
 

 

Abstract 

This paper reports on a case study in which GarpN 
was applied to a scientific model of surface-limited 
cellulose deconstruction. GarpN is being developed 
to support the integration of qualitative and 
quantitative modelling by translating qualitative 
representations into executable quantitative 
equations. We constructed a qualitative 
representation of a Langmuir–Michaelis–Menten 
type scientific model and used GarpN to generate 
equations. The generated equations were mapped 
onto the reference equations derived from the 
original implementation. The results show that 
GarpN can reproduce the structure of the reference 
model, while making explicit where arithmetic 
operations, constants, initial values, and time 
settings require additional modelling decisions.  

1 Introduction 

Qualitative [1] and quantitative [2,3] modelling offer 
complementary ways of representing and reasoning about 
dynamic systems. Quantitative models typically describe 
system behaviour using numerical information, allowing 
precise simulation and prediction. Qualitative models, in 
contrast, make conceptual notions explicit and represent 
systems in terms of entities, quantities, causal relations, 
quantity spaces, and possible states and transitions. 

In previous work [4,5], we focus on secondary education 
and analysed how the qualitative vocabulary used in 
DynaLearn [6] relates to mathematical equations and 
numerical simulation. We presented GarpN, a software tool 
that translates qualitative representations into executable 
equations, runs numerical simulations, and matches 
quantitative behaviour to qualitative states. 

In this paper we report on applying GarpN to the scientific 
model on surface-limited cellulose deconstruction described 
by Maurer et al. [7]. We use this model as a benchmark for 
investigating whether a qualitative representation can be 
translated into an executable quantitative model that is 
structurally equivalent to the existing reference 
implementation. 

The content of this paper is therefore as follows. Section 2 
summarizes the current status of GarpN. Section 3 describes 
the scientific model, and Section 4 presents the qualitative 
representation derived from it. Section 5 presents the results 
of this translation by GarpN, including the generated 
equations, simulation settings, and structural mapping onto 
the reference model. Section 6 discusses the modelling 
decisions revealed by the translation process, and Section 7 
concludes the paper. 

2 Background: GarpN translation steps 

GarpN [4,5] is being developed to integrate qualitative and 
quantitative modelling. Currently, the GarpN procedure 
consists of three steps: 

1. Translation of a qualitative representation into 
mathematical equations. 

2. Numerical simulation of the generated equations. 
3. Matching between quantitative behaviour and 

qualitative states. 

In DynaLearn, a qualitative representation describes a system 
in terms of entities and quantities. Quantities have a direction 
of change and can be assigned a quantity space consisting of 
qualitative points and intervals. Relations between quantities 
can be represented by correspondences and causal 
relationships of type influence or proportionality [6,8]. In 
GarpN, the qualitative representation is translated into 
mathematical equations. Depending on the translation mode, 
an influence can be translated into a differential equation or 
into an update equation, while a proportional relationship can 
be translated into an equation that preserves the direction of 
change. In addition, DynaLearn allows the use of calculi to 
specify how quantities are mathematically combined. In the 
present study, calculi became relevant when multiple 
proportional relationships affected the same target quantity 
and the intended arithmetic operation had to be made explicit. 

The translation results in a script with four sections: (i) 
equations, (ii) constants, (iii) initial values, and (iv) time-
related settings. However, a qualitative representation 
provides the conceptual structure of a model, not all 
information needed for numerical simulation. It indicates 
which quantities are involved and how they are qualitatively 
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related, but exact equations, constants, initial values, and time 
settings still need to be specified. 

The current case study uses a scientific model with known 
reference equations to examine how a qualitative 
representation can be translated into a structurally equivalent 
quantitative model. The focus is on equation generation and 
numerical simulation; state matching is part of the broader 
GarpN workflow but is outside the scope of this paper. 

