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ARTICLE INFO ABSTRACT
Keywords: In anaerobic digestion, high ammonia concentration and thermophilic conditions inhibit acetoclastic metha-
S}’mrophy nogens, favoring syntrophic oxidation of volatile fatty acids. In the well-known ADM1 model, however, syn-
B;logas - bic divesti trophic oxidation of acetate is not included. In this study, we estimated and validated kinetic parameters of
;:;:;1; ilic anaerobic digestion syntrophic acetate oxidizing bacteria (SAOB) and associated syntrophs (syntrophic propionate oxidizing bacteria

(SPOB), hydrogenotrophic methanogen (HM)) using data from dedicated enrichment experiments. Syntrophic
interactions are inherently constrained by thermodynamics, requiring tight cooperation between partners to
make methanogenesis possible. We thus compared a classical ADM1-based approach (Maypi) with a thermo-
dynamically constrained version (Mry) that includes estimation of growth yields and inhibition directly from
thermodynamic principles. Both modeling approaches enabled successful parameter estimation, but My, had
several advantages: by reducing the number of empirical parameters and enforcing thermodynamic feasibility, it
improved parameter identifiability and provided more realistic growth yields, although uncertainties in half-
saturation constants (Kg) remain relatively high. The analysis further revealed that, unlike SPOB and HM,
SAOB cannot generate ATP through substrate oxidation alone yet still exhibit growth. This paradox points to
missing or poorly understood metabolic pathways (e.g., alternative electron shuttle or energy conservation
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mechanisms). Overall, the study provides validated parameter ranges for syntrophic partners under thermophilic
and high-ammonia conditions and demonstrates the added value of incorporating thermodynamic constraints in
ADM1-type models to improve robustness and reveal knowledge gaps in microbial energy metabolism.

1. Introduction

Biogas from biomass bioprocessing is a sustainable alternative to
fossil fuels (Pantaleo et al., 2013; Viancelli et al., 2019). In anaerobic
digestion (AD), organic substrates are converted by anaerobic micro-
organisms into digestate and methane-rich biogas, which serve as
ertilizer and a versatile renewable energy carrier respectively (2019).

The microbial conversion in AD proceeds through four phases: hy-
drolysis, acidogenesis, acetogenesis, and methanogenesis (Meegoda
et al., 2018; Wang et al., 2009). During hydrolysis, complex organic
materials, including proteins, fats, and carbohydrates, are converted
into simpler molecules such as amino acids, fatty acids, or oligopeptides
(Heukelekian, 1958). In acidogenesis, these compounds are further
converted into volatile fatty acids (VFA) such as propionate and buty-
rate, or alcohols (Gujer and Zehnder, 1983). Acetogenesis then oxidizes
these intermediates to acetate and Hy or formate. In the final meth-
anogenesis step, acetate, formate, and Hj are converted into methane
(McCarty and Smith, 2002; McInerney and Bryant, 1981).

Methane is produced either via acetoclastic methanogenesis, where
acetate is directly cleaved or via hydrogenotrophic methanogenesis,
where CO; is reduced using Hy or formate (Boone et al., 1989; Hattori
et al., 2001; Pan et al., 2016). In protein-rich substrates (such as food
waste), protein hydrolysis can generate high ammonia levels, which
inhibit sensitive microorganisms, particularly acetoclastic methanogens
(Capson-Tojo et al., 2020; Chen et al., 2014; Rajagopal et al., 2013;
Westerholm et al., 2011). Depletion or decrease in activity of aceto-
clastic methanogens induces acetate accumulation, risking reactor
acidification and process failure. Under these conditions, acetate can be
oxidized to COy by syntrophic acetate-oxidizing bacteria (SAOB)
(Schniirer and Nordberg, 2008; Westerholm et al., 2011). The released
electrons, transferred as Hj, formate, or through direct interspecies
electron transfer (DIET), are then used by hydrogenotrophic metha-
nogens (HM) to reduce CO; to methane (Hattori et al., 2001; Schink,
1997; Westerholm et al., 2019, 2011). Such a shift from acetoclastic to
hydrogenotrophic methanogenesis is also observed during the transition
from mesophilic to thermophilic temperature conditions (Wett et al.,
2014), which may reflect both the intrinsic temperature sensitivity of
acetoclastic methanogens and the shift in the NHz/NHJ equilibrium at
higher temperatures, leading to increased free NH3 and therefore
stronger inhibition. The oxidation of VFAs is thermodynamically unfa-
vorable under standard conditions and only proceeds when Hjy or
formate concentrations are kept sufficiently low (Dolfing, 2014; Schol-
ten and Conrad, 2000; Westerholm et al., 2019). This requires a tight
coupling between hydrogen-producing and hydrogen-consuming mi-
croorganisms, an obligate cooperation that defines syntrophy and un-
derscores the key role of thermodynamics in governing both the
feasibility and kinetics of these processes. However, even when syn-
trophic acetate oxidation (SAO) establishes, the low energy yield of SAO
constrains SAOB growth rates. As a result, acetate may accumulate,
leading to reduced methane production and, in extreme cases, acidifi-
cation and inhibition of methanogenesis. A proper characterization of
SAOB and of the thermodynamic and kinetic constraints governing SAO
is thus crucial to model, operate and control anaerobic digesters under
such conditions.

Modeling biological processes can help make predictions and as-
sumptions that can guide strategies to optimize processes and efficient
experimental design. Among available models for anaerobic digestion,
the anaerobic digestion model ADM1 is well known and widely applied.
Although originally developed for modeling sludge digestion in waste-
water treatment plants (WWTP) (Batstone et al., 2002), it can be

adapted, with some modifications, to describe the digestion of other
substrates (Antonopoulou et al., 2012; Mo et al., 2023). This can be
achieved by recalibration of certain parameters or modifying the model
structure (e.g., addition of processes and state variables). In its default
version, ADM1 assumes the conversion of acetate into methane through
acetoclastic methanogenesis only. When adapting ADM1 to model food
waste digestion, sensitivity analysis revealed acetate uptake parameters
to be among most influential parameters (Zhao et al., 2019). Even more
the inclusion of syntrophic acetate oxidation in the ADM1 model has
been showed to improve predictions of food waste digestion in meso-
philic (Capson-Tojo et al., 2021; Yang et al., 2020) or thermophilic
(Montecchio et al., 2017; Rivera-Salvador et al., 2014; Wett et al., 2014)
conditions. Those results reveal that inclusion of syntrophic acetate
oxidation can improve ADM1 model predictions of non-diluted waste.
But in before mentioned works, parameters of SAOB have not been
identified on data from dedicated experiments of SAOB and associated
syntrophs in high ammonia conditions, to have more robust predictions.

Since syntrophic oxidation of VFAs to methane occurs close to
thermodynamic equilibrium, the incorporation of thermodynamics can
be important when modeling this process. In the ADM1 model, the
classical Monod equation is used to describe the kinetics of substrate
consumption. However, this equation is insufficient for reactions oper-
ating near thermodynamic equilibrium (Hoh and Cord-Ruwisch, 1996;
Jin and Bethke, 2003). Thermodynamics can be incorporated by
calculating Gibbs free energy and using it to estimate growth yield and
potential inhibition (Kleerebezem and Van Loosdrecht, 2010). The
incorporation of thermodynamics into ADM1 has been proposed for
modelling syntrophic propionate oxidizers (SPOB) (Paton and Rodri-
guez, 2019a) to prevent thermodynamically unfavorable conversions
and later refined through a recalibration of the parameters corre-
sponding to SPOB and HM (Singh et al., 2023). However, to our
knowledge, thermodynamics in a model have not yet been integrated
into models of communities, in which acetate is converted by SAOB and
HM.

