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This thesis studies how to optimize fermentation parameters for black beer production
through a data-driven case study approach. The research uses industrial fermentation data of
12 batches from My Loi An Co., Ltd. (Vietnam), of which some are black beer and others
golden beer.

The impact of temperature, pitching rate, and oxygenation during fermentation process was
first studied by exploratory data analysis, then combined with multiple linear regression
modeling to provide analytical results. Fermentation time, apparent attenuation, and alcohol
by volume (ABV) were the main performance parameters used.

The regression model was a quite good predictor of the fermentation time (R? = 0.779, p =
0.0053) and it was indication that the fermentation time was shorter when the yeast was
exposed to higher levels of oxygen. Oxygenation was proven as the only significant factor
in the model (p = 0.037). The attenuation model showed the best result (R* = 0.854, p =
0.0010) where pitching rate was displayed as a significant the attenuation was negatively
impacted by pitching rate (p = 0.0163). On the other hand, the ABV model illustrated poor
explanatory power due to the limited variability of ABV values produced batches (R? =
0.545, p = 0.084). Strong multicollinearity was also observed between pitching rate and
oxygenation leading to the conclusion that these two parameters should be considered
together (r = -0.902). Type of beer had a significant influence on the fermentation behavior
in industrial conditions which was explained by the clear separation of black and golden beer
in the clustering.

Due to the small size of the dataset and the study being observational, optimization was done
by interpreting regression results rather than using formal optimization techniques. Some
practical operating ranges are suggested to help inform process improvement under
industrial conditions. Findings here are initial ones, and it is advisable to carry out further
research with bigger datasets.
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SYMBOLS AND ABBREVIATIONS

Roman characters

OE

FE

PR

02

Atten
Subscripts

0

Fermentation time
Fermentation temperature
Fermentation rate
Original extract

Final extract

Pitching rate
Oxygenation level

Apparent attenuation

Initial value

Final value

Greek characters

days
°C
°P/day
°p

°p

g/L
mg/L

%

ApH Change in pH (pH_initial — pH_final)
Abbreviations

ABV Alcohol by volume % v/v

EDA Exploratory data analysis

JIMP JMP Statistical Software

KPI Key Performance Indicator

RMSE  Root Mean Square Error

VIF Variance Inflation Factor

NADH  Nicotinamide adenine dinucleotide

OLEI

Oleate synthase gene involved in fatty acid desaturation
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1 Introduction

The fermentation process is the central focus in the production of beer. This stage has a direct
impact on the aroma creation of the beer and thus has an influence on the quality of the
product. The durability of the beer's quality during its shelf-life also can be traced back to
the fermentation process. The function of this step for a large-scale industrial production is
even more significant. Constantly keeping the fermentation efficiency at the desired level
not only helps in securing the flavor that is wanted along with other sensory features of the
beer but also helps in a better process and gives consistency and reproducibility of batches.
On the other hand, this is quite difficult to do since fermentation is a living and biochemical
process messed up by a number of factors that continuously and interactively influence each
other, for example, temperature, yeast inoculation level, amount of oxygen and change of

acidity (pH).

The difficulties are even greater for black beer, as the fermentation of dark beer is typically
more sensitive and less predictable than that of golden beer, and any alterations to the process
are doubly problematical. This is primarily because of the intricate composition of dark beer,
particularly the use of roasted malt. The ingredients of dark beer contribute to Maillard
reactions, phenolic compounds, and flavor precursor, which in a major way change yeast

metabolism and fermentation rhythm.

Furthermore, previous studies have primarily focused on the individual effects of each
fermentation parameter. There were effects of temperature on yeast metabolism and aroma
compound formation and oxygenation played a vital role in sterol synthesis and fermentation
(Verbelen et al., 2009; Dzialo et al., 2017). There was a relationship between pitching rate
with attenuation efficiency and flavor development (Kucharczyk & Tuszynski, 2015).

The scale of these studies has been limited to laboratory or pilot settings. Therefore, they do
not fully reflect the complex reality of industrial beer production processes. The industrial
beer fermentation process relates to complex operational conditions such as variation
between batches, raw material variability, production limitations and large-scale vessel
effects. Although industrial datasets are less controlled than in laboratory, it provides

valuable and truthful information which reflects real production behavior and practical



process limitations. Moreover, when we conduct large-scale controlled experiments in
industrial breweries, it can be very costly for the company to develop a full statistical analysis
at the industrial scale, even though there is information that can be easily extracted and
evaluated under a robust methodological framework. Consequently, there is currently a lack
of studies based on real-world data from industrial-scale production to comprehensively

assess the effects of various fermentation parameters.

For this reason, this thesis conducted a practical case study at My Loi An Co., Ltd. (Vietnam)
to evaluate the relationship between key fermentation parameters and fermentation

efficiency, with particular emphasis on black beer production.

The main objective of the study is to assess the influence of process parameters on the
efficiency of the fermentation process under industrial beer production conditions. Specific

objectives include:

e The influence of temperature, pitching rate, and oxygenation on fermentation

efficiency.
o Comparing the fermentation behavior between black beer and golden beer.

o Developing empirical regression models to describe the relationship between process

parameters and key performance indicators.

e Determining the practical operating range to improve fermentation efficiency and

ensure stable product quality based on data-driven analysis

In addition, the study considers pH variation during fermentation as a supporting indicator

to provide further information on the dynamics of the fermentation process.

This research relies on real industrial data, which has not been manipulated through
experimental work in controlled labs. Hence, results mainly reliably reveal correlations in

manufacturing environments and suggest means of industrial process betterment.

This thesis is structured in six chapters. Chapter 2 details a literature review on beer
production process, fermentation fundamentals, the main parameters of this study, and
differences between black and golden beer. Chapter 3 outlines the research design, data
collection method, definition of variables, and analytical techniques used. Chapter 4 shows

the outcomes of exploratory data analysis and regression modeling. Chapter 5 compares the
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results with the literature and discusses their implications for industrial process optimization.

Chapter 6 recaps the most important points and suggests future research paths.
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2 Literature review

2.1 Overview of the beer production process

The process describes the industrial brewing operations typically and is modeled on the
production system employed in the current study. As seen from Figure 2.1, fermentation acts
as a main line connecting the changes in raw materials resulting upstream and subsequent

product stabilization downstream.

Raw materials
(Malt, rice, water, hops, yeast)

Milling
(Malt grinding & rice milling)

Rice gelatinization

Mashing
(+CaCl2, acid adjustment)

Saccharification

Wort separation
(Residue filtration)

Wort boiling
(+Hops, additives)

Whirlpool

Rapid cooling

Aeration and yeast pitching

Primary fermentation

Yeast recovery

Secondary fermentation

Filtration & Packaging

Figure 2.1. Industrial beer production process adapted from the case study brewery.
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Manufacturing beer involves a chain of consecutive steps related to the processing of raw
materials, at first, to the final packed beer as the last stage. Usually, the whole process is
composed of grinding, mashing, saccharification, wort separation, boiling, cooling, aeration,

fermentation, maturation, filtration, and packaging (Pires & Branyik, 2014)

In large-scale brewing systems, additional materials like rice are often used together with
malt to change the types of fermentable sugars and make the whole process more efficient.
When mashing and saccharification, enzymes in the malt will break down the starch into
fermentable sugars, which yeast will use later on during fermentation (Pires & Branyik,

2014).

Generally, brewing processes remain the same for all types of beer; however, changes in
formulation and processing conditions may lead to variations. Specialty malts like Carafa
Type III and chocolate malt in the production of black beer add roasting compounds, which
affect the color and flavor. On the other hand, golden beer is produced almost exclusively
with base malt, so the color is lighter and the flavor is more subtle. Variations in the
composition of raw materials can influence wort properties, fermentation performance, and

product quality.

Post separation of wort and boiling, the liquid cools, aerates, and yeast is added. During
fermentation in controlled conditions, the sugars are transformed into ethanol, carbon
dioxide, and flavor compounds. This step is followed by maturation phase, where flavor
stabilization and clarification take place. Lastly, the beer is filtered and packaged for delivery

(Pires & Branyik, 2014).

2.2 Raw materials in brewing

The main raw materials used in this study and their roles are summarized in Table 2.2.
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Table 2.2. Main raw materials and their roles in beer production (compiled from Briggs et

al., 2004; Pires & Branyik, 2015)

Raw material Main components Role in brewing Impact on flavor
Base malt Starch, enzymes Primary sugar source Base flavor
Carafa Type III malt Melanoidins, roasted | Color and flavor modification | Dark color
compounds
Chocolate malt Maillard products Enhances flavor complexity Chocolate and roasted
flavors
Rice (adjunct) Starch Adjust  fermentable sugar | Reduced malt intensity
composition
Hops Alpha acids, essential | Bitterness and aroma Aroma profile
oils
Yeast Microorganism Fermentation Ethanol and flavor
(Fermentis SafLager S-23) compounds
Water Minerals Reaction medium Taste and stability

Beer brewing relies only on a few key raw materials, namely water, malt, hops, and yeast.
Although these components are quite simple, their composition and quality are very
determining factors in fermentation behavior and the final product's characteristics (Pires &

Branyik, 2014).

Malting is a crucial step in the production of beer. It forms the main source of fermentable
sugars and enzymes, especially beta and alpha-amylases, that are responsible for breaking
down starch into simple sugars which yeast can ferment (Pires & Branyik, 2014). Apart from
the base malt, it is normal for a brewer to add different types of specialty malts for the
purpose of altering the beer's color, flavor, and chemical composition. In this case, the
brewing technique employs a base malt as well as specialty malts such as Carafa Type III
malt (Weyermann, Germany) and chocolate malt (Joe White Malting, Australia). These dark
malts are produced through a high-temperature kilning or roasting process that leads to
Maillard reactions and the production of color compounds and flavor precursors which
naturally shape the character of black beers (Coghe et al., 2005; Guido & Ferreira, 2023).
Maillard reactions occur when reducing sugars and amino acids are heated together, resulting

in browning and the production of roasted flavors in foods (Murata, 2021).
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Besides the main ingredients, a brewer can also use rice or other adjunct materials in the
brewing process to alter the fermentable sugar structure and thereby the complete body of
the beer. Adjuncts usage not only increases the process efficiency but also results in a lighter

and cleaner flavor profile than all-malt formulations (Pires & Branyik, 2014).

Besides the main ingredients, a brewer can also use rice or other adjunct materials in the
brewing process to alter the fermentable sugar structure and thereby the complete body of
the beer. Adjuncts usage not only increases the process efficiency but also results in a lighter

and cleaner flavor profile than all-malt formulations (Pires & Branyik, 2014).

