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Abstract

Reducing methane (CH4) emissions from ruminants is a major target for the livestock
sector. Synergy between in vitro studies and mathematical models can be useful to
provide high quality data enabling to quantify the mode of action of anti-
methanogenic additives and thus design robust mitigation solutions. The objective of
this work was to conduct a theoretical optimal experiment design (OED) to
determining optimal experimental conditions allowing an accurate estimation of key
parameters of a model we previously developed representing the impact of the anti-
methanogenic macroalgae Asparagopsis taxiformis on rumen fermentation and CHas
under in vitro continuous conditions. A. taxiformis contains the anti-methanogenic
compound bromoform which inhibits directly the growth rate of methanogens. CHa

inhibition results in hydrogen (H2) accumulation. Hz exerts thermodynamic control on
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the fermentation via the flux allocation towards volatile fatty acids production. We
applied the OED framework to 5 model parameters related to the mode of action of
A. taxiformis: k; (inhibitor bromoform constant) and p,, p,, s, P4 (parameters of affine
functions representing flux allocation factors). After conducting a structural parameter
identifiability analysis to guarantee that the parameter identification problem was
well-posed, we set the OED problem for parameter estimation using the D-optimality
criterion which maximizes the determinant of the Fisher information matrix (FIM)
using as decision variables the bromoform content in the feed and five sampling
times for a run duration of 24 h. The OED problem was solved for four feed intake
patterns. The accuracy of the parameter estimates was determined by the calculation
of the standard deviations (s.d.) and compared with the s.d. obtained with a classical
equidistant sampling protocol. The resulting optimal solutions were shown to be
specific to each feed distribution pattern. The gain in accuracy of the OED protocol
with respect to the equidistant sampling depended on the pattern of feed intake. For
the highest gain, the s.d. by the OED protocol were in average 57% of the s.d. of the
equidistant sampling protocol. For the lowest gain, the s.d. of the OED protocol were
in average 92% of the s.d. of the equidistant sampling protocol. These results
demonstrate the potential of the OED approach for obtaining accurate parameter
estimates, and highlight the importance of selecting an optimal supply of feed
additives. Using the OED approach can be instrumental for conducting experiments
that produce data for building robust rumen fermentation dynamic models that can

help the design of CH4 mitigation strategies.

Keywords: optimal experiment design, parameter identification, macroalgae,

methane inhibition, rumen model
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Implications

The use of antimethanogenic feed additives (AMFA) is a potent strategy to reduce
methane emissions from ruminants. Mathematical models can be instrumental for
designing optimal strategies of AMFA supply. To achieve this goal, models must be
robust. Here, we used the optimal experiment design framework in a dynamic
mathematical model representing the impact of the antimethanogenic macroalgae A.
taxiformis on in vitro rumen fermentation and methane production. We identified
theoretical experimental conditions with high informative content for accurately
estimating key model parameters. This approach has a great potential for the
development of robust models that could be useful for designing methane mitigation

strategies.

Introduction

Reducing methane (CH4) emissions from ruminants is a major target for the livestock
sector. Agricultural CH4 emissions must be decreased by 11 to 30% of the 2010 level
by 2030 and by 24 to 47% by 2050 to meet the 1.5°C target of the Paris Agreement
(IPCC, 2022). CH4 mitigation can be achieved by the supply of antimethanogenic
feed additives (AMFA) (Arndt et al., 2022). Mechanistic modelling can be
instrumental to relate AMFA efficacy to fundamental elements of the rumen
fermentative system and for optimizing AMFA supply (Pressman & Kebreab, 2024;
Dijkstra et al., 2025).. To date, only two mechanistic models represent the effect of
AMFA on rumen fermentation and methane. The model of van Lingen et al. (2021)