In this study, SAOB and its associated syntrophs (SPOB and HM)
were modeled. Parameter estimation and validation were based on data
from thermophilic enrichment reactors previously operated with either
propionate or acetate. Using enrichment cultures allowed us to focus on
a well-characterized community and to reduce the complexity inherent
to anaerobic digestion, thereby enabling more reliable parameter esti-
mation. To identify the most suitable modeling approach, several
ADM1-like model variants were evaluated, including the classical ADM1
formulation and thermodynamics-based versions. Their performance
was compared in terms of prediction accuracy, parameter distribution,
and uncertainty.

2. Materials and methods
2.1. Experimental data used for calibration and validation

Experimental data from (Singh et al., 2023) were used (Fig. 1). The
inoculum originated from an industrial-scale biogas reactor treating
food waste (Westerholm et al., 2020). Microbial communities were
cultivated in continuous stirred-tank reactors (CSTRs) fed with either
propionate or acetate (CSTRprop, CSTRA) as the sole energy and carbon
source. The reactors operated under thermophilic conditions (52 °C) and
received an anaerobic medium containing propionate and acetate (~
0.3 M) and high ammonia levels (8.9 g L™ ammonium chloride), and
yeast extract. In the CSTR experiments, the dilution rate was 26 pL/min,
with an influent medium containing 0.1 M of substrate (propionate in
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Fig. 1. Schema of the experiments carried out, biochemical conversions, data available from experiments and parameter optimization and validation procedure. Top
row indicates the 2 CSTR and 3 batch experiments that were conducted, with dedicated substrates (Singh et al., 2023). In the second row, the different bioprocesses at
play are presented for acetate (left) and propionate (right) fed experiments. In the third row, the metabolite that were screened are indicated for each experiment. In
the last row, the five-step estimation procedure is indicated. Step 1: SAOB and HM parameters were fitted with a Monte-Carlo procedure. Step 2: Best parameter sets
were selected on Bac ac data. Step 3: optimal parameters were validated on an external data set (Bprop ac)- Step 4: SPOB parameters were fitted. Step 5: the data are
validated on an external data set (Bprop prop). For model parameters yellow color shows that parameters are estimated, red color that parameters are rejected and
green that parameters are validated.
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CSTRpyop and acetate in CSTRac) and 0.95 M of carbonate added as
carbonate buffer (Singh et al., 2023). Because a single specific carbon
source was added to the reactors, this led to the selection of simplified
desired microbial communities from the more complex initial commu-
nity in both reactors after 630 days of operation. The enriched
propionate-degrading culture developed in CSTRp,, was relatively
more metabolically complex than in CSTRy. since SPOB were also
enriched alongside SAOB and HM. After the CSTR operation, duplicate
batch reactors were inoculated with 0.5 L of inoculum culture from the
reactors. Two duplicates were inoculated with culture from CSTRp;op,
where one set was fed with acetate (Bprop ac) and one with propionate
(Bprop_prop)- Another set-up of duplicate batches was inoculated with
enrichment culture from CSTRa. and fed with acetate (Bac ac). Inocu-
lation was done by converting the CSTR into a fed-batch reactor, closing
the outflow to increase the total volume of the medium. After transfer,
the batches were allowed to acclimatize for a few days, before propio-
nate or acetate was added. At day 32, from reactors Bp;op prop and Bpyo.
p.Ac, headspace gas was released since the internal pressure had risen to
approximately 2 bar. The partial pressure of gases was measured before
and after the release of gases.

In the CSTRs, different VFAs concentrations were measured, but only
propionate and/or acetate were detected. Additionally, pH and volume
of liquid were also measured. In the batch experiments, VFA, Hy, CHy,
and CO; and partial pressures in the headspace were determined. In
some batch experiments (Bprop ac, Bprop prop)s the initial acetate con-
centration and Hj partial pressure were not measured (Singh et al.,
2023). These missing values were estimated through data imputation by
using the interpolate.make_smoothing spline() function from Scipy
package (Virtanen et al., 2020) to perform interpolation and obtain es-
timates of the initial values, essential for modelling purpose. To estimate
the sensitivity of model predictions of estimated values, the accuracy
change of the model prediction were measured in Bpyop_prop reactor data
by varying estimated values in the range of + 20% (see Table S6 in
Supplementary Material). Analysis showed that the variation of esti-
mated values had small effect on the accuracy of predictions.

2.2. Description of the models

In this work, two main models were compared (Table 1). These
models encompass three microorganism clades (SAOB, methanogens,
and SPOB), include an inhibition term (eq. (1) and biomass decay. Ki-
netics of substrates consumption were implemented using a Monod-type
equation:

ﬁ*l/ ok'".s
st S K, +S

eXel (@)

where S is the substrate concentration at a time point, I is the inhibition
term, X is the biomass concentration, kp, is the maximum uptake rate, K;
is the half saturation constant, and v; is the stoichiometric coefficient
(see how defined in the matrix in Supplementary material). The

Table 1
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inhibition term allows to model the inhibition of microorganisms by Hy
accumulation (see section “Inhibition function”). The time integration of
equation (1) is implemented by providing its right-hand side to a LSODA
time integrator in the scientific computing Python package SciPy (see
section 2.6 Model implementation for further details).

Reactions of catabolism (eq. 2, 4, 6) and anabolism (eq. 3, 5, 7) of
syntrophic propionate and acetate conversion to methane are taken into
account in the model. A generalized formula of biomass CH; g0 5N .2 to
make anabolism reactions was used according to (Kleerebezem and Van
Loosdrecht, 2010).

CH3-CH,-COO™ + 2H;0 —CH3-COO™ + 3H; + CO3 (2).

0.3CH3-CH,-COO™ + 0.2NHZ + 0.2CO5 —CHj.g0g5No.2 + 0.1HCO3
+ 0-.2H0 (3).

CH5-COO™ + H' 4 2H,0 —»2CO; + 4H; (4).

0.525CH3;-COO~ + 0.2NH4+ + 0.275C0, —CH;gOosNo2 +
0.325HCO3 + 0-.125H20 (5).

4H, + CO5 —CHy + 2H,0 (6).

2.1H3 + 0.2NHj + 0.8CO, + 0.2HCO3 —CHj g0 s5Ng 2 + 1-.7H,0
.

The decay rate constant was set to the default value from the ADM1
model. Gas-liquid mass transfer was included using a similar imple-
mentation as in ADM1 (21): gas solubility was estimated using Henry's
law, and the gas-liquid transfer coefficient (kpa) was set to the default
value from ADM1. The k;a value of ADM1 is high, but since experiments
have been conducted over long periods and substrate uptake rates were
relatively slow, it was decided to use it anyway as gas-liquid transfer is
not limiting in these conditions. Additionally, the model accounted for
the chemical equilibrium between CO2 and HCOj3. For the CSTR ex-
periments, gas outflow was implemented as in the ADM1 model. The
headspace was assumed to be initially filled with Ny gas.

First, a model based on a simplified version of the ADM1 (Mapm1)
was obtained by modeling inhibition and growth yields in a similar way
to ADM1 (see Table 1). The explicit expression of inhibition is indicated
in the section « Inhibition function ».