The main biological agent responsible for fermentation is yeast. A lager yeast strain
(Fermentis SafLager S-23) is being employed in this research. Yeast converts fermentable
sugars into alcohol and carbon dioxide. Besides, it also generates various secondary
metabolites which are the source of aroma and flavor complexity in beer (Pires & Branyik,

2014; Roberts et al., 2023).

Water is by far the main ingredient of beer, providing the basis for standard biochemical
reactions. The minerals that are there alter the mash pH, enzyme functionality, and process
overall stability. This ultimately affects the fermentation activity along with the resulting

product quality (Pires & Branyik, 2014).

Together, the influences of these raw materials set the composition of the wort before
fermentation, which has a major impact on yeast metabolism, fermentation kinetics, and

flavor production.

The composition of the wort pre-fermentation was set by the aggregate effect of the raw
materials, which influenced yeast metabolism, fermentation dynamics, and flavor generation

to a great extent.

2.3 Beer fermentation fundamentals

Beer fermentation is a complex process that involves physicochemical changes crucial to
shaping beer flavor. The main sources of flavor precursors and their transformation into
flavor-active compounds are summarized in Table 2.3. Furthermore, the quality of the beer
batch and its stability largely depend on this fermentation process (Pires & Branyik, 2014).

Throughout the process, the yeast's metabolism interacts with the environment to produce
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biochemical reactions in which sugars are fermented into ethanol and carbon dioxide (Pires
& Branyik, 2014). Simultaneously, compounds that contribute to beer's characteristic flavor
are also formed during this process, including esters, higher alcohols, organic acids, and
sulfur compounds (Pires & Branyik, 2014). Higher alcohols and esters are among the main
classes of volatile organic compounds that affect beer quality, which are influenced by the

choice of yeast strain and fermentation conditions (Roberts et al., 2023).

Besides important parameters such as fermentation temperature and pH, which directly and
consistently affect the brewing process, the quantity and quality of the yeast inoculum are
key factors. These processing conditions directly and significantly influence the biochemical
networks that govern these biochemical changes; therefore, beer quality is clearly influenced
by operating parameters (Pires & Branyik, 2014). These operating mechanisms have become
increasingly well understood thanks to advances in microbiology and modern analytical
equipment throughout the long history of the brewing science industry (Pires & Branyik,
2014).

Table 2.3. Sources and formation pathways of flavor compounds in beer (compiled from

Briggs et al., 2004; Pires & Branyik, 2015; Dzialo et al., 2017; Roberts et al., 2023)

Source Key precursors Main compounds formed Contribution to flavor
Amino acids, sugars, o Color, roasted and caramel
Malt ) Melanoidins, flavor precursors
Maillard products compounds
Hops Alpha acids, essential oils Volatile aroma compounds Bitterness and aroma

Yeast metabolism

Sugar, fatty acids

Ethanol, esters, alcohols,

organic acids

Aroma complexity and flavor

profile

Fermentation

conditions

Temperature, oxygen, pH

Influences compound

formation

Determines balance of flavor

compounds

2.3.1 Yeast metabolism and fermentation stages in beer

The fermentation stage usually lasts about 10 days, and the finished product at this point is

referred to as green beer (Thesseling et al., 2019). Yeast metabolism as the focused
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biological mechanism that drives the production of ethanol, a molecule that finally
determines the flavor and stability of the product (Pires & Branyik, 2014). Saccharomyces
cerevisiae (ale) and Saccharomyces pastorianus (lager) are the two most widely used yeast
strains in brewing. They are eukaryotic, unicellular, heterotrophic, facultatively anaerobic
organisms that mainly reproduce by budding during fermentation (Pires & Branyik, 2014).
Yeast degards fermentable sugars like glucose and maltose into ethanol and carbon dioxide
through glycolysis and exposition of subsequent metabolic pathways during alcoholic
fermentation. This way, yeast obtains the energy that is its growth and maintenance (Pires
& Branyik, 2014). Basically, ethanol and CO: are the main products of fermentation,
whereas other substances are regarded as the secondary metabolites only (Pires & Branyik,
2014). In particular, the metabolic pathways involved in yeast fermentation can get quite

complex, so the addition of a diagram explaining this metabolism would be very beneficial.

Sugars
(maltose, glucose)

Glycolysis

Pyruvate

N ————

(esters, higher alcohols,

Secondary metabolites
Ethanol + CO,
organic acids)

Figure 2.2. A metabolical overview of yeast during beer fermentation (source: Pires &

Branyik, 2015; Dzialo et al., 2017; adapted)

Fermentation conditions differ from one type of beer to another. For instance, ale
fermentation generally happens at relatively high temperatures (around 18, 22 °C) and use
of S. cerevisiae yeast, while lager fermentation takes place at much lower temperatures
(around 8, 12 °C) and use of S. pastorianus yeast. Such temperature differences coupled with
yeast strain variations bring about different fermentation kinetics and flavor profiles.

Moreover, raw material composition changes e.g. the use of specialty malts in the production
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of black beer whereas mostly base malt in golden beer which in turn has an impact on wort
composition, fermentation behavior, and the creation of flavor compounds. Cellular
production of aromatic esters such as ethyl hexanoate and butanoate during active yeast

growth is a natural by-product of fatty acid metabolism (Roberts et al., 2023).

During the first phase of fermentation, aeration of the wort is very important because the
sterols and fatty acids that are made by yeast are absolutely dependent on oxygen, and these,
in turn, are necessary for yeast cell growth as well as for the preservation of their membranes
(Pires & Branyik, 2014). The fermentation parameters that are specifically applied determine
the metabolism of sugars with a special impact on secondary metabolites. It follows that an
in-depth knowledge of the ways in which these parameters and the environment interact,
along with the biochemical pathways of exchange, is of utmost importance for the proper

management of beer production (Pires & Branyik, 2014).

2.3.2 Effect of fermentation parameters on beer quality

Beer fermentation performance is very sensitive to altered operating conditions, so slight
changes in parameters can change the way the fermentation progresses and affect the sensory
and physicochemical features of the product (Pires & Bréanyik, 2014). This fundamental
vulnerability makes very accurate process control necessary in order to produce high-quality
products consistently and at the same time to sustain the efficiency of the brewing process

(Modzelewska et al., 2023).

In the range of fermentation variables that affect beer quality, fermentation temperature has
been without a doubt identified as the main factor in determining the types and amounts of
volatile compounds. Olaniran et al. (2011) showed that fermentation temperature changes
the pattern of beer volatile compounds considerably, a fact that when the beer is brewed at
lower temperatures (around 18°C), the flavour and aroma are better than when the

temperature is higher.

Temperature and pH control the chemical environment of fermentation. On the other hand,

pitching rate, which is the amount of yeast added to the wort, controls the biological catalyst
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itself. Cell density, fermentation intensity, and transcriptional activity of flavor-forming
genes are majorly determined by the pitching rate. Fundamentally, yeast inoculation density
sets the pace for fermentation kinetics and profiles of volatile compounds (Verbelen et al.,
2009). Research indicates that raising the yeast inoculation rate (four times the normal rate)
causes the fermentation process to speed up significantly but at the same time the production
of acetate esters drops substantially (Verbelen et al., 2009). However, the physiological
capacity of the yeast that has been pitched will ultimately be limited by oxygen availability.

Wort oxygenation turns out to be the fourth major factor that makes wort the primary
resource for sterol and unsaturated fatty acid biosynthesis. Molecular oxygen acts like a vital
nutrient for production of sterol and unsaturated fatty acid that in turn directly controls the
membrane integrity and proliferation of the yeast cells. Verbelen et al. (2009) demonstrated
that it is wort oxygenation, not just a simple aeration, which most efficiently leads to increase
in the growth yield in very high cell density fermentations and at the same time, this method
is able to minimize the unwanted flavor impacts. On the other hand, too much oxygenation
by the same token can lead to the reduction in the ester profile and the hastened oxidative

ageing of yeast.

2.3.3 Temperature

Temperature deeply influences yeast metabolism and the amounts of ethanol and different
flavor-active by-products that are produced during fermentation (Kucharczyk & Tuszynski,
2015). Yeast has its best fermentation kinetics at 18 to 25°C, which not only speeds up
fermentation decay but also enhances the production of bright, fruity flavors dominated by

esters (Pires & Branyik, 2014).

To be more precise, temperature is a critical factor that controls the physical and chemical
properties of yeast cell membranes. High or low fermentation temperature can lead to the

cessation of fermentation even if the nutrients are sufficient (Henderson et al., 2013).

The selection of fermentation temperature also influences which fundamental stage of the
yeast life cycle is predominant. For example, when kept at a constant temperature of 25°C,
yeast Saccharomyces cerevisiae usually reaches the stationary phase around 72 hours post-

inoculation, with the final biomass leveling off 8 days later. Maintaining such thermal
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stability is crucial not only for preserving cell viability but also for ensuring that reducing

sugars can be continuously consumed throughout the process (Silva et al., 2018).

Controlling temperature is a must to preserve the flavor characters that derive from hops.
While hop oils contribute to beer giving many aromatic features such as citrus, floral, and
herbs, their chemical makeup is rather variable; mainly, the majority of these oils are lost
either via evaporation or transformed into other flavor compounds during fermentation
[MP1]. The overall cap composition of hop essential oil is affected not only by the variety
and environment of the hop but also by the processing of the material. Factors like drying
temperature, exposure to air, disease, and storage conditions are crucial to the quality and

stability of these essential oils in the final product (Almaguer et al., 2014).

2.3.4 pH

The pH value during fermentation serves as a good indicator of yeast metabolic activities as
well as fermentation stability. Keeping the pH level stable is essential for the beer quality as

it influences product consistency and fermentation performance (Koren et al., 2020).

In high-density fermentation, pH levels have a reverse relationship with yeast growth and
nitrogen assimilation indicating that usually pH of the medium falls as yeast biomass goes
up (Verbelen et al., 2009). Major changes in pH levels beyond the optimal range may result
in reduced yeast activity and changes in fermentation kinetics, therefore lessening overall

process efficiency.

Monitoring of pH during fermentation along with other main parameters such as extract and
density can give very valuable insights into the performance of the process. It is also a way
to help make sure that fermentation is going on with the attainment of the right attenuation

and product quality as the end results (Modzelewska et al., 2023).

2.3.5 Pitching rate

A key element determining fermentation speed, beer development, and flavor profile of the
final product is the quantity of yeast introduced into the wort, also known as yeast pitching

rate (Kucharczyk & Tuszynski, 2015). In the science of brewing, pitching rate is most
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commonly measured as the quantity of yeast cells per milliliter of wort per degree Plato
(cells/mL/°P). For lager fermentations, the usual pitching rates are approximately 1, 2 x 10¢
cells/mL/°P, whereas lower levels are generally applied in ale fermentations. However, in

industrial settings, pitching is most of the time done based on the volume of yeast slurry.

