate). Genes were selected ac
cording to literature information (Fig. S6). The mean of the resulting 
FPK values was calculated from the sample triplicates, in order to 
display only the average FPK in Figs. 2-3 and Tables S8-S9. 

2.5. Flux-balance analysis and metabolic modeling 

MAGs with RA exceeding 1 % were chosen for in silico metabolic 
modeling reconstruction. GEMs were built from MAGs using gapseq 
v.1.1 [46], selecting the most suitable metabolic reaction database and 
applying default gene matching parameters to restrict the search within 
taxonomic boundaries. Draft GEMs were constructed, and when suffi
cient taxonomic information was accessible, biomass reactions were 

specified. When such information was lacking, automatic inference was 
employed. Default parameters governed the use of bit score thresholds 
(− l and − u) to categorize reactions with or without sequence evidence. 
Subsequently, utilizing Micom (v.0.10.1) [47], species-specific GEMs 
were manipulated to construct a unified model that concurrently con
siders the exchange fluxes between individual species and between the 
collective microbiome and the environment. Community-level con
straints were established by considering supplied feedstock and 
measured VFA. Dry weight approximations and total culture volumes 
were utilized to calculate rates, expressed in mmol/g/h. FBA was con
ducted, with the microbiome biomass accumulation set as the objective, 
using a cooperative trade-off approach (equal to 0.7). RNA information 
was used to create Condition-specific Communities (CoCo-GEMs) as 
previously described [48]. The RA of various species were incorporated 
to account for community composition (Supplementary Methods, 
Fig. S7-S10, Table S11-S15). 

3. Results and discussion 

3.1. Metagenomic reconstruction of complex AD system 

The anaerobic microbiota was systematically investigated in relation 
to various feeding substrates. By employing assembly-based multiple 
binning approaches a total of 178 medium-to-high quality MAGs were 
reconstructed (Table S5). To gain deeper insights, the dominant fraction 
of the microbiome, encompassing 21 species with RA exceeding 1 % 
(Fig. 1), was investigated. Two methanogenic species were predomi
nant, Methanothrix soehngenii MB13 and Methanoculleus sp. MX1, each 
with an average RA of 11 %. Among the bacteria, Smithellaceae sp. MA87 
stands out as the most abundant member, with RA ranging between 
3–10 %. This family was recently reclassified to the order Syntrophales 
[49] and proposed as propionate-degrading syntrophs [50]. The sub
strate preference was confirmed by the increased prevalence of Smi
thellaceae sp. MA87 in propionate-supplied reactor (M3), although 
MA87 was also abundant when lactate was the carbon source (M1). In 
butyrate-fed reactor (M2) Syntrophomonadaceae sp. MX35 and Thermo
virgaceae sp. MA58 displayed a 3.9 fold-change increase in RA with 
respect to TP1, suggesting a possible role in butyric acid degradation, as 
already demonstrated for Syntrophomonas and Syntrophaceticus species 
[51]. 

The microbiome composition and organization were influenced by 
the different carbon sources supplied. The utilization of substrates, 
expressed as % reduction of COD, revealed that microbes exhibited 
higher efficiency in utilizing acetate and lactate compared to butyrate 
and propionate. This trend was particularly evident in media containing 
only one compound, where the specific substrate utilization exceeded 
80 % (Table S3). On the other hand, the tested carbon sources had a 
minor impact on bioreactor performance than anticipated. In Experi
ment 2, the CH4 production efficiency was comparable among lactate, 
butyrate and propionate, with values ranging between 2.2–2.5 dm3/day 
(Table S3). Interestingly, specific methanogens increased in abundance 
under particular conditions (Fig. 1), with Methanofollis liminatans MB22 
being abundant exclusively in reactor M1 and Methanocorpusculum sp. 
VB25 in M1 and M2. These archaea, along with Methanoculleus sp. MX1, 
are known hydrogenotrophs [52], implying the presence of syntrophic 
acetate-oxidizing bacteria (SAOB), given that no H2 was supplied to the 
systems. Specifically, SAOB have the capacity to sustain the hydro
genotrophic methanogenesis via the reverse WL pathway, converting 
acetate into H2 and CO2, possibly in combination with the GSR pathway 
[12]. However, none of the investigated bacteria belonged to species 
previously reported as SAOB and a deeper exploration at the tran
scriptome level is necessary to confirm their presence. Specifically, the 
regulatory molecular mechanisms and the effect of dominant acidic 
products on CH4 biogenesis have to be deciphered. 
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3.2. Activity of methanogenic microcosms fed with different carboxylic 
acids 