Then, models describing the same community, including thermo-
dynamics, were built up (Mrp) (see section “Thermodynamics calcula-
tions”). In this version of the model, inhibition and growth yield were
calculated from thermodynamic principles (see section « Thermody-
namics calculations »). Compared to the ADM1-like model, it requires
fewer parameters to estimate, as there are no inhibition parameters (see
section « Parameter estimation and validation »). Inclusion of thermo-
dynamics also prevents the model from predicting reactions under un-
favorable and therefore unrealistic conditions.

In order to better explore Mapy and My, models, model modifica-
tions were tested (Table 1). In the Mapyi simulations, inhibition term
was very low and constant most of the time (indicating a strong inhi-
bition). In My, simulations, inhibition term was also constant most of the
time but had a value close to 1 (meaning no or little inhibition). Because
of this behavior of inhibition term in Mty and especially in Mapwmi, the
impact of inhibition was assessed by building alternative versions of

General description of the models designed during the study, separated in two categories: ADM1-like and thermodynamics-based models. The main models of each

category (Mt and Mapy1) are highlighted with green background.

Modification Growth yield
ADM1-like (Mapm1) none Constant value from ADM1
models
No decay (Mapm1_p-)
No inhibition
(Mapwmi 1)
thermodynamics-based none Dynamic (calculated using

models (Mr,) models thermodynamics)
No inhibition (M 1-)

Estimate AGg;ss as a

parameter (M _ag)

calculated using thermodynamics
Ithermo 2010)
Absent

Competitive inhibition term
calculated using thermodynamics

Inhibition function Decay rate AGiss
Non-competitive inhibition term Linear expression -
from ADM1 Iy, from ADM1
Absent -
Absent Linear expression -
from ADM1
Competitive inhibition term Linear expression Calculated according to (

from ADM1 Heijnen and Kleerebezem,

Estimated by optimization

Ithermo
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those without the inhibition function (mentioned as M, ;- and Mapm 1-
respectively for convenience, when comparing to default versions).

In the same way, to test the impact of the decay rate in the Mapyi
model, a version of the model without decay has been designed
(Mapwmi1 p-)- It is presented in the Supplementary material.

2.3. Thermodynamic calculations

The Gibbs energy dissipation method (GEDM) was applied to esti-
mate growth yields (Kleerebezem and Van Loosdrecht, 2010). The Gibbs
energies of catabolism (AGeat) and anabolism (AG,,) were calculated as
in (Kleerebezem and Van Loosdrecht, 2010):

l/x_lsl +1/x_252 + "'Ds_msm = I/p_lpl +Vp_2P2 + "’I/p_nPn

AG(t) = AG* +R e Tolog(%) ®)

where S are the substrate concentrations of the reaction, P are the
product concentrations of the reaction, vs and v, are the stoichiometric
coefficients of the products and substrates, respectively, R is the uni-
versal gas constant, T is the temperature in K and AGy is the standard
Gibbs free energy of reaction at a given temperature. This approach
enabled the calculation of estimates for the energy released from 1 mol
of substrate consumed (AGe,o) and the energy required to synthesize 1 g
of biomass (AGap).

In order to connect AGeyr to AGyp, dissipated energy (AGgiss) must
also be taken into account (eq.9). The dissipated Gibbs energy (AGgiss)
was calculated using Heijnen’s empirical formula (Heijnen and Van
Dijken, 1992). Dissipated energy will account for energy that is dissi-
pated as heat during metabolic conversions and energy spent on cell
maintenance. According to (Kleerebezem and Van Loosdrecht, 2010),
this relation can be presented as:

AGudiss = -hcat ® AGear — AGap (9).

Acat is @ parameter that shows how many times a catabolic reaction
must be carried out to achieve one anabolic reaction. AGgjss can be
estimated according to (Heijnen and Van Dijken, 1992). However,
Heijnen’s empirical formula by which AGg;s is calculated was estimated
using measurements of mostly aerobic microorganisms. To assess the
impact of this approximation, similar to (Leurent and Moscoviz, 2022)
we also tried to estimate AGg;ss alongside kinetic parameters (kp,, Ks) as
an additional parameter, in the M, model (for convenience, mentioned
Mrh_ag When comparing parameters, although the model structure is the
same as in Mty). This approach enabled evaluation of whether AGy;ss is
identifiable from the data and consistent with estimated values.

From eq. 9, Aca, can be calculated for each time point as presented in
eqg. (10), and used to determine growth yields and stoichiometric co-
efficients (see Supplementary material for formulas).

 AGu(t) + AGgs
Aear(t) = T AGa() (10)

2.4. Inhibition function

Hydrogen accumulation has inhibitory effects on microorganisms
oxidizing VFA (in this case SPOB and SAOB) as it makes oxidation of
VFA thermodynamically unfavorable. This product inhibition can
reduce both substrate uptake and growth rates. In order to account for
this thermodynamic constraint, an inhibition function depending on the
hydrogen concentration was added as in ADM1 (IWA Task Group for
Mathematical Modelling of Anaerobic Digestion Processes, 2005).

In the model similar to classical ADM1 (Mapmi), the inhibition
function was applied to the uptake rate of SPOB and SAOB, based on Hy
accumulation:

Bioresource Technology 449 (2026) 134365

1
1+

Kim,

an

I H,

where [Hy] is the hydrogen concentration in the liquid phase and Kjy3 is
the inhibition constant, defined as the Hy concentration at which the
substrate consumption rate of the syntrophic bacteria is inhibited by
half.

In model with thermodynamics (Mry,), the inhibition function was
implemented following the approach proposed by Leurent and Moscoviz
(Leurent and Moscoviz, 2022) based on the theoretical framework
introduced by Jin and Bethke (Jin and Bethke, 2007). In this formula-
tion, the inhibition function depends on both AGgjss and Ay

7AGdixx )

—_— 12
A ®R o T 12

Tihermo =1 — exp(

The thermodynamic inhibition Iihermo i considered competitive, as the
dissipative energy used in its calculation explicitly accounts for the re-
actions that metabolize the substrates to which the inhibition applies. By
contrast, the ADM1 inhibition Iy is said to be non-competitive, since the
inhibition of uptake is computed from an indirect phenomenological
link between hydrogen concentration and uptake rates.

In this formulation, the inhibition function will be activated when
the value of AG,; approaches 0 kJ/mol. But according to the literature
(Adams et al., 2006; Schink, 1997; Scholten and Conrad, 2000), the
catabolic reaction is required to have at least AG¢,¢ between —10 to —20
kJ/mol to be implemented by microorganisms and not 0 kJ/mol. To test
if this assumption is applicable for our model, the inhibition function
was set to start affecting from —10, —12 and —15 kJ/mol. This was done
by adding the chosen value to the value of AG, when calculating Acqt.
As can be seen from equations (11) and (12) inhibition term can have
values between 0 and 1. High inhibition corresponds to values of the
inhibition factor (I) approaching 0, whereas weak inhibition corre-
sponds to values approaching 1.