Choosing a lower pitching rate can prolong the fermentation time. On the other hand, studies
have revealed that raising the pitching rate might cause small increases in the amount of
biomass as the nutrients and oxygen become less available (Kucharczyk & Tuszynski, 2015).
Besides, the pitching rate plays a significant role in creating the "antimicrobial hurdles" after

the initial stage of fermentation.

In today's industrial quality control, it is important to stabilize yeast populations over
different pitching rates in order to safeguard the authenticity of the final product. DNA
profiling may be used in brewing for evaluating the genetic stability of yeast cultures even
when their cell density changes (Is¢i et al., 2009). In this way, molecular authentication is a
quality-control method that not only verifies the specific yeast strain used but also ensures
the flavor-profile impact of the yeast remains the same even when inoculation rates vary.
Moreover, the yeast inoculation rate and cell density are major factors that determine the
diacetyl level in beer at the end of fermentation. A higher yeast inoculation rate was
correlated with a rise in diacetyl concentration (Castro et al., 2021). Yeast pitching rate is
also a factor influencing the formation of volatile compounds, like aldehydes, which are
generally regarded as negative and have an adverse impact on beer quality; however, some
research suggests that a higher pitching rate may decrease acetaldehyde levels, although too
much biomass will finally deteriorate sensory features (Kucharczyk & Tuszynski, 2015).
Oxygen consumption by yeast cells undergoes a reduction at some pitching rates, which in
turn promotes the production of endogenous sulfites (Kaneda et al., 1992). In fact, the
metabolic pathways are so profoundly connected to the initial inoculation rate that
fermentation by-products' specific proportions are shaped through the yeast biomass,
dissolved oxygen levels, and wort nutrient content interplay, thus ultimately determining the
sensory complexity and flavor balance (Pires & Branyik, 2014; Olaniran et al., 2011).
Moreover, this very balance is important in preserving beer's organoleptic qualities since the
primary fermentation by-products such as higher alcohols, esters, and phenolic compounds
must be generated in proper combinations in order to comply with the brand standards (Pires

& Brényik, 2014; Olaniran et al., 2011). That is why increasing inoculation rates eventually
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lead to higher sulfite levels in the finished beer. As these sulfites are natural antioxidants,
they can slow down flavor deterioration and limit free radical reactions. On the other hand,
increasing inoculation rates not only help in prevention of chemiluminescence but also
improve flavor stability of beer during storage without negatively impacting the sensory
attributes of fresh products (Kaneda et al., 1992). At the end of the day, correct pitching rates
are indispensable for obtaining the desired flavor profile time after time along with a stable
fermentation process; in fact, lower inoculations frequently permit one to enjoy the classic

beer flavor with rather strong hop and fruit notes (Kucharczyk & Tuszynski, 2015).

2.3.6 Oxygenation

Wort oxygenation also is needed for yeast to make sterols and fatty acids during fermentation
because yeast cannot do that without oxygen (Pires & Branyik, 2014). The sterols and
unsaturated fatty acids are the building blocks of yeast cell membranes, and they are critical
for maintaining the integrity, fluidity, and reproduction of yeast cells during fermentation.
Yeast, Saccharomyces cerevisiae, needs molecular oxygen as one of the cofactors for the
enzyme complex coded that enables the oxygen-dependent and NADH-dependent
desaturation of saturated fatty acids. That is why molecular oxygen is a pre-requisite for the
process that changes the fatty acids which are palmitic acid (C16:0) and stearic acid (C18:0)
into their monounsaturated forms palmitoleic acid (Delta-9Z-C16:1) and oleic acid (Delta-
97-C18:1), respectively (You et al., 2003). It is extremely important to keep the oxygen
levels exact, since insufficient and excessive oxygenation may both have negative effects on
fermentation performance and final product flavor stability (Kucharczyk & Tuszynski,
2017). The production of these lipids, and especially oleic acid, accounts for the main reason
why growing yeast cells can tolerate ethanol. It has been shown that among the unsaturated
fatty acids, oleic acid is the strongest one which can counteract the adverse, fluidizing effects
of ethanol on cell membranes (You et al., 2003). Homeoviscous adaptation is a mechanism
that allows releasing structural integrity, and in order to do so, yeast cells in fact drastically
change their lipid makeup after being confronted with ethanol. For example, one of the ways
by which the ( oleic acid-to-palmitoleic acid) ratio is increased 4 times when cells are treated
with 5% ethanol, which is the usual concentration for ethanol (You et al., 2003). If the

dissolved oxygen concentration is not sufficient during the lag-phase, yeast will not be able
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to produce the "lipid shield" that is required, and as a result, membrane function will be

compromised and we will get stuck or sluggish fermentations when alcohol levels go up.

In the specialized production of Scotch malt whisky, a strong initial oxygenation is
considered very important as the fermentable sugars are constantly being released during the
process (Bringhurst et al., 2001). Due to the enzymes working, the branched dextrins are
being progressively broken down into maltose and glucose, which are fermentable sugars
(Bringhurst et al., 2001). The yeast's metabolic stamina is very much dependent on the
dextrins' behavior. Limit dextrinase activity usually happens most intensively 15 to 20 hours
of fermentation time (Bringhurst et al., 2001). This means that in order for the yeast to be
able to ferment the sugars emerging from the conversion of these complex branched
structures, the yeast must be highly viable and have strong membranes which is initially
supported by oleic acid synthesis. A lack of proper oxygenation to create a strong lipid
defense in the yeast population may cause premature exhaustion of yeast before the limit
dextrinase is able to fully convert these branched dextrins to alcohol, which leads to not only
a limitation in the distiller's ability to maximize the total alcohol yield (Bringhurst et al.,

2001).

In the industry, there is research that different levels of wort aeration can change the
metabolism, such as less acetaldehyde and more production of higher alcohols. However,
aeration of 7 to 12 mg/L do not necessarily lead to a change in the final quality of beer or
spirits (Kucharczyk & Tuszynski, 2017). What this means is that once the minimum level
for OLE1 activation and membrane biosynthesis is reached, additional oxygenation is a
waste of resources for standard gravity worts (You et al., 2003). To ensure that the process
1s always the same, modern factories use optical oxygen meters to accurately measure the
level of dissolved oxygen in the pitching wort and during the initial stages of fermentation,
which in turn allows them to balance the need for lipid synthesis with the risk of yeast
oxidation at the same time (Kucharczyk & Tuszynski, 2017). (MP1) OLE1 gene codes for
an enzyme called Delta-9 fatty acid desaturase which is responsible for introducing a double
bond into stearic acid producing oleic acid which is an essential component of membrane
lipids of yeast. Therefore, this activation is critical for obtaining a robust yeast membrane

during fermentation.
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2.4 Differences between black beer and golden beer

Color is one of the main factors determining beer quality; it depends on the type of malt
used, the degree of drying and roasting, and the heat treatment during wort processing. Dark
malt not only provides color, but it also significantly influences the flavor and antioxidant
activity of the wort and beer. Furthermore, wort fermentation and the production of yeast
metabolites are affected by the choice of malt (Coghe et al., 2005). Dark malt used in wort
production affects ethanol fermentation, phenolic content, antioxidant capacity, and yeast
cell physiology. Dark beer exhibits higher ferrous ion reducing capacity and antioxidant
capacity compared to light beer fermented with the same yeast strain. Compared to Pilsner
malt, dark malt has very low or no enzymatic activity. Therefore, the use of dark malt results
in less hydrolysis during malting and fewer fermentable extracts. Lower levels of
fermentable extract in the final beer could also be a result of the Maillard reaction taking

place during the production of dark malt (Coghe et al., 2005).

The physicochemical differences between these two types of beers are largely due to ion
equilibria and mineral stability principles. The pH is the main factor controlling the
crystalline structure of calcium phosphates (Gao et al., 2010). Roasted malts create more
acidic conditions, so the lower pH in black beer worts is a direct factor in shaping the
formation of different calcium phosphate phases. Mineral solutions are often not only
saturated but unstable from the standpoint of thermodynamics, leading to start of calcium
phosphate precipitation with elapsed time (Gao et al., 2010). Depending on ion speciation,
the major mineral species may have different forms in the wort. Divalent ions, particularly
calcium and magnesium, are mostly bound to citrate and, to a lesser extent, to phosphate
rather than being simply as free ions (Gao et al., 2010). This complexation accounts for a
significant part of total ion composition and product stability. Being newly-made worts often
supersaturated with a number of calcium phosphate phases, the right combination of pH and
inhibitory ions that roasted malts supply is absolutely necessary not only to prevent the
formation of mineral deposits but also for obtaining a long-lasting clarity (Gao et al., 2010).
Notably, stability is largely dictated by the participation of a few inhibitors in the mineral
structure. Hydroxyapatite crystal growth is inhibited notably by magnesium and citrate (Gao

et al., 2010). Besides, the fact that there are higher levels of organic acids and minerals in
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dark malts hints that black beer has a complicated inhibitory system that protects it from

producing the undissolved compounds (Gao et al., 2010).

The status of essential minerals varies, too, according to the ion speciation in wort. Divalent
ions, especially calcium and magnesium, are mostly complexed with citrate and, to a smaller
degree, with phosphate, instead of being present only as free ions (Gao et al., 2010). Such
complexation plays a major role in the overall ion makeup and product stability. Since
newly-made worts are regularly exposed to the risk of supersaturation with respect to several
calcium phosphate phases, the particular pH and inhibitory ion balance that is a result of the
addition of roasted malts is indispensable for the prevention of mineral precipitation and the

attainment of a stable clarity over time (Gao et al., 2010).

2.5 Brewing process optimization and sustainability

In industrial production of lager beer, the most important thing is adjusting the fermentation
parameters so that the yeast remains healthy and the flavors don't change over time
(Kucharczyk et al., 2025). It has been shown that yeast biomass multiplication is directly
related to both wort aeration and fermentation temperature, while it is inversely related to
pitching rate (Kucharczyk et al., 2025). For instance, raising the temperature from 8.5 to
11.5 degrees Celsius may result in biomass increasing by three to four times, but a higher
initial yeast dose results in net growth being curtailed due to yeast competition for oxygen

and nutrients (Kucharczyk et al., 2025).

Maintaining this balance enables breweries to reduce extract loss because the yeast is
metabolizing wort carbohydrates for its growth, and at the same time results in more efficient

and stable fermentation process overall (Kucharczyk et al., 2025).