represents the effect of 3-nitroxypropanol (3NOP) under in vivo conditions. The
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model of Mufioz-Tamayo et al. (2021) represents the effect of bromoform from the
macroalgae Asparagopsis taxiformis under in vitro conditions. In this work, we focus
on A. taxformis as AMFA. This red macroalgae contains the anti-methanogenic
compound bromoform (Machado et al., 2016a). The effect of A. taxiformis is dose
dependent with methane reductions from 75 to 99% in vitro (Huang et al., 2023;
(Machado et al., 2016b) and from 33 to 98% in vivo (Romero et al., 2024; Roque et
al., 2021; Kinley et al., 2020). As discussed by Belanche et al. (2025), the
elucidation of the mode of action of AMFA requires a multidisciplinary approach
covering microbiology and animal metabolism and dedicated experiments both in
vitro and in vivo. The synergy between experimentation and mathematical models
offers a great opportunity for the design of informative experiments with high quality
data enabling to quantify the AMFA mode of action and provide robust models with
capabilities for the design of mitigation strategies. However, such a synergy is rarely
exploited since model construction and parameter estimation is often conducted as
downstream process (after data collection). On the contrary, an upstream approach
could be adopted to identify optimal experimental conditions that guarantee the
identifiability of parameters and produce experimental data allowing accurate
estimation of model parameters (Mufioz-Tamayo and Tedeschi, 2023) and
characterisation of key mechanisms. By applying a dynamic sensitivity analysis using
the Shapley effects, Blondiaux et al. (2025) showed the importance of considering
the dynamics for an accurate quantification of the mechanisms driving rumen
fermentation and CHa4 production under methane inhibited conditions. The work
identified as perspective the application of the OED framework to identify optimal
sampling times and experimental conditions to provide data with high informative

content for accurately estimating model parameters. Accurate parameter estimates
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are central for the construction of robust models with high predictability capabilities.
Accordingly, the objective of this work was to conduct a theoretical OED providing
information on optimal sampling times and AMFA doses for attaining accurate
estimates of key parameters of a model representing the impact of the A. taxiformis
on rumen fermentation and CH4 under continuous in vitro conditions. Following Open
Science practices to promote accessibility and reproducibility (Mufioz-Tamayo et al.,
2022), the mathematical developments and the scripts that support this work are
freely available at Mufioz-Tamayo (2026) and in the link:

https://github.com/rafaelmunoztamayo/OED rumen.

Material and methods
Mathematical model

We used the mathematical model developed by Blondiaux et al., (2025) that
represents rumen microbial fermentation under methane inhibition conditions
provided by the supply of the A. taxiformis. The model represents in vitro continuous
conditions similar to a RUSITEC system. The operational conditions were taken from
the setting used in Belanche et al. (2017) with the volume of the liquid phase V= 0.74
L. The dynamics of the dry matter intake DM1I (g/h) was represented by the following

equation:

DMI(t) = X, T=mietet ekt (1)

ny

With DM, the daily total dry matter ingested, set to 11.25 g. The parameter k is
the intake kinetic rate constant, set to 0.015 h.The parameter n,. is the number of

feed distributions per day, w; is the fraction of the total DM supplied in the distribution

j. We studied four conditions of feed distribution to explore different feeding patterns:
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1) n.=1.

2) n, = 2 with equal DM supply across the feed distributions (w; = 0.5).

3) n, = 2 with the first feed distribution accounting for 70% of the total DM (w; =

0.7; w, = 0.3).

4) n, = 4 with equal DM supply across the feed distributions (w; = 0.25).
Figure 1 shows an example of the DMI pattern with two distributions (n,, = 2) and
w; =0.7, w, =0.3.
The model extended the model previously developed by Mufioz-Tamayo et al. (2021)
under in vitro batch conditions, whose parameters were estimated using in vitro
experimental data from Chagas et al. (2019). The model is derived from mass
balance equations, following the structure of the rumen fermentation model
developed by Mufioz-Tamayo et al. (2016). Figure 2 displays the flow transport of the
system. Figure 3 shows the macroscopic representation of the rumen fermentation
process and the impact of A. taxiformis on the methanogenesis and on the
fermentation.