2.5. Parameter estimation and validation

Following the experiments conducted, Mapy1 and Mt models were
implemented in CSTR and batch versions. In model Mppyi, where the
classical ADM1 inhibition function was implemented, eight kinetic pa-
rameters were estimated (km_HM; KS_HM, km_SAOB’ KS_SAOB’ Ki_SAOB;
km_spos, Ks spoB, Ki spos, (see in Supplementary material for parameter
description). Here kp, is maximum uptake rate of substrate, and K is half
saturation constant. Growth yield values for SPOB and HM were set to
default ADM1 values under thermophilic conditions. Growth yield value
for SAOB was estimated from Rivera-Salvador et al.(Rivera-Salvador
et al., 2014). In contrast, to Mapym; the thermodynamic-based model
(Mr1p) does not require the estimate of K;, leaving six parameters to be
estimated (kmum, Ksum, Kmsaos, Kssaos, Kkmspos, Ksspos). In
thermodynamic-based models, growth yield values were calculated
using the GEDM. But My}, was also tested, where AGg;ss values were also
optimized for each microorganism, representing three additional pa-
rameters to be estimated (mentioned Mty ag, to differentiate from Mry,).
This led to a total of nine estimated parameters for M, a¢ but allowed
the model to operate without relying on the empirical GEDM formula for
AGyjss- Besides kinetic parameters, all models require estimation of the
initial biomass concentrations for the three microbial groups (Xgn,
XspoB; XsA0B)-

To estimate model parameters and explore their distribution, we
designed a specific strategy in order to make the most of the data
available from five different experimental setups (see Fig. 1 and
“Experimental data” section). A five-step sequential strategy was
implemented to fit the parameters on the most adapted data set and to
validate them on external datasets, unseen by previous fitting
procedures.
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Step 1. Kinetic parameters of SAOB and HM were fitted on the
CSTRpc dataset, following a Monte-Carlo approach embedded in an
iterative procedure. Namely, initial biomass concentrations (not
measured in the dataset) were first randomly chosen. Based on these
biomass initial conditions, the kinetic parameters were then optimized,
using the least_squared function from the Scipy package (Virtanen et al.,
2020). During this and the next steps for optimization, the by the sum of
normalized root mean squared errors (NRMSE) of propionate concen-
tration, acetate concentration, and Hy partial pressure, depending on
data availability (e.g., only acetate concentration for this step) was used
as cost function. Then, the steady-state biomass concentrations obtained
with the current optimal parameters were used as new initial conditions
for the next optimization step. This iterative cycle was repeated until
convergence of both the kinetic parameters and initial biomass values,
typically within 10 iterations. We empirically observed that in about
30% of the cases of optimization cycles, during first optimization cycle,
it fails and the optimization procedure breaks. We then repeated this
procedure 140 times, in order to obtain at least 100 parameter sets, after
rejection of unconverged cases. As a result, different parameter sets were
obtained for each model and its modifications (M, = 132, Mapv1 =
125, MTh_I':l 30, MTh_AG = 121, MADM]_I':106: MADMl_D':l 35) Fitting
on CSTR data allowed us to estimate at the same time kinetic parameters
without estimating initial concentrations of biomasses as separate
parameters.

Step 2. The parameter sets were selected on the Bac ac dataset. For
each parameter set obtained at step 1, we estimated initial biomass, not
measured in the dataset, using the dual_annealing global optimization
algorithm from the Scipy package (Virtanen et al., 2020) over acetate
and H; data. Estimation of initial biomass helped to fit the model pre-
diction at the initial phase of experimental data, when a lag phase was
present. Ideally, biomass concentrations at the start of batch experi-
ments would have been the same as at the end of the CSTR from which it
was inoculated. However, as there was a cell material sedimentation in
continuous reactors, which was not transferred with the medium to the
batches. Because of this, biomass at the end of CSTR experiments may
not be the same as at the start of batch experiments. Therefore, the initial
concentration of biomass in batch experiments was estimated by opti-
mization. As a criterion to select the best parameters threshold value of
the sum of NRMSE (0.28) was used. The threshold value was selected as
such, that allowed to select the top 10 parameters from Mt model. Here,
the availability of gas-phase data (hydrogen and methane) allowed
better discrimination among parameter sets.

Step 3. Selected parameters (Mapy: 12 parameter sets, Myy: 10,
Mapmi p-: 20, Mrh 1t 3, Mrp ag: 10) were validated on the external
Bprop Ac dataset after initial biomass optimization with dual annealing
(Virtanen et al., 2020).

Step 4. For each element of the selected parameters selected at Step
2, the kinetic parameters of SPOB were fitted on the CSTRp,,, dataset,
keeping fixed SAOB and HM parameters, with the same procedure as in
Step 1 (one repetition of the iterative process). It was assumed that the
kinetic parameters estimated for SAOB and HM in the acetate-fed cul-
tures would remain valid when applied to the more complex propionate-
fed systems. This assumption allowed for a reduction in the number of
parameters to be fitted, thereby minimizing potential cofounding ef-
fects. This assumption was validated, as both models accurately repro-
duced the dynamics observed in the CSTRpyop and Bprop prop datasets
without re-estimating SAOB and HM parameters (Fig. 2).

Step 5. The complete parameter sets (including SAOB, HM and
SPOB) were validated on the separate Bpyop prop dataset, after optimi-
zation of the initial biomass by dual annealing, as in step 3.

Through this, we obtained a complete estimation procedure,
including fitting on the most adapted dataset and validation on totally
external data, unseen by previous estimations.
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Fig. 2. Predictions of Bprop prop batch reactor experiment with Mapy: models
using validated parameters. The solid line shows the mean of predictions of all
validated parameters, and the highlighted area around it is the confidence in-
terval. Dots indicate the mean of experimental measurements from two re-
actors, and error bars show the minimum and maximum values. Estimated
points (hollow dots) are missing data that were estimated by data imputation
using interpolation. AG,; shows the change in available catabolic energy due to
the consumption of compounds. Dashed lines indicate levels AG¢,: of 0 and
—15 kJ/mol (i.e. respectively thermodynamic feasibility and minimum energy
quantity to sustain ATP synthesis). Inhibition shows the value of the inhibition
function of compound consumption, ranging from 1 (no inhibition) to 0 (com-
plete inhibition).

2.6. Model implementation

Models were implemented using Python 3.11.5. Integration was
carried out with the odeint function from the Scipy library version
1.12.0 (Virtanen et al., 2020). Model goodness of fit (GOF) was assessed
by calculating the mean absolute error (MAE) using the mean -
absolute_error function with “raw_values” parameter, from Scikit-learn
library version 1.7.1 (Pedregosa et al., 2011). In batch experiments,
manual gas release from headspace was simulated by dividing the
simulation time window into two phases: before gas release and after gas
release. Total gas partial pressure, and methane and CO, percentage in it
were measured before and after gas release. It was assumed that the gas
mixture was homogeneous, so the gas proportions before and after
release were the same, and based on this, the amount of Hy partial
pressure was estimated. The partial pressure of the gases after gas
release was used as the initial value for the second simulation. Param-
eter correlations were estimated by corrcoef function from Numpy
package version 1.26.2. Scripts and data are freely accessible (see “Data
availability™).

3. Results and discussion
3.1. Model without thermodynamics

In the present study, the first analysis assessed the ADM1-based
model (Mapwmi) for its capacity to describe performance data previ-
ously obtained from enrichment cultivation of syntrophic acetate and
propionate oxidation in the thermophilic, high-ammonia system (Singh
et al., 2023). The results demonstrated that goodness of fit (GOF) of the
Mapm1 model performance on validation data from Bpyop ac and Bpyop -
Prop €Xperiments was good (see in Supplementary Material), where the
most significant error being in Hj partial pressure predictions.