The investigation of the behavior of some key microbes was con
ducted through PCA on the top 500 highly expressed genes within the 
selected MAGs (Fig. S5). Notably, among the archaea, M. soehngenii 
MB13 and Methanoculleus sp. MX1 exhibited distinct transcriptional 
profiles between TP1 and TP2, underscoring a clear shift in activity upon 
the provision of pure substrates. Conversely, transcriptome levels in 
M. liminatans MB22 and Methanocorpusculum sp. VB25 demonstrated 
fluctuations dependent on the specific carbon sources under consider
ation. To validate the different contribution of acetotrophic and 
hydrogenotrophic pathways depending on the substrate provided, 
metatrascriptomic analyses of the microbiomes were performed. The 

changes in gene expression level between TP2 (day 884) and TP1 (day 
751) are represented as log2FC calculated from three replicates (Mate
rials and Methods). 

3.2.1. Hydrogenotrophic methanogenesis 
The four HM exhibited substrate-dependent behaviors (Fig. 3), 

revealing distinct efficiency in establishing syntrophic relationships. 
Methanoculleus sp. MX1 was upregulating the final steps of the meth
anogenesis only when butyrate and propionate were provided as sub
strates. Specifically, the gene encoding the methyl-coenzyme M 
reductase (mcr) exhibited a log2FC of 2.55 and 1.69 in M2 and M3 re
actors, respectively. The expression of mcr has been correlated with 
either CH4 production rate or CH4 yield, thereby confirming its status as 
a reliable and consistent [53]. Furthermore, the high hydrogenotrophic 

Fig. 1. Overview of the identified microbial taxa. Taxonomy at phylum level, completeness, contamination, average RA and average RPKM across the reactors, for 
the reconstructed MAGs. Only the taxa with RA of 1% or higher in at least one sample are reported. The collective contribution, as measured by RA and Reads Per 
Kilobase per Million mapped reads (RPKM), is drawn for the 26 selected MAGs (% overall contribution), and exclusively for the archaeal MAGs (% methanogens 
contribution), in comparison to the total of 178 reconstructed MAGs. Correspondence between MAG ID and full name can be found in Table S5. 
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activity in reactor M2 was substantiated by the statistically significant 
upregulation of mtr (log2FC = 1.62) and eha (log2FC = 1.44). The former 
encodes tetrahydro-methanopterin S-methyltransferase, which cata
lyzes the reaction before Mcr [54]. Conversely, the product of the latter 
gene fulfills an anaplerotic role within the energy-converting hydroge
nase system. Eha activity ensures a continuous supply of reduced 
ferredoxin [55], which is subsequently utilized in the initial step of the 
hydrogenotrophic route for the conversion of CO2 into for
mylmethanofuran by the formylmethanofuran dehydrogenase (fwd/ 
fmd) [54], which is also upregulated. Transcriptomics results support 
previous isotopic findings [24], indicating that butyrate and propionate 
favored the hydrogenotrophic activity of Methanoculleus sp. MX1, 
despite comparable RA across different substrates (Fig. 1). 

To delve deeper, in Methanocorpusculum sp. VB25 and Methanofollis 
liminatans MB22 the upregulation of methanogenesis was registered in 
multiple reactors, suggesting a high metabolic flexibility. In M1 reactor 
Methanocorpusculum sp. VB25 was likely flanking Methanoculleus sp. 
MX1 in CH4 production, with the whole gene set having a log2FC > +1, 
although only mcr was statistically significant (Fig. 3). Moreover, 
together with M. liminatans MB22, Methanocorpusculum sp. VB25 upre
gulated mcr in M4 reactor, with log2FC of 2.60 and 2.27 respectively (p 

< 0.05). Likely, these archaea sustained hydrogenotrophic methano
genesis amidst substrate competition with a putative SAOB [56], 
potentially Smithellaceae sp. MA87, particularly with the acetoclastic 
M. soehngenii MB13. As far as M. liminatans MB22, an increased activity 
was also found in M3 reactor (Fig. 3), with mcr being significantly 
upregulated (log2FC = 4.74). Furthermore, significant upregulation was 
observed in the genes encoding methylenetetrahydromethanopterin 
dehydrogenase (hmd/mtd) and coenzyme F420 hydrogenase (frh), with 
log2FC of 5.28 and 1.79, respectively. Of particular interest is the 
overexpression of frh, which encodes a protein involved in the genera
tion of F420H2 for the second and third reductive steps of methano
genesis [57], ensuring replenishment of necessary intermediates. 

