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Abstract

In recent years, biotechnology has evolved into a multidisciplinary field that integrates biology, engineering, and
computational sciences to develop efficient and sustainable bioprocesses. The production of valuable compounds
through microbial fermentation such as enzymes, antibiotics, organic acids, or other secondary metabolites requires
precise control over process parameters, including substrate concentration, nutrient balance, pH, temperature, and
fermentation time. Optimizing microbial fermentation is essential for maximizing the yield of valuable compounds,
but the complexity of these bioprocesses makes analytical solutions impractical. This paper presents an accessible
framework for bioprocess improvement by integrating mathematical modelling with numerical optimization using
Microsoft Excel’s Solver. Leveraging its powerful GRG Nonlinear and Evolutionary algorithms, a dynamic
fermentation model was implemented to identify the most favourable process conditions including substrate
concentration, pH, and temperature for enhanced metabolite production. This approach provides a versatile and user-
friendly tool for researchers and students, enabling effective experimental design and data-driven decision-making in
bioprocess engineering without requiring specialized programming knowledge.

Keywords: Bioprocess engineering, Excel Solver, Mathematical modelling, Metabolite production, Microbial
fermentation, Numerical optimization.

1. Introduction ethanol production exceeds 100 billion litters
annually [2]. Alcohols are just one of the many
Biotechnology is increasingly integrating within food industry products of fermentation, other
the foundational engineering landscape, and by examples being cheese, pickles, bread, beer and
doing so, mathematical and computational tools are vinegar.
incorporated in order to improve process Biological processes are innately complex, defined
efficiency. Among biotechnological applications, by nonlinear interactions that take into
microbial fermentation is a cornerstone method for consideration =~ numerous  qualitative  and
the industrial production of compounds such as quantitative variables, such as temperature, pH
enzymes, antibiotics, biofuels and alcohols. For levels, agitation, inoculum size and nutrient
instance, fermentation-based production of f- concentration. These all overlay to result in
lactam antibiotics accounts for approximately 65% difficult to predict activity (a cumulative factor

of the global antibiotic market [1], while global graph, to differ from a linear graph in other studies,
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i.e. solely quantitative research), which necessitates
a foundation understanding and optimisation to
improve product yield, quality and efficiency.
Mathematical modelling provides a valuable
framework for representing, predicting and
adjusting parameters of biotechnological and
microbiological processes [3]. By translating
biological mechanisms into  mathematical
equations and programming code formulae,
researchers can simulate system behaviour, predict
eventual outcomes and/or yields, as well as
microbial responses to changes in their
environment and identify optimal operating
conditions without extensive and expensive trial-
and-error classical experimentation methods.
However, because biotechnological systems are
inherently nonlinear, traditional calculation
methods often fail to determine optimal process
parameters. Numerical optimisation techniques
overcome these challenges by systematically
evaluating numerous simulated scenarios to
identify the most effective operational strategies. In
this sense, advances in computational power and
access have made such approaches more feasible
and attainable by a wider scientific audience. Tools
like MATLAB [4], Maplesoft, Python [5] and the
Microsoft Excel plug-in, Solver [6] provide a
versatile platform for solving complex optimisation
problems. The latter’s integration of linear
(Simplex LP), nonlinear (GRG Nonlinear) and
evolutionary algorithms enable researchers and
students alike to model complex bioprocesses, like
fermentation, without requiring previous extensive
programming experience. Such developments have
opened the way for inserting computational
methods directly into biotechnological education
and research.

This paper demonstrates the integration of
mathematical modelling and  numerical
optimisation in biotechnology, emphasising their
role in improving the design and control of
microbial fermentation processes. By using Solver
in Microsoft Excel to build a template system that
optimises parameters for a desired output, the study
highlights how computational tools can support
experimental ~ planning,  enhance  process
understanding and promote efficiency in modern
bioprocess engineering.
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2. Materials and methods

According to Micula (2000) an optimization model
consists of three parts as follows:

1. The variables of the model are positive real
numbers to be determined. Let’s have x1, Xa, ..., Xn.
There are models where these variables are positive
integers, and may represent for instance the
livestock in a farm.

