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ABSTRACT

Reliable kinetic models are essential for the design, optimisation and operation of methanol syn-
thesis reactors in power-to-X applications. However, parameter estimation is frequently per-
formed without prior assessment of parametric identifiability or the information content of exper-
imental conditions, often resulting in poorly constrained parameters and inefficient experimental
campaigns. This study introduces a systematic, pre-calibration, information-driven framework for
identifiability analysis and experimental design. The framework integrates local sensitivity analy-
sis, structural and practical identifiability metrics and a Sequential Information-Driven Experimental
Selection (SIDeS) strategy to guide experiment selection prior to parameter estimation. The meth-
odology is applied to four literature kinetic models for methanol synthesis, spanning varying levels
of mechanistic detail. A Sobol-sampled design space is first screened for feasibility and local in-
formation content, followed by cumulative Fisher information analysis. Results demonstrate that
conventional screening campaigns provide limited gains in parameter precision, whereas SIDeS
identify compact experimental sequences that significantly improve practical identifiability within
a constrained experimental budget. Cross-model comparison reveals that increased mechanistic
description does not necessarily translate to improved identifiability under fixed experimental re-
sources. The proposed framework supports informed model selection, reduces unnecessary cali-
bration effort, and provides actionable design-of-experiments recommendations for methanol
synthesis systems.

INTRODUCTION

Keywords: Methanol Synthesis, Kinetic Modelling, Identifiability Analysis, Fisher Information Matrix, Design of
Experiments

assumptions, datasets, and catalyst systems [1, 2, 3, 4].

Methanol is a versatile chemical used as a fuel, hy-
drogen carrier, and precursor to a wide range of industrial
products. Its synthesis from captured CO, and green hy-
drogen represents a key component of emerging power-
to-X technologies aimed at reducing carbon emissions.
Accurate kinetic models are central to the design, optimi-
sation, and simulation of methanol synthesis reactors, yet
predictive modelling remains challenging due to the com-
plex reaction network and variability across catalysts and
operating conditions [1].

The literature reports several kinetic expressions
and mechanistic formulations developed under different

https://doi.org/10.69997/sct.123737

As a result, reported parameter values exhibit significant
variability, reflecting differences in operating windows,
data quality, and estimation methodologies. Historically,
parameter estimation has relied on nonlinear regression
of reactor-specific datasets, with limited assessment of
model transferability. Moreover, calibration is typically
performed without prior evaluation of structural or prac-
tical parameter identifiability, i.e. whether model param-
eters can be uniquely inferred from the available meas-
urements under the given experimental condition, nor of
the information content of the underlying experimental
conditions [5]. This limits confidence in estimated param-
eters and hampers the design of informative
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Figure 1. Overview of the proposed pre-calibration identifiability and sequential design framework. The workflow
comprises: (1) model setup and candidate screening, (2) design space definition and feasibility constraints, (3)
local sensitivity-based information analysis, (4) cumulative FIM-based SIDeS design selection, and (5) final

identifiability assessment and DoE recommendations.

experiments.

Model-based design of experiment (MBDoE) tech-
niques has been widely applied to improve parameter
precision and guide experiment selection for kinetic mod-
els using Fisher-information-based criteria. Early contri-
butions focused on optimal experiment design for param-
eter estimation in reaction systems, while more recent
studies have explored identifiability analysis and infor-
mation-driven experiment selection strategies for reactor
models and catalytic systems. For example, De Luca et
al. (2016) [8] investigated experiment redesign strategies
for improving parameter estimation, while Deussen et al.
(2022) [9] analysed identifiability issues in kinetic model
calibration workflows. More recent work by Friso and
Galvanin (2024) [10] further explored advanced MBDoE
methodologies for reaction engineering applications.
However, these approaches are typically applied during
or after calibration, whereas the present work focuses on
pre-calibration screening of kinetic models and operating
conditions, aiming to identify informative experimental
regions before parameter estimation is performed.