3.2.2. Acetoclastic methanogenesis 
The transcriptome profile of M. soehngenii MB13 is strongly different 

in comparison to HM. First, acetate reduction was attributed to ACS 
activity and not the ackA-pta pathway, as previously demonstrated in 
Methanothrix species [58]. The expression level of acs did not show ev
idence of upregulation (Fig. 3). This outcome can be explained by the 
high availability of substrate in this condition (Table S4) and the 
measured FPK, remaining below 2500 in all samples (Table S8). 

Fig. 2. Methanogenic activity of archaeal MAGs, differential expression under the prolonged reactor’s activity and biochemical process indicator. The expression of 
genes related to methanogenesis, carbon assimilation, and energy conservation, along with the results of the differential expression analysis, are presented as log2FC 
values (Materials and Methods section). The log2FC of enzymes composed of multiple subunits is represented as the average value of all the detected subunits. 
Enzymes with at least one differentially expressed gene with p-value < 0.05 are marked with *. The RA of archaeal MAGs at the two time points is presented in the 
top panel. On the right side panel, the average FPK of genes involved in methanogenesis is reported for the acetoclastic and hydrogenotrophic populations. Genes not 
present and/or reconstructed in the analyzed MAGs were represented with the color gray. The barplot on the left side represents the methane production in dm3/day 
and the VFA in mg/L for TP1 (day 751) and TP2 (day 884). 
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Nonetheless, acetoclastic methanogenesis remained active, as evidenced 
by a consistent methane yield [19] and by the mcr expression level 
ranging between 6500–8000 FPK at TP2 across all reactors. Addition
ally, genes encoding subunits cdhCDE of the carbon monoxide 
dehydrogenase/acetyl-CoA synthase (CODH/ACS) complex were upre
gulated and exhibited statistical significance (Fig. 3). This complex has a 
central role in the decomposition of Acetyl-CoA, oxidizing the carbonyl 
group to CO2 and transferring the methyl group to tetrahy
drosarcinapterin (THSPT) [59,60]. Another upregulated gene support
ing the acetoclastic route was fpo, encoding the F420H2 dehydrogenase. 
This membrane-bound enzyme is responsible for the reoxidation of co
enzyme F420, which undergoes reduction during methanogenesis. Fpo 
activity is coupled with proton translocation across the cytoplasmic 
membrane, generating the proton motive force for ATP synthesis [61]. 
This behavior is likely the result of a high energy state reached by 
M. soehngenii MB13 thanks to the action of the FAD-dependent lactate 
dehydrogenase LDH (glcD). This enzyme degrades lactate into pyruvate, 
subsequently converted into acetate through pyruvate:ferredoxin 
oxidoreductase (por). The resulting acetate becomes available for ace
toclastic methanogenesis, previously identified as the prevalent 
pathway in reactor M1 through stable isotope analysis [19]. These genes 
were reported to be active, with FPK values of 180 for glcD and 580 for 
por in reactor M1. This is the first time that such a mechanism has been 
evidenced in archaea, since previously it was found only in bacteria, 
including A. woodii [13] and Moorella thermoacetica [62]. Even though 
intriguing, the existence of this mechanism needs to be confirmed with a 
dedicated isolation and cultivation experiment. 

Altogether, metatranscriptomics of archeal populations revealed a 
significantly high level of activity among acetoclastic and hydro
genotrophic members (Table S8), thus serving as validation for the CH4 
production rates reported (Fig. 2). Nevertheless, the extent of this ac
tivity is markedly contingent upon the ability to establish syntrophic 
relationships. In these interactions, various specialized microbes 
collaborate to collectively degrade the original substrate into acetate, 
which is subsequently converted by SAOB to fuel the hydrogenotrophic 
methanogenesis. 