When it comes to the main impetus behind the shift toward sustainable brewing, the answer
lies with energy efficiency given that electricity is the predominant energy source in
production plants, making up as much as 90% of total energy consumption (De Castro et al.,
2024). In fact, fermentation processes alone pose a considerable share of energy use, ranging
anywhere from 45% to 90%, and are mostly for cooling. Breweries, inspired by such detailed
energy consumption profiles, may concentrate on specific adjustments in the operations, for

example, fermenting at different temperatures and changing the pumping times to reduce
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heating and cooling loads that are not necessary (De Castro et al., 2024). Another way to
decrease the energy consumption is through the use of insulation for tanks, pipes, and other
production units to minimize the loss of heat and heat gains. In addition, the installation of
advanced monitoring and control systems that track energy consumption in real time, help
to quickly identify inefficiencies and taking immediate corrective actions, essentially
providing strong backing to these measures (De Castro et al., 2024). When accurate auditing
is combined with efficient equipment retrofits, not only can operations costs be cut down
substantially, but also it becomes possible to produce the environment-friendly and

sustainable production process.

2.6 Summary of literature and research gap

Many papers discuss how big fermentation parameters such as temperature, pitching rate,
and availability of oxygen affect the results of beer fermentation and the aroma of the beer
Pires & Branyik (2014); Verbelen et al. (2009); Kucharczyk & Tuszynski (2015). These
parameters are the most important variables in the brewing process control because they can
influence yeast metabolism, fermentation kinetics, and the generation of aroma-active

compounds.

However, a large part of this research is still focused only on standard beer styles and
controlled experimental conditions, leaving the understanding of black beer fermentation
under industrial production environments a grey area. Black beer is very different from
lighter beer styles because it uses roasted malts, which change the wort composition,
including the availability of fermentable extract, the phenolic content, and the acidity (Coghe
et al., 2005). These differences can affect yeast activity and fermentation behavior in ways

which are not quite envisaged in current studies.

Another drawback in the literature is that majority of research are done at lab scale where
the fermentation environment is very controlled and the variability is minimal. On the other
hand, industrial fermentation facilities have more complicated and changing conditions such
as changes in batch composition, process control, and equipment design that can have a great
impact on fermentation performance (Modzelewska et al., 2023). Therefore, relationships
that have been discovered under lab conditions might not be directly applicable in industrial

settings.
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Besides, it is true that fermentation parameters, individually, have been deeply explored.
However, less investigations have been carried out regarding the combined effects of the
parameters based on real production data. Since temperature, pitching rate, and oxygenation
are the three main factors that influence the fermentation and their interactions are very
complex, the combined effect of these three on the fermentation performance has remained
quite a challenge to generalize, especially for industrial purposes with limited datasets

(Dzialo et al., 2017).

Therefore, research based on data and carried out by using real industrial fermentation data
is very much required to be able to figure out how the main process parameters impact the
fermentation performance in real-world scenarios. As industrial datasets are typically limited
by a number of issues, including small sample sizes and inherent variabilities, it is only
through simple yet interpretable analytical approaches that one can obtain meaningful

insights and support the process enhancements.

This task will cover the analysis of fermentation performance with industrial batch data
through the lens of major process parameters and their associations with fermentation time,
attenuation, and alcohol production. Results are expected to be practical enough to aid

industrial beer fermentation decision-making.

3 Material and methods

3.1 Research design

The method used for this research is a data-oriented case study. This study, by assessing and
analyzing fermentation parameters in the context of industrial beer production, aims to
optimize these parameters. It is a complete study based on the collection of production data
directly obtained from My Loi An Limited Liability Company (Vietnam). The core study of
the thesis revolves around the fermentation process of black beer, however, the paper also
makes a comparison with the fermentation process of golden beer performed under identical

industrial production conditions.

This study is based solely on the observation and analysis of data from real production

batches and no experiments have been done on small-scale laboratory level. This method
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provides a better understanding of the real nature or characteristics of fermentation process
in a very large scale industrial operation setting. Besides, it is obvious that the brewing
production system is very complicated and interactions found in the process are of the real

world type.

3.2 Data collection

Data were collected from 12 batches of beer production, including 8 batches of black beer
and 4 batches of golden beer. It should be noted that the fermentation volume differs between
the two types of beer: black beers was produced with a volume of approximately 7,000
liters/batch in the process, while golden beer had a larger volume of approximately 16,000
liters/batch. However, volume was not included as a variable in the statistical model because
it was strongly correlated with the type of beer. In the present study, approximately 400 L
of yeast was added to 34,000 L of wort, corresponding to about 1.2% (v/v).

The data is divided into two main groups:
(1) Batch-level data: Information recorded for each production batch, including:
* batch ID

* beer type (black or golden)

* volume (L)

* original extract (°Plato)

» final extract (°Plato)

* average fermentation temperature (°C)

* fermentation time (days)

* pitching rate

* oxygenation level

These variables were summarized at the batch level. For example, the initial and final extract
amounts and the average fermentation temperature were calculated as the average of the time

series.
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(2) Time-series data: Includes measurements taken daily throughout the fermentation

process:
« fermentation day
* extract (°Plato)

* temperature (°C)
«pH

Extract, temperature, and pH were measured in duplicate at each sampling point. Samples
were collected from tanks in the brewery and recorded in production monitoring sheets daily.
pH were measured by using a calibrate pH meter. Extract measurments were measured using
a Thermo Scientific GENESYS 10S UV-Vis spectrophotometer and oxygenation levels
were measured by an Anton Paar CboxQC At-line optical oxygen measurement system.
After that, the duplicate measurements were used to calculate mean values and standard
deviations to determine measurement consistency. Then the mean values were used for

statistical analyzes and regression modelling.

The time-series dataset was used for evaluating fermentation behavior over time and
deriving batch-level variables and the regression analysis was made using aggregated batch-

level data (n=12).

3.3 Variables and data preparation

The variables in the study were summarized into two groups: independent variables, which
included process parameters, and dependent variables, which included fermentation

performance indicators.

Independent variables (process parameters) | Dependent variables (response variables)
* Temperature (°C) * Fermentation time (days)

* Pitching rate (% v/v) * Apparent attenuation (%)

* Oxygenation level (mg/L) * Alcohol by volume (ABV, %)

In addition to the variables mentioned above, pH was also monitored throughout the

fermentation process and included in the time-series dataset. However, it was not used as a
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predictor variable in regression models. Instead, pH was used only as an auxiliary variable

for exploratory analysis and to aid interpretation of fermentation behavior.

Every variable that was used for the regression analysis analysis was at batch level, and

continuous variables were a part of statistical models.

Before analysis, the dataset was verified for completeness and consistency. Repeated
measurements were averaged while their standard deviations were used to separately assess
measurement reliability. The final data set for modeling was made of 12 observations at the

batch level.

3.4 Exploratory data analysis

Exploratory Data Analysis (EDA) was carried out for better understanding variable

distribution and relationships which paved the way for the regression model.

Histograms were used in the study to look at the distribution of main variables such as
fermentation time, attenuation, alcohol content (ABV), temperature, pitching rate, and
oxygenation. Besides that, scatter plots helped to portray the relations between process
parameters and response variables. By using a scatter plot matrix, researchers were able to
investigate the pairwise relationships of all variables and also reveal any potential patterns

formed by clusters.

These preliminary analyses provide initial insights into the data layout and assist in

identifying the best variables to include in the regression model.

3.5 Derived variables

Based on the original data, various key variables were derived for the research, including:
- Apparent attenuation (%) was calculated as:

(OE — FE) / OE x 100
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The percent of reduction is essentially the index that indicates the proportion of fermentable
extract that has been consumed. In fact, it is most often used as a reference to ascertain

whether fermentation is complete or not. (Briggs et al., 2004).
- Estimated alcohol content (ABV) was calculated as:
ABV = (OE - FE) x 0.51

It is one of the empirical formulae that can most frequently be used for the estimating of
ethanol content in situations when it is not possible to directly measure (Priest and Stewart,

20006; Briggs et al., 2004).

In addition, there are some other derived metrics that could help characterize the
fermentation kinetics, such as average fermentation rate and t"50" (time by which 50% of
the initial extract is fermented). These derived variables were not included in the regression
model but were just used for corroborative exploratory analysis and discussion of

fermentation kinetics.

In this model, the variable tso was obtained from time-series data by linear interpolation
between two consecutive time points near the target value. This index corresponds to the

fermentation rate during the active phase.

3.6 Data preprocessing

Table 3.1 depicts a summary of all the variables that have been employed in the research

along with their respective types, units, sources, and functions in the modeling.

Table 3.1. Overview of variables used in the study

Variable Type Unit Source Role

Extract Measured °p Time-series, duplicate OE, FE, fermentation
rate, tso

pH Measured pH Time-series, duplicate Supporting variable
(EDA & interpretation)

Temperature Measured °C Time-series, duplicate Used as a process
predictor

Oxygenation Process parameter mg/L Batch-level Predictor

Pitching rate Process parameter g/L Batch-level Predictor
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Fermentation time Batch-level response Days Batch summary Response

ABV Derived Yov/v Calculated from OE and FE | Response

Apparent attenuation | Derived % Calculated from OE and FE | Response

Fermentation rate Derived °P/day Calculated Supporting KPI

tso Derived Days Calculated from time series | Kinetic indicator
file

The data collected were arranged into two sets of data: time-series data, batch summary data.
In the time-series data, repeated measurements of extract, temperature, and pH were
averaged + standard deviation for each day and each batch. Then, these daily averages were
used for all subsequent calculations. For each batch, the original extract (OE) and final
extract (FE) were taken from the time-series average of the extract at the start and at the end
of the fermentation process. The average temperature of the fermentation was calculated by

using all daily measurements of temperature during the period of fermentation.

Derived variables (e.g., apparent attenuation and ABV) were estimated at the batch-level
using OE and FE. Besides these, other fermentation indices (such as fermentation rate and
time to 50% extract content reduction tso) were also calculated from the time-series data.
Unlike extracts and temperature, which are both employed to estimate batch-level variables,
pH is kept as an ancillary variable characterizing fermentation dynamics and is, therefore,
excluded from the regression model. Before conducting the analysis, data consistency is
checked to confirm the logical relationships among the variables. The analysis verifies that
the initial amount of extract is greater than the final amount of extract and that the derived

indices lie within reasonable fermentation limits.

3.7 Regression modeling

Multiple linear regression was employed to evaluate the relationships between process
parameters and fermentation performance. As a result, three separate regression models have

been created:
* Model 1: The response variable is Fermentation Time

* Model 2: The response variable is Apparent Decline
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* Model 3: The response variable is Alcohol Concentration (ABV)

Each of the three models employed the same set of predictor variables: temperature, pitching
rate and oxygenation. However, the models only accounted for main effects and did not
include interaction terms since the number of observations (n = 12) was small and

incorporating them would have resulted in overfitting and loss of explanatory power.
Model performance was evaluated through:

* Coefficient of determination (R? and adjusted R?)