This study introduces a systematic, pre-calibration,
information-driven framework integrating local sensitivity
analysis, structural identifiability, practical identifiability
under assumed noise, and a sequential information-
driven experimental selection (SIDeS) strategy [6, 7]. The
framework is applied to four literature kinetic models of
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methanol synthesis, ranging from the classical Graaf et
al. model [1] and Vanden Bussche and Froment (VBF) ([2]
to more recent models proposed by Slotboom [3] and
Seidel [4]. The aim is to characterise the identifiability
properties of each model, identify informative regions of
the design space, and provide experiment design recom-
mendations prior to calibration, thereby supporting
model selection and reducing unnecessary calibration ef-
fort.

Section 2 describes the proposed methodology.
Section 3 presents the identifiability and information
analysis results and discusses the SIDeS-based design
recommendations. Section 5 summarises the main con-
clusions.

2. METHODOLOGY

This section outlines the proposed pre-calibration,
information-driven framework, beginning with the defini-
tion of candidate kinetic models and the reactor repre-
sentation (Section 2.1), followed by information and iden-
tifiability analyses across the design space (Section 2.2 -
2.5), and finally the application of SIDeS to reach a final
identifiability decision and experiment-selection recom-
mendations. An overview of the workflow is provided in
Figure 1, which organises the methodology into five con-
secutive stages, that are detailed in the following
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sections.

2.1. Candidate Models and Reactor
Representations

2.1.1 Reactor model

A one-dimensional pseudo-homogenous packed-
bed reactor model was used to simulate species and
temperature profiles under non-isothermal conditions.
The model incorporates a non-isothermal energy balance
with axial thermal dispersion. Radial dispersion, catalyst
deactivation, and external or internal mass-transfer limi-
tations were neglected as standard simplifying assump-
tions [11].

Non-ideal gas behaviour was modelled using the
Soave-Redlich-Kwong (SRK) equation of state [11]. Com-
ponent fugacity’s were defined as the product of partial
pressure and SRK-derived fugacity coefficients, while
equilibrium constants were evaluated using the correla-
tions of Graaf and Winkelman [12]. These thermodynamic
relationships were applied consistently across all kinetic
models to ensure a uniform physical basis for comparison
and identifiability analysis.

2.1.2 Candidate kinetic models

Four literature kinetic models were examined: the
classical dual-site LHHW formulation of Graaf et al. [1],
the single-site Vanden Bussche-Froment (VBF) model
which omits direct CO hydrogenation [2], the three-site
10-parameter refit of Slotboom et al. [3], and the CO,-
oriented mechanistic model of Seidel et al [4]. These
models span different mechanistic assumptions and lev-
els of parameterisation, ranging from detailed adsorption
structures to reduced-order kinetic expressions, provid-
ing a representative basis for identifiability screening.

Kinetic and adsorption parameters appearing ex-
plicitly in the rate expressions were treated as uncertain
parameters. Outlet molar flowrates of CH;OH, CO,, CO,
H, and H,0O, together with the outlet temperature and
pressure, were used as model observables for computing
local sensitivities and Fisher information metrics. Identifi-
ability analysis was performed solely on model-predicted
responses without the need of experimental data (a priori
identifiability). A concise comparison of the four kinetic
models is provided in Table 1.

Table 1: Summary of the kinetic models considered in this
study, including parameter counts and key mechanistic
characteristics.

Model No of Type
Params
Graaf et al. 12 Type 1, Dual-site LHHW
VBF 9 Type 2, Single-site
Slotboom 10 Type 2, 3-site mechanism
Seidal et al. 14 Type 1, 3-site mechanism
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All four kinetic models were evaluated under identi-
cal reactor and thermodynamic assumptions to ensure
that differences in identifiability arise solely from the ki-
netic formulations.

2.2. Design Space Definition and Feasibility
Filter

A multidimensional design space was constructed
by incorporating key operating variables relevant to
methanol synthesis, including reactor inlet temperature,
inlet pressure, gas hourly space velocity (GHSV), and in-
let composition expressed via the stoichiometric number
(SN). Additionally, bounds were selected to reflect indus-
trially relevant operating windows [3, 10], and a low-dis-
crepancy Sobol method [13] was used to generate uni-
formly distributed inlet candidate design points. Each
candidate point corresponds to a complete inlet-condi-
tion vector, which is used to generate in-silico reactor
outputs for subsequent sensitivity and information anal-
ysis.