2. The constraints to the model are m equations
and inequalities containing the variables X, Xa, ...,
xn. The right of each member is the resource limit
restrictions addressed by restriction. This part of
the mathematical model is also known as the
system of restrictions.

3. The objective function contains the decision

variables Xxi;, X2, ..., X, and must be
maximized/minimized or otherwise optimized.
A system of positive values for xi, X, ..., Xoa Which

meets the restrictions is called a possible solution,
and those possible solutions that optimize the
objective function are called the optimal solution.
SOLVER is an Excel tool used in solving and re-
optimization of linear, non-linear and evolving
programming problems. A common method for
solving non-linear programming problems is the
“Generalized Reduced Gradient (GRG) Nonlinear”
algorithm, for which implementations exist in
various software tools, including MATLAB and
Maple.

In the present study, several adjustable quantitative
variables were defined in order to represent the
main components that directly influence the
starting point and the development of microbial
activity. Glucose represents the primary carbon
source for microbial metabolism and can be
regarded as the central component of the entire
program, from where the quantities for the other
substances are  being  derived  through
experimentally deduced optimal ratios. These
supplementary nutrients, like nitrogen,
phosphorous, magnesium and a vitamin mix
(containing substances like biotin, pantothenic
acid, thiamine, niacin and riboflavin [9]) encourage
a healthy development of the yeast cells, as long as
certain ratios are respected within the total volume
of the substance. Yet, the key agent of the process,
the yeast, or more precisely, its concentration, is
defined by the inoculum size, which affects the
yield and speed of the fermentation process (Figure

1.
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Figure 1. Overview of the Excel-based fermentation
model input sheet, showing the main components:
Input variables, Process modifiers, and Output metrics

3. Results and discussion

The functional sheet is comprised of three large
components, as illustrated in the previous chapter:
1. Input Variables: Comprising primary
substrates and essential supplementary nutrients.

2. Process Modifiers: Representing
environmental  conditions and  biological
limitations influencing conversion efficiency and
yield.

3. Output Metrics: Including the predicted
ethanol yield, associated costs, and verification of
constraints.

1. Input Variables and Stoichiometric Ratios: the
model's primary input is glucose, serving as the
main carbon source for Saccharomyces cerevisiae
metabolism. Quantities of essential supplementary
nutrients (including nitrogen, phosphorus, and
magnesium) are dynamically linked to the glucose
input, maintaining specific optimal mass ratios
critical for yeast health and efficient ethanol
production. These ratios are:

- Glucose-to-Nitrogen: a ratio of 75:1 was
implemented, derived from a well-established
optimal Carbon-to-Nitrogen ratio of 30:1 for yeast
fermentation (Bely et al., 1990) [10].

- Glucose-to-Phosphorus: a ratio of 400:1 was
adopted, reflecting the need for phosphorus in
energy transfer (ATP) and cellular structure [11].
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- Glucose-to-Magnesium: a ratio of 2000:1 was
used, acknowledging magnesium's role as a vital
enzymatic element [12].

These ratios ensure that as the glucose input is
varied, the quantities of other nutrients are
automatically adjusted via embedded Excel
formulae, aiming to maintain optimal nutritional
balance for peak fermentation efficiency (Fig. 2).

200

Glucose quantity (g) N

[200 |-0.0133*B3

Figure 2. Excel spreadsheet view of stoichiometric
nutrient ratios (Glucose-to-Nitrogen) dynamically
linked to the glucose input

2. When modelling biological systems, the first
critical aspect to consider is the organism’s
tolerance to environmental stress and toxic by-
products. To reflect this, the model includes a
drop-down selection with two operating modes
(Figure 3):

- Continuous ethanol extraction, which
allows complete glucose consumption and
maximum ethanol yield;

- Static fermentation, where ethanol
accumulates until it reaches the yeast’s
maximulm tolerance (10% v/v) [13].

