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related mass reduction, and mineral solids content. ADM1 models can represent the anaerobic digestion pro-
cesses, although the biological assumptions are coarse and reflect the knowledge and available tools for mi-
crobial communities at the time of development. Meanwhile, metagenome-centric metaproteomics provides
deeper insight into the metabolic activities of microbial communities in AD-Ps. Until now, this data has not been
integrated with ADM1 models.

The objective of this study is to assess the feasibility of incorporating metagenome-centric metaproteome data
into the ADM1 model. In a novel approach, 49 high-quality metagenome-assembled genomes (MAGs) with
associated protein abundances were systematically classified into the trophic groups defined by the ADM1 model
using specifically developed grouping rules. Abundances of MAGs were more variable than the process
parameter-dependent dynamics of ADM1. Depending on the grouping rules, 32%-78% of all high-quality MAGs
were successfully categorized into ADM1 trophic groups. However, some MAGs, e.g., Methanotrix, were multi-
functional (acetoclastic and hydrogenotrophic methanogenesis) and required assignment to multiple groups.
Unfortunately, more precise grouping rules resulted in greater discrepancies between metaproteomics data and
the model. Additionally, 22% of the MAGs could not be assigned. The metagenome-centric metaproteome data
imply that ADM1 probably needs extension to cover the observed microbial function of syntrophic acetate ox-
idizers, hydrolytic bacteria, lactate- and ethanol-fermenting bacteria, and mortality by phages. It was also
observed that changes in process parameters, such as those caused by seasonal feeding, led to significant changes
in the protein abundance

Integrating metagenome-centric metaproteomic data into ADM1 trophic groups was shown to be feasible.
Some trophic groups detected in protein data but not implemented in ADM1 imply the need for data-driven
model enhancement and approval. In the future, more accurate models considering molecular data could sup-

port a deeper understanding of microbial community dynamics in AD-Ps.

1. Introduction

The conversion of waste to biogas by complex microbiomes in
anaerobic digestion (AD) is a key technology for renewable energy
production. The microbiomes in anaerobic digesters (AD-P) consist of
about 10-20 high-abundant (above 1 % of the microbial biomass/cell
count) and partly redundant archaeal or bacterial key species and a
multitude of further low-abundant species (Hassa et al., 2023; Heyer
et al., 2024).

These microbiomes degrade the biomass in the four main steps: hy-
drolysis, acidogenesis, acetogenesis, and methanogenesis. The
complexity of the microbiomes and the AD process is further compli-
cated by two challenges. (i.) The microbiome and the AD process depend
on parameters such as the feedstock, pH values, temperature, and AD-P
design (Heyer et al., 2016; Maus et al., 2020; Rademacher et al., 2012;
Vrieze et al., 2015; Zhang et al., 2014). (ii.) Within the microbiome,
plenty of interactions between the different microbial species, including
syntropy, competition, and phage-host interactions, exist (Heyer et al.,
2019b; Orellana et al., 2019; Rossi et al., 2022). To keep an overview of
the AD process and to have a powerful tool for operating, planning, and
optimizing AD-P, reduced process models such as the Anaerobic Diges-
tion Model 1 (ADM1) (Batstone et al., 2002) and its extensions, such as
ADM1da (Karlsson, 2017; Ogurek et al., 2013), were developed.

The ADM1 is a mathematical model describing the physicochemical
and biochemical processes (disintegration, hydrolysis, acidogenesis,
acetogenesis, and methanogenesis) of the AD process and seven trophic
microbial groups (Fig. 1). The ADM1 comprises ordinary differential
equations (ODEs) and differential algebraic equations, covering 26 dy-
namic state concentration variables and 8 implicit algebraic variables
per reactor vessel (Batstone et al., 2002).

Based on ADM1 and its adaptations (Mo et al., 2023), researchers
investigated different fermenter settings (Bensmann et al., 2013; Blu-
mensaat and Keller, 2005), dynamic processes (Bensmann et al., 2016),
the potential of biological methanation (Bensmann et al., 2014),
increased AD-P efficiency or integration of the AD process to complex
biomass recycling (Meinusch et al., 2021; Seick et al., 2023). The
abundance of microorganisms within the ADM1da based on the chem-
ical oxygen demand (COD) is considered by assuming seven trophic
groups of microorganisms conducting either (i.) sugar degradation (g,
acidogenesis from sugars), (ii.) amino acid degradation (X,,, acido-
genesis from amino acids), (iii.) long chain fatty acid degradation (xf,,
acetogenesis from long chain fatty acids), (iv.) valerate and butyrate
degradation (Xq4, acetogenesis from butyrate and valerate), (v.)

propionate degradation (xpr, acetogenesis from propionate), (vi.) ace-
tate degradation (x,c, acetoclastic methanogenesis), and (vii.) hydrogen
degradation (xp2, hydrogenotrophic methanogenesis) (Fig. 1).

The used ADM1da of this study was created with the use of mixed
substrates in mind and is thus also well suited for modeling agricultural
AD-P (Ogurek et al., 2013; Seick et al., 2023). Compared to the original
ADM1, this model variant can be used to better describe: characteriza-
tion of different substrates due to different disintegration rates; tem-
perature dependencies of the biological processes; mass and volume
reduction in the fermentation substrate according to biogas production;
Total solid (TS) concentrations due to the integration of a mineralic
fraction in the model. A significant distinction of the ADM1da model
from the fundamental ADM1 model is the capacity to differentiate be-
tween slowly and rapidly degradable feedstocks (composites) for the
disintegration process, with this differentiation being made separately
for carbohydrates, proteins, and fats.

Despite all the previous research studies (e.g., 272 publications
found under the term "ADM1” on PubMed, 18 September 2024), there
are still weaknesses in the model requiring further improvement. For
example, hydrolysis is assumed to be a rate-limiting step, but it is
debated whether it should be described by simple first-order kinetics or
by the inclusion of the biomass of hydrolyzing microorganisms using a
Contois kinetic (Contois, 1959; Wang and Li, 2014). This is due to a
paucity of data regarding the production and degradation of extracel-
lular hydrolases. Furthermore, a paucity of detailed information exists
regarding the decay of microbial species by, for example, phages and
microbial effectors (Heyer et al., 2025; Krysiak-Baltyn et al., 2017). It is
recognized that important microbial groups that are essential for the AD
are missing from the current model and should be considered for model
refinement. In particular, hydrolyzing bacteria (Normak et al., 2015),
syntrophic acetate oxidizing bacteria (Rivera-Salvador et al., 2014),
lactate fermenting bacteria (Du et al., 2025), and ethanol fermenting
bacteria (Satpathy et al., 2016) are not included in the present ADM1
model. However, recent microbiome studies of full-scale and lab-scale
biogas reactors have consistently demonstrated the presence and sig-
nificance of these microbial groups in the anaerobic digestion process
(Harirchi et al., 2022).