Static feasibility constraints were imposed prior to
simulation, including SN > 2 to ensure hydrogen-rich op-
eration [3], adherence to sum-to-one constraints for inlet
compositions and temperature and pressure limits con-
sistent with industrial practice [3, 14]. Each feasible can-
didate was then evaluated using the full reactor model,
and points resulting in solver failure, negative concentra-
tions or thermodynamic inconsistencies under the SRK
EOS were discarded. This two-stage feasibility filter en-
sured that the resulting design set was both physically
meaningful and operationally realistic.

The final feasible design space forms the basis for
local sensitivity analysis and the subsequent sequential
design optimisation in SIDeS.

2.3. Local Sensitivity Analysis and Structural
Identifiability

Local parameter sensitivities were computed to
quantify response of model outputs to perturbations in
each kinetic parameter. For a given design point and
nominal parameter vector 9, the sensitivity matrix is de-
fined by the following [15]:

i
Sij = %, @
Where y; denotes a simulated model response. In
this study, the response vector y comprises steady-state
outlet measurements, namely the outlet molar fractions
of the species together with outlet temperature and pres-
sure. Sensitivities were computed using a forward finite
difference method, with the resulting matrix forming the
basis of the information-based identifiability analysis.
Structural identifiability is assessed using the noise-
free standard Fisher Information Matrix (FIM):
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Hp = STS )

The rank and conditioning of the FIM provides infor-
mation on parameter identifiability. A full-rank FIM and
non-singular (non-zero determinant) indicates all param-
eters are linearly independent and locally identifiable at
the given point, whereas rank deficiency reveals struc-
turally unidentifiable or redundant parameter combina-
tions. Additionally, the trace of the FIM is used as a scalar
metric of the overall information content, which in this
case reflects the aggregate magnitude of the kinetic pa-
rameter sensitivities. Furthermore, eigen-analysis of the
FIM was deployed to examine the null-space directions
associated with weakly identifiable parameters. On this
basis, operating points were classified as i) strongly iden-
tifiable when the FIM was full-rank and well-conditioned;
i) weakly identifiable when near-singular behaviour or
pronounced null-space directions were present; and iii)
non-identifiable when the determinant approached zero
or the rank was deficient [6, 7].

2.4. Practical Identifiability

Practical identifiability quantifies parameter uncer-
tainty in the presence of measurement noise. All practical
uncertainty calculations were performed around nominal
parameter values obtained from the literature for each ki-
netic model. Two noise structures were considered: a
constant Gaussian noise model and a proportional
Gaussian noise model, each defining the corresponding
diagonal weighting matrix £, used in the weighted FIM.
An additive noise model was assumed for temperature
(or = 1K), whereas composition measurements y; were
described by Gaussian noise with standard relative devi-
ation of o,, = 2%. For a given design point, the weighted
FIM is defined by [15, 9]:

Hy=S"x,S 3)
Parameter uncertainties were obtained from the vari-

ance-covariance matrix Vg, which is computed from FIM
as follows:

Ve=Hy™"' 4

Where the diagonal entries V;; represent the variances
of the kinetic parameters.

Practical identifiability was assessed using the rela-
tive standard error (RSE%):

VA
RSE; = Y%+ 100%

= (5
] Qj
Each RSE has a corresponding t-statistic in the form:
5
VVe,jj

Low RSE values and large | ¢; | indicate practically
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identifiable parameters, whereas large uncertainties im-
ply weak or non-identifiability. For each parameter, prac-
tical identifiability was further assessed by comparing the
computed t-statistic to the corresponding critical value
at a 95% and 99% confidence level. The effective de-
grees of freedom were taken as the number of in-silico
experiments accumulated at that stage of the cumulative
FIM evaluation [9, 10, 15].

2.5. Cumulative Information Metrics

When multiple experiments are considered, the total
information available for parameter estimation is repre-
sented by the cumulative FIM, which is defined as:

Nexp

k
H@,cum = Z Hé ) (7)
k=1

Where Hék) denotes the weighted FIM for the kth de-
sign point. The cumulative variance-covariance is ob-
tained from:

Vs,cum = He_,éum (8)

This allows the evaluation of cumulative RSE% and
t-statistics as additional experiments are incorporated.
The trace of Hy .y, iS Used as a scalar measure of overall
information content to visualize information gain across
experiment sequences. This cumulative information is
the underpinning principle behind the SIDeS strategy de-
scribed in section 2.6 below [13].