The mathematical model is described in compact way as

2=5-pEp)-8EPp) @)
Where & is the vector of 19 state variables (compartments in Fig. 3), defined by § =
(2,5,%,5g), Where z = (zyas, Znse Zpro) IS the vector of concentrations of the polymer
components (neutral detergent fiber (z,45), Non-structural carbohydrates (z,..) and
proteins (zpr,); 9/L), s = (ssu, Saar Sacs Sbws Sprs SIN,SIC,SHZ,SCH4,Sbr) is the vector of
concentrations of the soluble components (sugars (sg,), amino acids (s,,), acetate
(sac), butyrate (spy), propionate (sp,), inorganic nitrogen (syy), inorganic carbon (sic),

hydrogen (sy,), CHa (scp,); mol/L and bromoform (sy,); g/L), X = (xsy, Xaa, Xy, ) is the
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vector of concentrations of the microbial functional groups (sugars utilizers (x,),
amino acids utilizers (x,,) and hydrogen utilizers (xy,); mol/L) ,s; =
(Sg,COZJSg,HZJSg,CH4) is the vector of concentrations in gas phase (carbon dioxide
(Sg.co,), hydrogen (sgy,) and CHa (sgch,); mol/L). p(+) is a vector function with the
kinetic rates of hydrolysis and substrate (sugars, amino acids, hydrogen) utilization.
Hydrolysis rates are described by first-order kinetics. Substrate utilization rates are
described by the Monod kinetics. S is the stoichiometry matrix containing the yield
factors (Y; ;) of each metabolite (i) for each reaction (j), g(-) is a vector function with

the equations representing transport phenomena (i.e., input/output fluxes, liquid—gas
transfer), and p is the vector of the model parameters. The model is detailed in
Blondiaux et al. (2025). The implementation of the model is available in the R
software (Blondiaux, 2024). Few modifications were done in the original model for
constructing the OED approach. The modified model was implemented in Matlab
R2019b. In the scripts, state variables in capitals refer to quantities in mass or molar
units. For example S,. = s, - V. Table 1 shows the model parameters. In this work,
we focused on the parameters associated to the effect of A. taxiformis on the rumen
fermentation and methane production. A. taxiformis contains the anti-methanogenic
compound bromoform which inhibits directly the growth rate of methanogens. The

dynamics of bromoform concentration s, follows

dsbr _
dct Fbr,in - kbr -Spr — Fbr,out (3)

Where Fyin = W‘“"/—DMI is the input flux of bromoform concentration (g/(L h)) with wy,,.
1

the fraction of bromoform in the diet of the animal. We assumed a bromoform content
in the macroalgae of 0.684% in the DM (Chagas et al., 2019), therefore wy,, =

0.00684.w,t, Where is wyy is the fraction of A. taxiformis in the feed (in DM). The
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parameter ky,. is the kinetic rate constant of bromoform utilization (h™) and Fy; out =
D . sy, is the output flux of bromoform concentration (g/(L h)), with D the dilution rate
constant set to D = 0.035 h! (Bayat et al., 2011) to represent conditions close to the
in vivo situation. The direct inhibition of bromoform is integrated in the kinetic rate of

hydrogen utilization (py,) by the methanogens:

S
PH, = Ior "IN - k —2 XH, (4)

m,H; KS,HZ +SH2

where sy, (mol/L) is the hydrogen concentration in liquid phase, xy, (mol/L) is the
concentration of hydrogen-utilizing microbes (methanogens), k, i, (mol/(mol h)) is
the maximum specific utilization rate constant of hydrogen, Ky, (mol/L) is the Monod

affinity constant of hydrogen utilization, and I;y is a nitrogen limitation factor. The
factor I, represents the inhibition caused by the bromoform on the growth of

methanogens growth and follows the non-competitive inhibition equation

Iy = —br_ (5)