Hydrolyzing bacteria such as Clostridium, Ruminococcus, Ruminofili-
bacter, Acetivibrio, Butyrivibrio, Halocella, Eubacterium, Bacteriodes, Bac-
teriodites, Spirochaeta, Thermotoga, and Petrotoga have been identified as
essential for subsequent biogas production steps, as they initiate the
degradation of complex biomass (Azman et al., 2015; Cirne et al., 2007).
Syntrophic acetate oxidizing bacteria, such as members of
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Fig. 1. Biochemical processes of the ADM1da. (1) acidogenesis from sugars, (2) acidogenesis from amino acids, (3) acetogenesis from long chain fatty acids, (4)
acetogenesis from propionate, (5) acetogenesis from butyrate and valerate, (6) acetoclastic methanogenesis, and (7) hydrogenotrophic methanogenesis. Modified
from Karlsson (2017) and Batstone et al. (2002). Xq,: sugar degraders, X,,: amino acid degraders, x¢,: fatty acid degraders, X 4: valerate and butyrate degraders, Xy
propionate degraders, x,.: acetoclastic methanogens, xp»: hydrogenotrophic methanogens.

Dethiobacteraceae, Syntrophaceticus, Tepidanaerobacter, Clostridia, Ther-
macetogenium, and Thermotoga, have been identified under thermophilic
and ammonia-rich conditions, indicating their crucial role in acetate
conversion (Dyksma et al., 2020; Mosbzk et al., 2016). Similarly, lac-
tate-fermenting bacteria, including Lactobacillus, Clostridia, Aer-
iscardovia, Halanaerobiales, Fusobacteriales, Thermotogales, and
Thermoanaerobacteriales have been detected (Akinsola et al., 2025;
Detman et al., 2018; Moestedt et al., 2020). Ethanol-fermenting bacteria
such as members of Firmicutes, Caloramator, Clostridium, Herbinix,
Defluviitoga, and Halocella have also been observed (Maus et al., 2016;
Yang et al., 2022). These fermenting bacteria play an important role in
direct interspecies electron transfer (Feng et al., 2021; Wang et al.,
2026) and can lead to higher biogas production (Pipyn and Verstraete,
1981). One reason for these biological inaccuracies in the model has
been the limited access to the underlying microbiomes for the collection
of high-quality data that could be used for microbial modeling in ADM1.

Recent advancements in omics technologies, such as metagenomics
(Campanaro et al., 2020) and metaproteomics (Heyer et al., 2015),
provide new opportunities to investigate these microbiomes quantita-
tively. These technologies generate microbiome-specific high-quality
data, which can be used for modeling and integrated with the ADM1
model (Basile et al., 2023; Heyer et al., 2019b). Whereas metagenomics
has a Dbetter resolution, enabling the prediction of
metagenome-assembled genomes (MAGs) (Bowers et al., 2017) and
correlates better with the cell number, metaproteomics correlates better

with biomass and metabolic function. Therefore, metagenome-centric
metaproteomics enables the identification and quantification of the
abundance of microbes and their metabolic functions. This, in turn, al-
lows the assignment to the trophic groups of the ADMlda model.
Applying this novel approach has the potential to identify important
MAGs that were not considered in the current model. Our recent study
(Heyer et al., 2024) provides comprehensive AD-P process data and
metagenomic-centric metaproteomics data from an industrial-scale
two-step AD-P over a full year.

For the first time, these data allow a comparison of the actual
biomass composition and dynamics of the metagenome-centric meta-
proteome data with the biomass predictions from the ADM1da model
over a one-year operating period. In particular, using data from the two-
step digestion system (with two different process biological milieus)
allows for a better comparison as well as better identification of dis-
crepancies between the model and the metaprotein data.

To compare the metagenome-centric metaproteomics data (real
biomass) with the predicted biomass from the ADM1da model, specific
grouping rules were newly developed to systematically assign high-
quality MAGs with their protein abundances to the trophic groups
defined by the ADM1 model. The objectives are twofold: to ascertain the
extent to which the ADM1da model's data aligns with the metagenomic-
centric metaproteomics data, and to identify any discrepancies. The
objective of this study is to ascertain the potential of metaproteomics in
ADM1 modeling and to determine what can be learned from comparing
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the ADM1 model and the metaprotein data. In particular, such dis-
crepancies could show potential for future refinement of ADM1 using
metagenome-centric metaproteomics, including the identification of
missing trophic groups in the current ADM1 model.

2. Materials & methods

Besides the ADM1da model, this work is based on laboratory data
already published in our earlier study. All information on the laboratory
data can be found in Heyer et al. (2024). For this study, the process
parameters (Supplementary Table 1) of the AD-P (Fig. 2) and the met-
agenome and metaproteome data were used.

2.1. Operation of the two-step anaerobic digester

The two-step AD-P comprised a hydrolysis fermenter, followed by a
fermentation step consisting of a main fermenter and a secondary
fermenter. These fermenters are operated as heated and continuously
stirred tank reactors. The hydrolysis fermenter was a non-gas-tight
reactor with a working volume of 200 m?, while the main fermenter
was a gas-tight reactor with a volume of 2100 m® for biomethanation
(Fig. 2). The two fermenters are serially connected. Furthermore, a
secondary fermenter (1030 m?) was connected downstream of the main
fermenter, from which material was pumped into the hydrolysis
fermenter and mixed with the substrate. On average, the system was fed
daily with 27.9 + 2.6 tons wet mass (tym) of substrates, composed of