2.6. SIDeS Design Strategy

The Sequential Information-Driven Experimental Se-
lection (SIDeS) procedure was used to construct an ex-
periment sequence that maximises parameter identifia-
bility while minimising the number of required experi-
ments. SIDeS operate on the feasible design space de-
fined in Section 2.2, in which each candidate point has an
associated local FIM and information metric.

The algorithm begins with no prior experiments. The
first experiment is selected as the design point with the
highest local information content, based on the chosen
scalar objective. In this work, the scalar objective was de-
fined as the reduction in the worst-case parameter RSE,
favouring experiments that most improve the least iden-
tifiable parameter.

The cumulative FIM is then initialised using this first
experiment, and subsequent experiments are added in a
“greedy” manner. At each iteration, every remaining fea-
sible design point is evaluated in terms of its marginal in-
formation contribution, defined as the improvement in
the selected identifiability objective when its FIM contri-
bution is added to the current cumulative FIM, given by
Eq. (9). In this study, identifiability objectives are evalu-
ated through practical identifiability metrics derived from
the inverse cumulative FIM, namely the parameter %RSE
(Eq. 5) and their associated t-statistics (Eq. 6). This
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criterion accounts for both the magnitude and direction
of the parameter sensitivities, ensuring that additional
experiments provide complementary, non-redundant in-
formation rather than reinforcing already saturated direc-
tions.

After selecting the kth design, the cumulative FIM is
updated as follows:

He,cum(n+1) = He,cum(n) + He(k) ©)

Here, n denotes the iteration index of the sequential
design procedure, such that HY represents the cumu-

6,cum
lative FIM after n experiments have been selected.

The procedure terminates when either the maximum
number of design steps (the experiment budget) is
reached or when the user-defined identifiability criterion
is satisfied, such as achieving a specified structural rank
or meeting practical identifiability thresholds for the pa-
rameters of interest.

All simulations were implemented in Python using
the SciPy scientific computing ecosystem and executed
on a workstation equipped with an Intel i7 processor and
32 GB RAM.

3. RESULTS AND DISCUSSION

3.1 Case Study and Design Space

The case study focuses on the Graaf et al. kinetic
model, which remains one of the most widely adopted
reference formulations for methanol synthesis in the lit-
erature, integrated in a non-isothermal packed-bed reac-
tor model with axial dispersion.

For the purposes of identifiability analysis, the un-
certain kinetic and adsorption parameters of the Graaf
model are collected into a parameter vector expressed
as

O = [ko,co: Eacos ko,co,  Eaco,> ko,rwes> EGrwass

0 o o 0
ASads,CO’ AHads,CO’ ASads,COZ’ AI—Iads,COZ’AKHZO’BKHZO]
xS K

Hy Hy

Where the elements correspond to kinetic and ad-
sorption-related parameters appearing in the Graaf rate
expressions. These parameters constitute the target of
the subsequent identifiability and experimental design
analyses.

A Sobol low-discrepancy sampling scheme was em-
ployed to generate 50 candidate design vectors, each
defined by inlet composition, inlet temperature, inlet
pressure, and gas hourly space velocity (GHSV). These
vectors constitute a discrete set of in-silico candidate ex-
periments used to probe the design space prior to any
experimental execution.

The local information content of each candidate de-
sign is quantified using the trace of the FIM, which is
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widely employed as a scalar measure of parameter sen-
sitivity magnitude [14]. While the trace provides a con-
venient aggregate metric, it does not account for direc-
tional information or parameter correlations. Directional
diagnostics, such as eigenvalue-based criteria, are
therefore considered in later stages of the framework.

Figure 2 illustrates the candidate design space
(three of eight design variables shown for visual clarity),
with each point coloured by its local FIM trace value. The
Sobol sampling strategy yields a well-distributed cover-
age of the admissible design space. Despite this uniform
geometric coverage, the associated information content
exhibits substantial variability, with only a limited subset
of designs providing comparatively high local infor-
mation.

Executing all candidate experiments without regard
to their information content would be highly cost-ineffi-
cient and representative of unstructured screening ex-
perimental practice. This observation motivates the need
for information-driven experiment selection strategies
that explicitly account for both model structure and pa-
rameter sensitivities. The application of the Sequential In-
formation-Driven Experimental Selection (SIDeS) frame-
work is therefore investigated in the following sections.