The idea of optimizing a subset of the parameters on dedicated in-
dependent datasets is known and accepted approach (Batstone et al.,
2003; Rieger et al., 2012). The kinetic parameters of propionate and
acetate oxidation were estimated first, and next parameters for butyrate
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and valerate production were estimated separately on dedicated data. to estimate kinetic parameters alongside with initial concentration of
While estimating parameters on data from a batch reactor and validating biomass at the same time. It is worth being aware that some authors
them on a continuous reactor is a more common practice (23,39), we consider batch experiments not to be ideal representatives of continuous
opted for the reverse strategy. This allowed us to estimate the biomass systems such as (Baltes et al., 1994), as estimated parameters in batch
steady-state with the iterative procedure of step 1. Conversely, if pa- can fail to work in continuous conditions.
rameters were to be optimized on batch data, it would have been needed The distribution of validated parameters for model Mapy is
a
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presented in Fig. 3a. For hydrogenotrophic methanogens the estimated
parameters were Ky gv = 0.32 £ 0.22 mol/(geh) and K gy = 9.4e1 0®
+ 6.9¢10° mol/1 in Map1- Although spanning a broad range, the es-
timates remained consistent with ADM1 default values for thermophilic
digestion (kyum = 0.12 mol/(geh) and Kspum = 3.13¢10°° mol/1).
Parameter estimates for syntrophic propionate-oxidizing bacteria
(SPOB) were kn, spop = 0.047 + 0.018 mol/(geh) and K spop = 0.025 +
0.023 mol/1 in Mapwm (default ADM1 values kp, spog = 0.01 mol/(geh),
Ks spop = 0.0027 mol/1). The inhibition constant K; spop was estimated
at 4.2010° + 4.06010° mol/l, which is more than two orders of
magnitude lower than the default value of ADM1 (K; spop = 6.25e1 o7
mol/1). Such a low K; spop value mathematically implies strong inhibi-
tion under nearly all tested conditions. In practice, the inhibition term
remained close to zero and essentially constant throughout the batch
simulations (Fig. 2), indicating that it did influence the results, but did
not contribute to explaining the observed dynamics of substrates and
products. For syntrophic acetate-oxidizing bacteria (SAOB), parameter
estimates were distributed over a wide range, similar to those of SPOB,
with kyy saop = 0.1 + 0.08 mol/(geh) and K saop = 0.05 & 0.022 mol/1
for Mapmi. Direct comparison with ADM1 parameters was not possible,
since SAOB are not included in the original model. However, when
compared to literature data, these estimated values are generally higher
than those reported (kmsaop = 0.001-0.006 mol/(geh), Kssaop =
0.002-0.004 mol/1 (Capson-Tojo et al., 2021; Montecchio et al., 2017;
Rivera-Salvador et al., 2014)). Similarly, the inhibition constant K; saop
was estimated at an unrealistically low value (K; saop = 1.02 0108 +
2,38 ¢10° mol/1), resulting in a nearly constant, close to zero inhibition
term (meaning strong inhibition) throughout the batch simulations.

The wide ranges of parameter estimates obtained with the ADM1-
based model Mapmi (Fig. 3a), suggested a poor parameter identifi-
ability. To better understand the origin of this uncertainty, we examined
pairwise parameter correlations (Fig. 3b, model Mapy1). The analysis of
parameter correlations shows that ky ym and K ywm parameters are
positively correlated for hydrogenotrophic methanogens (HM). This
reflects a structural identifiability limitation: because substrate con-
centrations remain below Ky for most of the experimental time, only
the km um/Ks am ratio is effectively constrained by the data. Such cor-
relations are common in Monod-based models and highlight the need for
complementary data (e.g., experiments at higher substrate concentra-
tion) to resolve individual kinetic parameters. For SAOB and SPOB, the
correlation is weaker, likely due to interferences from the additional
inhibition constant parameters K saop and K; spop. Indeed, for these
groups, a strong negative correlation is observed between k, and Kj,
suggesting that the model fitting process allows high uptake rates to be
compensated by strong inhibition. Such parameter compensation ex-
plains the broad and elevated k;, values obtained for these groups, as
well as the unrealistically low K; estimates discussed above.

According to the optimal experimental design approach (Baltes et al.,
1994), it is impossible to uniquely estimate the parameters of the simple
Monod equation from batch experiments. Kinetic parameters can be
estimated with more than one operating condition tested in CSTR. With
experimental data at more than one dilution rate tested in the same
CSTR, the model would likely explore a wider range of substrate con-
sumption rates, and the kinetic parameters could be more reliably
identified. This is illustrated by the analysis results presented in Sup-
plementary Material, where the growth rate of SAOB is plotted against
the acetate concentration. We can see that growth rates calculated from
different parameters are similar to each other at the concentrations
explored in CSTRx close to steady state but differ substantially at higher
concentrations of steady state. This phenomenon was, for example,
analyzed by Bernard et al. in the modeling of an anaerobic wastewater
treatment process (Bernard et al., 2001). The prediction of different
parameter sets, which were similar in the case of the initial dilution rate,
start to differentiate under the second dilution rate. The same can also be
achieved with substrate pulses during one dilution rate, as discussed by
Donoso-Bravo et al. (Donoso-Bravo et al., 2011). The lack of biomass
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information also has a major impact, as a change in the substrate-to-
biomass ratio can change the correlation of Monod parameters
(Raposo et al., 2009). Here, initial biomass was estimated by optimi-
zation, which is a common practice, but the measurement of biomass by
measurements is always preferable (Donoso-Bravo et al., 2011). How-
ever, estimating the individual biomass of complex cultures, as in our
case, is technically difficult. Singh et al. 2023, quantified the abundance
of HM (Methanomicrobiales and Methanobacteriales) in reactors using
gPCR. Based on this data, we calculated the total methanogen biomass in
batch reactors (see Supplementary Material). Comparison with metha-
nogen biomass predicted by Mapy shows that the estimated and pre-
dicted values are of the same order of magnitude, indicating that the
optimization-based estimates provide a reasonable approximation of
experimental observations.

These first results highlight a parameter identifiability problem,
preventing a reliable estimation of the syntrophs’ kinetic parameters.
This issue arises partly from the limited diversity of the experimental
data (e.g., insufficient range of dilution rates and substrate concentra-
tions), and partly from structural constraints of the Mapy; model, with
excessive degrees of freedom and inadequate inhibition dynamics.