h Silage effluent

11.3 + 1.2 m® liquid pig manure, 1.4 + 0.7 m® liquid silage effluent, 0.3
+ 0.3 tym corn-cob mix, 13.3 + 2.2 ty, maize silage, and seasonally
(October 2016 to March 2017), 1.5 + 1.8 tyn, beet silage was also added.
Furthermore, an average of 0.2 & 0.3 m?® solid fermentation residues was
fed (a very small internal flow not considered in the model). The sub-
strate was mixed with 49.2 + 4.6 m® of liquid fermentation residues
recirculated from the secondary fermenter (Supplementary Table 1).
This substrate supply corresponded to an average organic loading rate of
40.0 + 4.3 kgygm™>.d! in the hydrolysis fermenter and 3.2 + 0.5
kgyssm>-d?! in the main fermenter. Mean Hydraulic retention (incl.
recirculation) times were 2.3 days in the hydrolysis fermenter and 24.0
days in the main fermenter. The mean retention times of substrates
(without recirculation) were 7.2 days in the hydrolysis fermenter and
75.3 days in the main fermenter. The process temperature in the main
fermenter was continuously monitored and maintained at 39.7 + 0.2 °C.
In contrast, temperature measurements in the hydrolysis fermenter were
conducted during nine exemplary samplings, yielding an average of 39.9
+ 1.2 °C. Chemical analysis of reactor samples revealed a pH of 5.9 +
0.4 in the hydrolysis fermenter and 7.9 =+ 0.1 in the main fermenter. The
ratio of total volatile fatty acids to total alkalinity was 3.3 + 0.7 in the
hydrolysis fermenter and 0.1 + 0.02 in the main fermenter. Corre-
spondingly, total acid concentrations were 14,380 + 1980 mg-L ! in the
hydrolysis fermenter and 118.7 + 154.5 mg-L! in the main fermenter.
Total ammonia nitrogen in the main fermenter averaged 2340 + 232
mg-kg™! (data not available for the hydrolysis fermenter). TS content was
9.6 % =+ 1.0 % in the hydrolysis fermenter and 5.8 % + 0.7 % in the main
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Fig. 2. Schematic representation of the two-step anaerobic digestion plant. The system includes a hydrolysis fermenter, a main fermenter, and a secondary fermenter
(not analyzed in this study). On average, 77.3 + 5.0 tons of wet substrate were fed daily into the hydrolysis reactor, mixed with 49.2 4 4.6 m® of liquid fermentation
residues from the secondary fermenter (Supplementary Table 1). Blue and red lines indicate heat flow, dotted lines represent electrical current, black lines show the
movement of substrates or residues, and yellow lines depict the production of biogas. The original figure is derived from (Heyer et al., 2024).
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fermenter. Volatile solids constituted 85.1 % + 1.7 % of TS in the hy-
drolysis fermenter and 73.4 % + 0.7 % of TS in the main fermenter.
Average biogas production, measured only in the main fermenter, was
3170 + 275 Nm®-d! with a methane content of 60.2 + 1.5 vol % and a
carbon dioxide content of 41.1 + 2.5 vol %.

2.2. Representation of the AD process using SIMBA# and ADM1da

Simulations of the two-step AD-P were performed with the simula-
tion software SIMBA# (Version 5.0) (Alex et al., 2013; ifak GmbH, 2021;
Rojas et al., 2011) based on ADM1da (Karlsson, 2017; Ogurek et al.,
2013). Additionally, a single-step process was simulated in the absence
of a hydrolysis fermenter to facilitate a comparative analysis of two-step
processes (Fig. 3).

The final SIMBA# model (ifak GmbH, 2021) of the two-step AD-P
comprised seven pre-implemented building blocks: the biomass
input/substrates (1), the converter blocks to calculate the ADM1lda
fractions from the substrate data (2), the hydrolysis block (3), the main
fermenter block (4), the secondary fermenter block (6) the recirculation
block (5), the gas analyzer block (7) and blocks for calculation of
methane amount, methane yield and energy content of biogas (8)
(Fig. 3). For the biomass input, the process parameters, and the AD-P
design, we used the data provided by the plant operator (Supplemen-
tary Table 1), including the feeding, the temperature, and the fermenter
sizes. Feeding information was forwarded to converter blocks of the
SIMBA#, which are associated with a corresponding substrate model;
the biomass input into a substrate composition utilized by the AMD1da
(Supplementary Table 2).

For the input blocks of the simulation model, daily mean values of
the measured feeding and recirculation amounts were used. According
to the feeding of the plant during the one-year operational period
considered in this study, the model input consists of pig manure, maize
silage, sugar beet silage, corn-cob-mix, and silage leachate (Supple-
mentary Figure 1). The TS of the substrates, Pig manure, Maize silage,
and Sugar beet silage, were also given to the model as dynamic inputs
according to the monthly laboratory measurements (Supplementary
Figure 2). The concentrations of volatile solids (VS) and crude fiber (fRF)
determined monthly on the same samples are assigned to the converter
blocks of the modeled substrates after arithmetic averaging for each
substrate as a constant parameter. For the final simulations, 365 days of
lead time were simulated to adjust the system using constant settings
(average values of feeding values), followed by 365 days of actual
simulation matching to the actual analyzed period (described by daily

adm1ida

20°C 0°C

values). To fit the simulation data to the actual AD-P data, the following
three adaptations to the kinetic parameters of the SIMBA# imple-
mentations of ADM1da were made here, according to Seick et al. (2023):
(i.) Increase of the upper limit for the modeled pH-limitation of meth-
anogenesis (parameter pHyp,ac in process pl1l in ADM1lda from 7.0 to
8.5); (ii.) an increase of the half-saturation constants for NH3 inhibition
of propionic acid degradation and of acetoclastic methanogenesis
(parameter Kinu3,pro in process p10 in ADM1da from 0.0019 to 0.0025
kmoly m™3 and KInm3,ac in process p11 in ADM1da from 0.0018 to 0.0025
kmoly m™), (iii.) reduction of the acetoclastic methanogenic biomass
decay rate (parameter Kgec,xac in process p18 in ADM1da from 0.04 to
0.02pH) (Supplementary Note Table S1).

Furthermore, and also according to Seick et al. (2023), the param-
eters of temperature dependencies of the disintegration and hydrolysis
processes were increased. The factors in the exponents of the tempera-
ture functions (implemented in ADM1da) are increased from 0.024 to
0.069 for the parameters kg gis, krdis (slow and fast disintegration of
composite) and knyq,ch (hydrolysis rate of carbohydrates) as well from
0.024 to 0.055 for the parameters kyyq e (hydrolysis rate of proteins)
and Kkpyq,i (hydrolysis rate of lipids). These modifications fit better with
the Arrhenius equation approach, considering the reaction rate de-
pendency on temperature, and are key to providing the required model
fit (Supplementary Note Table S1).

These parameter changes are not a calibration for a specific case, but
rather the application of suitable basic settings, which are recommended
by Seick et al. (2023) as the basis for successful model adjustment.

As also described in Seick et al. (2023), the main part of the model
adjustment was the setting of the inert fractions of VS from the sub-
strates in the model so that the methane production of the plant was
approximately achieved in the simulation. This inert fraction results
indirectly from the parameterizations in the influent model by adjusting
the parameters of biomethane potential (BMP), the crude fiber fraction
of TS (fRF), and the degradable fraction of crude fiber (fOTSrf) in the
substrate blocks of the respective substrates of the SIMBA# model (Fig. 3
and Supplementary Note Table S1).