3.2 Identifiability Analysis from screening
experiments

This section presents the identifiability analysis of
the Graaf et al. kinetic model from screening experi-
ments, conducted prior to the application of the SIDeS
framework. Identifiability is assessed assuming all candi-
date experiments are performed without optimisation or
reordering, following the original Sobol-generated order.
Herein, a preliminary identifiability analysis on Sobol gen-
erated screening experiments is presented to provide a
diagnostic reference against which the benefits of the in-
formation-driven experiment selection can be assessed
later.

As shown in Figure 2, local information content and
single-experiment identifiability vary substantially across
the candidate design space. While certain operating con-
ditions exhibit comparatively high Fisher information
trace values, most individual experiments remain locally
weak or non-identifiable when assessed in isolation.
These single-experiment identifiability results are pre-
sented for diagnostic purposes only, but, in practice, re-
liable parameter identification requires the aggregation
of information across multiple experiments.

Having established the limitations of single-experi-
ment identifiability, the cumulative effect of aggregating
experimental information is now examined. Cumulative
identifiability is assessed using practical metrics that
quantify parameter precision under the assumed noise
model. In the following, relative standard errors (%RSE)
are used to evaluate how parameter uncertainty evolves
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(b)

nan-identifiable (n=42)

- weakly identifiable (n=-8)

&5
L] a6
a 140
iy L] 4
a8 L ] 34 »
& 18 33229 . T .
2 ® . g L 30 9w
8 14 ¢ : ol -
") 0 1] B 15 a7 L
- * o &4 ’ s " a3 20
& - . g L] - ™ (1] e
- 1 e P 0 L 2 g |
1 40 - 1§ - i 40 50 L3
% * 3 w ® Y £l 11 s 2®* .
o i [} - - . - [ : . s - S T
i 0 'I ' - -1 .3 ¥
1 M = L L e g @ e 12 1@
a 43 » .. o * g s . 1= 1 28 & ® 3
% . a1 - . L L 2 ! L ] 21 . B - .
ks ] i g ek L ®
- s E = 5
5 a1 . 408 . % 41 .
42 @ - 5 42 . -
] & Ll ] & ¥
4 5 VR Yoy
L . ks 5 1,
Ta P b BN B gP i ™
o a8 », 2 y, =
, _ R o o R
%, L S, P aly
i) i - 1 * c-h‘?‘
4§ & ¥ g
- ~- £ ":f L &
s

s

Figure 2. Candidate design space generated using Sobol sampling. a): Points coloured by the local Fisher
information trace, indicating the magnitude of parameter sensitivities ats each individual design. b): The same
design space coloured by local identifiability verdicts based on single-experiment Fisher information analysis. Each

point corresponds to a feasible in-silico experiment and is labelled by its design identifier.
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as experiments are progressively added without optimal
design, providing insight into the effectiveness of
screening experiments. The cumulative evolution of pa-
rameter uncertainty across screening experiments is il-
lustrated in Figure 3.

Figure 3.a illustrates the evolution of cumulative pa-
rameter %RSE as a function of the number of experi-
ments. While uncertainty decreases as additional experi-
ments are incorporated, convergence is slow, and highly
non-uniform across the parameters. Importantly, most of
the uncertainty reduction is achieved within the first
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Figure 3. a) Evolution of cumulative parameter relative standard error (%RSE) as a function of number of
experiments b) Final cumulative % RSE for each kinetic parameter after all candidate experiments are added.

approximately 10 screening experiments, beyond which
further additions yield diminishing returns.

The final cumulative identifiability status after the
full set of screening experiments is summarised in figure
3.b. Although some parameters achieve acceptable pre-
cision, others remain weakly identifiable according to the
chosen %RSE thresholds. This result highlights that in-
creasing the number of experiments alone is insufficient
in guaranteeing practical identifiability, and that the dis-

tribution of experimental information across parameters
is highly uneven.
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To further interpret the observed limited increment
in parameter precision, null-space loadings and cumula-
tive parameter correlations of the FIM are examined in
Figure 4.a and 4.b, respectively. Strong and persistent
correlations are observed between several kinetic pa-
rameters, indicating that specific parameter combina-
tions remain poorly distinguishable even as additional ex-
periments are added. Similarly, null-space analysis re-
veals dominant weakly excited directions associated with
the corresponding parameters. This confirms that un-
structured experimental screening fails to systematically
resolve structural collinearity and weakly informed pa-
rameter subspaces.