» Statistical significance of predictors (p-values)

* Variance inflation factor (VIF) to assess multicollinearity

To diagnose the model, residual plots against predicted values as well as quantile plots were
utilized for the linearity, homogeneity of variance and normality of errors assumptions
checking. First of all potential outliers were sought through the examination of studentized

residuals.

3.8 Software and tools

Initial data processing and computations were done in Microsoft Excel. For statistical

analysis and regression model construction, JMP Student Edition 19 software was utilized.

3.9 Optimization approach

Our dataset was small and observational; hence, the study didn't use any formal
mathematical optimization techniques. However, we practiced optimization by interpreting
the regression model results alongside exploratory data analysis. Our main focus was to

identify the real operating parameter ranges to enhance the performance of fermentation.
The analysis focused on:
* Identifying statistically significant predictors

* Evaluating the direction and magnitude of regression coefficients
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* Interpreting trends observed in the data

The research, therefore, outlines some potential operating ranges of parameters aimed at
enhancing fermentation performance. However, these ranges only give a general idea of
suitable operating conditions and are not meant to be the precise highest-performing

conditions.

3.10 Limitations

This study does have a few weaknesses. Firstly, the number of production batches in the
sample i.e. 12 is quite insufficient; therefore, the statistical power is low and the capability
to detectcomplex relationships is limited. Moreover, this research is limited to observations
from the actual production line only, without any planned experiments. Thus, the
relationships found are merely associations and not sufficient to establish causality.
Furthermore, fermentation batches are not experimental replicates, so the changes noticed
are because of both real process changes and measurement errors. Another drawback is the
unavailability of detailed measurements of flavor compounds, yeast viability, and other
biochemical markers. The absence of such details restricts the researchers from thoroughly

investigating the fermentation process and the flavor stability of the product.
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Table 4.1. Batch-level fermentation dataset used for exploratory analysis and regression

modelling.
Batch o OF o FE Time | Temp Oxygenation Pitching | ABV Atten | Fermentation
Type | °Plato | °Plato . ApH rate % o
ID °P) (°P) (days) | (°C) (mg/L) @L) | (vv) (%) Rate
(°P/day)
Bl | Black | 10.83 | 2.62 19 10.5 | 1.60 8.5 11.9 4.19 | 75.84 0.432
B2 | Black | 11.16 | 2.38 20 10.1 | 1.78 8 12 448 | 78.72 0.439
B3 | Black | 11.05 | 2.70 18 10.2 | 1.58 9 11.8 4.26 | 75.55 0.464
B4 | Black | 10.93 | 2.58 19 10.1 | 1.60 8.2 12.1 4.26 | 76.43 0.439
B5 | Black | 11.29 | 2.80 20 10.2 | 1.66 8.8 12.2 433 | 75.23 0.425
B6 | Black | 10.65 | 2.64 18 10.3 | 1.68 9.1 12 4.09 | 75.26 0.445
B7 | Black | 11.08 | 2.54 19 10.1 | 1.75 8.4 11.7 436 | 77.11 0.449
B8 | Black | 10.92 | 2.76 20 10.2 | 1.63 8.7 11.9 4.16 | 74.76 0.408
Gl | Gold | 10.21 | 2.04 17 99 | 181 10.5 10.2 4.17 | 80.06 0.481
G2 | Gold | 10.30 | 2.12 16 10.0 | 2.04 11 10.6 4.17 | 79.47 0.512
G3 | Gold | 10.09 | 1.95 18 10.0 | 1.81 10.2 10.2 4.15 | 80.71 0.452
G4 | Gold | 10.22 | 2.00 17 10.0 [ 1.94 10.8 10.5 4.19 | 80.42 0.483

This chapter shows the data analysis and regression modelling results from 12 beer

fermentation batches (eight black beer batches and four golden beer batches). The processed

batch-level dataset used for statistical analysis is presented in Table 4.1.
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4.1 Fermentation behavior of beer
4.1.1 Distribution of fermentation variables

7 = Temp(°C) 7 [=|Pitching rate(g/L) v = Oxygenation(mg/L)
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Figure 4.1. Distribution of the main process predictors (temperature, pitching rate, and

oxygenation) across the 12 fermentation batches.

Figure 4.1 presents the distribution of the process's main predictive variables. Temperature
varies within a narrow range of 9.92°C to 10.46°C. The mean temperature is 10.14°C and
the standard deviation is 0.15°C. The small difference and low standard deviation indicate
that the process is very well controlled. The yeast addition rate ranges from 10.2 to 12.2 g/L.
Correspondingly, the mean value is 11.43 g/L, and the standard deviation is 0.79 g/L.

The small range of temperature shows that fermentation temperature was carefully
controlled in production. In industrial perspective, temperature control is very significant
because it is one of the main strategies to control and maintain yeast activity and product
consistency. Therefore, the weak statistical effect of temperature observed in the subsequent
regression models should not be interpreted as temperature being unimportant. Instead, it
should be understood as a consequence of limited process variability in the available dataset.
Previous studies have shown that yeast metabolism and volatile compound formation can be

affected by temperature (Olaniran et al., 2011; Kucharczyk & Tuszynski, 2015).

Thus, compared to temperature, the fermentation rate shows moderate variability. Among
the predictive variables, the oxidation concentration shows the widest distribution with a

mean value of 9.27 mg/L and a standard deviation of 1.06 mg/L (ranging from 8.0 to 11.0
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mg/L). The large interbatch variability in oxidation helps explain the differences in
fermentation performance. This relationship can be explained by the presence of oxygen
which supports the synthesis of sterols and unsaturated fatty acids by yeast in the early stages
of fermentation. This contributes to the integrity of the cell membrane, strengthens yeast

growth, and improves fermentation activity (You et al., 2003; Verbelen et al., 2009).

7 =/ Time(days) 7 = Atten(%) v« ABV% (v/v)
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Figure 4.2. Distribution of the fermentation response variables (fermentation time,

attenuation, and ABV) across the 12 batches.

The distribution of response variables is shown in Figure 4.2. The fermentation time varied
moderately between batches, ranging from 16 to 20 days (mean = 18.42 days, standard
deviation = 1.31 days). With most observations distributed around the center, the reduction
value ranged from 74.76% to 80.71%, corresponding to a mean of 77.46% (standard
deviation of 2.26%). On the other hand, the alcohol content of the samples (ABV) changed
in the range of only 4.09% to 4.48% (average = 4.23%, standard deviation = 0.11%),

suggesting very little variation, as most of the batches were close to 4.18%.

Overall, fermentation time and attenuation rate have enough variations to be further
investigated but alcohol concentration (ABV) only varies to a limited extent and using

regression methods to model ABV may be difficult because of that.
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4.1.2 Preliminary relationships

Figure 4.3 demonstrates the correlation between the process variables and fermentation
time. From the scatter plot, it is seen that the data points do not form a recognizable pattern;
thus, there is no discernible trend between temperature and fermentation time. On the other
hand, the aeration process implies that oxygen supply and fermentation time are negatively
correlated, i.e., higher oxygen supply leads to shorter fermentation times. At the same time,
pitching rate is positively correlated. Biologically, oxygen plays an important role in the
metabolism of yeast, which could be one way to understand this association. The presence
of high oxygen levels at the early fermentation phase enhances the physiological activity of
yeast. Yeast cells can maintain metabolic efficiency under ethanol stress due to oxygen-
assisted membrane lipid synthesis. This leads to more efficient sugar consumption and a

shorter fermentation time (Pires & Branyik, 2014; You et al., 2023).

Time(days) vs. Temp(°Q Time(days) vs. Oxygenation(mg/L)
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Figure 4.3. Scatter plots show the relationships between process variables (temperature,

pitching rate, and oxygenation) and fermentation time.
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In all three plots, the data points form two separate clusters corresponding to the two types
of beer, black and golden, indicating that differences at the group level have a significant
influence on the observed relationship. This suggests that the relationship between process
variables and fermentation time is not simply a continuous variation of the process but may

also be influenced by differences between groups.
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Figure 4.4. Scatterplot matrix of the fermentation variables.

Scatter plot matrices confirm the clear distribution of wvariables across multiple
combinations, providing an overview of the relationships between pairs of variables in the
dataset. They show that observations are not evenly distributed but tend to separate into

distinct groups.
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Figure 4.5. Overlay plot showing the relationship between oxygenation and the response

variables (fermentation time and attenuation).

In Figure 4.5, the overlapping plot shows that higher oxygenation was associated with
shorter fermentation times and greater degradation. The patterns we observed are consistent
and the difference between the two clusters is still quite clear, which supports the existence

of group-level structure in the dataset.

4.1.3 Correlation analysis

Time(days) Temp(*C) Cxygenation(mg/L) Pitching rate(g/L) ABVI: (v/v)
Time{days) 1.0000 0.4683 -0.8813 0.7756 0.5540
Temp(*C) 0.4683 1.0000

Oxygenation(mg/L)  -0.8813 -0.5657
Pitching rate(g/L) 0.7756 0.4269
ABVIE (wiv) 0.5340 0000
Atten(3%) -0.6109 0.0419

Figure 4.6. Correlation matrix of the fermentation variables.

The correlation matrix of fermentation process variables is presented in Figure 4.6. The
matrix shows several strong relationships between variables. Pitching rate and oxygenation
have a very strong negative correlation (r =- 0.902), indicating an inverse relationship
between these two parameters. It can be seen that the level of oxygenation and fermentation
time are strongly inversely correlated (r = -0.881). This suggests that higher dissolved

oxygen concentrations may help promote more active yeast metabolism and reduce
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fermentation time. These findings are consistent with previous studies, which also support
the role of oxygen in sterol synthesis and cell membrane development in brewing yeast
(Verbelen et al., 2009; You et al., 2023). Conversely, pitching rate and fermentation time
showed an inverse correlation (r=0.776). However, this relationship should be considered

cautiously due to the strong additive relationship between pitching rate and oxidation level.

The strong inverse correlation with pitching rate (r = -0.881) and the positive correlation
with oxidation level (R = 0.708) can be seen through the attenuation. Accordingly, it can be
seen that oxygen availability may contribute to a more complete fermentation process under
industrial conditions. In addition, alcohol concentration (ABV) showed a weak correlation
with most process variables, meaning that alcohol content remained relatively stable

between batches.

Previous exploratory plots observed clustering patterns. The systematic differences between

black and golden beers are also reflected in part of these relationships.

4.1.4 pH evolution during fermentation

pH evolution during fermentation
Type
H * Black

* Gold
5.5 |

pH

45

e
.