2.3. ADM1da output data

To assess the model accuracy, we evaluated whether the exact rep-
resentation of ADM1da fitted the actual amount of biogas and methane
produced (Supplementary Table 3). The average simulated produced
amount of biogas by the model was 3272 m® day ™ + 203 m® day?, and
the measured biogas amount was 3176 m® day’ + 302 m® day™
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Fig. 3. Structure of the SIMBA# model used for simulations: 1. Biomass input, 2. Converter block, 3. Hydrolysis fermenter, 4. Main fermenter, 5. Recirculation of
biomass, 6. Secondary fermenter, 7. Gas analyzer, and 8. Calculations (methane amount, methane yield, energy content of biogas). Brown lines correspond to
biomass flow, green-yellow lines correspond to gas flow, and green lines correspond to control and measurement variables.
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(Fig. 4A). Similar predicted methane content in biogas was 56 % + 1 %
compared to the measured 60 % + 2 % (Fig. 4B), and the modeled
produced methane amount was 1728 m® day! + 105 m? day?,
compared to the measured methane amount of 1911 m® day™ + 178 m®
day™! (Supplementary Figure 3 A).

Furthermore, the monthly laboratory analyses of the concentrations
of TS, VS, and volatile fatty acids (VFA), pH values, and the ammonium-
nitrogen concentration (NH4-N, only available for the main fermenter)
were reproduced by the model in the operating year under consideration
(Supplementary Table 2, Supplementary Figures 4 and 5). In particular,
the simulated VS degradation can serve as a plausibility check for the
correct simulation of gas production (Supplementary Figure 6). The
comparison of the VS concentrations measured in the fermenters (VSy:
82 kg m™> + 9 kg m>, VSp: 42 kg m™® + 5 kg m'®) with the monthly
monitoring with the simulated time course (VSpogeis: 89 kg m™ + 5 kg
m3, VSmodelr: 42 kg m? =+ 4 kg m>) shows agreement.

2.4. Assigning MAGs to the trophic groups of the ADM1da

The protein abundances of microbial groups in the hydrolysis and the
main fermenter were assessed by a metagenome-centric metaproteomics
analysis covering twelve time points (Heyer et al., 2024). The performed
metaproteomics analysis quantified the relative abundances of micro-
bial groups based on the unique spectral abundance of identified protein
groups. To compensate for measurement fluctuations between the mass
spectrometry measurements and to make them better comparable, the
spectral abundance of each protein group for each measurement was
normalized to the total spectral abundance of each sample. The
high-quality MAGs were grouped into the seven groups defined by the
ADM1da model (see below). Given that only high-quality MAGs were
utilized for the grouping, and these only reflect approximately half of the
sample, they were normalized to 100 % between the trophic groups of
the model. This ensured that they represent 100 % of the community and
are comparable with the relative COD values of the model. The relative
COD was calculated by means of normalization of the sum of all average
COD values of the biomass over the course of the year. This normali-
zation maintains consistency in the biomass dynamics of the predicted
COD values. The relative COD values are then unitless, and they form the
relative proportion of the COD distribution within the groups. Thus,
these relative values can be compared with the relative protein abun-
dances in each group. For the protein assignment to the microbial groups
from ADM1lda, the expressed proteins of high-abundant and

A 4.500 -

6.000 B 65 7

high-quality MAGs (>90 % completeness, <5 % contamination) were
first assigned to the 49 pathways relevant for the AD process (based on
(Heyer et al., 2019a) and (Sikora et al., 2019)) using the MPA_Path-
way_Tool (Walke et al., 2021). The mapping of the proteins from the
MAGs to the AD process pathways was already done in our earlier study
(Heyer et al., 2024), but we have also included the data in this supple-
ment for better understanding (Supplement Mapping_data.zip). After
the assignment of the proteins to the AD pathways, the pathway infor-
mation was used for the assignment of the MAGs to the seven microbial
groups (Fig. 1). The first rule groups the MAGs according to the ADM1da
groups based on the metabolic functions from the literature associated
with each MAG's taxonomy. MAGs with functions outside the seven
groups of ADM1da or with low taxonomic resolution (below the family
level) were excluded. This rule is referred to as the "Literature Rule " in
the following. The second rule groups the MAGs based on the identified
proteins associated with a pathway of ADM1da, without consideration
of taxonomy. This rule is referred to as the "Pathway Presence Rule" in
the following. The third rule, called "Extended Pathway Rule" builds on
the "Pathway Presence Rule", incorporating specific thresholds and
taxonomic information to categorize the MAGs within ADM1da groups.
The final rule, termed the "Fine-Tuned Pathway Rule", represents an
enhancement of the "Extended Pathway Rule". It incorporates additional
ratios and protein abundance thresholds, thereby further refining the
grouping. This is done to distinguish between sugar and amino
acid-degrading bacteria and between primary and secondary fermenting
bacteria (Tables 1 and 2; Supplementary Tables 4 and 5).

2.5. Mean percentage error, and spearman correlation

The mean percentage error (MPE) was used for the calculation of the
deviations between the ADM1da and the metaproteomics data. The
MPE between the ADM1da and the protein data was calculated with
the monthly averaged relative COD values of the ADM1da and the
relative protein abundances (sampling was once a month) of the
MAGs in each group. Additionally, a Spearman correlation was
calculated with the ranks of the relative protein abundance of the
MAGs in each group (sampling was once a month) and the monthly
averaged relative COD values of the ADM1da model output (Sup-
plementary Table 6). Afterwards, the median and average absolute
deviation were calculated from the MPE and the Spearman correla-
tion.
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Fig. 4. Comparison of the biogas amount and the methane content of the actual anaerobic digester compared to the ADM1da model. The simulation is based on daily
values for feed quantities and monthly measured values for TS content or average values to describe the qualities of the different substrates. A: Simulation of the
amount of biogas produced from the two-step AD-P with an open hydrolysis fermenter. B: Simulation of the methane content produced from the two-step AD-P with

an open hydrolysis fermenter.



Table 1
High-quality MAG assignment to the seven trophic groups of the ADM1da based on protein data. MAGs were grouped based on four different rules (Table 2). If the MAG has been assigned to the group, the box is filled with

the corresponding color of the group. If no assignment has been made, the box is empty. MAGs that fit into multiple groups based on their identified proteins were assigned to all relevant groups by dividing their abundance
equally. The abundance of each MAGs is indicated in yellow for <1 %, orange for >1 %, and red for >5 %.
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Table 2
Overview of the rules used for grouping the high-quality MAGs into the groups of the ADM1da. PPW: pentose-phosphate pathway.