Together, these results demonstrate that uniform
coverage of feasible design space does not translate into
uniform information gain across parameters. Screening
Experiments without SIDeS leads to inefficient use of
Ahmad et al. /| LAPSE:2026.0306
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experimental effort, motivating the need for an infor-
mation-driven experiment selection strategy capable of
explicitly targeting weakly excited parameter directions.
This motivation is at the cornerstone of the application of
the SIDeS framework, which is examined next.

3.3 SIDeS Results

The SIDeS framework was applied to the same can-
didate design used in Section 3.2 to ensure a fair com-
parison against screening experiments. A maximum ex-
perimental budget of 12 experiments was imposed. The
experimental selection objective was defined as the min-
imisation of the worst-case parameter %RSE at each it-
eration. Experiments were then selected sequentially us-
ing a greedy strategy without repetition, with FIM cumu-
latively updated after each addition. The SIDeS algorithm
executed successfully, reaching full identifiability for all
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Kinetic # # Active  Baseline Iden- SIDeS steps Worst %RSE Dominant De- Residual
Model Params Sites tifiability to full Iden (Final) sign Bias Correlation
Graaf 12 2 Weakly Iden 12 24% High Temp, Moderate
VBF 9 1 Weekly Iden 8 18% high GSV Low
Slotboom 10 3 Weekly Iden >12 35% High P, mid T Moder-
Seidel 14 3 Non Iden >12 >100% Broad pattern ate/high
No clear bias Very high

models after reaching the pre-selected budget of 12. The
chosen sequence of experiments based on candidate de-
sign ID was [41, 16, 36, 11, 45, 39, 25, 37, 50, 8, 7, 1].

Figure 5.a shows the evolution of the worst-
case parameter %RSE as experiments are sequentially
selected by the SIDeS. A rapid reduction appears in
uncertainty during the initial iterations (up to step 6).
This is followed by diminishing improvements as the
experimental budget increases. This behaviour reflects
an initial exploration phase, in which dominant
information directions are rapidly resolved, followed by
refinement phase where additional experiments yield
progressively smaller marginal gains. This is
complimented by the evolution of minimum absolute t-
statistic across parameters shown in Figure 5.b. The t-
statistics are computed from FIM-inferred standard
errors under the assumed Gaussian noise model and
provide an additional screening metric for practical
identifiability. As experiments are added, the minimum
[t| increases and exceeds the critical values associated
with common confidence levels of 95% and 99%. This
indicates that all parameters become statistically
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distinguishable from zero within the local linear
approximation.

Figure 6.b presents the cumulative parameter cor-
relation matrix after SIDeS. Compared to correlation
structure obtained from screening experiments, the
strong parameter couplings are significantly reduced,
particularly among adsorption and kinetic pre-exponen-
tial terms. This structural improvement confirms that
SIDeS actively select experiments that resolve poorly
identifiable parameter directions and does not just re-
duce overall uncertainty. This leads to a more informative
and balanced parameter estimation problem.

The final parameter uncertainties obtained from the
SIDeS-selected experimental campaign are summarised
in Figure 6.a. In contrast to the experimental screening of
all 50 candidate experiments presented in Section 3.2,
SIDeS achieve practical identifiability for all kinetic pa-
rameters using only 12 experiments.

These result highlights the inefficiency of unin-
formed experimental accumulation and demonstrates the
effectiveness of information-driven design in extracting
parameter-relevant information, leading to substantially
reduced experimental effort.

