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gﬁ‘ﬁi‘;ﬁéf "azr‘(‘)’;éy 2026 Palm oil mill effluent (POME) is an abundant agro-industrial wastewater with chemical oxygen demand
- uune (COD) exceeding 30,000 mg/L. While it holds promise as a substrate for sustainable biohydrogen

KEYWORDS production, its complex composition restricts microbial accessibility, resulting in low hydrogen yields.

Moreover, empirical models such as the Gompertz equation provide good curve fitting but lack

:ﬁ;@;f;?: Biﬁ'r%';tmem; mechanistic depth, whereas default Anaerobic Digestion Model No. 1 (ADM1) formulations often
volatile fatty acids (VFAS): underpredict volatile fatty acid (VFA) accumulation and hydrogen dynamics. This study aimed to
model calibration and validation: calibrate and validate ADM1 for thermophilic biohydrogen production from enzymatically pretreated
sensitivity analysis; POME. Batch experiments were conducted under optimised conditions (pH 6.5, 4.3 % w/v enzyme
Thermoanaerobacterium loading, 55 °C), and the model was evaluated against experimental hydrogen evolution, reducing sugar

release, and VFA profiles. Sensitivity analysis was performed to identify the key kinetic parameters that
U*Til%';RESPOND'NG influence hydrogen production. Enzymatic pretreatment increased reducing sugar availability by

approximately 182 %, resulting in a fivefold increase in cumulative hydrogen production (444 mL)
compared with untreated POME. ADM1 simulations achieved high predictive accuracy (R? > 0.90;
RMSE < 0.2), successfully reproducing the trends in hydrogen evolution and VFA accumulation. The
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1. INTRODUCTION poses severe risks of water pollution and greenhouse gas
emissions if discharged untreated (Abdurahman et al., 2023).
Malaysia alone generates tens of millions of tonnes of POME
annually, making its effective treatment and valorisation a
national environmental priority. Owing to its high carbohydrate
and lipid content, POME represents a promising feedstock for
hydrogenogenic fermentation, with reported yields of up to 2.3
mol H, mol™ hexose equivalent under optimised conditions
(Zainal et al., 2023). However, the complex composition of
POME, dominated by lignocellulosic residues and recalcitrant

The increasing global demand for renewable energy
has accelerated research into sustainable biohydrogen
production as a clean alternative to fossil fuels. Biohydrogen
generated through dark fermentation offers significant
potential owing to its low energy requirement, rapid production
rate, and ability to valorise organic waste streams. In tropical
countries such as Malaysia, this approach aligns closely with
national renewable energy and waste-to-energy strategies, as
well as international sustainability commitments, including ) e e
Sustainable Development Goal (SDG) 7 (Affordable and organic  compounds, - limits - direct mlcrc?b.lal access o
Clean Energy) and SDG 12 (Responsible Consumption and ~ fermentable  sugars, - thereby  constraining ~hydrogen
Production). production efficiency.

Palm oil mill effluent (POME), produced in large ~ Enzymatic pretreaiment has been shown to
volumes during palm oil processing, is a high-strength significantly enhance POME solubilisation, achieving more

wastewater with COD levels reaching up to 88,000 mgL~"and  than 50 % higher reducing sugar release compared with
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untreated samples (Deb et al., 2023). This pretreatment
strategy is considered environmentally benign, as it operates
under mild conditions and avoids the formation of inhibitory
by-products typically associated with harsh chemical or
thermal methods. Despite these advances, process
optimisation remains challenging due to the complex and
dynamic interactions between microbial consortia, substrate

conversion pathways, and metabolite accumulation,
necessitating the application of predictive modelling
frameworks.

Previous studies on POME fermentation report
substantial variation in hydrogen yields depending on
pretreatment methods and operating conditions. Empirical
models, such as the modified Gompertz equation, provide
excellent statistical fits (R > 0.98) but are limited in their ability
to describe intermediate metabolites and mechanistic
pathways (Wang & Guo, 2024). In contrast, ADM1
incorporates hydrolysis, acidogenesis, and VFA pathways,
enabling mechanistic interpretation of anaerobic processes
(Couto et al., 2022; Economou et al., 2024). However,
simplified decay and inhibition terms in the default ADM1
formulation often led to discrepancies in predicting VFA
accumulation, particularly acetate and propionate, under
inhibitory or thermophilic conditions. (Segura et al., 2025).

Thermophilic ~ systems  generally  outperform
mesophilic digestion, achieving hydrogen yields of 1.8-2.3
mol H, mol™ hexose compared with less than 1.2 mol H,
mol™ hexose under mesophilic operation. Nevertheless,
thermophilic fermentation is often constrained by operational
instability arising from pH fluctuations and excessive VFA
accumulation (Singh et al., 2023). Comparative pretreatment
studies indicate that dilute acid and heat/thermal methods
substantially boost initial hydrogen vyields (e.g., 1.24 mol
H.,/mol glucose with acid pretreatment vs much lower in raw
POME) (Mahmod et al, 2017), whereas enzymatic
pretreatment typically provides more sustained hydrogen
production under milder conditions, resulting in fewer
inhibitory compounds (Izzi et al., 2023). These contrasting
outcomes highlight the unresolved trade-off between
maximising hydrogen yield and maintaining process stability,
reinforcing the need for improved mechanistic modelling
approaches.

Despite notable progress in POME valorisation,
significant challenges remain in accurately predicting
hydrogen yields under thermophilic conditions. Many studies
continue to rely on empirical models that fail to capture
microbial decay, inhibition, and intermediate metabolite
dynamics, limiting their reliability during scale-up. Although
ADM1 offers a mechanistic framework capable of simulating
substrate hydrolysis, VFA fluxes, and hydrogen evolution, its

default formulation underrepresents inhibition effects and
decay kinetics, resulting in deviations exceeding 20 % in VFA
prediction. Furthermore, most ADM1 calibration efforts have
focused on mesophilic or mixed-substrate systems (Couto et
al., 2020; Economou et al., 2024; Lee et al., 2022; Martinez-
Mendoza et al., 2022), leaving a clear research gap in its
application to thermophilic fermentation of enzymatically
pretreated POME.