S Day

Figure 4.7. Evolution of pH during fermentation across black and golden beer batches.
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Figure 4.7 presents the evolution of pH during fermentation across all batches. We can see
a steady decrease in pH throughout the fermentation process in all batches, due to the
metabolic activity of the yeast and the production of organic acids. The decrease in pH can
be explained by the metabolic activity of yeast during the process. Because the consumption
of sugars will form organic acids and other metabolic products. Thereupon, monitoring pH
is useful for tracking fermentation progress and assessing process stability (Verbelen et al.,

2009; Modzelewska et al., 2023).

Considering the entire process, the most significant decrease in pH occurred in the early
stages of fermentation (days 0-6), indicating strong metabolic activity of the yeast during
this period. The fall in pH slowed down and levelled off towards the end of fermentation.
The cause of this would be the exhaustion of the fermentable substrates, meaning
fermentation was reduced because the metabolic activity was decreased (Pires & Branyik,
2015; Verbelen et al., 2009). Nevertheless, it is noticed that the black beer typically exhibits
a lower pH value compared to the golden beer throughout the fermentation process. The
reality is, it might be due to the discrepancies between the malt and wort composition, with
the presence of roasted malt in the black beer resulting in a more acidic environment (Coghe

et al., 2005; Guido & Ferreira, 2023).

On the whole, pH changes give further understanding of the fermentation process and back

up the explanation of fermentation results seen in the response variables.

4.2 Regression modeling results

4.2.1 Model for fermentation time

Table 4.2. Regression results for fermentation time

Variable Estimate Std Error t Ratio p-value VIF
Intercept 33.66907 19.48837 1.73 0.1223 -
Temperature (°C) -0.271221 1.991109 -0.14 0.8950 1.882390
Pitching rate (g/L) -0.126961 0.717670 -0.18 0.8640 6.827903
Oxygenation (mg/L) -1.192686 0.478377 -2.49 0.0373 5.463423

Note: VIF = Variance Inflation Factor.
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The model is statistically significant overall (p = 0.0053) and helps explain a significant
portion of the variation in fermentation time (R? = 0.779, adjusted R* = 0.696).

The fitted regression model can be expressed as:
Time = 33.67 — 0.27 x Temperature — 0.13 x Pitching rate — 1.19 x Oxygenation

Among the predictors, only oxygenation is a statistically significant predictor of
fermentation time (p = —1.193, SE = 0.478, t = —2.49, p = 0.037), meaning that increasing
oxygen helps shorten fermentation time, while keeping other variables constant. This result
is also consistent with observations recorded in correlation analysis. Biologically, increased
oxidation improves the physiological state of yeast by supporting membrane lipid synthesis
and early yeast growth. Hence, sugar consumption is accelerated and fermentation time is
shortened (You et al., 2023; Pires & Branyil, 2014). On the other hand, pitching rate (p =
0.864) and temperature (p = 0.895) were considered as not being statistically significant in
the model. Here, the insignificant temperature effect may not imply that temperature has no
biological role, but simply that the temperature variation in the dataset is extremely limited.
The model's power to identify the effects of temperature is hampered by the fact that the
brewery maintains the temperature very strictly within the range of operation. Besides, the
yeast pitching rate coefficient being statistically insignificant should also be interpreted with
caution since the pitching rate itself strongly correlates linearly with oxidation. Therefore, it
can be seen that the model cannot completely separate the individual effects of yeast dosage

and oxygen supply.

There was moderate to high multicollinearity (highest VIF = 6.83) between pitching rate and
oxidation. These variables carry overlapping information and have individual effects.
Therefore, they should be considered as a combined effect on fermentation time rather than

being interpreted independently.

Residual analysis showed that the model satisfied the basic assumptions, with no major
outliers. There was no clear systematic pattern in the residual plot against predicted values.
And the normalized percentile plot showed a nearly normal distribution of residuals. No
significant outliers were detected (Jnormalized residuals| < 2.5). Detailed JMP outputs and

diagnostic plots are provided in Appendix 1.



4.2.2 Model for attenuation

Table 4.3. Regression results for attenuation
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Variable Estimate Std Error t Ratio p-value VIF
Intercept 160.61 27.32 5.88 0.0004 -
Temperature (°C) -3.98 2.79 -1.42 0.192 1.88
Pitching rate (g/L) -3.05 1.006 -3.03 0.0163 6.828
Oxygenation (mg/L) -0.86 0.67 -1.29 0.234 5.463

Note: VIF = Variance Inflation Factor.

The regression results for attenuation are presented in Table 4.3. The regression model for
variable attenuation performed quite well (R* = 0.854; adjusted R? = 0.799; p = 0.0010),

explaining 85.4% of the variation in the response variables and being statistically significant.
The fitted regression model can be expressed as:
Attenuation = 160.61 — 3.98 x Temperature — 3.05 x Pitching rate — 0.86 x Oxygenation

The pitching rate was the only statistically significant predictor variable (p = 0.0163, SE =
1.006, t = —3.03) with a negative regression coefficient (B = —3.05). The data here indicate
that this inverse relationship means that a higher amount of yeast at the start does not
necessarily lead to a better or more complete fermentation. A high level of yeast addition
can also eliminate the necessity for yeast growth, because their metabolism gets limited and
the sugar usage efficiency decreases. The influence of yeast pitching rate on fermentation
processes as well as the synthesis of these flavor compounds was similarly demonstrated by
previous brewing research (Verbelen et al., 2009; Kucharczyk & Tuszynski, 2015). On the
other hand, temperature (p = 0.192) and oxygenation (p = 0.234) were not considered

statistically significant in this model.

Multicollinearity still exist at a moderate to high level among the predictor variables (Max
VIF = 6.83), especially between pitching speed and oxygenation, which means that these
two variables had a big overlap in information. So, one needs to be very careful when

interpreting individual coefficients, as they really should not be looked at independently.

Residual analysis revealed no significant outliers (jnormalized residuals| < 2.5 for all

observations). It means, the model assumptions were not seriously violated. The normalized
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percentile plot indicates the residuals are almost normally distributed. Residual plot versus

predicted values also doesn't show a clear systemic pattern.

However, when the residual analysis was performed separately for the beer groups,
systematic differences were observed between black and golden beers. The model revealed
a biased prediction bias indicating that one beer type usually has mainly negative residuals
while the other mainly positive residuals. This means that the beer type has a major impact
on apparent degradation, which cannot be fully accounted for by continuous process

variables.

This result aligns well with the fact that black and golden beers have different raw material
compositions; hence, the detected link between fermentation rate and degradation might, to
some extent, depend on beer type, and interpretation should therefore be cautious.

Comprehensive JMP results and diagnostic charts can be found in Appendix 1.

4.2.3 Model for ABV

Table 4.4. Regression results for ABV

Variable Estimate Std Error t Ratio p-value VIF
Intercept 9.29 2.33 3.99 0.004 -
Temperature (°C) -0.43 0.24 -1.81 0.107 1.88
Pitching rate (g/L) 0.01 0.09 0.12 0.907 6.828
Oxygenation (mg/L) -0.09 0.06 -1.5 0.172 5.463

Note: VIF = Variance Inflation Factor.

The regression results for ABV are presented in Table 4.4. The regression model for alcohol
concentration (ABV) only explained 54.5% of the variation in the response variable (R* =

0.545; adjusted R? = 0.374) and was not statistically significant overall (p = 0.084).
The fitted regression model can be expressed as:
ABV =9.29 — 0.43 x Temperature + 0.01 x Pitching rate — 0.09 x Oxygenation

None of the predictor variables (temperature, pitch rate, oxygenation) reached statistical
significance at the 0.05 level. Temperature showed a negative relationship with ABV ( =

—0.43, SE = 0.24, t = —1.81, p = 0.107) and oxygenation also tended to be negative (f =
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—0.09, p = 0.172), but neither was strong enough to draw statistical conclusions. Pitching

rate also showed almost no significant relationship with ABV (p =0.907).

In beer industrial brewery, ABV is often maintained in specification limits which leads to
the reduction of effectiveness as a repsonse variable for regression modeling. This result is
explained by the low ABV across batches. Because ABV values were controlled with a
narrow range and the regression model had limitation ability to determine statistically

significant effects.

The VIF values indicate moderate multicollinearity between pitching rate and oxygenation,
consistent with the previous models. However, given the absence of statistically significant

predictors, this multicollinearity has a limited impact on the interpretation of the model.

Residual analysis showed that the model did not seriously violate fundamental statistical
assumptions (linearity, homogeneity of variance, and normal distribution). However, the
model's overall performance was significantly limited by the narrow range of the response

variable and by some nearly identical values across batches.

The main reason for the limited performance is the very small variation in ABV in the dataset
and the presence of identical or nearly identical values across batches. The extremely limited
variability in the data means that the regression model is not able to find significant

relationships between process variables and ABV.

This finding implies that ABV might not be an appropriate dependent variable to build a
regression model in this real-world dataset. Full JMP results and diagnostic graphs are

documented in Appendix 1.



4.2.4 Comparison of models

Table 4.5. Comparison of the three regression models
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Metric Model 1: Fermentation Time | Model 2: Attenuation | Model 3: ABV
R? 0.779 0.854 0.545
Adjusted R? 0.696 0.799 0.374
RMSE 0.723 1.013 0.086
Model p-value 0.0053 0.0010 0.084
Most significant predictor Oxygenation Pitching rate None
Max VIF 6.83 6.83 6.83
Residual normality Yes Approximately Approximately
Homoscedasticity Yes Yes Yes

Table 4.5 illustrates the performance of the three regression models. The attenuation model

had the best overall prediction power, as it recorded the highest R* (0.854), a high adjusted

R? (0.799), and a very small model p-value (0.0010). The fermentation time model also did

well (R2=0.779, p=0.0053), although it was a bit worse than the attenuation model. On the
other hand, the ABV model was the least effective (R* = 0.545, p = 0.084), not reaching

overall statistical significance.

Regarding residual diagnosis, all three models essentially satisfied the important statistical

assumptions (linearity, homogeneity of variance, and near-normal distribution of residuals),

and no large outliers were detected.

4.3 Implications for process optimization

The regression analysis has shown that there are many process optimization implications

that can be derived from it. One very good way to shorten the fermentation time is to increase

oxygenation. Besides, this is in line with the biological role of oxygen in the initial stages of
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fermentation. On the other hand, over-high pitching rates can even deteriorate fermentation
efficiency. That is why, in addition to appropriate levels, the pitching rate also needs to be
carefully controlled. Meanwhile, ABV has very limited variation, even under real production
conditions, making it unsuitable as a response variable for process optimization. The
findings indicate that process optimization should take into account the joint influence of
process factors instead of optimizing each variable separately. In addition, there are

significant differences between various types of beer.
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5 Discussion

5.1 Overall interpretation of results

Our work has shown that it is possible to find statistically significant links between process
parameters and fermentation performance even when the dataset is an industrial one
containing only 12 batches. Nevertheless, because of some major structural aspects of the
dataset, these relationships should be very carefully considered: (i) a very strong clustering
by beer type, (ii) predictor variables were highly multicollinear, and (iii) the variability of

some variables was very limited.