3.3. Multiple syntrophic metabolisms with carboxylic acids 

The PCA conducted on the top highly expressed genes unveiled 
distinct behavioral patterns contingent upon the species under investi
gation (Fig. S5). Most bacteria exhibited a discernible dichotomy in 
transcriptional expression in response to the provision of mixed or pure 
carbon substrates. In contrast, species such as Syntrophomonadaceae sp. 
MX35 and Smithellaceae sp. MA87 showcased an expression profile more 
contingent on the type of carboxylic acid utilized, indicating a high 
degree of specificity in MAG metabolism. To decipher the trophic de
pendencies established between HM and the bacteria, the expression 
level of genes involved in lactate, butyrate, propionate and acetate 
degradation were investigated. Furthermore, the possible competition 
between acetoclastic archaea and homoacetogenic bacteria was also 
explored. Only bacteria with relevant expression level (average > 5 
RPKM in at least one reactor) were selected for this investigation 
(Table S5, Fig. S4). 

3.3.1. Versatile syntrophic fatty acid oxidation by uncultivated Mesotoga 
species 

In reactor M1, lactate degradation is facilitated by the activity of 
Mesotoga sp. MB113 (Fig. 3), the sole MAG expressing ldh (log2FC =
1.25). The encoded lactate dehydrogenase converts lactate into 

pyruvate, a conversion made possible by the exergonic electron flow 
from reduced ferredoxin to NAD+ [13]. This mechanism involves flavin- 
based electron bifurcation for energetic coupling, as previously 
demonstrated [63]. The expression of genes encoding the H+/Na+- 
translocating ferredoxin:NAD+ oxidoreductase (rnf), the proton- 
translocating NAD(P)+ transhydrogenase (pntAB) and NADH-quinone 
oxidoreductase (nuo), provides compelling evidence for the plausibil
ity of this mechanism. 

Moreover, Mesotoga sp. MB113 could also act as SAOB, through the 
expression of an alternative WL mediated by the GCS, as already pro
posed for other Mesotoga species [56]. More specifically, the glycine 
reductase complex (grd) and the GCS (gcvPA, gcvPB, gcvH) were 
expressed with log2FC >+ 1 (Fig. 3). This result highlights the plasticity 
of this microbe, capable of exploiting various degradative pathways and 
establishing diverse syntrophic relationships. Specifically, it was feeding 
acetate to M. soehngenii MB13 or further converting it into H2 and CO2 to 
be utilized by HM. 

3.3.2. Predominant butyrate consumption by a Syntrophomonadaceae 
member 

Among other bacteria, the transcriptomic profile of Syntrophomona
daceae sp. MX35 strongly indicates a significant commitment to butyrate 
oxidation. This putative role is further substantiated since all known 
butyrate oxidizers are classified into the family Syntrophomonadaceae 
[64]. They metabolize butyrate through beta-oxidation, encompassing 
an initial activation step, followed by a stepwise oxidation process from 
butyryl-CoA to two molecules of acetyl-CoA [65]. In reactor M2, Syn
trophomonadaceae sp. MX35 upregulates numerous genes associated 
with this metabolic route (Fig. 3). Specifically, genes encoding the 
butyryl-CoA dehydrogenase (bcd) and two isoforms of enoyl-CoA 
hydratase (paaF, crt) were significantly overexpressed. These enzymes 
play a pivotal role in the oxidation of butyryl-CoA to crotonyl-CoA, 
followed by conversion into 3-hydroxybutanoyl-CoA. This intermedi
ate undergoes further oxidation, initially yielding acetoacetyl-CoA 
through the action of 3-hydroxybutyryl-CoA dehydrogenase, ulti
mately culminating in the conversion to acetyl-CoA mediated by acetyl- 
CoA C-acetyltransferase. It is noteworthy that genes associated with 
these enzymatic reactions, namely fadN, paaH and atoB exhibited log2FC 
> +1 and statistical significance (Fig. 3). 

To facilitate this conversion, a membrane-level energy conservation 
mechanism is required [7]. Syntrophomonadaceae sp. MX35 exhibited 
upregulation of genes encoding the H+/Na+-translocating ferredoxin: 
NAD+ oxidoreductase (rnf), also known as Rnf complex. This complex 
effectively couples the energy from NAD+ reduction by ferredoxin to 
actively transport protons, generating a motive force across the cyto
plasmic membrane [66]. These findings provide additional validation 
for the previously established mechanism, thus confirming the role of 
Syntrophomonadaceae sp. MX35 as a butyrate oxidizer. 