3 Enzymatic cellulose deconstruction 

Cellulose is the most abundant complex biopolymer on Earth 
and the main constituent of plant cell walls. Its deconstruction 
by specific enzymes, such as cellulase, is at the source of 
many biological and industrial processes. Maurer et al. [7] 
describe a Langmuir–Michaelis–Menten type model for the 
enzymatic deconstruction of cellulose by cellulase.  

Fig. 1 shows a process diagram of the proposed reaction. 
Free cellulase in solution (𝐸𝑓). adsorbs onto the cellulose 
surface with rate constant 𝑘𝑎, resulting in surface-adsorbed 
enzyme (𝐸𝑠). Surface-adsorbed enzyme can also desorb from 
the substrate with rate constant 𝑘𝑑. Adsorbed enzyme can 
bind to the substrate (𝑆), forming the enzyme–substrate 
complex (𝐸𝑐) with rate constant 𝑘1. This complex can either 
dissociate again with rate constant 𝑘−1, or be catalytically 
converted with rate constant 𝑘2, resulting in product 
formation (𝑃). Although the substrate (𝑆) is shown in Fig. 1, 
the reference equations do not include substrate 
concentration as a state variable. Its limiting role is 
represented through the available surface term 𝑆available. 
Cellulase is in excess and the surface has a limited capacity, 
so adsorption depends on both the amount of free enzyme and 
the amount of free surface.  

Fig. 1. Process diagram of the Langmuir–Michaelis–Menten type 

model for enzymatic cellulose deconstruction by cellulase, adapted 

from Maurer et al. [7]. 

For the present comparison, we used the equations from 
Maurer et al. [7] as the quantitative reference model. These 
equations were implemented in Python, based on the original 
implementation and adapted from [9]. This provided a 
working numerical model with parameter values, which 
could be used to reproduce the model behaviour and to 
compare the equations generated by GarpN. 

The model calculates the concentrations of surface enzyme 
(𝐸𝑠), complexed enzyme (𝐸𝑐), product (𝑃), and free enzyme 
(𝐸𝑓) over time. The available surface is calculated as: 

 𝑆available =  𝑆max − (𝐸𝑐 + 𝐸𝑠) 

where 𝑆max is the maximum surface capacity.  

 

 

The dynamics of the model are described by: 

 𝑑𝐸𝑠

𝑑𝑡
= 𝑘𝑎𝐸𝑓𝑆available − 𝑘𝑑𝐸𝑠 − 𝑘1𝐸𝑠 + 𝑘−1𝐸𝑐 

𝑑𝐸𝑐

𝑑𝑡
= 𝑘1𝐸𝑠 − 𝑘−1𝐸𝑐 

𝑑𝑃

𝑑𝑡
= 𝑘2𝐸𝑐 

𝑑𝐸𝑓

𝑑𝑡
= −𝑘𝑎𝐸𝑓𝑆available + 𝑘𝑑𝐸𝑠 

Each term corresponds to one of the processes shown in Fig. 
1. The term 𝑘𝑎𝐸𝑓𝑆available describes adsorption of free 
enzyme to the available surface. The term 𝑘𝑑𝐸𝑠 describes 
desorption of surface enzyme. The term 𝑘1𝐸𝑠  describes 
complex formation between adsorbed enzyme and substrate, 
while 𝑘−1𝐸𝑐  describes dissociation of the complex. 
Finally, 𝑘2𝐸𝑐 describes catalytic product formation. These 
equations formed the reference against which the GarpN-
generated equations were compared. 

4 The qualitative representation 

We constructed a qualitative representation of the model 
described by Maurer et al. [7] adapted from previous work 
[9]. Fig. 1 shows the final qualitative representation used for 
the translation reported in this paper. This representation was 
the result of an iterative process in which an initial qualitative 
representation was constructed with domain experts, 
translated by GarpN into equations, and compared with the 
quantitative reference model. This comparison revealed 
where the qualitative representation and the translation 
procedure had to be refined before structural equivalence 
with the reference model could be obtained. 