With/Without Glu
ethanol extraction  quani
2
3 |Ethanol extraction | =
4
5 NO Ethanol extraction

Figure 3. Drop-down selection menu in Excel for
choosing between Continuous Ethanol Extraction and Static
Fermentation operating modes

In addition, a productivity coefficient was
implemented to integrate multiple variables of
different physical units into a single efficiency
term. This coefficient is obtained by multiplying
each variable’s individual efficiency coefficient,
which describes how close the variable is to its
optimal value. When a variable is at its optimum,
its coefficient equals 1; as it deviates from that
optimum, the coefficient becomes sub-unitary
(Figure 4).
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5 pH_opt 5 EtOH/N opt 75
6 sigma pH 0.5 kN 0.0008
7 |cpH 1.00 rN eff 1.00
8

9 rinoc opt 100 EtOH/P opt 400
0 kinoc 50 kP 0.005
1 |Inoc eff 1.00 P eff 1.00
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3 Topt(°C) 30 EtOH/Mg opt 2000
4 sigma T (°C) #ex. 0. 03 k Mg 0.00001
5 |cT 1.00 rMg eff 1.00
6

7kt 0.05 EtOH/VitMix opt 2500
8 factor t 0.97 ke VitMix 0.000005
9 rVitMix eff 1.00
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coefficient
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Figure 4. Excel implementation of the Productivity
Coefficient (PC), showing the multiplication of
individual variable efficiency coefficients

Mathematically, each variable follows a Gaussian

distribution around its optimal point: the x-axis

represents the deviation in that variable’s units,

while the y-axis represents its relative productivity

(Figure 5).

The peak (value 1) corresponds to perfect

efficiency under ideal conditions. By combining all

individual coefficients, the overall productivity

coefficient quantifies how favourable the

environment is for ethanol synthesis.

There are three distinct approaches to these

coefficients:

Exponential approach-to-asymptote,

productivity rises with time but plateaus:
t factor =1 — ekt

K = rate constant (per hour)

T = time input from the user

where

Individual Contributions to Productivity Coefficient
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Figure 5. Gaussian bell curve illustrating the relationship between a process variable's deviation from its optimum
and the resulting relative productivity (efficiency coefficient)

In excel, this is expressed as depicted below (Figure
6), where J3 refers to the cell where the user can

input his own value:

A B
30
0.3
=IF(AND(J3>=20, 13<=40), EXP(-((J3-B23)"2)/2*B24"2), 0)

23 Topt (°C)
24 |sigma T (°C)
25 T

26

Figure 6. Excel formula implementation of the
exponential time factor, referencing cell J3 for user-
defined fermentation time input

Bell curve (Gaussian) for non-quantitative
variables, which reflects that yeast has an optimal
pH and performance drops when pH is off (applies
to temperature too, different variables):
_(pH—pHopt)z

cpH =e 2051
pH = acidity input from user
PHopt = optimum
o = rate/sensitivity/width of parabola

151

In excel, this is expressed as depicted below (Figure
7), where I3 refers to the cell where the user can

input his own value:

A B
15 pH_opt 5
0.5
=IF(AND(I3>=4, 13<=7), EXP(-((13-B15)A2)/2*B16A2), 0)

16 'sigma pH
'\7|cpH
18

Figure 7. Excel formula implementation of the
Gaussian bell curve for non-quantitative variables (pH
and temperature), referencing cell I3 for user-defined

pH input

Bell curve (Gaussian) for quantitative variables,
which reflects the necessary secondary nutrients
the yeast needs for proper development,
multiplication and to avoid stress-induced side-
products. Like before, there are the optimum values
(top green cells), the rates at which change affects
the individual efficiency (middle green cells) and
the individual efficiency coefficient itself (bottom,
yellow cells) (Figure 8).
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D E
15 EtOH/N opt 75
16 kN 0.0008
17 rN eff =IF(AND(B3>0, C3>0), EXP(-E16*(B3/C3-E15)42), 0)
18
19 EtOH/P opt 400
20 kP 0.005
21 1P eff =IF(AND(B3>0,D3>0),EXP(-E20%(B3/D3-E19)42),0)
22
23 EtOH/Mg opt 2000
24 kMg 0.00001
25 Mg eff =IF[AND(B3>0, E3>0), EXP(-E24*(B3/E3-E23)2], 0)

26

27 EtOH/VitMix opt
28 |k VitMix

29 |rVitMix eff

30

Figure 8. Excel implementation of the Gaussian bell
curve for quantitative variables (secondary nutrients),
displaying optimum values, sensitivity rates, and
individual efficiency coefficients

2500
0.000005
=IF(AND(B3>0, F3>0), EXP(-E28*(B3/F3-E27)42), 0)

To ensure the biological and mathematical integrity
of the model, conditional formulae incorporating
Boolean logic were used to constrain the domain of
each parameter. This included enforcing non-
negativity for all quantities and establishing 'lethal'
thresholds beyond which yeast activity ceases.