The trained supervised ML algorithms provided further compelling 
evidence. The model detected 12 potential butyrate oxidizers within the 
178 reconstructed MAGs: 8 members of Syntrophomonadaceae, 3 Syn
trophales and a Syntrophorhabdaceae (Table S10). Notably, Syntropho
monadaceae sp. MX35 was among the predicted oxidizers, reinforcing its 
role in butyrate oxidation. 

3.3.3. Transcriptomic exploration unveils an intricate propionate 
degradation network 

Propionate oxidation has been reported to occur through four 
alternative metabolic routes: (i) methylmalonyl-CoA, (ii) lactate, (iii) 
hydroxypropionyl and (iiii) dismutating pathways [67]. In S. propionica, 
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propionate conversion was demonstrated to take place via dismutation 
pathway [9]. Regrettably, due to a partial reconstruction of the Smi
thellaceae sp. MA87 (Table S5), only a limited number of genes associ
ated with propionate oxidation were recovered. Nonetheless, 
metatranscriptomics revealed high transcriptional activity overall. 
Indeed, propionate activation was upregulated, with genes gctA and gctB 
showing a log2FC of 1.08 and 1.24, respectively (Fig. 3). The encoded 
glutaconate-CoA transferase, homolog of propionate CoA-transferase, 
has already been shown to perform this function in Ralstonia eutropha 
[68]. Additionally, two isoforms of malate dehydrogenase exhibited 
upregulation, as genes maeA and maeB revealed a log2FC of 1.27 in 
reactor M3. In addition to catalyzing the oxidative decarboxylation of 
(S)-malate, these two enzymes can also perform decarboxylation to 
convert oxaloacetate to pyruvate. 

Among the other MAGs examined, only Syntrophomonadaceae sp. 
MX35 and Mesotoga sp. MB113 showed upregulated genes linked to the 
methylmalonyl-CoA pathway (Fig. 3). These include propionyl-CoA 
carboxylase (ppcB), methylmalonyl-CoA mutase (mcmA2), succinate 
dehydrogenase (sdh) and fumarate hydratase (fum). An intriguing pos
sibility is the establishment of a syntrophic exchange where butyrate, 
produced via dismutation pathway by Smithellaceae sp. MA87, is taken 
up and metabolized by the butyrate-oxidizing Syntrophomonadaceae sp. 
MX35. The latter exhibited the overexpression of all beta-oxidation 
genes [65], starting from butyryl-CoA dehydrogenase (bcd) to acetyl- 
CoA C-acetyltransferase (atoB), demonstrating a high transcriptional 
activity (Fig. 3). This was further supported by upregulated energy 
conservation genes, including electron-confurcating hydrogenase 
(hydABC) and electron transfer flavoprotein (etfAB), with log2FC of 4.54 
and 2.23 in reactor M3, respectively. Specifically, ETF is accountable for 
oxidizing NADH while simultaneously reducing crotonyl-CoA and 
ferredoxin [69], whereas the HydABC complex facilitates reversible 
ferredoxin reduction by coupling it with the conversion of H2 to NAD+

reduction [63]. Although promising, this interaction still needs a more 
direct demonstration, as already reported for Eubacteriaceae species 
[70]. 

3.3.4. Metabolic plasticity of putative SAOB: Balancing syntrophies and 
competitive dynamics 

Further investigation of the syntrophic and competitive interactions 
for acetate revealed a high degree of complexity. Butyrate oxidizer 
Syntrophomonadaceae sp. MX35 upregulated genes associated with ac
etate metabolism in M2 and M3 reactors (Fig. 3). There, it likely 
competed with M. soehngenii MB13 and formed syntrophic partnerships 
with HM. Following butyrate or propionate oxidation, acetate is 
metabolized into formate through the reverse WL pathway [71]. Genes 
encoding acetate kinase (ackA) and phosphate acetyltransferase (pta), 
responsible for converting acetate into acetyl-CoA, were notably over
expressed. Furthermore, subsequent steps of the canonical pathway 
were also upregulated, showing a significant expression increase in 
metF, folD and fhs genes (Fig. 3). These genes correspond to methyl
enetetrahydrofolate reductase (MTHFR) and dehydrogenase (FolD), and 
formate-tetrahydrofolate ligase (FTHFS), which collectively enable the 
conversion of intermediate compounds into formate [71]. Although 
methanogenesis from formate has been previously demonstrated [72], 
the observed upregulation of genes encoding formate dehydrogenase 
(fdh) implies an additional conversion into H2 and CO2. This ultimately 
provides a continuous source of substrate for HM, reflecting the high 
activity registered for Methanocorpusculum sp. VB25 and M. liminatans 
MB22 in reactors M2 and M3 (Fig. 2). 