The aim during the construction of the qualitative 
representation was to represent the conceptual structure of the 
model rather than to manually reproduce the mathematical 
equations. The construction process focused on identifying 
the quantities that represent concentrations, the quantities that 
represent dynamic processes or rates, and the causal 
dependencies between those quantities.  

For example, the quantity concentration of entity Free 
enzyme is positively influenced (I+) by the quantity rate_des, 
because desorption is a process that adds to the amount of 
free enzyme. It is negatively influenced (I-) by the quantity 
rate_ads, because adsorption removes free enzyme from 
solution. In turn, concentration of Free enzyme has a positive 
proportional relation (P+) to rate_ads: if the concentration of 
free enzyme increases, the adsorption rate also increases. 

One modelling choice concerns the representation of the 
substrate. In the qualitative representation, Substrate is 
included as an entity with the quantities concentration, 
surface_max, surface_covered, and surface_available. 
Although substrate concentration is not included as a state 
variable in the reference equations in Section 3, it is used in 
the qualitative representation to define the maximum surface 
capacity. In the present model, this capacity remains 



 

 

constant: product formation does not reduce the substrate 
surface capacity during the simulation. 

 Table 1 shows the simulation results of the final 
representation. The model generates the expected overall 
behaviour. After the initial state, free enzyme decreases and 
eventually becomes stable, while surface enzyme and active 

enzyme increase and then stabilize. Product concentration 
starts unchanged and subsequently increases as catalysis 
starts. At the same time, surface coverage increases and 
available surface decreases until no free surface remains 
(S1→S2→S3→S5).  

 

 

 
Fig. 2. Qualitative representation of the surface-limited cellulose deconstruction model implemented in DynaLearn. 

 

Table 1. Simulation results for the model shown in Fig. 1. S refers to State, <v, ∂> refers to value and derivative (change) 

respectively, and u refers to unknown value. The simulation generates two behaviour paths: S1→S2→S3→S4 and S1→S2→S3→S5. 

Entity Quantity S1 S2 S3 S4 S5 

Substrate concentration <u, 0> <u, 0> <u, 0> <u, 0> <u, 0> 

 surface_max <u, 0> <u, 0> <u, 0> <u, 0> <u, 0> 

 surface_covered  <0, +> <+, +> <+, +> <max, 0> <max, 0> 

 surface_available <max, -> <+, -> <+, -> <0, 0> <0, 0> 

Complexed enzyme concentration <u, 0> <u, +> <u, +> <u, 0> <u, 0> 

 rate_comp <0, +> <+, +> <+, +> <+, 0> <+, 0> 

 rate_cat <0, 0> <0, +> <+, +> <+, 0> <+, 0> 

 rate_decomp <0, 0> <0, +> <+, +> <+, 0> <+, 0> 

Surface enzyme concentration <u, +> <u, +> <u, +> <u, 0> <u, 0> 

 rate_ads <+, -> <+, -> <+, -> <+, -> <+, 0> 

Free enzyme concentration <u, -> <u, -> <u, -> <u, -> <u, 0> 

 rate_des <0, +> <+, +> <+, +> <+, 0> <+, 0> 

Product concentration <u, 0> <u, 0> <u, +> <u, +> <u, +> 



 

 

5 Results 

This section presents the GarpN translation of the final 
qualitative representation, including the generated equations 
and simulation settings. We first discuss the use of calculi to 
make arithmetic operations explicit in the qualitative 
representation. We then present the equations generated by 
GarpN and map the generated process and surface-limitation 
equations onto the reference model. 

5.1 Refining the qualitative representation and 

translation procedure 

The qualitative representation was constructed together with 
domain experts and then translated into equations by GarpN. 
Inspection of the generated equations showed that additional 
precision was needed for quantities where multiple 
proportional relationships affected the same target quantity. 
This was the case for surface_covered, surface_available, 
and rate_ads. Multiple proportional relationships indicate 
which quantities affect a target quantity, but do not by 
themselves fully specify the arithmetic operation by which 
these effects should be combined. For surface_covered, the 
intended combination is addition 𝐸𝑐 + 𝐸𝑠. For 
surface_available, the intended combination is subtraction 
(𝑆max − (𝐸𝑐 + 𝐸𝑠)). For rate_ads, however, the intended 
combination is multiplication (𝐸𝑓𝑆available).  