Kibrt Sbr
With k4, the bromoform inhibition constant. It should be noted that in the previous
model versions (Blondiaux et al., 2025; Mufioz-Tamayo et al., 2021), I, was
represented by a sigmoid function. In the present work, we modified the
representation to the rational Eq. (5) to facilitate the identifiability analysis which can
become difficult when using exponential functions (see Mufioz-Tamayo and
Tedeschi, 2023 for discussion on parameter identifiability of exponential functions).
An indirect effect of bromoform on the fermentation takes place due to Hz
accumulation under CHa inhibition conditions. The carbon flux allocation towards the
production of volatile fatty acids (VFA) from sugars is driven by the partial pressure of

hydrogen (py,) which increases when methane production is inhibited. Sugars

utilizers convert glucose into VFA following the following macroscopic reactions:
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CeH1206 + 2H20 — 2CH3COOH + 2CO2 + 4H2 (R1)
3Ce6H1206 - 2CH3COOH + 4CH3CH2COOH + 2CO2 + 2H20 (R2)
CeH1206 — CH3 CH2CH2COOH + 2CO2 + 2H2 (R3)
The flux allocation is determined by the model parameters 4,, 1,, 45 that represent
the molar fraction of glucose utilized to produce acetate, propionate and butyrate,
respectively. They follow 4; + 1, + 1; = 1. The allocation parameters are

represented by the following linear equations
A =p— D2-PH, (6)

Ay = p3 + Ps-Du, (7)

Parameter identifiability

We focused on the five key model parameters described above representing the
effect of A. taxiformis on the rumen fermentation and methane production:

ki br P1, D2, D3, P4 Firstly, we tested their structural identifiability, that is the theoretical
ability to recover uniquely their values from measurements given by an experimental
setup. The structural identifiability is relevant for the construction of models whose
purpose is to predict system behaviour (Mufioz-Tamayo et al., 2018). The interested
reader on parameter identifiability is referred to Mufioz-Tamayo and Tedeschi (2023)
which provides information on available software tools for identifiability analysis with
examples in animal science. We used the software toolbox GenSSlI 2.0 (Ligon et al.,
2018) to assess the structural identifiability of the five model parameters. GenSSi

couples the generating series approach with identifiability tableaus.



215

216

217

218

219

220

221

222

223

224

225

226

227

228

229

230

231

232

233

234

235

236

237

We assumed that the available measurements were the concentrations of VFA
(SacsSbw Spr), ga@S concentrations (sg co,, SgH,, Sg,cu,) and the concentration of

bromoform (sy,,).
Optimal Experiment Design for parameter identification

OED aims at obtaining the maximum information to be collected in an experiment on
the basis of the optimization of a suitable criterion (Walter and Pronzato, 1990). In
our case, the goal of the OED is to provide the conditions of an experiment whose
data will be used to obtain accurate parameter estimates of a model representing our
system under study. By this, we follow the upstream approach advocated in Mufoz-
Tamayo and Tedeschi (2023) to provide high informative data for the construction of
robust models. It should be noted that while structural identifiability addresses a
qualitative analysis, the OED follows a quantitative approach aiming at improving the
practical identifiability of the parameter estimates. That is, to improve their accuracy
or reduce their uncertainty. The interested reader on parameter identifiability is
referred to Lam et al., (2022) and Wieland et al., (2021). For the OED problem, we
used the D-optimality criterion which maximizes the determinant of the Fisher

Information Matrix (FIM):
min —det(FIM(p, @)) (8)
[

Where p is the parameter vector and ¢ is the design vector that defines the
experimental set up. Maximizing the determinant of the FIM is equivalent to minimize
the volume of the confidence intervals. We followed the local design approach where
the OED is set using the vector of nominal values p, for the parameters (p = py).

The FIM is calculated at p, as follows
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ym1T
FIM(po, @) = Ep2, [22]

9 1 (t;,po) o [aaL:] ®)

(tipo)

Where n, is the number of sampling (observation) times and X is the covariance

matrix of the observed variables. We assumed that the standard deviations of the
observed variables were the same and equal to 5x10-4. The matrix %“ contains the
first-order sensitivities of the observed variables y,, with respect to the parameters p.