Therefore, this study aims to calibrate and validate
the Anaerobic Digestion Model No. 1 (ADM1) for simulating
thermophilic biohydrogen production from enzymatically
pretreated palm oil mill effluent. The model is refined to
capture substrate hydrolysis, reducing sugar dynamics, VFA
accumulation, and hydrogen evolution under optimised batch
fermentation conditions. Simulation outputs are validated
against experimental data to assess predictive accuracy,
identify parameter sensitivities, and elucidate inhibition and
decay effects. The scope of this work includes (i) evaluation of
enzymatic pretreatment effects on reducing sugar release, (ii)
ADM1 calibration for thermophilic batch hydrogen production,
and (iii) sensitivity analysis to identify critical kinetic
parameters governing hydrogen vyield. This mechanistic
framework  supports  sustainable  waste-to-energy
development and strengthens biohydrogen process design for
tropical agro-industrial wastewater.

2. MATERIALS AND METHODS

2.1. Substrate and Pretreatment

Palm oil mill effluent (POME) was collected from the
discharge channel prior to the cooling pond at the Felda
Global Ventures (FGV) palm oil mill, Malaysia. The raw POME
was sieved through a 1 mm mesh to remove large particulates
and stored at 4 °C prior to use. Initial characterisation
indicated a total chemical oxygen demand (COD) of 42,580
mg L™, total solids (TS) of 24.6 g L™, and an initial pH of 4.3.

Enzymatic pretreatment was conducted using a
cocktail of cellulase (120 FPU g¢g™) following established
enzymatic  hydrolysis  protocols for improving the
biodegradability of complex agro-industrial wastewater (Deb
etal., 2023; Izzi et al., 2023). The Box-Behnken Design (BBD)
was employed to optimise three key parameters: enzyme
concentration (1-5 % w/v), pH (5.0-7.5), and reaction time (6-
24 h), in accordance with response surface methodology
principles (Montgomery, 2017). Pretreatment experiments
were performed in 250 mL Erlenmeyer flasks incubated in a
shaking water bath (Julabo SW23, Germany) at 55 °C and
150 rpm. The optimised pretreatment condition was identified
as 4.3 % (w/v) enzyme loading, pH 6.5, and a reaction time of
18 h.
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2.2 Experimental Setup

Batch dark fermentation experiments were
conducted in 500 mL serum bottles with a working volume of
400 mL, following standard protocols for batch hydrogen
fermentation (Singh et al., 2023). Each reactor was sealed
with butyl rubber stoppers and crimped aluminium caps, then
flushed with high-purity nitrogen gas (99.99 %) for 5 min to
establish anaerobic conditions. The fermentation substrate
consisted of enzymatically pretreated POME, while the
inoculum (15 % v/v) comprised thermophilic anaerobic sludge
collected from a food waste digester located in Jungnam,
Republic of Korea. A schematic overview of the experimental
workflow is presented in Figure 1. All experiments were
conducted under thermophilic conditions at 55 °C using a
temperature-controlled incubator shaker (Thermo Scientific
MaxQ™ 8000). The initial pH was adjusted using 1 M HCl or
NaOH, and continuous mixing was maintained at 150 rpm.
Operational variables, including initial COD concentration
(30,000-45,000 mg L™), inoculum loading (10-15 % v/v), and
initial pH (5.5-7.0), were optimised using Design-Expert®
software (version 12, Stat-Ease Inc., USA).
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Figure 1: The diagram of thermophilic biohydrogen production process from
pretreated palm oil mill effluent (POME).

2.3. Analytical Methods

Hydrogen gas production was quantified using gas
chromatography (GC-TCD, Shimadzu GC-2014, Japan)
equipped with a thermal conductivity detector and a stainless-
steel column (2 m x 3 mm) packed with Porapak Q (Araujo et
al., 2024). The injector and detector temperatures were
maintained at 120 °C and 150 °C, respectively, with high-
purity argon used as the carrier gas at a flow rate of 30 mL
min~". Calibration was performed using certified hydrogen gas
standards (99.999 %, Linde Gas).

Volatile fatty acids (VFAs), including acetate,
butyrate, propionate, and valerate, were analysed by high-
performance liquid chromatography (HPLC, Agilent 1260
Infinity) using a Rezex ROA-Organic Acid H* column (300 mm
x 7.8 mm). The mobile phase consisted of 0.005 M H,SO,
delivered at 0.6 mL min™, with the column temperature
maintained at 65 °C.

Reducing sugar concentrations were determined

using the 3,5-dinitrosalicylic acid (DNS) method, with
absorbance measured at 540 nm using a UV-visible
spectrophotometer (Shimadzu UV-1800). COD, TS, volatile
solids (VS), and pH were measured in accordance with
Standard Methods for the Examination of Water and
Wastewater (Rice et al., 2012).

24, Kinetic Modelling Using the Modified Gompertz
Equation

The modified Gompertz equation was employed to
describe cumulative biohydrogen production kinetics, as
expressed in Equation (1). This model is widely applied for
characterising batch dark fermentation behaviour (Wang &

Guo, 2024).
R e
H(f)=Hmax-exp{—exp{;" (i—f)ﬂ}} (1)

where H(t) represents cumulative hydrogen production (mL),
Hmax is the maximum hydrogen production potential (mL), Rmax
is the maximum hydrogen production rate (mL h™), A denotes
the lag phase duration (h), and t is the fermentation time (h).
Gompertz parameters were estimated via nonlinear
regression using Microsoft Excel® (Microsoft Corp., Seattle,
WA, USA) and were employed to complement the mechanistic
ADM1 analysis.

2.5. ADM1 Model Description and Modification

A modified version of the Anaerobic Digestion Model
No. 1 (ADM1) was developed to simulate thermophilic dark
fermentation (Keller et al., 2002). Methanogenesis pathways
were excluded, and acidogenesis reactions were refined to
prioritise hydrogenogenic pathways via monosaccharide and
amino acid uptake (Couto et al., 2022).

The model was implemented in AQUASIM 2.1 (ETH
Zurich, Switzerland) using a batch reactor configuration.
Biochemical conversion pathways were represented by a
system of ordinary differential equations incorporating
stoichiometric matrices for soluble and particulate
components. The model comprised 19 state variables and 12
kinetic rate equations governing reducing sugar degradation,
VFA formation, and hydrogen evolution.