These arithmetic operations therefore need to be 
represented explicitly in the qualitative representation. In 
DynaLearn, this can be done by using calculi. Calculi were 
already part of the DynaLearn vocabulary, but they were 
included in the GarpN translation procedure in the present 
work so that these operations could be translated into the 
corresponding equations. Without such an explicit calculus, 
multiple proportional dependencies are translated by default 
as additive contributions. For adsorption, this would result in 
the expression 𝑐5𝐸𝑓 + 𝑐6𝑆available, which is not equivalent to 
the reference model. By using a multiplicative calculus, the 
intended product (𝐸𝑓𝑆available) is made explicit. 

5.2 Final GarpN-generated equations and 

settings 

In a qualitative representation, quantities are defined as 
properties of entities. For example, the quantities 
concentration and rate_des are quantities of the entity Free 
enzyme. In the equations generated by GarpN, these 
quantities are referred to as 𝑐𝑜𝑛𝑐𝑒𝑛𝑡𝑟𝑎𝑡𝑖𝑜𝑛𝐹𝑟𝑒𝑒 𝑒𝑛𝑧𝑦𝑚𝑒  and 
𝑟𝑎𝑡𝑒_𝑑𝑒𝑠𝐹𝑟𝑒𝑒 𝑒𝑛𝑧𝑦𝑚𝑒  (see Fig. 3 and [5]). For readability in 
the remainder of the paper, we use the abbreviations 
introduced in Section 3 for the concentrations and surface-
related quantities: 𝐸𝑓, 𝐸𝑠, 𝐸𝑐, 𝑃, 𝑆, 𝑆max, 𝑆covered, and 
𝑆available. The substrate concentration, which is included in 
the qualitative representation but not as a state variable in the 
reference model, is denoted as 𝑆. Process quantities are 
referred to by their quantity name only, with the part after the 
underscore written as a subscript; for example, rate_des is 
written as 𝑟𝑎𝑡𝑒des. 

The final qualitative representation was translated into a 
quantitative simulation script using the version of GarpN 

extended with the translation of calculi. The generated script 
contains sections for equations, constants, initial values, and 
time settings. The translation was performed in quantity 
mode [5]. GarpN generated equations (original shown in Fig 
3): 

 𝑆 = 𝑐1 + 𝑐2Δ𝑡 

𝑆max = 𝑐3𝑆 

𝑆covered = 𝐸𝑐 + 𝐸𝑠  

𝑆available = 𝑆max − 𝑆covered 

ratedes = 𝑐4𝐸𝑠 

rateads = 𝑐5𝐸𝑓𝑐6𝑆available 

𝐸𝑓 = 𝐸𝑓 + (𝑐7ratedes − 𝑐8rateads)Δ𝑡 

ratedecomp = 𝑐9𝐸𝑐  

ratecomp = 𝑐10𝐸𝑠  

𝐸𝑠 = 𝐸𝑠 + (𝑐11rateads − 𝑐12ratedes − 𝑐13ratecomp

+ 𝑐14ratedecomp)Δ𝑡 

𝐸𝑐 = 𝐸𝑐 + (𝑐15ratecomp − 𝑐16ratedecomp)Δ𝑡 

ratecat = 𝑐17𝐸𝑐  

𝑃 = 𝑃 + ratecatΔ𝑡 

The generated script still requires initial values before it can 
be simulated. Zero is the only numerical value that can be 
transferred directly from the qualitative representation to the 
quantitative model. Other values that are specified 
qualitatively, for example as positive (+), require manual 
numerical specification. In addition, quantities affected by an 
influence and translated in quantity mode into an update 
equation require an initial value. Thus, initial values for 
quantities such as free enzyme concentration 𝐸𝑓 must be set. 