1) Acidogenesis from
sugar Xsu

2) Acidogenesis from
amino acids Xaa

Literature rule

https://doi.org/10.1016/j.biortech.2019.121851,
https://doi.org/10.3389/fmicb.2016.00778,
https://doi.org/10.3390/ani14131965,
https://doi.org/10.1128/AEM.01955-16,
https://doi.org/10.1128/AEM.01955-16,
https://doi.org/10.1111/1462-2920.13382,
DOI: 10.1074/jbc.M404311200,
https://doi.org/10.1021/jf900617z,
https://doi.org/10.1099/ijs.0.000021,
https://doi.org/10.1007/10_2016_67,
https://doi.org/10.1016/j.chemosphere.2023.139164,
https://doi.org/10.3389/fmicb.2017.01881,
https://doi.org/10.1099/ijsem.0.001324,
https://doi.org/10.1186/s40168-021-01105-x,
https://doi.org/10.1099/ijs.0.063230-0,
https://doi.org/10.2172/530632,
https://doi.org/10.1007/10_2016_67,
https://doi.org/10.3389/fmicb.2024.1441865,
https://doi.org/10.1016/j.scitotenv.2022.156073,
https://doi.org/10.1006/anae.1998.0179,
https://doi.org/10.1186/s13068-015-0271-6,
https://doi.org/10.3389/fmicb.2021.645174,
https://doi.org/10.1099/ijsem.0.004692,
https://doi.org/10.3389/fmicb.2016.00778,
https://doi.org/10.1111/1462-2920.13382,
https://doi.org/10.1006/anae.1998.0179
https://doi.org/10.1186/s13068-015-0271-6,
https://doi.org/10.1099/ijsem.0.000902,
https://doi.org/10.3390/microorganisms8122024,
https://doi.org/10.1128/mra.00507-20,
https://doi.org/10.1016/j.biortech.2022.128170,
https://doi.org/10.1128/AEM.01955-16,
https://doi.org/10.1016/j.biortech.2019.121851,
https://doi.org/10.1007/978-3-319-52669-0_16,
https://doi.org/10.1515/biol-2018-0017,
https://doi.org/10.3389/fmicb.2020.00867,
https://doi.org/10.1111/1462-2920.13382,
https://doi.org/10.1101/2023.11.26.568696,
https://doi.org/10.1016/j.wr0a.2023.100174,
https://doi.org/10.2172/530632,
https://doi.org/10.1007/10_2016_67,
https://doi.org/10.1099/ijsem.0.003469,
https:/doi.org/10.1111/1462-2920.13382,
https://doi.org/10.1099/ijsem.0.001103,
https://doi.org/10.1128/AEM.01955-16,
https://doi.org/10.1016/j.biortech.2019.121851,
https://doi.org/10.1006/anae.1998.0179,
https://doi.org/10.1099/ijsem.0.006380

https://doi.org/10.3390/ani14131965,
https:/doi.org/10.1128/AEM.01955-16
https://doi.org/10.1016/j.chemosphere.2023.139164,
https://doi.org/10.3389/fmicb.2017.01881,
https://doi.org/10.2172/530632,
https:/doi.org/10.1007/10_2016_67,
https://doi.org/10.1006/anae.1998.0179,
https://doi.org/10.1186/s13068-015-0271-6,
https://doi.org/10.3389/fmicb.2016.00778,
https://doi.org/10.1111/1462-2920.13382,
https://doi.org/10.1006/anae.1998.0179,
https://doi.org/10.1186/s13068-015-0271-6,
https://doi.org/10.1128/mra.00507-20,
https:/doi.org/10.1016/j.biortech.2022.128170,
https://doi.org/10.3389/fmicb.2020.593006,
https://doi.org/10.1128/AEM.01955-16,
https:/doi.org/10.1016/j.biortech.2019.121851,
https://doi.org/10.1101/2023.11.26.568696,
https://doi.org/10.1016/j.wr0a.2023.100174,
https://doi.org/10.1099/ijsem.0.000878,
https:/doi.org/10.1099/00207713-52-3-801,
https://doi.org/10.2172/530632,
https://doi.org/10.1007/10_2016_67,
https://doi.org/10.1099/ijsem.0.001103,

Pathway
present rule

Cleavage
cellulose +
Cleavage
hemicellulose +
Cleavage starch +
Cleavage other
sugars +
Transport
monosaccharide +
Transport
oligosaccharide +
Starch binding
>0

Cleavage proteins
and peptides +
Amino acid
metabolism
>0

Extended pathway
rule

Transport
monosaccharide +
Transport
oligosaccharide +
Starch binding
>0

AND

Acetate fermentation +
Ethanol fermentation +
Lactate fermentation+
Butyrate fermentation +
Propionate fermentation
>0

Transport peptide and
amino acid
>0

AND

Acetate fermentation +

Ethanol fermentation +

Lactate fermentation +

Butyrate fermentation +

Propionate fermentation
>0

Fine-tuned
pathway rule

Acetoclastic
methanogenesis
& Hydrogenotrophic
methanogenesis = 0

AND

(Formiate
fermentation +
Hydrogenasen) /
(Glycolysis + PPW)
<5

AND

Log2((Cleavage of
sugars + Transport
sugars + Starch
binding)/ (Cleavage
of proteins +
Transport amino
acids and peptides) >
-2

AND

Cleavage of sugars +
Transport sugars +
Starch binding +
Cleavage of proteins
+ Transport amino
acids and peptides >
0.01

Acetoclastic
methanogenesis
& Hydrogenotrophic
methanogenesis = 0

AND

(Formiate
fermentation +
Hydrogenasen) /
(Glycolysis + PPW)
<5

AND

Log2((Cleavage of
sugars + Transport

(continued on next page)
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Table 2 (continued)

3) Acetogenesis from
fatty acids Xra

4) Acetogenesis from
propionate Xpro

5) Acetogenesis from
valerate/butyrate Xc4

https://doi.org/10.1128/AEM.01955-16,
https://doi.org/10.1016/j.biortech.2019.121851,
https://doi.org/10.1006/anae.1998.0179,
https://doi.org/10.1099/ijsem.0.006380

https://doi.org/10.1016/j.biortech.2017.09.103,
https://doi.org/10.1111/1462-2920.13382,
https://doi.org/10.1128/AEM.01955-16,
https://doi.org/10.1111/1462-2920.13382,
https://doi.org/10.1111/1462-2920.12576,
https://doi.org/10.1264/jsme2.ME16057,
https://doi.org/10.3389/fmicb.2020.00867,
https://doi.org/10.1111/1462-2920.13382,
https://doi.org/10.1111/1462-2920.12576,
https://doi.org/10.1264/jsme2.ME16057

https://doi.org/10.1111/1462-2920.12576,
https://doi.org/10.1264/jsme2.ME16057,
https://doi.org/10.1111/1462-2920.12576,
https://doi.org/10.1264/jsme2. ME16057

https://doi.org/10.1111/1758-2229.12759,
https://doi.org/10.1111/1758-2229.12759,
https://doi.org/10.1111/1462-2920.15388,
doi: 10.1101/gr.7136508,
https://doi.org/10.1099/ijs.0.64925-0

Cleavage lipids
and long chain
fatty acids +
Acetate
fermentation +
Ethanol
fermentation +
Lactate
fermentation
>0