3.2. Impact of model structure on parameter distributions and model
outcome

To further explore the impact of model structure on parameters, an
additional model was evaluated, representing a modified version of the
ADM1-based Mapy model without the inhibition function. The devel-
opment of this model, denoted Mapwm; -, was motivated by the obser-
vation that the value of the inhibition function in the Mapy1 model
remained nearly constant throughout most experiments, even in batch
conditions before the substrate was completely consumed (Fig. 2). This
behavior reflects the relatively stable hydrogen partial pressures
measured during the experiments, which limited the variation of the
inhibition term during the simulated periods. Additionally, due to the
very low K; parameters, both SAOB and SPOB were predicted to be
strongly inhibited at all times and the maximum uptake rates for SAOB
and SPOB were thus overestimated, as discussed above. Simulations
with Mapm 1- (see in Supplementary Material) were nearly identical to
those of their parent models, as can be seen on the tables presented in
Supplementary Material. Despite similar predictive performance,
notable differences were observed in parameter distributions between
Mapmi 1- and Mapmi (Fig. 3a), particularly for the maximum uptake
rates Ky spop = 0,0013 + 0.0008 mol/(geh) and kpy saop = 0,0019 +
0,0005 mol/(geh). The distribution of the ky spop value was lower
compared to the default value of ADM1 (ky, spop = 0.01 mol/(g - h)) and
showed no overlap with it. Distributions of k,, parameters were signif-
icantly narrower than in Mapy; (Fig. 3a). Other parameters have a
similar distribution as in Mapm1 (Km am = 0.31 £ 0.19, K, spop = 0,0198
+ 0,0264, K saos = 0,0513 £ 0,019, Ks ym = 9,84 010 + 6,53010°).
The narrower distribution of k, parameters confirms that the inclusion
of the empirical inhibition parameters K; in Mpapyy introduced
compensatory effects with ky,, thereby reducing the identifiability of
parameters. By contrast, in model Mapwmi - where inhibition was
removed, these compensations are avoided, leading to tighter and more
robust parameter estimates. In other words, microorganisms in Mapm 1-
are not inhibited and display a lower maximum uptake rate, which
seems to be a more realistic prediction. This raises the question of
whether the inhibition function is necessary in the model. In our case,
the absence of inhibition is likely explained by the efficient consumption
of Hy by hydrogenotrophic methanogens, which prevents Hy from
reaching inhibitory concentrations. Nevertheless, removing inhibition
term may reduce the predictive capacity of the model in scenarios where
Hj accumulation becomes significant.

As mentioned above, the values of maximum uptake rate kpy, spop
identified with Mapwm; 1- are significantly lower than the ADM1 default
value, suggesting that propionate oxidizers in these experiments have a
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low maximum uptake rate. This finding is not surprising, as syntrophs
were growing under harsh conditions (limited energy, high ammonia
concentration, etc.). Nevertheless, the estimated ky, spop values remain
within the range reported in the literature (8.33¢10° — 0.0168 mol/
(geh) (Leurent and Moscoviz, 2022)). However, this range is notably
wide and thus offers limited guidance for parameter estimation. A
possible source of difficulty in the estimation of the maximum uptake
rate lies in the uncertainty of the growth yield values. During model
calibration, it is not the uptake rate itself that is directly constrained by
the data, but rather the product of the uptake rate and growth yield, i.e.
the growth rate. Consequently, overestimating the growth yield neces-
sarily leads to an underestimation of the maximum uptake rate and
conversely. In Mapmi and Mapw -, the growth yields of SPOB and HM
were assumed to be the ADM1 default values in thermophilic conditions,
while the growth yield of SAOB was taken from the literature (Rivera-
Salvador et al., 2014). However, experimental studies in batch reactors
(Scholten and Conrad, 2000) suggest that ADM1 default values for SPOB
and HM are likely overestimated (see more in “Thermodynamic esti-
mation of microbial growth yields™).

3.3. Model with thermodynamics

In a similar experimental setup, the advantages of the model with
thermodynamics were already demonstrated by (Leurent and Moscoviz,
2022). It introduces a different inhibition term calculated from ther-
modynamics without introducing additional parameters (see section
“Inhibition function™). This implies that the introduction of thermody-
namics can help to avoid the limitations of previous models related to
inhibition function. Also, as mentioned before, in this approach, growth
yield (see section “Thermodynamic calculations”) was also estimated
from thermodynamics. As a result, this approach is expected to provide
more realistic growth yields and to enforce the thermodynamic feasi-
bility of reactions as a function of hydrogen partial pressure (and con-
centrations of other compounds), without introducing additional
parameters. Following this, a version of the model with thermodynamics
(Mtp) was constructed.

The model with thermodynamics Mt performed similarly to previ-
ous models on validation data (see in Supplementary Material), indi-
cating good fitting. Parameters estimated for hydrogenotrophic
methanogens (HM) were ky, v = 0.25 £ 0.14 mol/(geh) and K ym =
2.5010° & 1.9¢10° mol/1 (Fig. 3a). Similarly to Mapm1, these parame-
ters spanned relatively wide ranges but remained consistent with ADM1
default parameters for thermophilic anaerobic digestion (km v = 0.12
mol/(geh) and K ym = 3.13e10° mol/1). Parameters estimated for SPOB
were kpy, spog = 0.007 £ 0.002 mol/(geh) and Ks spop = 0.033 £ 0.018
mol/l. In My, the distribution of ky spop was narrower and centered
around values close to ADM1 parameters (kp spog = 0.01 mol/(geh))
compared to Mapy and Mapw -- For SAOB, estimated parameters were
km saos = 0.024 £ 0.021 mol/(geh) and K saop = 0.021 £ 0.022 mol/],
with values generally higher than those reported (kmsaop =
0.001-0.006, K saop = 0.002-0.004 (Capson-Tojo et al., 2021; Mon-
tecchio et al., 2017; Rivera-Salvador et al., 2014)). Mty benefited from
the reduced number of parameters, as thermodynamic constraints
eliminated the need to estimate the empirical inhibition constant Kj,
since inhibition emerges directly from the energetic feasibility of sub-
strate consumption. As a result, k, parameters for SAOB and SPOB show
narrower distributions than in Mapy; model, comparable to distribu-
tions obtained with Mapwmi 1- model. Nevertheless, Ks parameters in Mty
remained broadly distributed and correlated to ky, (Fig. 3b) reflecting
the limitations of experimental data as discussed above.

In syntrophic metabolism, thermodynamic feasibility is a critical
constraint: the oxidation of substrates like propionate or acetate be-
comes energetically unfavorable when hydrogen partial pressure is too
high. The classic ADM1 inhibition function (equation (11) implemented
in Mapwm is supposed to represent this limitation by reducing the uptake
rate of syntrophic oxidizers (SPOB and SAOB) at high Hj concentrations.
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However, this regulatory term is phenomenological and does not
explicitly avoid thermodynamically infeasible situations. Indeed, with
the Mapyi model, several situations arise where reactions are predicted
to proceed despite violating the second law of thermodynamics (i.e. with
positive AG¢,). Moreover, this inhibition is applied only to SPOB and
SAOB, not to HM, which are also subject to thermodynamic limitations.
This is illustrated in batch reactor simulations, where Mapy predicts
complete consumption of Hy by the end of cultivation (Fig. 2), even
though the AG,; of hydrogenotrophic methanogenesis becomes positive
as the Hj partial pressure decreases. In contrast, the thermodynamic
inhibition function implemented in Mryy, explicitly prevents reactions
from proceeding when catabolic energy becomes insufficient. This ap-
plies equally to all microbial groups, including HM, without the need to
introduce additional inhibition parameters. This leads, for example, to
the prediction of a residual Hy partial pressure of 2.3 Pa at the end of
batch experiments, more in line with the experimental data (Fig. 4). The
mathematical behavior of the thermodynamic function, with a sharp
transition from maximum rate to complete inhibition (inhibition term
value ~ 0) near AG¢y = 0 (Leurent and Moscoviz, 2022), ensures that
reactions only proceed when thermodynamically allowed, while the
smoother function of ADM1 is less appropriate in conditions near ther-
modynamic limits (Leurent and Moscoviz, 2022). It is however impor-
tant to note that syntrophs may utilize alternative electron carriers, such
as formate, or other mechanisms such as direct interspecies electron
transfer (see section 3.4), which are not included in the current models.