2.6. Parameter Estimation and Validation

Model calibration was performed using experimental
data obtained under optimised batch fermentation conditions.
Initial parameter values were adopted from the ADM1
framework (Batstone et al., 2002) and adjusted for
thermophilic operation in accordance with reported literature
(Lee et al., 2022). Sensitivity analysis identified the most
influential kinetic parameters, including the maximum uptake
rate for monosaccharides (kmsg,), half-saturation constant
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(Kssu), decay rate (Kgecxsu), and hydrogen vyield coefficient
(Yho_su). Parameter estimation was conducted by minimising
the sum of squared errors between simulated and
experimental data using the Levenberg—Marquardt algorithm.
Model performance was evaluated using the coefficient of
determination (R?), root mean square error (RMSE), mean
bias error (MBE), and index of agreement (IOA). Validation
confirmed strong predictive performance, with R? values
exceeding 0.94 for reducing sugars, VFAs, and hydrogen
evolution.

217. Microbial Community Analysis

Microbial community analysis was conducted to
confirm the presence of hydrogen-producing microorganisms.
Fermentation effluent corresponding to the highest hydrogen
yield and butyrate-to-acetate ratio was collected and
preserved at -20 °C prior to analysis. Total genomic DNA was
extracted using the FastDNA™ SPIN Kit (MP Biomedicals,
USA,) following the manufacturer’s protocol. PCR amplification
was performed using universal bacterial primers 341F and
805R with Nextera adapters and Dr MAX DNA Polymerase
(Doctor Protein, Korea). Sequencing was carried out using an
lllumina MiSeq platform (Chunlab Inc., Seoul, Republic of
Korea). Low-quality reads were removed prior to taxonomic
classification using BLAST (NCBI). Sequences exhibiting >97
% similarity were aligned using MUSCLE in MEGA-X, and
phylogenetic trees were constructed using the maximum
likelihood method under the Jukes-Cantor model with 500
bootstrap replicates.

3. RESULT AND DISCUSSION

3.1 Reducing Sugar
Pretreatment

Recovery via Enzymatic

Enzymatic pretreatment plays a critical role in
enhancing the hydrolysis of lignocellulosic residues in POME
by converting complex polysaccharides into readily
fermentable reducing sugars. Cellulase hydrolyses cellulose
into glucose, amylase depolymerises residual starch into
oligosaccharides, and protease releases soluble amino acids
and peptides. Collectively, these actions increase the pool of
fermentable substrates available for hydrogenogenic
metabolism. Optimisation of key parameters, including
enzyme dosage and pH, has been widely reported to
significantly improve sugar recovery efficiency, thereby
enhancing substrate availability for subsequent biohydrogen
production.

As summarised in Table 1, optimisation at pH 6.5
resulted in a substantial enhancement of reducing sugar
release, corresponding to an increase of approximately 182 %
(mean + SD) relative to the unoptimised baseline. All
experimental values represent the mean of triplicate

measurements, with standard deviations reported to reflect
process variability. These findings are consistent with
previous reports indicating that near-neutral pH conditions
maximise biohydrogen production, where cumulative
hydrogen vyields increased markedly as pH was raised from
acidic to near-neutral conditions due to improved microbial
syntrophy and enhanced acetate-butyrate pathway activity
(Martinez-Mendoza et al., 2022).

Table 1: Optimisation Conditions and Biohydrogen Yield from

Pretreated POME
. . Range Optimised Output (RS/H,
Variable Unit Tested Value Yield)
pH - 5.0-7.5 6.5 RS: 182 £ 9 %
Enzyme % wiv 1-5 43 H,: 444 + 18 mLb
COoD mg/L 30k-45k 39,706
Seed % 10-15 13.64

Values represent mean =+ standard deviation (SD) of triplicate experiments
(n=3)

aRS: Reducing Sugar

bHy: Hydrogen

Table 1 presents the optimal operating conditions
and corresponding experimental outputs, while Figure 2
illustrates the response surface analysis depicting the
interaction effects of enzyme concentration and pH on
reducing sugar vyield. The two representations are
complementary rather than redundant, providing both
numerical and visual insights into pretreatment optimisation.

An enzyme loading of 4.3 % (w/v) yielded the highest
cumulative hydrogen production of 444 + 18 mL, indicating an
optimal balance between extensive polysaccharide hydrolysis
and the avoidance of substrate inhibition. Similar trends have
been reported for enzymatic pretreatment of carbohydrate-
rich and lignocellulosic substrates, where increased
fermentable sugar release directly translated into enhanced
hydrogen vyields during dark fermentation (Bouchareb et al.,
2024). Notably, enzymatic pretreatment minimises the
formation of inhibitory compounds compared with acid or
thermal pretreatment, thereby sustaining microbial activity
throughout fermentation (Sanghvi et al., 2024).

Optimisation of COD at 39,706 mg/L and seed
inoculum at 13.64% ensured sufficient substrate availability
and microbial activity without triggering substrate overload or
acidification stress. This is consistent with evidence that a
balanced substrate composition is critical for maintaining
system stability, as unbalanced loading with excessive
carbohydrates or fats can lead to rapid volatile fatty acid (VFA)
and ammonium  accumulation, impairing  microbial
performance and reducing gas yields. In contrast, balanced
feedstocks supported stable microbial symbiosis, enabling
14-487% higher methane yields in solid-state anaerobic
systems compared to unbalanced controls (Qi et al., 2023).
Such results highlight that maintaining optimal substrate
concentration and inoculum ratio prevents inhibitory
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metabolite accumulation and secures favourable metabolic
pathways for enhanced biohydrogen production.

As illustrated in Figure 2, reducing sugar yield was
strongly influenced by both enzyme concentration and pH,
with a maximum predicted value of approximately 8,500 mg
L™ achieved at higher enzyme loading (=4.5 % w/v) and near-
neutral pH. The response surface confirms that increased
enzyme dosage is effective only within a narrow pH window,
beyond which enzyme denaturation and reduced catalytic
efficiency limit sugar release. At lower enzyme concentrations
(<2.0 % wiv), reducing sugar yield declined sharply, indicating
insufficient hydrolytic activity. Similarly, deviation from the
optimal pH range led to lower reducing sugar release,
highlighting the dual role of enzyme stability and microbial
compatibility in optimising hydrolysis.
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Figure 2: Response surface of reducing sugar yield as a function of enzyme
concentration and pH.