The automatically generated constants 𝑐1 to 𝑐17 also 
require specification before simulation. Some constants 
correspond to kinetic parameters in the reference model, 
whereas other constants are generated by GarpN as scaling 
factors. These scaling constants are added in the translation 
procedure and are by default set to 1 [5].  

 The default time settings in GarpN are 𝑡 = 0, Δ𝑡 = .01 
and 1000 iterations. 

5.3 Mapping of GarpN-generated equations with 

the reference model 

Table 2 shows the mapping between the reference model and 
the equations generated by GarpN. The table focuses on the 
process equations and surface-limitation equations, and 
shows how the generated constants correspond to the kinetic 
parameters in the reference model. The generated update 
equations are not repeated in the table, but are shown in the 
original GarpN output in Fig. 3; these contain the same 
positive and negative process terms as the reference 
equations. 

Two aspects of this mapping require further interpretation, 
because equivalence depends not only on the generated 
equation structure, but also on how the generated constants 
are parameterized. 



 

 

First, the adsorption equation is structurally equivalent to the 
reference model when 𝑐5𝑐6 =  𝑘𝑎. In the GarpN-generated 
equation, both 𝐸𝑓  and 𝑆available receive their own constant. 
This still allows the equation to be mapped onto the reference 
model, because the product 𝑐5𝑐6 can be interpreted as the 
adsorption-rate parameter. However, it also illustrates that 
the numerical role of generated constants requires inspection. 

Second, maximum surface capacity required explicit 
treatment. In the reference model, maximum surface capacity 
is treated as a constant: 

 𝑆max = 2.9  

In the qualitative representation, this capacity was 
represented via the concentration of Substrate, which was 
proportionally related to surface_max. This led to the 
generated equations: 

 𝑆 = 𝑐1 + 𝑐2Δ𝑡 

𝑆max = 𝑐3𝑆 

With 𝑐1 = 2.9, 𝑐2 = 0, and 𝑐3 = 1, this gives 𝑆max = 2.9, 
making the GarpN model equivalent to the reference model 
with respect to maximum surface capacity.  

However, the issue is not caused by the introduction of the 
additional substrate quantity. If 𝑆max had been represented 
directly as a quantity kept constant by an exogenous 
influence, translation in quantity mode would still have 
produced an update equation, for example 𝑆max = 𝑐1 + 𝑐2Δ𝑡. 
Thus, quantities that are conceptually constant in the 
scientific model still require explicit parameterization after 
translation. In the present case, this was done by setting 𝑐2 =
0, so that 𝑆, and therefore 𝑆max, remained constant. This is a 
pragmatic solution within the current vocabulary. Extending 
the DynaLearn vocabulary with explicit constants would be a 
more principled solution, but this goes beyond the scope of 
the present study.  
 The exact initial values, generated constant settings, and 
time settings used to instantiate the GarpN model and 
establish equivalence with the reference model are shown in 
Table 3. These settings serve two purposes. First, they specify 
how the automatically generated constants correspond to the 
parameters in the reference model. Second, they provide the 
numerical values required to simulate the generated 
equations. The table also shows that several generated 
constants function as scaling constants rather than as 
independent kinetic parameters. In the present case, these 
scaling constants were not needed for rescaling and were 
therefore kept at their default value of 1. 

The time step was reduced from the GarpN default of Δ𝑡 =
.01 to Δ𝑡 = .001, because the model contains rapid initial 
dynamics and the generated simulation uses fixed-step Euler 
integration. A smaller time step therefore gives a more 
appropriate numerical approximation. Thus, after refinement 
of the qualitative representation and specification of the 
required settings, the GarpN-generated equations reproduce 
the structure of the reference model. 

Table 3. Numerical settings used to establish structural 

equivalence with the reference model. 