As discussed by Paton and Rodriguez (Paton and Rodriguez, 2019a),
the strict enforcement of thermodynamic feasibility is not always
considered essential if the model remains predictive at the reactor scale.
However, the present case highlights a situation where the empirical
inhibition function used in ADM1 is not only imprecise but also poten-
tially counterproductive. In our dataset, H2 partial pressure fluctuation
did not reflect any fluctuations in propionate or acetate consumption,
which in turn shows that syntrophs are not inhibited by it. Or to say it
differently, H2 is not in the range to cause inhibition. This condition
makes the calibration of the inhibition constant Ki difficult. As a result,
the Mapy1 model predicts a persistent, moderate inhibition even when it
is not thermodynamically justified (see Fig. 2). Thus, introducing the
inhibition parameter K; increases the model complexity without
improving its descriptive or predictive power. This is reflected in the
broader and less identifiable parameter distributions observed for the
Mapy model, as discussed above. In contrast, the thermodynamic in-
hibition in M, does not require additional parameters; it emerges from
first principles and leads to more constrained and interpretable param-
eter estimates. The thermodynamic formulation therefore provides both
a safeguard against physically unfeasible predictions and a more robust
basis for parameter estimation.

In the thermodynamic model My, growth yields are estimated from
catabolic and anabolic energy balances using the Gibbs Energy Dissi-
pation Method (GEDM see Material & Methods and (Kleerebezem and
Van Loosdrecht, 2010)). This approach is particularly useful for syn-
trophic cultures where direct growth yield measurements are difficult.
For SPOB and HM, yield values are available from pure cultures
(Scholten and Conrad, 2000; Uhlenhut et al., 2018; Wallrabenstein
et al., 1994), whereas no direct yield measurements were found for
thermophilic SAOB. For the latter, the yield estimate from (Rivera-Sal-
vador et al., 2014), derived using differential evolution algorithms was
used as reference. For SPOB, the growth yields (8biomass/MOlsubstrate)
predicted by the GEDM were lower than those used in Mapy; or ADM1,
but in better agreement with literature data. For instance, the average
predicted yield for SPOB was 0.92 g/mol in batch (vs. 1.02 g/mol
measured (Scholten and Conrad, 2000)), and 0.95 g/mol in CSTR (vs.
1.4-1.69 g/mol reported (Scholten and Conrad, 2000)), while ADM1
and Mapyi assume much higher yields values (4.09 g/mol in thermo-
philic conditions and 3.27 g/mol in mesophilic conditions). For HM, the
average predicted growth yields were 0.29 g/mol in batch (vs. 0.18 g/
mol measured (Scholten and Conrad, 2000)) and 0.39 g/mol in CSTR
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Fig. 4. Predictions of Bpop prop batch reactor experiment with My, model using validated parameters. The solid line shows the mean of predictions of all validated
parameters, and the highlighted area around it is the confidence interval. Dots indicate the mean of experimental measurements from two reactors, and error bars
show the minimum and maximum values. Estimated points (hollow dots) are missing data that were estimated by data imputation using interpolation. AG,s shows
the change in available catabolic energy due to the consumption of compounds. Dashed lines indicate levels AGg,: of 0 and —15 kJ/mol (i.e. respectively ther-
modynamic feasibility and minimum energy quantity to sustain ATP synthesis). Inhibition shows the value of the inhibition function of compound consumption,

ranging from 1 (no inhibition) to 0 (complete inhibition).

(vs. 0.98-1.4 g/mol reported (Scholten and Conrad, 2000)), compared
to 0.7 g/mol in ADM1. As for SPOB, GEDM values for HM are closer to
experimental data than default ADM1 values. It should be noted that
these microorganisms grow in stress conditions which require additional
ATP investment for maintenance and stress response, potentially
reducing the actual growth yield even further. Predictions of yield are
closer to experimental values from batch experiments than from CSTR.
Although both the model and experiments show higher growth yield in
CSTR experiments than in batch, the increase is smaller in model pre-
dictions. For SAOB, the average predicted growth yield was 0.64 g/mol
in batch and 0.231 g/mol in CSTR. Although AGc,; of SAOB was lower
than that of HM, its lower AGgiss (415 kJ/mol) led to higher yields than
in HM. The predicted total methanogen biomass is very close to the
values estimated from qPCR and even closer than the Mapy; predictions.
This further highlights the utility and accuracy of GEDM method to es-
timate yields of these microorganisms.

In an attempt to refine the prediction of growth yields using the
GEDM, AGyjss was treated as a free parameter in Mt (mentioned as
Mrh_ac) and estimated with kinetic parameters. This modification did
not significantly improve model performance. The estimated values of
AGygiss showed a broad distribution across parameter sets (see in Sup-
plementary Material), indicating that it cannot be reliably constrained
with the current data. These findings highlight the need for targeted
experimental studies on hydrogenotrophic methanogens in chemostat
cultures to accurately quantify their maximum growth yields and
maintenance coefficients. Such measurements would strengthen the
empirical basis of the GEDM and help refine AGg;gs estimates, improving
the predictive accuracy of thermodynamic models for syntrophic
communities.

As previously mentioned, growth yields estimated using GEDM in
our study yielded values that are generally lower than experimental
values from pure cultures for SPOB (underestimation by 10-40%), but
they are much closer to literature data than those reported by Patén and
Rodriguez using the GEDM (Paton and Rodriguez, 2019b). In their meta-
analysis, GEDM systematically underestimated the yield of SPOB by
64-88% compared to experimental values. The discrepancy is due to
differences in how p(Hg) values were treated. In their meta-analysis,
thermodynamic calculations were performed using available data from
the literature, which often lacked precise measurements of Hy partial
pressure or concentration. As a result, they had to make assumptions on
p(Hy) values, which may have led to an underestimation of the actual
AGeat. In our case, the thermodynamic feasibility is dynamically
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computed from the simulated p(H;), which was itself calibrated to
match experimental observations. This results in more realistic AGeat
values and demonstrates that the GEDM provides reasonable estimates
of SPOB growth yields under the studied conditions. In another study,
Patén and Rodriguez also reported lower growth yield when incorpo-
rating thermodynamics into ADM1 (Paton and Rodriguez, 2019a),
which resulted in the accumulation of propionate in their model pre-
dictions. However, as highlighted by Leurent and Moscoviz (Leurent and
Moscoviz, 2022), this outcome was largely due to the fact that all other
parameters were kept unchanged, despite altered energy constraints.
Syntrophic metabolism operates very close to thermodynamic equilib-
rium, making model predictions highly sensitive to the actual concen-
trations and partial pressures of key metabolites, particularly Hy.
Accurate simulation of syntrophic processes therefore requires not only
thermodynamically consistent formulations but also the most precise
possible representation of the physicochemical environment (Scholten
and Conrad, 2000). Additionally, as analyzed by Kleerebezem et al.
(Kleerebezem and Stams, 2000), ADM1-type models may be unable to
accurately represent near-equilibrium metabolisms. Indeed, in such
conditions, substrate consumption and biomass generation may proceed
independently, making their connection via fixed stoichiometric co-
efficients questionable. This limitation highlights the relevance of using
GEDM, which balances anabolic and catabolic energy flows and natu-
rally produces variable growth yields.