The curved surface response confirms a significant
interaction effect between pH and enzyme concentration. At
optimized conditions, increasing enzyme dosage enhanced
reducing sugar yield only when pH was controlled within the
effective range. For example, Tween 80-assisted ethylene
glycol pretreatment of sugarcane bagasse followed by
enzymatic hydrolysis achieved a 25% increase in glucose
yield (65.1% — 81.3%) at 5% surfactant loading and pH 5.0,
whereas deviations from this pH resulted in lower hydrolysis
efficiency despite higher enzyme concentrations (Song et al.,
2024). Similarly, optimisation of alkali pretreatment for sweet
sorghum residue demonstrated that a 2% NaOH pretreatment
with 1 mm particle size improved cellulose digestibility to
62.7%, but sugar release declined under more severe or
suboptimal conditions, underscoring the narrow operating
window where enzyme loading is effective (Punia & Singh,
2024). Further optimization studies confirmed that enzyme
efficiency is maximized within a narrow pH range, with
cellulase performance significantly impaired under acidic or

alkaline deviations (Porninta et al., 2024).

The increase in reducing sugars under optimized
pretreatment conditions is directly linked to higher hydrogen
recovery because sugar-rich hydrolysates preferentially drive
metabolism toward the acetate-butyrate pathway. Acetate-
and butyrate-dominant fermentations can yield up to 4 mol
H./mol glucose and 2 mol H,/mol glucose, respectively,
compared to near-zero yields from propionate-dominated
pathways (Yang et al., 2023). Sensitivity analyses further
confirm that when acetate and butyrate account for most
fermentation products, hydrogen yields increase by 7-35%
compared to acetate-ethanol pathways (Singh et al., 2022).
Experimental studies with mannitol-rich substrates also
demonstrated that coupling acetate utilisation with butyrate
formation enhances hydrogen selectivity and yield, achieving
up to 91-100% butyrate selectivity with co-supplied acetate
(Zhu et al., 2023).

3.2 Thermophilic Production

Performance

Under thermophilic conditions (55 °C), the batch
dark fermentation of enzymatically pretreated POME yielded
a cumulative hydrogen production of 444 + 18 mL,
representing a fivefold increase compared to untreated
POME. The enhanced performance is attributed to increased
reducing sugar availability and the activation of thermophilic
hydrogen-producing consortia. The optimised process
conditions of COD concentration of 39,706 mg/L, seed
inoculum of 13.64%, and pH 6 were favoured the activation of
hydrogen-producing thermophiles. As illustrated in Figure 3,
pretreatment of POME markedly improves cumulative
biohydrogen production relative to untreated POME.
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—e— Untreated P

g 400 4~ ®@--Pretreated ,,"’;f'

<. 7

5 350 5

S 4

2 300 /’

=]

A 4

= 250 4 & :

5] v

80 ”

4] /

2 200 ,4’

El v

AE s’

2 150 A 4

E #

5

<

_é 100 i / i

5 PP ¢

o 50 z

- ”!:,
0 k=l —pzzzt®-" i i
0 20 40 60 80 100 120 140 160

Time (h)

Figure 3: Cumulative biohydrogen production from untreated and
pretreated POME over fermentation time. Pretreatment enhanced hydrogen
yield, with a distinct exponential increase observed after 70 h, while the
untreated substrate plateaued at 85 mL.
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The untreated substrate yields 80-90 mL by 80 h and
then levels off, suggesting substrate limitation or inhibition. In
contrast, pretreated POME exhibits a lag phase (40-60 h),
after which hydrogen production accelerates steeply, reaching
over 400 mL by 160 h about 4-5x higher final yield than
untreated. This behaviour is consistent with kinetic predictions
from the modified Gompertz model, where pretreatment
shortens the effective lag phase and increases the maximum
hydrogen production rate (Rmax).

Dilute acid pretreatment of POME has been shown
to increase hydrogen yield by more than twofold, with
cumulative volumes rising from 85 mL in untreated conditions
to over 200 mL under optimised phosphoric acid pretreatment,
owing to enhanced solubilisation and hydrolysis efficiency (S.
Arisht et al., 2022). Similarly, thermal pretreatment has been
reported to boost hydrogen production from ~120 mL to above
300 mL, primarily by inactivating hydrogen-consuming
methanogens and increasing soluble carbohydrate release
(Priambodo et al., 2024).

The lag phase observed in pretreated POME likely
reflects the time required for microbial acclimatisation and
enzymatic breakdown of complex organics before rapid
fermentation commences. For example, in a study on thermal
pretreatment of POME, no measurable hydrogen was
detected until 24 h of incubation, after which hydrogen
production increased sharply under optimal pretreatment
conditions (100 °C), achieving a yield of 0.264 L H, / L-POME
at 48 h, with COD removal of 22.74 % (Priambodo et al.,
2024). In untreated POME, hydrogen production remained
essentially undetectable over the same first 24 h (Priambodo
et al, 2024). Additionally, a combined ultrasonication—
microwave pretreatment of POME yielded 4,080 mL H, per L-
POME, compared to 3,360 mL H, per L-POME for untreated
raw POME (i.e. ~21 % higher cumulative yield), demonstrating
that pretreatment shortens the adaptive phase and promotes
faster hydrogen generation (Albuquerque et al., 2024).

Pretreatment of POME has been shown to increase
cumulative biohydrogen vyields by 1.5-fold to 2.35-fold over
raw POME, depending on method and conditions; for
example, 2.5 % (w/v) HsPO, pretreatment produced 2.35x
higher yield than untreated POME in batch fermentation (S. N.
Arisht et al., 2022). Combining ultrasonication with microwave
pretreatment reached 4080 mL H,/L-POME vs ~3360 mL
H,/L-POME for raw substrate (=1.21x increase), with COD
removal efficiency ~75.6 % (Albuquerque et al., 2024). A
hydrothermal pretreatment study reported 1.68-fold higher
hydrogen production compared to untreated POME, along
with reduced pollutant loads (Zainal et al., 2024).

3.3 Volatile Fatty Acid Profile and Metabolic
Pathways

Analysis of the fermentation broth revealed a volatile
fatty acid (VFA) profile dominated by butyric and acetic acids,
indicating a favourable butyrate-type fermentation pathway.
Acetate and butyrate together accounted for more than 80 %
of total VFAs (mean + SD), while propionate and valerate
were present in relatively minor proportions. As illustrated in
Figure 4A, acetate reached a concentration of approximately
45 mM (45 %), followed by butyrate at 35 mM (35 %).
Propionate and valerate accounted for approximately 12 %
and 8 % of the total VFA pool, respectively (Figure 4B). The
low propionate concentration is particularly significant, as
propionate formation consumes reducing equivalents and is
known to suppress hydrogen generation. This acetate—
butyrate dominance (80% of total VFAs) is consistent with the
cumulative biohydrogen production trends observed in Figure
3, where pretreatment of POME led to a nearly fivefold
increase in hydrogen yield (420 mL vs 85 mL for untreated).