All individual efficiency coefficients, as previously
described, are multiplied to yield the Productivity
Coefficient (PC). This coefficient is an essential
component in translating the highly theoretical
maximum ethanol production into a realistic and
practically achievable yield, thus bridging
mathematical models with experimental reality.

3. The last component of the algorithm is the one
returning the final production of ethanol in grams,
followed by the conversion to kilograms and the
calculated cost per kilogram. The core formula
Solver will be later influencing is as follows:

QEtOH = QC6H1206 * 0.511 * PC

This is further optimised for excel use, integrating
the ethanol extraction options by using conditional
and minimising formulae (Figure 9).

A B

7

8 EtOH grams

9 | objective function [2iF(23="Ethanol extraction",63*0.511*K3,MIN(E3*0.511°K3,10/100°53)) |
Figure 9. Excel formula for calculating the final

ethanol output, incorporating ethanol extraction mode

via conditional formulae

The theoretical maximum yield for ethanol
production is the absolute highest amount of
ethanol that can be chemically produced from a
given amount of sugar, based purely on
stoichiometry. The theoretical maximum yield is
calculated using the molecular weights of the
reactants and products in the alcoholic fermentation
equation:
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CoH1,04 = 2C,H50H + 2C0,
The equation shows that 1 mole of Glucose is
theoretically converted into 2 moles of Ethanol and
2 moles COs.
The Theoretical Maximum Yield on a mass basis
is:
Mass of ethanol  92g

Mass of glucose 180g

~ 0.511g Ethanol / g Glucose
In other words, a maximum of 51.1% of the initial
sugar's mass can be recovered as ethanol.
In general, the normal industrial efficiency ranges
from 88% to 95%. The main factors are:
Some ethanol can be lost to the atmosphere
through evaporation
e Yeast biomass production
e Incomplete fermentation

Yimax =

The fermentation pathway is not perfectly
linear. Small amounts of sugar are diverted to
produce other metabolites, such as glycerol,
acetic acid, and other organic compounds.

To find the best combination of parameters for
maximizing ethanol production, we used Microsoft
Excel's Solver add-in. Solver is a computational
tool that uses mathematical algorithms to find
optimal solutions by adjusting variables within a
set of constraints. It works well for complex
systems like biotechnological processes, where
multiple interconnected factors need to be
balanced.

Solver needs three key inputs:

- The objective function — this is what you're
trying to optimize. For us, that meant maximizing
ethanol yield. Solver keeps adjusting variables and
recalculating until it finds the best possible result
under the given conditions.

- Variable cells — these are the parameters
Solver can adjust. In our case, they represented
controllable factors like glucose concentration,
nitrogen levels, inoculum size, and fermentation
time. Solver systematically changes these values to
explore different scenarios and find the optimum.
Constraints — these are the limits that keep the
solution realistic. We set boundaries based on
practical considerations like substrate availability,
nutrient ratios, and budget limitations. Without
constraints, Solver might suggest solutions that
look good on paper but aren't feasible in practice.
Solver offers different optimization methods
depending on the problem (Figure 10). The
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Simplex LP method works for linear relationships,
while the GRG Nonlinear method handles
parabolic relationships—Ilike those found in
biological systems where growth follows
exponential or saturation patterns. There's also an
Evolutionary algorithm for more complex,
irregular problems.

We chose the GRG Nonlinear method because
fermentation dynamics follow smooth, continuous
curves. The algorithm gradually adjusted our prime
variable, that inherently modified the nitrogen and
other additional nutrients, to maximize ecthanol
yield while staying within the given budget and

biological constraints. This approach let us
combine biological understanding ~ with
computational power in a straightforward,
accessible way.