From the exploratory data analysis, the dataset clearly shows a two-cluster structure, which
corresponds to the black and golden beer batches. This distinction can be seen in the scatter
plot, the overlay plot, and the scatter plot matrix, all of which reveal that these observations
are clustered rather than being evenly and continuously distributed. This means that the
difference in product formulation and raw material properties between the two types of beers
cause a large amount of the variability in the data, while the process parameters alone
contribute to a lesser extent. Hence, regression models developed from the combined dataset

will both reflect the effect of the process and the particular characteristics of the products.

Moreover, the correlation matrix discloses a very strong negative correlation between pitch
rate and oxygenation (r ~ -0.90). This points to the fact that in industrial production
processes, these two variables are not separately adjusted but rather they have to be
controlled together as part of a combined operational strategy. Consequently, the regression
coefficients are only signs of the general process dynamics and NOT independent causal

effects.

Regarding fermentation time (R?> = 0.779) and attenuation (R* = 0.854), the regression
models continue to have probably decent explanatory power despite the limitation that still
exist. This informs us that the selected process parameters (temperature, pitching rate,
oxygenation) really do play a role in determining fermentation performance. Conversely, the

ABYV model fails to yield an acceptable output as the response variable hardly varied.
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The findings of this research demonstrate mere correlation among variables and, hence,
should not be taken as definitive causal proof. The results are more like suggestive patterns
that warrant further investigation through controlled experiments due to the small sample

size and non-experimental framework of the study.

5.2 Interpretation of fermentation time

The regression model for fermentation time showed statistical significance (p = 0.0053), and
it explained a substantial part of the variability (R? = 0.779). Among the three predictors,
only oxygenation was significantly different from zero (p = 0.037), and it was negatively
related to the dependent variable (B = -1.193). Simply put, an increase in oxygenation leads

to a decrease in fermentation time if other factors are kept constant.

The biological theory of fermentation considers the role of oxygen as critical at the first stage
of fermentation by aiding yeast in the production of sterols and unsaturated fatty acids
necessary for yeast cell membrane growth and function. Thus, yeast gained increased
tolerance to ethanol stress and sustained metabolic activity, resulting in a faster fermentation

process (Pires & Branyik, 2014; You et al., 2003).

The scatter plots confirm the above points also. Batches having a relatively high oxygen
content (in the range of 10-11 mg/L) are most of the time linked to shorter fermentation
periods. On the contrary, lowly oxygenated batches (around 8-9 mg/L) require more time to

ferment. This is in line with the notion that oxygenation affects fermentation time.

In contrast, temperature did not show a statistically significant relationship with fermentation
time. This is consistent with the frequency plot results, primarily because the temperature in
the dataset has an extremely narrow range (only 9.92°C to 10.46°C). This small variation
significantly reduce the statistical power of the model in detecting any effect of temperature,

although temperature is known to be a crucial parameter in the fermentation process.

Similarly to temperature, the pitching rate also lacked statistical significance. However, this
does not mean that the pitching rate has no impact on fermentation. The lack of statistical
significance may stem from its strong correlation with oxygenation. The pitching rate and
oxygenation changes are in opposite directions, which makes it almost impossible for the

regression model to figure out their separate effects.
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Using an industrial practice point of view, the fermentation time is decided by an operating
strategy that combines oxygenation and pitching rate, rather than a single parameter. It has
been found that given increased oxygenation, a fermentation one can still be shortened and
fermentation performance can still be improved, however, this might be either partially

offset or intensified depending on the pitching rate chosen.

However, the difference in time taken for fermentation between black beer and golden beer
is evident from the data indicating a grouping by one or the two types of beer. This difference
may be attributed to the composition of the wort and the process design in the production of
black and golden beers. These factors were not part of the modeling but may affect the

fermentation processes.

5.3 Interpretation of attenuation model

Among the three models, the attenuation model gave the best result (R*=0.854, p =0.0010)
which means the predictors we have chosen are responsible for most of the changes in

attenuation.

Pitching rate was a statistically significant predictor (p = 0.016) with a negative coefficient
(B =, 3.05), implying that the increase in pitching rate leads to a decrease in the attenuation

decline.

This result, to a first glance, seems to go against common intuition, but actually, it fits very
well with yeast physiology. When the pitching rate is high and the initial number of yeast
cells is large, the growth phase is markedly shortened. Consequently, metabolic activity can
be decreased, making sugar utilization less efficient and leading to lower fermentation

(Verbelen et al., 2009).

The scatter plots analysis and correlation matrix further prove this reasoning. Negative
correlation between pitching speed and attenuation (r =, 0.88) indicates that the same

scenario is happening in the different product batches.

Conversely, oxygenation exhibited a direct correlation with attenuation, in other words, a
rise in oxygenation led to an increase in attenuation. Nevertheless, this association failed to

become statistically significant within the regression model. The overlay plot well illustrates
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this positive inclination aligning with oxygen's function of yeast metabolism and sugar

uptake stimulation.

Nonetheless, due to the very strong correlation between the rate of pitching and oxygenation,
it's not straightforward to completely understand the meaning of these coefficients. Also,
because these variables correlate very highly, the regression coefficients are very unstable

and it wouldn't make sense to interpret them independently.

One important discovery was the regular contrast of residuals for black and golden beer. The
residual plot reveals the model's habit of overestimating or underestimating based on the
type of beer, indicating that the type of beer is a major factor affecting attenuation and the

predictive variables included cannot explain it.

This difference aligns with the research literature since roasted malt use in black beer is
known to decrease the fermentable extract resulting in the yeast metabolism alteration
(Coghe et al., 2005). So, the difference in alcohol attenuation is partly due to process

parameters and also raw material composition differences.

5.4 Interpretation of ABV model

The regression model for ABV had very limited explanatory power (R? = 0.545, adjusted R?
= 0.374) and was not statistically significant (p = 0.084). None of the predictor variables
were statistically significant. This result is probably mainly because the ABV values in the

dataset had very low variability.

According to descriptive analysis, the ABV values differed very little and fell within a very
narrow range (i.e. approximately 4.1-4.3%), with some plots being practically the same in
terms of their values. When it comes to regression analysis, a fairly large variability in the
response variable is necessary in order to reveal significant relationships. In case the
response variable is quite restricted in its variation and a big share of the values are almost
the same, the statistical model will not be able to identify significant effects due to

insufficient sensitivity, even if there are underlying relationships (Montgomery, 2017).

ABYV, on the other hand, is basically a derived variable obtained from the original extract
(OE) and the final extract (FE), thus it has a deep mathematical link with attenuation, which

is a measure of the extent of sugar conversion during fermentation.
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This dependence causes inter-response variable information redundancy and, as a result,

decreases ABV's capacity to offer new information.

That's where attenuation comes in as a more direct and a better response variable for
fermentation performance than ABV. Attenuation is a powerful and meaningful response
variable that directly depicts fermentation efficiency and yeast metabolic activity without
any intermediaries. Conversely, ABV turns out to be a by-product that is one step distant
from the same factors. As a result, attenuation would be a good proxy for model building
and optimization in data scenarios where the change in attenuation is evident, but the change

in ABV is barely noticeable.

It is very likely that the process parameters have some effect on the production of alcohol
even if the ABV model did not find any statistically significant predictors. Also, it might be
because of the very nature of the dataset that ABV was under close control and was kept
within a very narrow range in line with the industrial production targets. Such a scenario is
quite typical of beer production operations where the level of alcohol is usually very tightly

controlled in order to ensure batch-to-batch consistency.

From the residuals analysis, the basic model still seem to be aligned with reality. It is not the
defect of the model's construction, which is the reason for the poor performance, but only

the natural limitations of the data.

In a nutshell, ABV is not a suitable response variable for a regression model. You may think
of ABV as something that is kept very tightly controlled and thus hardly changes, yet
attenuation and fermentation time give you more insight into the actual happenings of the
process. This result also points to an important aspect of fermentation process modeling: a
quality indicator is not necessarily the best one for statistical analysis. When a variable is
tightly controlled in industrial production, its variability is extremely low, which can even
make it difficult to detect relationships, even though those relationships may be very
important for product quality. Therefore, the selection of response variables needs to be very

carefully done.
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5.5 Role of collinearity and beer type effects

This paper strongly suffers from a major one-two punch issue; i.e. high multicollinearity
between the pitch rate and oxygenation. These two variables are incredibly highly correlated,

which may mean that their levels usually get altered at the same time during plant operations.

Therefore, the issue is that the simple statistical regression model is unable to separate each
parameter individually as these parameters systematically alter during the production

batches.

Hence, instead of independent analysis alone, the pitch rate and oxygen level should be

considered as combined operational strategy.

The study also revealed a very clear pattern of beer types (black and golden) grouping
separately. This suggests that product formulation and the composition of raw materials play
a major part in the fermentation process, and that process conditions are to some extent
guided by product formulation, which may lead to confounding effects in regression models.
Leaving out the type of beer in the regression model, some findings might be changed, which

might result in incorrect interpretations of the regression results.

5.6 Residual diagnostics and outlier assessment

Diagnostic steps for residuals were performed to assess model fit and identify potential
outliers. Residual diagnostic analysis showed that all three regression models performed well
with respect to the fundamental values of linear regression, homogeneity of variance, and
near-normal distribution of residuals. The normalized quantile plot showed residuals

distributed almost normally, with only small deviations at extreme values.

No significant outliers were detected in the dataset (all observations had [standardized
residuals| < 2 within acceptable limits). This suggests that no production batches unusually

affected the calibrated models.

However, further analysis of the residual plot revealed systematic differences between black
and golden beer batches. This difference suggests that some of the model errors are related

to unaccounted-for differences in beer type. This is evidence that beer type is an important
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factor to consider separately for subsequent analyzes. And even without extreme values,

model errors due to omitting variables can still lead to structured residual patterns.

5.7 Implications for process optimization

The results of the study suggest that improving industrial fermentation processes cannot be
simply done by finding an optimal point for each parameter separately as is usually done.
Instead, it is necessary to define operating ranges for the main process parameters in such a
way that they are balanced. This is even more critical in view of the strong interrelation

among the variables.