(B)
) T

60
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S

Concentration (mM)

Fraction of VFAs (%)

Total VFAs

B Acctate
Butyrate
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N Valerate

Figure 4: Distribution of volatile fatty acids (VFAs) during fermentation: (A)
concentration of individual VFAs (mM); (B) fractional composition of VFAs
(%). Acetate and butyrate dominate the VFA spectrum, followed by
propionate and valerate.

The high acetate and butyrate fractions reflect a
metabolic shift towards the acetate-butyrate fermentation
pathway, which is strongly associated with higher hydrogen
recovery. Recent studies confirm that mannitol fermentation
(with acetate co-utilization) achieved 100% butyrate selectivity
in the effluent and a hydrogen yield of 2.12 mol H, per mol
mannitol, which increased further to 2.33 mol H, per mol
mannitol when brown-algae hydrolysate was used (Li et al.,
2022). Moreover, in-situ extraction of carboxylates increased
the accumulated H, by 15% and butyrate molar yield by 71%
relative to the control, indicating that relieving product
inhibition and enriching butyrate pathways enhances H;
recovery (Nufiez-Valenzuela et al., 2024). Recent evidence
shows that operating conditions that drive carbon flux into the
propionate pathway (notably ORP = -280 mV) suppress H:
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formation; conversely, avoiding propionate/lactate routes
increases the likelihood of H, production via pyruvate-
decarboxylation pathways (Sim et al., 2023). Mitigating
product (carboxylate) build-up further raises accumulated H
by 15.2% and markedly increases butyrate yield (+71%),
consistent  with  steering metabolism away from
inhibitory/propionate routes and toward acetate-butyrate-H,
pathways (Engliman et al., 2022). In the present case,
propionate (12%) and valerate (8%) remained relatively low,
indicating  minimal  hydrogen-consuming activity and
supporting the enhanced yields shown in Figure 3.

The hydrogen yield improvement in Figure 3 and the
acetate-butyrate enriched VFA profile in Figure 4
demonstrate that pretreatment not only increased substrate
availability but also steered the metabolic balance toward
pathways favourable for hydrogen generation. This provides
mechanistic evidence that pretreatment strengthens both
substrate solubilisation and metabolic efficiency, leading to
higher cumulative hydrogen recovery.

As shown in Figure 5A, microbial community analysis
revealed that  Thermoanaerobacterium  was  the
overwhelmingly dominant genus, accounting for 83% (29,455
reads) of the total population, followed by Moorella (9%),
Caldanaerobius (3%), Caloribacterium (2%), and minor
genera including Ethanoligenens and others (<2%). The
dominance of Thermoanaerobacterium is consistent with its
ability to thrive under thermophilic conditions and utilize
diverse sugars for hydrogen production. Recent findings
demonstrated that T. thermosaccharolyticum SP-H2 exhibited
optimal growth at 55-60 °C and pH 7.5, producing hydrogen
yields of up to 1.91 mol H,/mol hexose (77.8 mmol H,/L) from
maltose, and comparable yields from galactose (201 ml H,/g
COD) and xylose (196 ml Hp/g COD) (Litti et al., 2022).
Acetate and butyrate were identified as the main soluble
metabolites, together constituting more than 60% of VFAs,
and their accumulation showed a statistically significant
positive correlation with hydrogen concentration and yield,
confirming that the acetate-butyrate pathway is the most
efficient metabolic route for biohydrogen generation in
thermophilic systems (Litti et al., 2022). The relatively high
abundance of Moorella suggests its contribution to acetate
metabolism, as acetate was observed to be the dominant VFA
during ammonia stress phases, with accumulation exceeding
600 mg/L when acetate metabolism was partially inhibited
before recovery. Multi-omics analysis showed that acetate
metabolism was initially suppressed due to downregulation of
methyl-CoM reductase in Methanothrix, but the recovery of
acetate turnover was facilitated by more tolerant taxa such as
Methanosarcina and other acetate-utilizing bacteria (Zhang et
al., 2022). In contrast, the low proportions of Ethanoligenens

indicate that ethanol-type fermentation was not a significant
route under these conditions, as ethanol accumulation was
negligible compared to acetate and propionate fluxes,
confirming the limited role of ethanol-type pathways in the
tested system (Zhang et al., 2022).

(A)

Ethanoligenens

Others

Caloribacterium

Genus

Caldanaerobius

Moorella

Thermoanaerobacterium

I t i 1 T T T : t
0 10 20 30 40 50 60 70 80

Composition (%)

(B)

Figure 5: Microbial community structure and phylogenetic analysis of
thermophilic biohydrogen-producing consortia: (A) relative abundance of
dominant bacterial genera, and (B) phylogenetic tree showing the taxonomic
relationship of Thermoanaerobacterium with other closely related strains.

The phylogenetic tree in Figure 5B confirmed that the
enriched strains clustered closely with
Thermoanaerobacterium thermosaccharolyticum,
Thermoanaerobacterium  xylanolyticum, and other well-
characterized hydrogen producers. This microbial evidence
reinforces the kinetic and VFA-based findings, establishing a
coherent link between pretreatment, microbial selection,
metabolic routing, and hydrogen production. In thermophilic
enrichment  studies, Thermoanaerobacterium lineages
consistently dominated microbial consortia due to their ability
to degrade complex polysaccharides and channel metabolism
toward the acetate—butyrate pathway. For example, in Fe-Mn
impregnated biochar systems, the combined relative
abundance of Thermoanaerobacterium, Anaerocolumna, and
Thermosinus reached 84.12 %, which was 25.63 % higher
than the control group, supporting superior hydrogen yields of
1.71 mL Hyo/mL-culture and 586.19 mL Hj/g-carbohydrate
(Chen et al., 2023). Similarly, thermophilic operating
environments enriched hydrogen-producing taxa such as
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Thermoanaerobacterium and T. thermosaccharolyticum,
which showed high tolerance to elevated temperatures and
efficient carbohydrate utilization, resulting in hydrogen yields
exceeding 2.0 mol Hy/mol hexose under optimized
pretreatment conditions (Ndayisenga et al., 2022). These
findings reinforce that phylogenetic clustering with
Thermoanaerobacterium species reflects both taxonomic
proximity and functional specialization in thermophilic
biohydrogen production.