The sensitivity equations were obtained by symbolic manipulation in Matlab using the

IDEAS toolbox (Mufioz-Tamayo et al., 2009) which is available at

http://genome.jouy.inra.fr/logiciels/IDEAS. The calculation of the sensitivities for n;, =
5 parameters results from the resolution of an extended model with 19 + 19 X n, =

114 state variables. The scripts with the extended model and the auxiliary functions
were generated by IDEAS.

We defined the decision vector of the experimental setup as the bromoform content
in the feed as DM, and five sampling times for a run of 24 h: @ = [wy,, ty, t,..t5 ]. We
set a minimal difference of 30 min between two sampling times to place our
theoretical exercise in a practical experimental implementation. Accordingly the kth
sampling time was set as t, = t,_; + A + 0.5. The parameters A, are to be
estimated in the optimization.

The initial conditions at t, were assumed to be known. The maximization of the
determinant of the FIM (Eq. 8) was done using firstly the Matlab function fminsearch
(Nelder-Mead Simplex Method). Then, we used the resulting estimates as initial
guess for a global optimization using the MEIGO Matlab software (Egea et al.,
2014). We used the metaheuristic enhanced scatter search method (Egea et al.,

2010) implemented in MEIGO.

Results and discussion
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The assessment of structural identifiability with GenSSI 2.0 (Ligon et al., 2018) led to
the conclusion that the five model parameters are structurally globally identifiable
under the experimental setup. The computational time for the identifiability testing
was of 1.9s on a laptop with a 2.40 GHz CPU. Table 2 shows the design vector
obtained after the maximization of the determinant of the FIM for each feed
distribution pattern. We observed that the optimal solutions are specific to each
pattern. If we analyse this outcome in the context of an animal trial in which the
animals exhibit different feeding patterns, we can infer that there will be an optimal
sampling protocol for each animal. However, for practical reasons, it would be
preferable to have a single sampling protocol that could provide accurate
measurements for all animals. Such a sampling protocol could be estimated in
advance by applying the OED approach to an extended mathematical model that
takes into account in vivo conditions and incorporates the individual characterisation
of animal feeding behaviour.

Figure 4 shows the theoretical response of the model under the OED conditions for
the distribution with n,. = 2, w; = 0.7; w, = 0.3. Table 3 shows the ratio of the
standard deviations (s.d.) of the parameters by the OED compared to a design with a
classical equidistant sampling with A. taxiformis content of 0.5% DM (w},.= 0.0034)
for the four feed distribution patterns. We observed that the gain in accuracy of the
OED protocol with respect to the equidistant protocol depends on the dynamic
pattern of feed intake. The highest gain was obtained for the feed intake with n, = 2,
w, = 0.7, w, = 0.3. The standard deviations (s.d.) of the parameters by the OED
protocol were in average 57% of the s.d. of the equidistant sampling protocol. The

lowest gain was obtained for the feed intake with scenario n, = 4, w; = 0.25. Here, the

s.d. of the OED protocol were in average 92% of the s.d. of the equidistant sampling
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protocol. Table 3 also shows that determinant of the FIM for each feeding pattern.
The OED protocol for the feeding pattern with n,, = 1 has the highest determinant,
and thus it provides the smallest confidence intervals for the estimates. The
determinant of the FIM of the OED protocol for the feeding pattern with n,, = 2, w, =
0.7, w, = 0.3 is 13 higher to that from the equidistant sampling. These results
demonstrate the potential of the OED approach for obtaining accurate parameter
estimates, and highlight the importance of selecting an optimal supply of feed
additives.