Simplex LP

Maximum—j

Numerical progression— 4

GRG Non-Linear

Evolutionary

Figure 10. Visualization of the objective function
(maximize ethanol yield), variable cells, and GRG
Nonlinear algorithm

In our case study, Solver was configured with the
following settings (Figure 11):

Objective: maximizing ethanol produced

Variable cell: glucose input

Constraint: total costs not surpassing budget value
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Solver Parameters

Set Objective: 3859

»

To: ® pax O Min

O value of:

By Changing Variable Cells:
$BSE

>

Subject to the Constraints:
$BS10 <= SNS13

Add

Change

Delete

Reset All

Load/Save

Make Unconstrained Variables Non-Negative

Select a Solving
Method:

GRG Nonlinear v options

Solving Method

Select the GRG Nonlinear engine for Solver Problems that are smooth nonlinear. Select the LP Simplex
engine for linear Solver Problems, and select the Evolutionary engine for Solver problems that are
non-smooth

Solve

Figure 11. Microsoft Excel Solver configuration panel

Help Close

Following multiple optimization iterations using
Solver, the model successfully identified a
configuration that achieves an optimal balance
between biological efficiency and economic
feasibility. The GRG Nonlinear algorithm
systematically adjusted the primary quantitative
variables—glucose, nitrogen, and inoculum
concentration—while maintaining stoichiometric
ratios and adhering to the overall budget constraint.
The simulation converged toward a solution in
which substrate utilization efficiency was
maximized without exceeding nutrient toxicity
thresholds or financial limitations.

The optimized configuration yields a maximum
ethanol production of 69.6 kg (69,600.4 grams),
which aligns well with reported industrial
fermentation ranges, thereby confirming both the
internal validity and biological plausibility of the
system. This peak productivity is achieved through
the following optimal resource allocation: glucose
at 140,034.4 g, nitrogen at 1,862.5 g, phosphorus at
350.1 g, magnesium at 70.0 g, and vitamin mix at
56.0 g. The fermentation process operates at its
maximum allowable duration of 72 hours while
maintaining the stipulated budget of €200 and
holding environmental parameters constant at pH 5
and 30°C.

Sensitivity analysis revealed that glucose and
nitrogen exert the greatest influence on
productivity, = whereas excessive  inoculum
concentration resulted in diminishing returns due to
substrate competition among microbial
populations. The integration of the productivity
coefficient further refined the output, effectively
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translating theoretical predictions into practically
achievable yields under the  specified
environmental parameters. The Solver
confirmation report validated the model's integrity,
demonstrating that this combination of nutrient
concentrations and process parameters represents
the most efficient allocation of resources for
maximizing product yield.

Overall, the Solver-based optimization
successfully demonstrates how computational tools
can simulate and enhance microbial fermentation
processes, providing a robust methodological
bridge between theoretical modeling and
experimental biotechnology applications.

4. Conclusions

The present study highlights the effectiveness of
integrating mathematical modeling and numerical
optimization in simulating microbial fermentation
processes. By employing Microsoft Excel’s Solver
add-in, complex biological interactions were
transformed into an accessible computational
framework capable of predicting optimal process
conditions. The results demonstrate that even under
constrained resources, mathematical optimization
can guide experimental design, improve
productivity, and reduce material waste.
Nevertheless, the model simplifies microbial
dynamics by neglecting ethanol inhibition kinetics,
by-product formation, and variations in cell growth
rate. It assumes ideal fermentation behavior and
constant yield coefficients, without accounting for
evaporation or toxicity effects beyond 10% (v/v)
ethanol concentration. Furthermore, the
productivity coefficient was empirically defined
rather than experimentally calibrated, which limits
the model’s quantitative precision.

Future work could include integrating kinetic
parameters, dynamic modeling, and experimental
validation to refine the system’s predictive
accuracy. Expanding the framework to encompass
additional environmental and metabolic variables
would further enhance its applicability to industrial
fermentation  design.  Overall, this study
underscores the value of computational tools such
as Solver in advancing the efficiency,
sustainability, and understanding of modem
biotechnological processes.
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