34 ADM1 Model Calibration and Validation

Accurate calibration and validation of the Anaerobic
Digestion Model No. 1 (ADM1) are essential to ensure that
kinetic parameters reliably represent substrate degradation,
microbial dynamics, and metabolite fluxes in complex waste
streams such as POME. As summarised in Table 2, the
calibrated ADM1 model reproduced the experimental
hydrogen evolution profiles with high accuracy, achieving an
R? of 0.96 and a low RMSE < 0.2. These results indicate
excellent agreement between simulated and experimental
data. The strong predictive capability indicates that the
selected kinetic constants effectively captured substrate
hydrolysis, acidogenesis, and hydrogenogenic conversion
dynamics.

Table 2: Kinetic Parameters and Validation Indicators for ADM1-Based

Model.

Parameter Symbol Value Unit

kg COD/kg
Max uptake.rate kmsu 247 COD/day
Half-saturation Ksa, 117 kg COD/m?®
constant
Decay rate Kdec_xsu 0.62 1/day
R? (H evolution) - 0.96 -
RMSEa (H, _ <02 _
prediction) -

a RMSE: Root mean square error

The calibrated maximum substrate uptake rate (kmsy
= 2.47 kg COD-kg™" COD-day™") reflects the high metabolic
activity of acidogenic consortia under optimised pretreatment
and thermophilic conditions. This high uptake rate reflects the
strong metabolic activity of acidogenic consortia under
optimized pretreatment. Reported kms, values for
carbohydrate-rich substrates typically range from 1.5 to 3.0 kg
COD-kg™ COD-day™", suggesting that the obtained value is
consistent with efficient acidogenesis (Mo et al., 2023). Similar
uptake constants (2.0-2.8) were also observed in ADM1-
based calibrations for food waste digestion, confirming that
the calibrated value of 2.47 is consistent with efficient
acidogenesis under optimized conditions (Economou et al.,
2024). The half-saturation constant describes microbial affinity
for substrates. Values between 0.5-2.5 kg COD-m™ have
been reported for sugar and amino acid degraders, with lower

values (<1.5) indicating strong substrate affinity (Mo et al.,
2023). Model calibrations in wastewater and sludge digestion
similarly reported Kss, values around 1.0-1.3, confirming that
the obtained 1.17 reflects robust substrate utilization at
moderate COD levels (Emebu et al., 2022). Decay constants
(kdec xsu) for acidogenic biomass generally range 0.2-0.8
day™, influenced by stress factors such as VFA accumulation
or low pH (Mo et al., 2023). The calibrated value of 0.62 day™
lies within this reported range, reflecting moderate stress but
stable microbial retention. Comparable decay rates (0.5-0.7
day™") have been observed in ADM1 calibrations under high
organic loading (Economou et al., 2024) and in bioreactor
studies where VFA buildup accelerated biomass turnover
(Anjum et al., 2023).

As shown in Figure 6, the ADM1 simulation
reproduced the experimental hydrogen evolution trend with a
high coefficient of determination (R? = 0.903) and a very low
prediction error (RMSE = 4.82 x 107°). The model accurately
captured the rapid increase in hydrogen volume during the first
48 hours, followed by a slower rise approaching a plateau
beyond day 3. This pattern reflects the typical fermentation
dynamics in pretreated POME systems, where rapid
hydrolysis and acidogenesis dominate early, while hydrogen
yields stabilize once substrate availability declines.

R*=0.903
RMSF=4.826-05

0.00040 1
0.00035

_ 0.00030

0.00010 A

0.00005 4 —— "ADNIT simulation

®  Experimental

0.00000 T T T T
0 1 2 3 4
Time (d)

Figure 6: Comparison of ADM1-simulated hydrogen evolution with
experimental data under optimized fermentation conditions. The close
agreement between simulation (solid line) and experimental results (red
points) demonstrates the predictive accuracy of the calibrated ADM1 model.

The simulated maximum hydrogen volume of 0.0004
m? closely matched the experimental endpoint, demonstrating
that the calibrated kinetic parameters effectively represented
substrate uptake, microbial activity, and decay processes.
Comparable studies have reported R? values above 0.90 for
ADM1 calibrations of carbohydrate-rich  feedstocks,
highlighting the model's robustness when kinetic constants
are tuned for system-specific conditions (Bayu et al., 2022;
Bechara, 2022).

The predictive accuracy observed here is consistent
with recent evidence that ADM1 modifications and careful
parameter calibration can reliably capture not only hydrogen
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yields but also VFA accumulation and microbial stress
responses (Bechara, 2022; Emebu et al., 2022). Furthermore,
the low RMSE suggests the model could serve as a reliable
decision-support tool for scaling up pretreatment strategies
and controlling fermentation stability in biohydrogen systems.

35 Comparative Analysis of ADM1 and Gompertz
Models

ADMT1 accurately reproduced hydrogen evolution (R?
= 0.96), while the Gompertz model provided superior curve-
fitting (R? = 0.993), confirming their complementary roles.
While Gompertz-based kinetics provide excellent curve-fitting
for cumulative hydrogen production, ADM1 captures the
underlying biochemical and microbial mechanisms, making
such side-by-side assessments valuable for both validation
and process optimization.

As illustrated in Figure 7, the hydrogen production
profile from cellulase-pretreated POME under thermophilic
conditions was well described by both the Gompertz model
and the ADM1 simulation, when compared against the
experimental dataset. The Gompertz model achieved
excellent predictive performance with R? = 0.993, RMSE =
1.28 x 107>, and MAE = 1.08 x 10~>, outperforming the ADM1
simulation of R?=0.903, RMSE = 4.82 x 10~° and MAE = 2.49
x 1075, These results indicate that while ADM1 is effective for
mechanistic representation of microbial and biochemical
processes, empirical models such as Gompertz provide
superior curve-fitting ability for cumulative hydrogen evolution.

0.0004 4

~~ 0.0003 4

0.0002

H; production (m

0.0001 - fr e

ADM1: R?=0.903 RMSE=4.82e-85 MAE=2.4%e-05 n=11

0.0000 1 Gompertz: RZ=8.993 RMSE=1.28e-05 MAE=1.88e-05 n=11

0.000 0.025 0.030 0.075 0.100 0.125 0.150 0.175 0.200
Time (days)

Figure 7. Comparison of ADM1-simulated hydrogen evolution with
experimental data under optimized fermentation conditions. The close
agreement between simulation (solid line) and experimental results (red
points) demonstrates the predictive accuracy of the calibrated ADM1 model.