Propionate
fermentation
>0

Butyrate
fermentation
>0

Cleavage lipids and long
chain fatty acids
>0

AND

Acetate fermentation +

Ethanol fermentation +

Lactate fermentation +

Butyrate fermentation +

Propionate fermentation
>0

Propionate fermentation/
(Glycolysis + PPW)
>2

Butyrate fermentation/
(Glycolysis+ PPW)
>2

sugars + Starch
binding)/ (Cleavage
of proteins +
Transport amino
acids and peptides) <
2

AND

Cleavage of sugars +
Transport sugars +
Starch binding +
Cleavage of proteins
+ Transport amino
acids and peptides >
0.01

Cleavage lipids and
long chain fatty acids
>0.01

(Formiate
fermentation +
Hydrogenasen) /
(Glycolysis + PPW)
>5

AND

Propionate
fermentation > 0.01

AND
TCA>0.01
(Formiate
fermentation +
Hydrogenasen) /
(Glycolysis + PPW)
>5
AND

Butyrate fermentation
>0.01

(continued on next page)
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Table 2 (continued)

6) Acetoclastic Superkingdom: Archaea
methanogenesis Xac
Acetoclastic AND Acetoclastic
https://doi.org/10.1128/aem.47.4.796-807.1984, th . th .
https://doi.org/10.1111/j.1574-6968.1992.tb04987.x |~ 1NELNANOZENESIS ) methanogenesis
>0 Acetoclastic >0.01
methanogenesis
>0
7) Hydrogenotrophic Superkingdom: Archaea Hvd tronhi
methanogenesis Xn2 VAICEEI0 rop' 1C
doi: 10.1021/acs.est.0c05525, Hydrogenotrophic AND methanogenesis
https://doi.org/10.1002/jctb.5246, th . >0.01
htps://doi.org/10.1002/wer. 1357, methanogenesis '
https://doi.org/10.1021/acs.est.0c01732 >0 Hydrogenotrophlc
methanogenesis
>0

100% i m, — p;
R

MPE =

n: number of values t: value number (time) m: model values p;: biomass
values from metaproteomics

3. Results and discussion

The ADM1da model was calibrated using operating data and could
be adjusted to the process data of the AD-P with measured values for
biogas, methane content, and methane production (MPE/quadratic
mean error < 12.4 %, Supplementary Note). Table S1 in Supplementary
Note shows the changes of model parameters from the default values to
calibrate the model. Despite minor deviations, for example, in pH or
VFA, the model allowed statements to be made about trophic groups
from ADM1, and revealed methane losses due to open hydrolysis (Sup-
plementary Note). Therefore, the model should be sufficiently accurate
to enable a valid comparison with the metagenome-centric meta-
proteomics data.

3.1. The microbial community of the two-step anaerobic digester

A metagenomic-centric metaproteomic investigation was conducted
(see for all details (Heyer et al., 2024)), which revealed the microbial
dynamics of 262 MAGs. Of these, 49 MAGs had a high quality, which
accounted for 52.7 % of the identified spectra in the main fermenter and
54.8 % in the hydrolysis fermenter. It is noteworthy that 9 of these MAGs
constituted 47.66 % of the identified spectra in the main fermenter
(abundance > 1 %), and 8 MAGs accounted for 48.95 % in the hydrolysis
fermenter (abundance > 1 %) (Tables 1 and Fig. 5). This finding suggests
that approximately 8 (in the hydrolysis fermenter) to 9 (in the main
fermenter) MAGs constitute roughly half of the biomass in this AD-P on
average. Fluctuations in process parameters, especially in the hydrolysis
fermenter, and seasonal feeding resulted in dynamic changes in the
abundance of dominant MAGs throughout the year, as well as shifts in
the prevailing biological processes (Fig. 5 and Supplementary Figure 7).
For instance, the feeding stop of sugar beets in April (Supplementary
Figure 1) had a significant impact on the abundance of specific MAGs
such as MAG_229 (family Pelotomaculaceae), MAG_223 (genus Olse-
nella_B), and MAG_117 (class Limnochordia) (Fig. 5). These seasonal
fluctuations could lead to larger deviations when the data is compared
with the ADM1da model, especially when very abundant, high-quality
MAGs are affected. Feeding also led to the formation of cellulose- and
hemicellulose-degrading enzymes dependent on feeding throughout the
year, indicating different degradation rates (Supplementary Figures 8

and 9). Unfortunately, no comparison can be made with the model here,
as hydrolysis is not a microbial group in the used ADMlda model.
Additionally, the metagenomic-centric metaproteomic data reveal evi-
dence of phage dynamics (Supplementary Figure 10). The ADM1lda
model used does not include terms for phages, so this data cannot be
used in this study. The same applies to the identified syntrophic
acetate-oxidizing bacteria, lactate-fermenting bacteria, and etha-
nol-fermenting bacteria. With the mentioned restrictions, the remaining
identified high-quality MAGs were classified into the trophic groups of
the ADM1da model based on these metaproteome data in order to
enable a comparison between the used ADM1da model and the meta-
proteome data.

3.2. Functional classification of high-quality MAGs in microbial groups of
the ADM1 model

The assignment of MAGs to the seven microbial groups in the
ADM1da model enabled the linkage of 38 MAGs based on (i) "Literature
Rule", 37 MAGs based on (ii) "Pathway Presence Rule", 16 MAGs based
on (iii) "Extended Pathway Rule", and 19 MAGs based on (iv) "Fine-
Tuned Pathway Rule" (Table 1). This enabled the assignment of between
32 % and 78 % of the MAGs to the trophic groups, thereby facilitating a
comparison of the predicted biomass (model output) with the factual
community composition (metaproteomics data).

3.3. Comparison of ADM1da predictions with metaproteome data within
the seven trophic model groups

The various rules developed were compared with the ADM1da model
output, and their performance was compared with each other. The
lowest deviation (median of MPE + average absolute deviation of MPE)
to the model output data was achieved with the (ii) "Pathway Presence
Rule" (MPE for hydrolysis: 67.22 % + 41.71 %, MPE for main fermenter:
54.26 % + 28.73 %), followed by the (iii) "Extended Pathway Rule"
(MPE for hydrolysis: 56.21 % + 77.35 %, MPE for main fermenter: 59.24
% =+ 23.39 %). The (iv) "Fine-Tuned Pathway Rule" (MPE for hydrolysis:
61.78 % + 35.93 %, MPE for main fermenter: 51.27 % =+ 96.99 %) and
(i) "Literature Rule" (MPE for hydrolysis: 52.50 % + 1235.67 %, MPE for
main fermenter: 50.46 % + 309.20 %) showed lower accuracy (Fig. 6).