Furthermore, Examination of the SIDeS-selected
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experimental sequence reveals clear qualitative trends in
the regions of the design space identified as most in-
formative for the Graaf et al. model. Within the admissible
operating window, the algorithm exhibits a pronounced
tendency to prioritise experiments at elevated inlet tem-
peratures, often in combination with moderate-to-high
pressures and higher space velocities. These conditions
enhance sensitivity contrasts in Arrhenius and adsorption
terms, thereby improving distinguishability among kinetic
parameters. Importantly, the selected experiments are
not confined to a single local optimum; instead, SIDeS
distribute experiments across complementary regions of
the design space, progressively exciting parameter di-
rections that remain weakly informed at earlier stages.
This behaviour reflects the algorithm’s emphasis on di-
rectional information gain rather than purely scalar sen-
sitivity magnitude. Importantly, these trends are specific
to the Graaf model and the explored design space and
are reported as qualitative insights rather than prescrip-
tive operating guidelines.

3.4 Cross-model Comparison

This section compares the identifiability character-
istics and information requirements of the four candidate
kinetic models considered, under identical reactor, ther-
modynamics and design-space assumptions.

Table 2 summarises the cross-model identifiability
outcomes obtained. Although all kinetic models describe
the same methanol synthesis systems, substantial differ-
ences are observed in baseline identifiability, achievable
parameter precision, and experimental information re-
quirements. These results emphasize the strong depend-
ence of practical identifiability on not only the experi-
mental design bounds, but also the kinetic model struc-
ture. As such, the comparison thus provides a systematic
basis for assessing the trade-off between mechanistic
detail and experimental feasibility prior to model calibra-
tion.

Looking at Table 2, a clear inverse relationship is ob-
served between model complexity and identifiability. The
Graaf and VBF models, which contain fewer parameters
and simpler active-site assumptions, exhibit weak base-
line identifiability, but can be rendered fully practically
identifiable using the SIDeS framework within modest ex-
perimental budgets. In contrast, the Slotboom and Seidel
models, which introduce additional parameters and
multi-site reaction mechanisms, display significantly
poorer identifiability characteristics.

The Seidel model, comprising the largest parameter
set, remains non-identifiable even after 12 optimally se-
lected experiments, with worst-case %RSE exceeding
100%. This observation is accompanied by persistently
high residual parameter correlations, indicating funda-
mental redundancy within the kinetic formulation. The
variation in the budget required to achieve identifiability
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for the four kinetic models, including cases where identi-
fiability was not attained, indicate that even information-
driven experiment selection cannot fully compensate for
intrinsic structural complexity. Within the investigated
design space and experimental budget, the results sug-
gest that increasing mechanistic detail does not neces-
sarily yield improved practical identifiability and may be
associated with higher information requirements.

Furthermore, analysis of the selected experiments
reveals distinct model-dependent biases in the informa-
tive regions of the design space. The Graaf model con-
sistently favours high temperature and high GHSV condi-
tions, whereas VBF model priorities higher pressure com-
bined with moderate inlet temperatures. In contrast, the
Slotboom and Seidel models do not exhibit a favouritism
to any region of the design space. Particularly for Seidel,
where the absence of design bias suggests no single op-
erating regime sufficiently resolves its parameter inter-
dependencies.

From a practical perspective, these results demon-
strate that model choice should be guided not only by
mechanistic completeness but also by identifiability and
experimental tractability. Models such as Graaf et al. and
VBF offer a favourable balance between descriptive ca-
pability and calibrability, whereas more complex formu-
lations may require significantly large or specialised ex-
perimental campaigns to achieve reliable parameter esti-
mates. The proposed framework therefore enables in-
formed kinetic model selection prior to experimental ex-
ecution. Therefore, the risk of under-determined calibra-
tion and wasted experimental effort is reduced.

CONCLUSION

This work presented an information-driven framework for
pre-calibration identifiability assessment and experi-
mental screening in methanol synthesis kinetics. By com-
bining local sensitivity analysis, Fisher information-based
metrics and the Sequential Information-Driven Experi-
mental Selection (SIDeS) strategy, the framework ena-
bles systematic screening of kinetic models and operat-
ing regions prior to parameter estimation. Application to
four literature kinetic models showed that unstructured
screening experiments yield diminishing gains in param-
eter precision, whereas SIDeS identify compact experi-
mental campaigns that substantially improve practical
identifiability within a fixed budget. Cross-model com-
parison further indicated that increased mechanistic de-
scription does not necessarily lead to improved identifia-
bility under constrained experimental resources. The
proposed framework is intended as a precursor to full
model-based design of experiments (MBDoE), providing
an informed starting point for optimal experimental cam-
paign design in power-to-methanol applications.
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