The research on structural identifiability is considered to have reached a high degree
of maturity (Wieland et al., 2021) supported by the development of a variety of
software toolboxes for structural identifiability analysis (Barreiro and Villaverde,
2023). On the other hand, practical identifiability analysis requires further
developments at the conceptual and technical level (Heinrich et al., 2025a; Wieland
et al., 2021). In our work, we used an approach based on the FIM to address the
practical identifiability problem because its simplicity of implementation by means of
symbolic manipulation via the IDEA toolbox (Mufioz-Tamayo et al., 2009). Here, we
focused on a few number of parameters, but the approach can be extended to a
larger set of parameters. Considering a large number of parameters however can
make difficult the computation of the FIM. One alternative strategy is to partition the
full OED problems into smaller sub-problems targeting a couple of parameters
(Mufioz-Tamayo, 2014). It must be kept in mind, however, that the use of the
approximation of the confidence intervals of the parameters using the FIM is only
valid asymptotically under the following conditions (Walter and Pronzato, 1997): the
number of data points is large, the nonlinearity of the model with respect to its

parameters is mild and the measurement errors are independently distributed and
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have small magnitudes. When these conditions are far from being satisfied, the use
of the FIM must be considered with caution. Alternatively, the profile likelihood
method (Raue et al., 2009) offers an accurate approach for the assessment of
practical identifiability that circumvents the shortcomings of the FIM approach.
However, its implementation is computationally expensive (Heinrich et al., 2025b;
Villaverde et al., 2022). It would be useful to implement further the profile likelihood
approach to our case study and compare it with the results provided by the FIM
approach. An example of application of the profile likelihood approach in animal
science is presented by Vargas-Villamil et al. (2020) for a sheep nutrition model.

To sum up, we showed that the consideration of parameter identifiability within an
upstream approach (Mufioz-Tamayo and Tedeschi, 2023) provides a useful resource
to improve the identifiability of model parameters and build robust models with
capabilities for the prediction of the impact of AMFA on rumen fermentation and
methane production. Firstly, by the structural identifiability analysis, we guaranteed
that the parameter optimization problem has a unique solution. Secondly, by the
design of an optimal experimental scheme, we provided conditions for producing
data with high informative content for obtaining accurate parameter estimates. Such
an approach allows to get the most out of experimental data and has the potential of
minimizing costs of an experimental setup (Mufioz-Tamayo et al., 2018). In the broad
context of measuring methane, the OED approach developed here aligns with
studies aiming at identifying the best optimal sampling times in devices such as the
GreenFeed to obtain accurate measurements (e.g., Van Lingen et al., 2023). The
OED approach could also be useful to determine optimal supply of single AMFA and
winning combination of additives allowing to address potential drawbacks of impaired

synchronization when using combination of additives (Mufioz et al., 2024). To exploit



337

338

339

340

341

342

343

344

345

346

347

348

349

350

351

352

353

354

355

356

357

358

the potential of parameter identifiability and OED, a strong synergy between
experimentalist and modellers is required.

The next step of this work is to extend the approach to an ongoing modelling project
aiming at representing the synergetic effect of combining A. taxiformis with the
hydrogen acceptor phloroglucinol under in vitro conditions (Roger et al., 2025). This
strategy aims at reducing methane while improving rumen fermentation. A further
application of the OED approach to in vivo conditions would be instrumental to
improve the connection between in vitro and in vivo results and better assess the
impact of AMFA on the animal. By combining modelling and dedicated experiments,
we expect to enhance our understanding on the rumen microbial ecosystem and
provide tools to inform the design of strategies for sustainable ruminant production.
This approach aligns with the 3Rs (Replacement, Reduction, and Refinement)
principle in setting optimal conditions for refining experiments and building in silico
models that can reduce, in the future, the use of animal experiments for evaluating

methane mitigation strategies.
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Table 1

Model parameters. The parameters used in the Optimal Experiment Design are

marked with *.

Mathematical symbol

Definition

Units

Value

kI,br*

A4

A2

A3

p*
|%)
p3*
ps*

*

Oac,aa

Obu,aa

Opr,aa

aHz,aa

0iC,aa

fu,

fsu

fch,x

f pro,x

kbr

Bromoform inhibition
constant

Molar fraction of the
sugars utilized to
produce acetate

Molar fraction of the
sugars utilized to
produce acetate

Molar fraction of the
sugars utilized to
produce acetate
Intercept of 1,

Slope of 4,

Intercept of A,

Slope of 4,
Stoichiometry
coefficient of acetate
production from amino
acids utilization
Stoichiometry
coefficient of butyrate
production from amino
acids utilization
Stoichiometry
coefficient of
propionate production
from amino acids
utilization
Stoichiometry
coefficient of hydrogen
production from amino
acids utilization
Stoichiometry
coefficient of inorganic
carbon production
from amino acids
utilization