The highest correlation (median of Spearman's rank correlation co-
efficient + average absolute deviation of Spearman's rank correlation
coefficient) to model was achieved by, iii) "Extended Pathway Rule"
(correlation for hydrolysis: 45.45 % + 28.51 %, correlation for main
fermenter: 57.34 % + 13.96 %), followed by the (iv) "Fine-Tuned
Pathway Rule" (correlation for hydrolysis: 45.45 % + 28.06 %, corre-
lation for main fermenter: 45.45 % + 16.07 %) and (i) "Literature Rule"
(correlation for hydrolysis 42.66 % + 21.72 %, correlation for main
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fermenter: 44.06 % + 16.98 %) and (ii) "Pathway Presence Rule" (cor-
relation for hydrolysis: 65.03 % + 17.30 %, correlation for main
fermenter: 32.17 % =+ 15.07 %) (Fig. 6).

3.4. Evaluation of the mapping and possible explanations for deviations

For the first time, protein abundances of MAGs representing com-
munity composition could be compared with the trophic groups of the
ADM1da model. For some trophic groups of the ADM1da model, this
mapping resulted in correlations of over 90 % and an MPE of <10 %.
However, the accuracy of the mapping varies from group to group.
Certain rules showed a high agreement with the ADM1da model for
certain trophic groups of the ADM1da model, but are less effective for
others. Despite refining the mapping rules, our efforts to achieve com-
plete consistency between the ADM1da model and the metaproteome
data were unsuccessful. Furthermore, the refinement of the mapping
rules resulted in a decline in mapping quality rather than an enhance-
ment. In particular, the "Fine-Tuned Pathway" rule, which was expected
to provide the most biologically accurate assignment of MAGs to trophic
groups, did not perform as expected. This suggests that more accurate
biological classifications do not necessarily lead to better ADMlda
model fit. In fact, the best results were obtained with a coarser classi-
fication of the MAGs (e.g., "Extended Pathway Rule"). This could indi-
cate that although the ADM1da model represents the main groups of
biological activities, but it does not represent the specific ecological
niches of each MAG.

The following explanations are possible reasons for the discrepancies
between the ADM1da model and the metaprotein data:

(1) The greatest variance was observed in the abundance and dy-
namics of sugar, amino acid, and fatty acid degraders. Several
MAGs, such as MAG_98 (family Syntrophomonadaceae) and
MAG_154 (genus Eubacterium H), exhibited functions that could
have been assigned to multiple groups of ADM1da and did not
have just a single function, as the model assumed. Therefore, it
was not possible to assign these MAGs to a single group, and they
were split equally into up to four trophic groups depending on the
rule (Table 1), neglecting the factual proportions of functions.
Another problem arose when classifying bacteria into the group
of sugar degraders. Some MAGs of those were exclusively
involved in monomer degradation (e.g., MAG_117 (class Limno-
chordia) and MAG_229 (family Pelotomaculaceae), while a few, e.
8., MAG_69 (species Herbinix luporum) and MAG_78 (family Chi-
tinispirillaceae), have been shown to encode additionally hydro-
lytic enzymes (Supplementary Figures 8 and 9). Since hydrolysis
is not a separate biological group in the ADM1da model, the non-
hydrolyzing and hydrolyzing bacteria have been commonly
assigned to sugar degradation, neglecting the essential feature of
hydrolysis. Another phenomenon was the changed abundance of
MAGs, such as MAG_229 (family Pelotomaculaceae) and 223
(genus Olsenella_B), due to changed feeding with sugar beets
(Fig. 5 and Supplementary Figure 1). In the model, there was
almost no change in the relative COD of xg, in the hydrolysis
fermenter (Fig. 6). From a biological standpoint, these alterations
in protein abundance are rational because alternative substrates
are known to be preferred by other bacteria.

(2) As documented in the literature, Methanotrix (MAG_2), which
constituted 24 % of the biomass and was the most abundant MAG
of this AD-P, is a strictly acetoclastic archaeon (Dueholm et al.,
2024). However, the expressed proteins suggested that Meth-
anotrix was using hydrogenotrophic methanogenesis via direct
electron transfer (Heyer et al., 2024; Khesali Aghtaei et al., 2022;
Zhou et al., 2023). Consequently, its group assignment showed a
significant influence on the observed fluctuations. For example,

in ,Literature rule”, this MAG caused by far the greatest error,

because of the strict assignment to the acetoclastic group (Fig. 6).

Despite successfully linking key MAGs representing this AD-P to

the trophic groups of the ADM1da, many highly abundant MAGs,

such as MAG_78 (1.77 %, family Chitinispirillaceae), MAG_113

(2.97 %, class Limnochordia), MAG_117 (1.29 %, class Limno-

chordia), and MAG_153 (1.82 %, order Caldatribacteriales), were

not linked to the ADM1da model. MAG_113 may act as a fer-
menting bacterium, but its sequence quality was low, as was

MAG_153, which might be a giant virus (A32-like ATPase (A32))

(Mavian et al., 2012). MAG_78 and MAG_117 are high-quality

MAGs  identified as  hydrolyzing and  syntrophic

acetate-oxidizing bacteria. As previously mentioned, these bac-

teria were not considered for this study due to their absence in the

ADM1da model used. However, these should be integrated into

the ADM1 model in the future (Basile et al., 2023; Capson-Tojo

et al., 2021). In addition, a few other low abundant high-quality

MAGs (<1 %) could not be assigned to the trophic groups of the

ADM1 model: MAG_7 (class Dethiobacteria), MAG_11 (family

Acutalibacteraceae), MAG_99 (phylum Acidobacteriota), MAG_106

(phylum Actinobacteriota), MAG_193 (family Dethiobacteraceae),

and MAG_255 (class Bacilli). In this case, the resolution of the

data proved insufficient for a clear assignment of these MAGs to
the trophic groups of the ADM1 model.

(4) Limited resolution of metagenomics and metaproteomics: Cur-
rent sequencing and proteomics methods still restrict our ability
to fully decipher microbiome complexity. For instance, only 50 %
of the biomass was comprised of high-quality MAGs, while 25 %
of the biomass could not be assigned to any MAG. However, this
limitation will be overcome as sequencing depth continuously
improves (Hu et al., 2021; Minich et al., 2025), along with the
advent of novel mass spectrometry techniques and DIA-based
metaproteomics workflows (Dumas et al., 2024; Gomez-Varela
et al., 2023; Xian et al., 2025). Matching this, it was only feasible
to calculate the abundance of microbial groups based on the
spectral abundance of all proteins in a MAG, rather than focusing
on marker proteins like ribosomal proteins (Suh et al., 2005),
which could potentially offer better correlation with activity
(Starke et al., 2022).