The hydrogen production profile exhibited three
distinct phases: (i) a short lag phase (<0.03 d), (i) a rapid
exponential hydrogen evolution phase between 0.03-0.10 d,
and (iii) a plateau phase beyond 0.15 d associated with
substrate depletion and metabolic stabilisation. The higher
accuracy of the Gompertz model in capturing the transition
between exponential growth and plateau is supported by

recent kinetic studies. Multiscale kinetic modelling applied to
membrane bioreactors reported R? values exceeding 0.99
across 11 case studies, demonstrating superior curve-fitting
performance compared to conventional Gompertz and logistic
models (Asvad et al., 2023). Similarly, batch dark fermentation
systems fitted with modified Gompertz models consistently
achieved R? > 0.98 when predicting cumulative hydrogen
evolution, confirming its robustness in describing dark
fermentation kinetics (Martinez et al., 2022).

Despite its slightly lower statistical performance,
ADM1 offers significant advantages by explicitly representing
substrate uptake, microbial growth, and decay kinetics,
making it more suitable for process optimization and scenario
testing. Recent ADM1 improvements that incorporated
inhibition dynamics and thermophilic kinetic adjustments have
shown strong predictive performance, with model validation
against experimental hydrogen evolution achieving R? values
of 0.91-0.95 and low RMSE (<0.05), confirming the capability
of calibrated ADM1 structures to reproduce cumulative H,
production trends under thermophilic conditions (Bayu et al.,
2022; Bechara, 2022). Thus, combining mechanistic and
empirical modelling approaches enhances both predictive
accuracy and interpretability.

3.6 Sensitivity Analysis and Parameter Estimation

Sensitivity analysis was performed to identify the
kinetic and stoichiometric parameters exerting the greatest
influence on hydrogen evolution and metabolite dynamics
within the ADM1 framework. This analysis provides
mechanistic insight into pathway dominance and ensures that
calibration efforts focus on parameters most relevant to
process optimisation.

As shown in Figure 8, hydrogen production and VFA
profiles were most sensitive to the maximum substrate uptake
rate (kmsy) and the half-saturation constant (Kss). This finding
mechanistically links enzymatic pretreatment (enhanced
sugar release) to increased hydrogen evolution via
accelerated acidogenesis. The strong positive sensitivity of
acetate (Figure 8A) and butyrate (Figure 8C) to kms, indicates
that accelerated substrate hydrolysis and fermentation
promote pathways favourable for hydrogen production. In
contrast, propionate (Figure 8B) and valerate (Figure 8D)
exhibited weaker sensitivity, suggesting that these hydrogen-
consuming pathways are less directly driven by substrate
uptake kinetics.

The sensitivity of reducing sugar degradation (Figure
8E) further highlights the importance of Kss, in regulating
substrate affinity. A lower Ksg, value sustains higher substrate
uptake at moderate COD levels, preventing sugar
accumulation and ensuring continuous VFA and hydrogen
generation.
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Figure 8: Sensitivity function of kinetic and stoichiometric parameters on metabolite dynamics: (A) acetate, (B) propionate, (C) butyrate, (D) valerate, (E)
reducing sugar degradation in the reactor compartment, and (F) hydrogen evolution in the headspace.

This finding is consistent with mechanistic ADM1-
based modelling of anaerobic membrane bioreactors treating
high-strength wastewater, where sugar- and amino acid-rich
influents generated the highest hydrogen production rates
(6.9-6.1 L Hy L™d™), confirming that reducing sugar
availability is a critical driver for downstream VFA formation
and hydrogen fluxes (Vera et al., 2023). In contrast, lipid-rich

influents produced only 0.7 L H, L™"-d™", highlighting the
comparatively limited hydrogenogenic potential of lipid
pathways under similar conditions (Vera et al., 2023). Recent
ADM1 improvements, incorporating additional metabolic
pathways such as acrylate and homoacetogenesis, have
demonstrated a strong predictive capability, with calibration
against sugarcane vinasse acidogenesis showing R? values
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above 0.95 for hydrogen, acetate, and propionate trends at
15-20 kg COD-m™2. The inclusion of lactate-to-propionate
conversion and hydrogen consumption via homoacetogenesis
was critical for accurately capturing reducing sugar
degradation and downstream VFA fluxes, confirming the
central role of sugar and lactate pathways as system drivers
(Couto et al., 2022).

Hydrogen sensitivity (Figure 8F) showed a
pronounced dependence on kmg,, confirming that microbial
metabolic activity, rather than decay parameters alone,
governs gas evolution. Global sensitivity analysis under mixed
aleatory and epistemic uncertainties has demonstrated that
perturbations in key kinetic and operating parameters can
substantially impact system performance. In the
hydrogenation of levulinic acid and butyl levulinate to y-
valerolactone, variations in initial temperature, Ru/C catalyst
loading, and hydrogen pressure accounted for the largest
share of variance in both thermal risk and production rate, with
Sobol indices exceeding 0.25-0.35 for these parameters. This
indicates that yield and risk metrics can shift by more than
20% under parameter uncertainty, underscoring the necessity
of precise calibration of uptake-related constants and
operating conditions (Shi et al., 2024). Meanwhile, the decay
rate (keec xsu) €xerted moderate influence on all metabolites,
reflecting its role in biomass turnover and system stability.
High decay rates accelerate biomass loss and reduce
hydrogen generation, as confirmed by ADM1-based
simulations of agro-industrial waste co-digestion. In
continuous CSTR systems, model calibration showed that the
first-order biomass decay rate (Kgecan) of 0.02 d™" significantly
influenced microbial stability, with elevated decay leading to
lower carbohydrate consumption and reduced hydrogen
fluxes at short HRTs (0.75 d). The model further demonstrated
that excessive decay promotes acetate and ethanol
accumulation while suppressing stable hydrogenogenic
activity, emphasizing the importance of balancing biomass
growth and washout (Economou et al., 2024).

3.7 Implications and Limitations

Mechanistic validation with ADM1 clarifies which
pathways govern hydrogen release and where operational
bottlenecks arise for scale-up (e.g., short HRTs, pH/VFA
inhibition). Recent work shows ADM1 can capture hydrolysis—
acidogenesis dynamics for complex agro-industrial wastes yet
fits to intermediates (VFAs) may degrade if inhibition terms
and parameter estimation are not carefully treated,
highlighting the need for targeted calibration and explicit

inhibition functions.