3.4. Thermodynamic inhibition and biological minimum energy quantum

Beyond the primary benefits expected from including thermody-
namic constraints in Mry, such as reduced parametrization and the
ability to represent a wider range of conditions, the model also provides
an opportunity to explore fundamental questions regarding the ener-
getic limits of life. In particular, the concept of biological minimum
energy quantum, ie., the minimal AG, required to sustain ATP syn-
thesis, can be explicitly tested with Mry,.

Interestingly, while the thermodynamic formulation in Mry, prevents
infeasible hydrogen depletion, unlike Mapwj, it still tends to underes-
timate the residual Hy partial pressures at the end of batch experiments
compared to experimental observations (see Fig. 2). This discrepancy
can be explained by the fact that the thermodynamic inhibition function
is triggered only when AG,: approaches zero, i.e., at the strict thermo-
dynamic feasibility limit. However, sustaining ATP synthesis in biolog-
ical systems is generally thought to require a minimum energy quantum,
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with classical estimates around —15 to —20 kJ/mol (Schink, 1997). This
value remains debated, and several studies report that microbial growth
may occur at AGey values closer to zero (Adams et al., 2006; Scholten
and Conrad, 2000). To evaluate the impact of imposing a biologically
meaningful AGe,; threshold, the Bpyop prop reactor was simulated using
the validated parameter sets from My, but imposing a AGe,¢ threshold of
—10, —12, and —15 kJ/mol for all groups: SAOB, SPOB, and HM. At
constraint levels of —10 and —12 kJ/mol, the GOF of H, prediction
declined. For propionate, while the constraint of —10 kJ/mol did not
change GOF much, the —12 kJ/mol constraint had a more noticeable
effect, although it was still small (see in Supplementary Material). Those
constraints, however caused a significant mismatch in the predicted
acetate dynamics. A test with —15 kJ/mol failed, as the model failed to
make any even remotely acceptable prediction. A second test was thus
performed, in which the AGgy threshold of —12 kJ/mol was applied
only to SPOB and HM, while SAOB were allowed to operate without
constraint. This modification led to predictions that closely matched the
experimental data, both in terms of residual Hy partial pressure and
substrate degradation dynamics (Fig. 5b).

These results suggest that enforcing a biologically meaningful AGeyt
threshold can improve the accuracy of model predictions, but that a
uniform threshold for all groups may be overly restrictive. In particular,
SAOB in our system appears to grow with AGg, values close to zero
(often above —10 kJ/mol), indicating a potentially specific energy
conservation strategy not included in the model. Similarly in literature,
high and at times positive AGc, for acetate oxidation was predicted by
models in mesophilic cultures operating under high ammonia conditions
(Weng et al., 2024; Westerholm et al., 2019, 2018). Such a prediction
raises important questions about the metabolic pathways of syntrophs
and electron transfer mechanisms. If predicted AGe, values remain
unrealistically high while oxidation still proceeds, it may indicate that
Hs is not the sole electron carrier. Indeed, previous studies have reported
the expression of formate dehydrogenase by both the thermophilic
SAOB and the cooperating methanogenic partner, supporting the pos-
sibility of formate-based transfer (Singh et al., 2023; Weng et al., 2024).
Although H; diffuses faster than formate, making it an effective carrier
at short distances, while formate becomes more advantageous for
longer-range transfer (Boone et al., 1989; Gujer and Zehnder, 1983)
there is no evidence that nature of electron carrier influenced formation
of flocs (Weng et al., 2025). Microorganisms may dynamically switch
between Hj and formate, depending on local concentrations and spatial
organization within the microbial consortium (Montag and Schink,
2018). In structured aggregates, local metabolite concentrations may
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differ significantly from bulk measurements. As a result, thermodynamic
constraints computed using bulk concentrations may not accurately
reflect the actual energetic conditions experienced by microorganisms,
potentially leading to biased AG, estimates and incorrect predictions.
However, floc formation appeared limited under the thermophilic con-
ditions of the experiments studied here (from on-going batch experi-
ments). Furthermore, Acetomicrobium species using the glycine cleavage
pathway were also detected to be active in the thermophilic enrichment
cultures (Singh et al., 2023). Based on its functional gene repertoire, this
species appeared to possess broad metabolic capabilities and can use
different amino acids as substrates. Species with different metabolic
capacities have been demonstrated to be involved in syntrophic acetate
oxidation (Friedline et al., 2025; Weng et al., 2024), indicating that
acetate oxidizers apart from energy gained from syntrophic acetate
oxidation can also have alternative source of energy, to cope with energy
limitations (Weng et al., 2024).

3.5. Perspectives

These results raise important questions regarding electron transfer
mechanisms. Under the conditions studied, microorganisms may rely on
a combination of H2 and formate transfer, and potentially direct inter-
species electron transfer (DIET), to overcome thermodynamic con-
straints. Additionally, the spatial organization of microbial cells,
including the presence of flocs, likely influences local thermodynamic
conditions experienced by individual cells, affecting their growth and
metabolic activity. These findings suggest several avenues for future
research: systematic growth experiments in continuous reactors under
varying dilution rates could enable the unique identification of kinetic
parameters. Measuring formate concentrations and assessing the po-
tential contribution of DIET would provide a more complete under-
standing of the thermodynamics governing these processes. Finally, a
deeper understanding of the metabolism of these species is needed to
evaluate the possible energy-conserving mechanisms they employ for
ATP synthesis.

4. Conclusions

In this study, we developed and evaluated a thermodynamically-
constrained model (Mryy,) for the syntrophic oxidation of volatile fatty
acids, extending classical ADM1-based approaches. By deriving growth
yields and inhibition functions directly from thermodynamic principles,
the model provides several clear advantages. Quantitatively, Mrp
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0.03 30
concentration/ <= g 92 = 0.04 20 f . 1-? /
partial  €0.01 20.02 10ALA .- B 0.5 4
pressure 0 0
0 20 40 0 20 40
—  Operegpaz-s —
O Al \-- ]
AG £ _ZOJ\ £
2 —-40 2
0 20 40
o 1l — 1
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0 20 40 0 20 40 0 20 40
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—— mean of prediction o estimated point
confidence interval ~  ----- 0 kd/mol
° experimental data = ----- -15 kd/mol

Fig. 5. Simulation of Bp;op, prop €xperiment with M, model using validated parameters. a) AG,; of SPOB, SAOB and HM restricted to be lower than —12 instead of O
kJ/mol. (b) AG,; of SPOB and HM restricted to be lower than —12 instead of 0 kJ/mol.



S. Yeghiazaryan et al.

achieves predictive performance comparable to ADM1 variants across
all key metabolites, as measured by mean absolute errors (MAE), while
requiring fewer adjustable parameters due to the removal of the
empirical inhibition term. This combination of similar predictive accu-
racy with reduced parameterization demonstrates improved structural
parsimony, limiting compensatory effects between parameters and
resulting in narrower parameter distributions across repeated multi-
start optimizations. Thermodynamic constraints also allowed for the
estimation of realistic growth yields, lower than default ADM1 values
and closer to experimental observations from defined cultures. The
incorporation of a biologically meaningful minimum AGe, further
highlighted the energetic limits of syntrophic metabolisms and sug-
gested potential differences in metabolic strategies among functional
groups, particularly SAOB. Overall, this work demonstrates that inte-
grating thermodynamic constraints into anaerobic digestion models
enhances both predictive accuracy and mechanistic insight. It provides a
robust framework for investigating syntrophic interactions, improving
parameter identifiability, and creating models that can guide the design
and optimization of bioprocesses.
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