(5) A major problem is the time axis difference between the model
and the metaprotein data. While the model uses daily values, only
monthly samples were available for this metagenome-centric
metaproteome analysis. An interpolation of the metaproteomics
data between sampling points was not possible, so comparison
between the ADM1da model and the metaproteomics data could
only be calculated using monthly averages. Although it was not
possible in this study, it would be preferable if daily sampling
were feasible, allowing the model and protein data to have the
same timescale. Furthermore, the metagenome was sequenced at
only one time point, meaning that only the MAGs that were
present at that time were included in the metagenome, and only
their proteins could be analyzed using metaproteomics. Although
the genome of a microorganism is stable over time, unlike its
proteome, it cannot be ruled out that other microorganisms were
missed at other times. Consequently, their proteins could not be
detected in the metaproteome analysis.

3

-

3.5. Interface between modeling and metaproteomics

For the first time, an attempt was made to compare the ADM1da
model data with metagenome-centric metaprotein data. The most
striking discrepancy between the model and metaprotein data was the
high dynamics of proteins, while the model often predicted constant
COD (Fig. 6). Thus, dynamic protein data could offer an advantage
because it is a more sensitive signal for changing process parameters and
could represent the abundance of a MAG (Fig. 5) better. Here, the ADM1
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Fig. 5. Dynamics of the top 10 high-quality MAGs in the hydrolysis and main fermenter based on their proteins. The protein abundance of the individual MAGs was
averaged across the triplicates and sorted in descending order. The MAGs with the 10 highest protein abundances were displayed in the respective plot. The

remaining 39 high-quality MAGs were grouped as “other high-quality MAGs”.

model could benefit from the protein information.

However, for follow-up studies, a systematic collection of daily
samples from different AD-Ps would be necessary. Combined with cor-
responding process parameters, it would enable the better correlation of
metagenome-centric metaproteomic data with the ADMlda model.
Another technical limitation is the incomplete coverage of microbial
communities by metagenomic and metaproteomic data. In our proteo-
mic dataset, despite high-resolution metagenomic data, only 50 % of the
biomass was assigned to high-quality MAGs, while 25 % of the biomass
was not assigned to any MAG. This limited classification of MAGs in
metagenomic data could be overcome with increasingly more extensive
sequencing and further improvement of genome assembly methods in
the future. Furthermore, data-independent acquisition mass spectrom-
etry methods could enable significantly deeper protein resolution and
more accurate quantification of low-abundant but functionally relevant
proteins (Xian et al., 2025).

In order to use metagenome-centric metaprotein data for modeling, a
significant improvement in the strategy for grouping MAGs is required.
First, the current grouping was only performed using metaproteomic
data at the time of metagenome sequencing. Considering the significant
changes in the proteome, classification could be improved by consid-
ering time as an essential variable. To implement the approach, auto-
mated solutions for grouping, applying machine learning or neural
networks should be tested. Second, weighting strategies should be
developed to define the extent to which MAGs can be split into more
than one group. The present study used the overall abundance of

metabolic pathways to assign MAGs into the ADM1da model trophic
groups. Further developments should test the abundance of key enzymes
for metabolic pathways or ribosomal proteins of key species as more
reliable indicators to weight the proportion of MAGs in the groups
(Starke et al., 2022; Suh et al., 2005). However, more precise rules
showed greater deviations, questioning whether more correlation be-
tween the protein data and the model could be reached by more and
more sophisticated classification rules or by overdue adaptation of the
ADM1 model, integrating recent biological knowledge into the model’s
differential equations. Metaproteomic data linking functional and
phylogenetic data provided sufficient evidence to include new func-
tional groups and respective reactions to ADM1 as previously discussed
by other authors (Basile et al., 2023). Most urgent adaptations should
consider hydrolysis (Supplementary Figures 8 and 9), additional path-
ways, such as SAO or ethanol fermentation (Supplementary Figure 7),
and (phage-induced) mortality (Supplementary Figure 10). In this study,
commercial software implementing ADM1 impeded straightforward
access to the model terms for respective modifications. For future model
improvements, open-accessible implementations of the ADM1 model
should be preferred.

Furthermore, modelling could be improved by analyzing metabolic
fluxes using flux balance analysis based on omics data (Basile et al.,
2023, 2020; Bernardini et al., 2022; Koch et al., 2016; Lange et al., 2024;
Weinrich et al., 2019).

In summary, we would recommend the following steps for the use of
metagenome-centric metaproteome data with the ADM1da model:
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Fig. 6. Comparison between predicted and measured biomass composition of the seven trophic groups of the ADM1da model. Following the grouping of MAGs into
the seven categories defined by the ADM1da model (see Table 1). To allow a direct comparison, the protein abundances of the MAGs in each group were normalized
to 100 %. Similarly, the predicted COD values for ADM1da groups were normalized to 100 %. Protein assignments to the microbial groups in ADM1da are based on
the association of proteins or genes with high-abundance, high-quality MAGs. The MPE was calculated based on residuals, and the correlation was calculated using
Spearman’s correlation. For clarity, only the median and mean absolute deviation of the MPE and correlation values across the various rules are shown in this figure.
"Ehe MPE and correlation values for each microbial group in the ADM1da model, based on each rule applied, are shown in Supplementary Table 6.

e Use deeply sequenced metagenomics and high-resolution meta-
proteomics data.

e Sample more frequently (daily) for metaproteomics to better match

the temporal resolution of ADM1.

Invest in the development of dynamic weighting strategies for

assigning MAGs to model groups based on Kyoto Encyclopedia of

Genes and Genomes (KEGG) Orthology (KO) annotations (Kanehisa

et al., 2025), abundances of selected key proteins, and completeness

of metabolic pathways.

Expand the model to include additional microbial groups such as

hydrolyzing, syntrophic acetate-oxidizing or ethanol-/lactate-fer-

menting organisms, as well as microbial (phage-induced) mortality

(Krysiak-Baltyn et al., 2017).

Implementing suggested improvements in ADM1 shows the potential
to minimize the efforts for model calibration, and the dynamics of cor-
rected trophic groups could be used as early indicators for process sta-
bility or disturbances.

4. Conclusions

A novel protocol was developed and employed to assign
metagenome-centric metaproteomics data to trophic groups included in
ADM]1. Fluctuations in MAG abundance values over time were signifi-
cantly greater than fluctuations in predicted ADM1 biomass concen-
trations. Some deviations were related to difficulties in classifying MAGs
into trophic groups of ADM1, since several MAGs performed multiple
functions, which was contrary to the model assumption. Furthermore,
several functions observed in the metaproteomics data, such as syntro-
phic acetate oxidizers, hydrolytic bacteria, lactate- and ethanol-
fermenting bacteria, and mortality by phages, were not covered by the
recent model. These findings underscore the need for data-driven
improvement and validation of the model's biological accuracy, even
if the ADM1da can adequately represent the process data. In the future,
more accurate models considering molecular data could support a
deeper understanding of microbial community dynamics in AD-Ps.
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