Transcriptional changes observed highlighted how acetoclastic 
M. soehngenii MB13 always engaged competition with the bacterial 
counterpart, since genes involved in the conventional and alternative 
WL pathways were found to be upregulated and RA of SAOB increased 
(Fig. 3). A similar competitive event has already been documented in 
biowaste digester, where syntrophic acetate oxidation replaced aceto
clastic methanogenesis [73]. The HM were sustained in their 

biomethanation activity through H2 and CO2 generated by the degra
dative activity of syntrophic species, including Mesotoga sp. MB113, 
Syntrophomonadaceae sp. MX35 and Smithellaceae sp. MA87, particularly 
in butyrate- and propionate-fed reactors. Conversely, in reactor M4, 
M. soehngenii MB13 prevailed in the competition for substrate, exhibit
ing high transcriptional activity for acetoclastic methanogenesis genes 
(Table S8). The downregulation of the hydrogenotrophic pathway in 
other archaeal species, indicating limited availability of H2 and CO2, 
further supports M. soehngenii MB13 as the primary acetate consumer 
(Fig. 3). 

Moreover, proposed syntrophies include potential butyrate uptake 
by Syntrophomonadaceae sp. MX35, possibly originating from pyruvate 
degradation catalyzed by Smithellaceae sp. MA87. Subsequently, Syn
trophomonadaceae sp. MX35 could convert the butyrate through the 
alternative WL pathway, and this is supported by the observed upre
gulation of genes encoding formate dehydrogenase (fdh, fdhAB) with 
log2FC of 4.12 and 4.65, respectively (Fig. 3). To bolster and provide a 
more comprehensive understanding of these findings, FBA stands as a 
valid alternative, having the potential to elucidate the actual flow of 
metabolites and predict the potential distribution of resources within a 
microbiome. 

3.4. Integrating flux-balance analysis to describe the metabolic 
relationship between microbes 

GEMs were reconstructed for all the MAGs with an abundance 
exceeding 1 % in at least one sample, resulting in a comprehensive 
community-specific model comprising 24,907 reactions (±498) and 
22,825 metabolites (±458). To better define the reaction bounds and 
improve the metabolic models predictivity, transcriptomic data were 
incorporated. The accuracy of micom-simulated outcomes was validated 
against the growth rate calculated by Coprothermobacter, as previously 
described [48]. The correlation between the model-predicted growth 
rates and corresponding species replication rates yielded a positive 
correlation coefficient of 0.44 (p-value < 2e-5). 

Biochemical data, including VFA and CH4 production (Table S4, 
S11), were employed as additional constraints. Within reactor M1, the 
predominant contributors to lactate consumption were Mesotoga MB113 
and Bacillota sp. MB132. Indeed, metabolic prediction confirmed the 
capacity of these bacteria to consume lactate, yielding essential sub
strates such as CO2 and H2, crucial for HM. Specifically, Mesotoga MB113 
was predicted as L-Serine producer, with Methanoculleus sp. MX1 iden
tified as the primary consumer. This observation underscores the 
concept that, in syntrophic interactions, not only are CO2 and H2 shared, 
but also other compounds, including amino acids, as previously pro
posed in CO2 fixating microbiomes [74]. 