Setting Val. Interpretation 

Generated constants 

𝑐1 2.9 Initial substrate concentration 

𝑐2 0 Rate of change of substrate concentration 

𝑐3 1 Scaling of substrate concentration to max. surface 

𝑐4 .14 Desorption rate 

𝑐5 1.7 Adsorption rate* 

𝑐6 1 Adsorption rate* 

𝑐7 1 Scaling of desorption rate to free [EC] 

𝑐8 1 Scaling of adsorption rate to free [EC] 

𝑐9 3 Decomplexation rate 

𝑐10 .16 Complexation rate 

𝑐11 1 Scaling of adsorption rate to surface [EC] 

𝑐12 1 Scaling of decomplexation rate to surface [EC] 

𝑐13 1 Scaling of desorption rate to surface [EC] 

𝑐14 1 Scaling of complexation rate to surface [EC] 

𝑐15 1 Scaling of complexation rate to complexed [EC] 

𝑐16 1 Scaling of desorption rate to complexed [EC] 

𝑐17 4.2 Catalysis rate 

Initial enzyme concentration 

𝐸𝑓 3 Initial free [EC] 

𝐸𝑠 0 Initial surface [EC] 

𝐸𝑐 0 Initial complexed [EC] 

𝑃 0 Initial product concentration 

Time settings 

Δ𝑡 .001 Time step 

*𝑐5𝑐6 =  𝑘𝑑; [EC] = enzyme concentration 

Table 2. Mapping of GarpN generated equations with reference model. 

Process Reference model GarpN-generated equations Mapping 

Adsorption 𝑘𝑎𝐸𝑓𝑆available 𝑐5𝐸𝑓𝑐6𝑆available Equivalent, if 𝑐5𝑐6 =  𝑘𝑎 

Desorption 𝑘𝑑𝐸𝑠 𝑐4𝐸𝑠 Equivalent, if 𝑐4 =  𝑘𝑑 

Complexation 𝑘1𝐸𝑠 𝑐10𝐸𝑠 Equivalent, if 𝑐10 = 𝑘1 

Decomplexation 𝑘−1𝐸𝑐 𝑐9𝐸𝑐 Equivalent, if 𝑐9 = 𝑘−1 

Catalysis 𝑘2𝐸𝑐 𝑐17𝐸𝑐 Equivalent, if 𝑐17 =  𝑘2 

Surface covered 𝐸𝑐 + 𝐸𝑠 𝐸𝑐 + 𝐸𝑠 Equivalent 

Surface availability 𝑆max − (𝐸𝑐 + 𝐸𝑠) 𝑆max − 𝑆covered Equivalent 

 



 

 

5.4 Numerical simulation 

Fig. 4 shows the numerical simulation results of the GarpN-
generated model, using Δ𝑡 = .001and 1000 iterations. The 
simulation produces the expected behaviour: free enzyme 
decreases and stabilizes, surface enzyme and active enzyme 
increase and then stabilize, and product concentration 
increases over time. This corresponds to the qualitative 
behaviour described in Table 1. 

 
Fig. 4. Numerical simulation of the model generated by GarpN. 

Minor numerical differences with the Python reference 
implementation are expected, because GarpN uses fixed-step 
Euler integration, whereas the Python reference 
implementation uses adaptive RK45 integration. These 
differences do not indicate a conceptual mismatch between 
the models. When the equations are structurally equivalent 
and the time step is sufficiently small, the Euler simulation 
should approximate the reference solution. 

6 Discussion 

The case study presented in this paper shows that GarpN can 
generate equations that reproduce the structure of a 
mechanistic model. After refinement of the qualitative 

representation and specification of the required constants and 
initial values, the generated equations reproduced the 
structure of the reference Langmuir–Michaelis–Menten 
surface-limitation model. The main processes in the reference 
model were represented in the GarpN output, including 
adsorption, desorption, complexation, decomplexation, 
catalysis, surface coverage, and surface availability. 