As illustrated in Figure 9B-C, hydrogen and carbon
dioxide were the dominant gases produced, with sharp
increases during the first day followed by a gradual decline.
The gas composition stabilized at approximately 40% H., and
60% CO,, with negligible methane formation, indicating that
the system was operating under acidogenic conditions. This
trend is consistent with controlled dark fermentation studies
where only H, and CO, were detected, and no methane was
observed across all operational ranges, confirming the
effective suppression of hydrogenotrophic methanogens. At
pH 6.0 and a hydraulic retention time (HRT) of 3 h, the
maximum hydrogen production rate reached 11.4 L H,/L,
with hydrogen comprising 59-75% of the total biogas,
demonstrating that thermophilic or controlled pH regimes can
sustain hydrogen-dominant gas composition while excluding
methanogenesis (Zagrodnik et al., 2022).

The COD profiles in Figure 9D demonstrate that
while total COD decreased slightly from ~32 to ~31.5 kg
COD-m™3, soluble COD increased in the early stages due to
substrate solubilization before levelling off as reducing sugars
were consumed. This pattern is consistent with ADM1-based
co-digestion simulations of sewage sludge, where influent
COD was fractionated into ~40% inert particulate, 30%
hydrolysis products, and 30% degradable particulates. During
digestion, soluble COD values rose to 6,921 mg/L as complex
particulates disintegrated, before stabilizing as VFAs and
methane were produced (Mudzanani et al., 2023). The model
validation confirmed that effluent COD trends closely tracked
experimental  observations, demonstrating that COD
fractionation and solubilization are critical to predicting
substrate availability and subsequent gas yields (Mudzanani
etal., 2023).

Biomass dynamics presented in Figures 9A and 9E
show that hydrolytic and acidogenic populations exhibited the
fastest growth during the first 24 h, reaching peak
concentrations of ~3.2 kg COD-m™, before stabilizing as
substrate availability declined. In contrast, hydrogenotrophic
and methanogenic groups remained below 0.2 kg COD-m™
throughout the run, confirming suppression of hydrogen-
consuming pathways under thermophilic conditions. These
trends are consistent with ADM1-based co-digestion studies,
where short HRTs (1-2 d) enriched acidogenic bacteria, while
methanogens were inhibited, leading to gas compositions
dominated by H, and CO, (Economou et al., 2024).
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Figure 9: Integrated ADM1 outputs for thermophilic dark fermentation of pretreated POME: (A) Growth rates of key functional groups; (B) Gas production
rates (H,, CO,); (C) Gas composition (vol%); (D) TCOD and SCOD profiles; (E) Biomass state variables (kg COD-m™).

Acidogenic biomass plateaued beyond 48 h,
indicating a metabolic transition from exponential growth to
maintenance. Meanwhile, inert and particulate fractions (XI,
XPr, XCh) accumulated progressively, with inert biomass
rising from ~1.5 t0 2.3 kg COD-m™. This accumulation reflects
endogenous decay, a phenomenon confirmed in ADM1 model
calibrations where decay constants (kgec = 0.02-0.62 d77)
significantly influenced long-term microbial stability (Mo et al.,
2023). Failure to account for such decay pathways often
results in overprediction of active biomass and hydrogen yield,
highlighting the necessity of including accurate decay kinetics
in ADM1 simulations (Dareioti et al., 2014).

The simulation results highlight that reducing sugar
uptake primarily directed carbon flux toward the acetate—
butyrate pathway, leading to efficient hydrogen release. This

observation is consistent with thermophilic anaerobic
fermentation of carbohydrate-rich food waste, where butyrate
(65.4%) and acetate (24.2%) dominated the short-chain fatty
acid spectrum, while hydrogen yields reached 98.8 mL H, g
CODfed™ (157 L H, kg VSfed™) (Greses et al., 2022). The
early surge in hydrogen production followed by a decline
corresponds to substrate depletion and accumulation of VFASs,
particularly butyrate, which has been reported as the major
metabolic endpoint under slightly acidic thermophilic
conditions (pH 5.8). This metabolic pattern reflects the shift
toward the acetate-butyrate pathway as the primary
hydrogenogenic route, a well-recognized feature of dark
fermentation ~ systems  processing  carbohydrate-rich
substrates (Greses et al., 2022).

Finally, the combined reproduction of growth rates,
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gas composition, COD fractions, and biomass dynamics
confirms the robustness of the calibrated ADM1 framework for
pretreated POME. This finding aligns with broader process
simulation studies, where scaled-up biocatalytic systems
demonstrated that well-parameterized models can capture
macroscopic performance trends and provide valuable
insights for industrial translation (Chen & Wang, 2024).
However, the results also emphasize the limitations of
simplified decay and inhibition terms. Reviews on hybrid
modelling approaches highlight that conventional mechanistic
models often misrepresent intermediate metabolites and
microbial dynamics when inhibition kinetics are oversimplified,
whereas hybrid frameworks combining mechanistic cores
(such as ADM1) with data-driven layers improved prediction
accuracy and robustness during scale-up (Albino et al., 2024).

4. CONCLUSION

This study successfully calibrated and validated the
Anaerobic Digestion Model No. 1 (ADM1) for simulating
thermophilic biohydrogen production from enzymatically
pretreated palm oil mill effluent. The model was applied under
batch conditions, integrating pretreatment-enhanced reducing
sugar availability, substrate hydrolysis, volatile fatty acid
(VFA) accumulation, and hydrogen evolution. The findings
confirm that Enzymatic pretreatment of POME enhanced
reducing sugar release by ~182%, enabling cumulative
hydrogen vyields of 444 mL, nearly fivefold higher than
untreated POME. The calibrated ADM1 reproduced
experimental hydrogen dynamics with strong accuracy (R? >
0.90; RMSE < 0.2), validating key kinetic parameters such as
substrate uptake rate (2.47 kg COD-kg™" COD-d™") and decay
constant (0.62 d7"). Sensitivity analysis further revealed that
reducing sugar availability and uptake kinetics were the
primary drivers of acetate-butyrate pathway dominance and
hydrogen release, while elevated decay rates accelerated
inert biomass accumulation and curtailed yields. Overall, the
study demonstrates the novelty of applying ADM1 to
thermophilic, enzymatically pretreated POME, providing a
mechanistic tool for optimizing biohydrogen systems and
informing scale-up strategies, with future work directed toward
continuous validation and hybrid mechanistic—data-driven
integration.
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