Within reactor M2, simulations showed a small butyrate accumula
tion in the medium, as observed in the biochemical results (Table S4). 
The primary consumers were identified as Paceibacterales sp. MX43 and 
Syntrophomonadaceae sp. MX35. The carbon fluxes predicted for con
version of butyrate into acetate corroborated the role proposed by their 
transcriptomic profile (Fig. 3). Concurrently, Thermovirgaceae sp. MA58 
was identified as homoacetogen, as already documented in reactors 
supplied with acetate and butyrate [19]. FBA further revealed the con
version of propionate to CO2 and H2 by Rectinemataceae sp. MA84 and, 
similarly to Mesotoga MB113, it was proposed as L-Glutamate and L- 
Serine producer, two compounds predominantly consumed by Meth
anoculleus sp. MX1. As observed above, acetate can be used by Meth
anoculleus sp. MX1 but not for CH4 production. Carbon fluxes showed 
that it can be converted to various amino acids, with a notable emphasis 
on L-aspartate and glycine. 

Lastly, the preeminent acetate-oxidizer across all samples was 
identified as Smithellaceae sp. MA87, exhibiting the peak acetate flux in 
TP2 of M4 reactor. In M. soehngenii MB13, metabolic prediction revealed 
increased acetate consumption, competing with SAOB. Simulations 
suggested a shared niche for substrate, exchanging compounds for 
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Fig. 3. Activity of bacterial MAGs and differential expression under the prolonged reactor’s activity with each substrate. The expression of genes related to energy 
conservation, lactate, butyrate, propionate and acetate metabolism along with the results of the differential expression analysis, are presented as log2FC values 
(Materials and Methods section). The log2FC of enzymes composed of multiple subunits is represented as the average value of all the detected subunits. Enzymes with 
at least one differentially expressed gene with p-value < 0.05 are marked with *. The RA of bacterial MAGs at the two time points is presented in the top panel. On the 
right side panel, the average FPK of syntrophic metabolism genes is reported for the bacterial populations. Genes not present and/or reconstructed in the analyzed 
MAGs were represented with the color gray. Correspondence between MAG ID and full name can be found in Table S5. 
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mutual benefit. The main interaction could be from Smithellaceae MA87 
secreting L-Alanine and the archaeon consuming it. Metabolic recon
struction allowed to clarify the mechanisms behind carboxylic acid 
degradation in complex anaerobic microbiomes (Fig. 4), supporting the 
inferences derived from transcriptome analysis, as proposed in recent 
metatranscriptomics studies [25]. 

4. Conclusion 

The use of a multi-omics approach to characterize complex micro
biomes allowed to pinpoint the key microbes involved in the AD process, 
to associate them with specific metabolic roles and unravel underlying 
syntrophic interactions. Transcriptomics responses validated previous 
hypotheses, wherein dominant carbon source is the main driver for the 
pathways of methanogenesis. Specifically, acetate and lactate favored 
the acetotrophic route, while the hydrogenotrophic methanogenesis was 
preferred in butyrate and propionate enriched feedstocks. Additionally, 
the acetoclastic M. soehngenii showed an undocumented ability in pro
cessing the lactate for growth, through the expression of a FAD- 
dependent lactate dehydrogenase. Three putative syntrophs emerged 

from metatranscriptomic and data-driven ML classification, namely 
Mesotoga, Syntrophomonadaceae, and Smithellaceae, identified as the 
main responsible for the degradation of lactate, butyrate and acetate, 
respectively. Transcriptomics revealed shared features among carbox
ylic acid-oxidizing bacteria, including beta-oxidation or methylmalonyl- 
CoA pathways, multiple formate dehydrogenases, and electron bifur
cation/confurcation systems. Integrating multi-omics layers into GEMs 
confirmed the syntrophic roles previously proposed and unveiled addi
tional, less common yet significant, dynamics. Despite the effectiveness 
of genome-centric metatranscriptomics and FBA in investigating the 
behavior of individual members within complex microbiomes, limita
tions persist. Future enhancements in sequencing technologies, 
including single-cell resolution, are anticipated to expand our capabil
ities to unravel this complexity. This advancement will enable the 
exploration of a broader spectrum of developmental and metabolic gene 
expression programs, representing a significant stride in deciphering the 
yet unknown microbial dark matter. 

Fig. 4. Schematic representation illustrates the principal metabolic fluxes between the predominant species in each reactor, offering a comprehensive visualization of 
the intricate network of interactions within the microbiome. The central production of each reactor is represented by CH4, which was produced by the acetoclastic 
MB13 and hydrogenotrophic MX1 archaea. Correspondence between MAG ID and full name can be found in Table S5. 
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