At the same time, the case shows that structural 
equivalence is not fully automatic. Translating a qualitative 
representation into a quantitative model requires explicit 
modelling decisions about arithmetic operations, generated 
constants, initial values, and numerical settings. Two points 
were particularly informative. 

First, the adsorption process required a multiplicative 
relation between free enzyme and available surface. This is 
not a minor numerical detail, but a central mechanistic 
property of the model: adsorption only occurs when both free 
enzyme and available surface are present. A qualitative 
representation can indicate that both quantities affect the 
adsorption rate, but the operation by which these effects are 
combined must also be specified. In this case, this was done 
by using calculi in the qualitative representation and 
extending GarpN so that these calculi could be translated into 
the corresponding equations. This made the intended product 
𝐸𝑓𝑆availableexplicit. 

Second, maximum surface capacity had to be kept constant 
during simulation. In the reference model, this capacity is a 
constant. In the qualitative representation, it is represented as 
a quantity whose value is kept constant by an exogenous 
influence; in quantity mode, this still results in an update 
equation for this quantity. The outcome of that equation 
therefore has to be parameterized so that the value remains 
constant during simulation. In the present case, this was 
solved pragmatically by setting the relevant rate of change to 
zero, so that 𝑆, and therefore 𝑆max, remained constant. This 
points to a limitation in the current DynaLearn vocabulary: 
constants are not yet represented as a separate type of model 
ingredient. 

 
Fig. 3. Screenshot of model equations as generated by GarpN based on the qualitative model shown in Fig. 1. 

 



 

 

The generated equations also included several scaling 
constants. Such constants can be useful when numerical 
quantities or parameters are expressed in different units or 
scales, for example when concentrations are expressed in mol 
and mmol, or when a rate equation requires a conversion 
factor. However, in the present case many of these scaling 
constants were not needed and were therefore set to 1. This 
suggests that future versions of GarpN could give users more 
control over whether scaling constants are generated during 
translation. 

These findings suggest that GarpN should not be 
understood simply as an automatic equation generator. 
Rather, it functions as a formal translation environment that 
makes modelling decisions explicit. The generated equations 
provide a structured starting point, but model equivalence 
requires inspection of the intended arithmetic operations, the 
generated constants and their parameterization, initial values, 
and time settings. 

For educational use, this may be a strength rather than a 
weakness. By comparing the qualitative representation, the 
generated equations, and the numerical simulation, learners 
can be supported in understanding what is required to move 
from a conceptual causal structure to an executable numerical 
simulation. 

For research and development, the case suggests several 
concrete improvements to GarpN. Future work should further 
support the translation of calculi into arithmetic operations, 
provide a more principled treatment of constants, allow 
optional generation of scaling constants, and include 
automated checks that help users inspect whether the 
generated equations match the intended process structure. 

7 Conclusion 

This paper presented a case study in which GarpN was 
applied to a scientific model of surface-limited cellulose 
deconstruction. The case shows that a qualitative 
representation can be translated into executable equations 
that reproduce the structure of a quantitative reference model. 
After refinement of the qualitative representation and 
specification of the required constants, initial values, and 
time settings, the generated equations represented the same 
processes as the reference Langmuir–Michaelis–Menten 
model. 

At the same time, the case shows that qualitative-to-
quantitative translation is not merely a syntactic conversion. 
Structural equivalence depends on explicit modelling 
decisions, including the arithmetic operations used to 
combine proportional relations, the treatment of quantities 
that are conceptually constant, and the parameterization of 
generated constants. In this sense, GarpN functions not only 
as an equation generator, but also as a tool for making 
modelling decisions explicit. 

The numerical simulation generated by GarpN produced 
the expected behaviour of the model. More broadly, the case 
provides input for further development of GarpN as a tool for 
integrated qualitative and quantitative modelling, especially 
with respect to the translation of calculi, the treatment of 
constants, and user control over generated scaling constants. 
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