Fraction of hydrogen
utilized for product
formation

Fraction of glucose
utilized for product
formation

Mass fraction of
carbohydrates in the
microbial cells

Mass fraction of
proteins in the
microbial cells

Kinetic rate constant of
bromoform utilization

g/L

mol/mol

mol/mol

mol/mol

mol/mol

mol/mol

mol/mol

mol/mol

mol/mol

mol/mol

mol/mol

g/g

g/g9

5.07e-05

P1 — P2 -PH,
P3 + P4 - DH,
1=+ 1)
0.36

0.64

0.38
0.12

0.67

0.24

0.062

0.82

0.88

0.20

0.55

0.095




knydnar

khyd,nsc

k hyd,pro

km,aa

km,Hz

km,su

Ks,aa

KS,HZ

Ks,su

Yac,su

Ybu,su

Ypr,su

YHZ,su

YIN,su

YIC,su

Death cell rate
constant

Hydrolysis rate
constant of cell wall
carbohydrates
Hydrolysis rate
constant of non-
structural
carbohydrates
Hydrolysis rate
constant of proteins
Maximum specific
utilization rate constant
of amino acids
Maximum specific
utilization rate constant
of hydrogen
Maximum specific
utilization rate constant
of glucose

Monod constant
associated with the
utilization of amino
acids

Monod constant
associated with the
utilization of hydrogen
Monod constant
associated with the
utilization of glucose
Nitrogen limitation
constant

Microbial biomass
yield factor of amino
acids utilizers
Microbial biomass
yield factor of
hydrogen utilizers
Microbial biomass
yield factor of glucose
utilizers

Yield factor of the
acetate during
utilization of glucose
Yield factor of the
butyrate during
utilization of glucose
Yield factor of the
propionate during
utilization of glucose
Yield factor of the
hydrogen during
utilization of glucose
Yield factor of the
inorganic nitrogen
during utilization of
glucose

Yield factor of the
inorganic carbon
during utilization of

hi

h1

h1

h—l

mol /(mol h)

mol /(mol h)

mol /(mol h)

mol/L

mol/L

mol/L

mol/L

mol/mol

mol/mol

mol/mol

mol/mol

mol/mol

mol/mol

mol/mol

mol/mol

mol/mol

8.33e-04
0.024
0.06

0.09

2.00
16

1.00
6.40e-03

5.84e-06

9.00e-03

2.0e-04

0.31
0.006

0.16

fou- 2.4 42 25)
fsu-(43)

fou - G - 22)

fou (4.2 +2.25)

_Ysu

fou- A 42 2 +
2.25)




544

545

Yeu, 1,

YicH,

YinH,

Yi,aa

YIN,aa

Ka,COZ
Ka,NH4

K. a,VFA

kLa
Ky co,

Ky ch,

glucose

Yield factor of the
methane during
utilization of hydrogen
Yield factor of the
inorganic carbon
during utilization of
hydrogen

Yield factor of the
inorganic nitrogen
during utilization of
hydrogen

Yield factor of the
component i during
utilization of amino
acids

Yield factor of the
component inorganic
nitrogen during
utilization of amino
acids

Equilibrium constant of
bicarbonate
Equilibrium constant of
ammonium
Equilibrium constant of
VFA

Equilibrium coefficient
of water

Liquid-gas transfer
constant

Henry’s law coefficient
of carbon dioxide
Henry’s law coefficient
of methane

Henry’s law coefficient
of hydrogen

Pressure
Temperature
Molecular weight of
average amino acid
Molecular weight of
acetate

Molecular weight of
butyrate

Molecular weight of
microbial cells
Molecular weight of
propionate

Molecular weight of
glucose

Volume of the gas
phase

Volume of the liquid
phase

mol/mol

mol/mol

mol/mol

mol/mol

mol/mol

h-l
M/bar
M/bar
M/bar
bars
g/mol
g/mol
g/mol
g/mol
g/mol

g/mol

(1 - Yaa)- Oj,aa

Naa - ya

a.Nmp

5.13e-07
1.44e-09
1.74e-05
2.75e-14
8.33
2.46e-02
1.10e-03
7.23e-04
1.01325
312.15
134
60.05
88.10
113

74.1
180.16
0.06

0.74




546 Table 2
547  Optimal design vectors obtained after maximization of the determinant of the Fisher
548 Information Matrix for four feed distribution patterns. The daily dry matter intake

549  pattern is determined by the number of feed distributions n, and the fraction w; of the

550 total DM supplied in the distribution j.

n,=1
WaT i ty t3 ty ts
(% DM) (h) (h) (h) (h) (h)
0.25 9.8 10.7 11.2 23.5 24
n, =2 wj =05
WAT t t, ts ty ts
(% DM) (h) (h) (h) (h) (h)
0.51 3 13.5 14.2 21.4 22

WaT %] tr t3 ty ts
(% DM) (h) (h) (h) (h) (h)
0.30 8.7 9.2 18 23.4 24

n, =4 w; =025

WAT t; t ts ty ts

(% DM) (h) (h) (h) (h) (h)

0.60 8.3 13 13.5 23.5 24
551
552
553
554
555
556

557



558 Table 3

559 Ratio of the standard deviation (s.d.) of the parameter estimates from the OED to the
560 s.d. from a design with equidistant sampling (ES) and A. taxiformis content of 0.5%
561 DM for four feed distribution patterns. The daily dry matter intake pattern is

562 determined by the number of feed distributions n, in one day and the fraction w; of
563 the total DM supplied in the distribution j.

564

- s.d.OED
n, =1 100 75 47 67 54

s.d equidistant sampling

det(FIM) OED _ 3.5087¢ + 20

= =8.70
det(FIM)ES  4.0332¢ + 19
n, =2 100 s.d.OED 97 69 69 72
s.d equidistant sampling
det(FIM) OED  2.7881le + 18
det(FIM)ES ~ 5.6142e + 17
n, =2 100 s.d.OED 103 37 53 35
s.d equidistant sampling
0)1 = 0 7
w, = 0.3
det(FIM) OED  1.3714e +19 13.22
det(FIM)ES ~ 1.0377e+18
n, =4 100 s.d.OED 99 110 74 100
s.d equidistant sampling
det(FIM) OED 1.1883e + 19
= 4.30

det(FIM)ES _ 2.7790e + 18

565
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Figure captions
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Time (h)

Fig. 1. Daily dry matter intake pattern with two distributions (n,, = 2) with the first

distribution accounting for 70% of the total DM (w; = 0.7; w, = 0.3).
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. >
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>

Fig. 2. Representation of the flow transport of the in vitro rumen fermentation system.
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Fig. 3. Macroscopic representation of the rumen fermentation process and the impact
of A. taxiformis on the methanogenesis and on the fermentation from (Muioz-Tamayo
et al., 2021). Hydrolysis of carbohydrates (fiber and non-fiber) and proteins releases
respectively sugars and amino acids soluble monomers which are utilized by specific
functional microbial groups. Substrate utilization results in product formation (single
arrows) and microbial biomass (double arrows). The bromoform contained in A.
taxiformis produces a direct inhibition of the growth rate of methanogens that results

in a reduction of methane production and in an accumulation of hydrogen. The symbol

(1 indicates the direct effect of the bromoform on the methanogenesis. Hydrogen
exerts a thermodynamic control on the flux allocation towards volatile fatty acids
production. The symbol t% indicates the hydrogen control effect on the rumen

fermentation.
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Fig. 4. Theoretical dynamic response of the model variables under the Optimal
Experiment Design conditions for two feed distributions at 70% and 30% of the total

DM (n, = 2, w; = 0.7; w, = 0.3). The circles e are the optimal sampling times.