Oxygenation is the most significant factor affecting fermentation performance among the
parameters studied, particularly with respect to the duration of the process. This conclusion
is regularly reconfirmed by both regression and exploratory analysis, i.e., it is the fact that
higher oxygenation levels are related to faster fermentation kinetics. Actually, maintaining
a constant oxygen level at about 10-11 mg/L can significantly shorten the period of
fermentation in comparison with those fermentations with lower oxygen levels. This is in
good agreement with the fermentation logic whereby oxygen presence is necessary for the
yeast production of sterols and unsaturated fatty acids components that are key to the yeast
cell membrane integrity and their metabolism functioning (Pires & Branyik, 2014; You et
al., 2003). Therefore, the finding has a major practical impact because one of the factors

which most affect productivity and production costs is fermentation time.

Optimizing oxygenation, however, must not be based on oxygenation alone. The authors of
the report observed a very close connection between oxygenation and rate of pitching, which
in turn indicates that in the case of manufacturing, these two factors are adjusted at the same
time generally. The data further show that a very high rate of pitching is detrimental to the
efficiency of the fermentation process. The explanation could be that the high initial yeast
cell density lessens the need for growth and thus yeast metabolic activity is limited (Verbelen
et al., 2009). Hence, an optimization method that is still very effective will be one that
harmonizes oxygenation and pitching rate keeping in mind that at the given level of

inoculation, the yeast must have enough oxygen to remain active.
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Practically speaking, one may suggest a range that is balanced/balanced range may be
suggested as follows: keeping oxygenation at around 10, 11 mg/L and the pitching rate at a
moderate level of around 10, 11 g/L (according to the study's dataset). Operating in these
ranges should support fermentation kinetics and enable good attenuation. Nevertheless, this
must be regarded as only approximate since the amount of data is limited and more

verification is necessary.

Besides process parameters, the study findings also revealed that different types of beer have
a large influence on the fermentation process. The similarities between black and golden
beers that were seen indicate that there are major differences in the composition of the wort
which in turn affects fermentation kinetics and the process's response to changing
parameters. This means that a single optimization approach cannot be used for all beers.
Process conditions should be modified according to each product formulation, especially for
black beers which are made with roasted malt that can drastically change the amount of

fermentable extract and yeast metabolism (Coghe et al., 2005).

Moreover, temperature did not reach statistical significance in the regression models,
however, this does not imply that the parameter is of no importance. Actually, the very little
variation in temperature in the dataset suggests that it was kept consistently within the
optimal range at the plant. This is a feature that highlights the nature of industrial process
optimization: parameters that are highly controlled are usually less variable and, therefore,
may not be prominent in statistical models, but they are essential in keeping the process

stable (Montgomery, 2017).

Another hugely significant aspect that this paper brings out is the fact that the different
performance indicators are at times incompatible with each other. For instance, boosting
oxygenation will make the fermentation process quicker, however, should the increase in
oxygenation be combined with even higher yeast inoculation rate, the resulting attenuation
could be adversely affected. These really are cases when striving for the best result in one

indicator would inevitably mean ending up with a least-than-perfect result in another.

Therefore, fermentation process optimization should be seen as an example of a multi-
objective problem. It is necessary to consider fermentation time, attenuation, and product
consistency at the same time. When it comes to industrial beer production, the aim is not to

only maximize one response variable, but to find a good overall compromise between
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process efficiency and product quality. Hence, the operating ranges that are suggested in this
paper must be interpreted as compromise solutions that provide stable and acceptable

performance together with multiple indicators, rather than absolute optimal values.

In fact, in manufacturing especially, the primary aim is not to just push a single measurement
up or down but to keep the operation stable and balanced. Looking through that lens, it
becomes obvious that the different changes going on in fermentation are rapid and
complicated and they interact with each other quite a lot. So, this opinion is more in line with
the way industrial processes are generally controlled practically. Usually stability can be

considered synonymous with product quality as well as the profitability.

5.8 Limitations of the study and recommendations for further work

Whilst the research highlights several useful aspects, a great deal of its limitations remain

unaddressed, which are essential for a proper understanding of the study.

The major disadvantage is that the sample size was tiny, only 12 batches. That weakens the
whole analysis and makes it very challenging to uncover complicated relationships.
Therefore, the regression model is just leading us towards potential insights, but it is

definitely the last one to the conclusion only.

On top of that, these figures are completely subjective because the data are from real
production, not the controlled experiments. So, the revealed associations are merely

correlations without any causal interpretation.

Besides that, high multicollinearity and grouping by beer type make it very hard to interpret

and isolate the effects of each parameter.

Lastly, the study lacks important biochemical indicators such as the viability of yeast cells,
the variation of dissolved oxygen levels over time, and flavor compounds. These factors
significantly influence both the efficiency of fermentation and the quality of the product

(Pires & Branyik, 2014; Verbelen et al., 2009).

Recommendations for future studies include collecting a larger dataset, more production
batches, and higher variability between processes. Additionally, experimental design

methods, such as response surface methodology, should be applied to further evaluate the
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main effects and interactions between parameters. Moreover, measuring biochemical
indicators and sensory quality could be considered to gain a more comprehensive view of
the fermentation process and provide deeper insights into the interactions between

fermentation parameters, supporting more optimization.
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6 Conclusions

This article is a case study connecting different fermentation parameters to fermentation
performance at My Loi An Co., Ltd. (Vietnam), the industrial beer production, through
analysis of authentic datasets. The main objective of the research work is to evaluate how
the three principal factors in the process, namely temperature, pitching rate, and
oxygenation, can influence the characteristics of fermentation performance. What is

measured here are fermentation time, apparent decrease (%), and alcohol content (ABV).

The research solely utilizes 12 production batches (8 black beer and 4 golden beer batches)

as its primary source of data, and no laboratory control experiments were performed.

Research findings also indicate that with only small-scale industrial datasets, one can still
detect trends and figure out statistically significant relationships between process parameters
and fermentation performance. Out of all the parameters considered, oxygenation turned out
to be the main factor affecting the fermentation time. To be more exact, fermentation that
was quicker was linked to a higher oxygenation level. This observation aligns with the
fermentation concept as oxygen is a key element at the beginning stage when yeast produces

sterols and unsaturated fatty acids, thus boosting metabolism and fermentation speed.

The other two parameters, attenuation and pitching rate, were the only statistically
significant predictors. Attenuation was lower at higher pitching rates. This means that over-
inoculation of yeast might be leading to hampering yeast's sugar utilization efficiency by
shortening the growth phase and reducing overall metabolic activity. In other words, correct

balancing yeast dosage and process conditions is essential to achieving best results.

About the last parameter, the regression model for ABV indicated very low explanatory
power, and no predictor variables reached statistical significance. The biggest factor is that
ABYV exhibits very little variation in the real-world dataset. This is a clear indication that

ABYV is not an appropriate variable of response for regression modeling in this study.

Besides, the research brings out several other significant results. Initially, oxygenation and
pitching rate show a very strong negative correlation, i.e., as one increases the other
decreases and vice versa. This suggests, on the one hand, in the production practice these

two parameters are not normally changed individually but rather in a compensatory manner.
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On the other hand, the piece of information clearly segregates the samples according to the
type of beer (black and golden). It is evident that not only process parameters control
fermentation efficiency but the differences in product formulation and raw material
composition also have a great influence on the efficiency. So, the effect of each process
parameter can be seen only in conjunction with the overall operational strategy that is, they

should not be considered as isolated factors.

This study has real-world applications in the industrial beer production, especially since
maximizing the fermentation process should be the main focus from industrial point of view
rather than hunting for the best value of each parameter separately. In particular, the aim
should be to keep the operating conditions, balanced and stable for example, the oxygenation
must be regulated at a ready level (about 10-11 mg/L) in order to reduce the fermentation
time. At the same time, the pitching rate must be set at the moderate level so as to guarantee
the good fermentation efficiency. Besides, optimization should be based on the process
parameters, their interaction as well as the differences between beers (especially black and

golden beers).

The study nonetheless has some key limitations, such as the relatively small size of the
dataset which affects the statistical power. Also, the data were not obtained through a strictly
controlled experiment, hence the relationships are simply correlational. Moreover, the strong
multicollinearity and grouping effects by beer type raise a significant issue for the
interpretation of the results. Accordingly, the study findings are preliminary and need to be

confirmed by more in-depth studies.

More follow-up investigations must collect bigger datasets with diversity to increase the
statistical power. Future work should additionally incorporate essential biochemical
elements such as yeast viability, oxy-gen dissolved changes, and flavor components.
Moreover, the use of experimental design method is necessary to comprehensively evaluate
the interactions among different processing factors in the study. Besides that separate models
for each beer variety may be developed not only to improve their accuracy but also to make

them more practical.

Simply put, this study got fermentation batch data from My Loi An Co., Ltd. to study the

behaviour of fermentation under real industrial conditions. Unlike laboratory setting, the
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findings show the complexity and constraints of actual brewing processes, and that is the

reason that the suggestions made here are almost practical ones.
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The detailed JMP outputs and diagnostic plots for all regression models are provided in

Appendix 1.

Model 1: Fermentation time

Figure Al.1. JIMP Fit Model output for the fermentation time model

V(-

v

v

Response Time(days)
Effect Summary
Source Logworth
Oxygenation(mg/L) 1428
Pitching rate(g/L) 0.063 |
Temp(*C) 0.048 |
Remove Add Edit Exclude [JFDR
Summary of Fit
RSquare 0.779163
RSquare Adj 0.69635
Root Mean Square Error 0.722625
Mean of Response 1841667

Observations (or Sum Wgts)

7 Analysis of Variance

Sum of
Source DF Squares
Model 3 14739175
Error 8 4177491
C. Total 11 18916667

7 Parameter Estimates

Term ~ Estimate

Intercept 33.66907
Oxygenation(mg/L) -1.192686
Pitching rate(g/L) -0.126961

Temp(*C) -0.271221
7 Effect Tests

Source Nparm

Temp("C) 1

Pitching rate(g/L) 1

Oxygenation(mg/L) 1

Figure A1.2. Residual versus predicted plot for the fermentation time model

Residual by Predicted Plot

Time(days) Residual

Figure A1.3. Normal quantile plot of residuals for the fermentation time model

1.0

0.5

12

Mean Square  F Ratio

491306 9.4086
052219 Prob > F
0.0053*

Std Error  tRatio  Prob>|t|
19.48837 173 0.1223 .
0478377 -2.49 0.0373* 5463423

0.71767 -0.18 0.8640 6.8279028
1.891109 -0.14 0.8950  1.8823903

Sum of

Squares FRatio Prob>F
0.0096891 00186 0.8950
00163423 00313 0.8640

3.2459187 6.2160 0.0373*

PValue
0.03734
0.86398
089502

VIF

Time(days) Predicted
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Model 2: Attenuation

Figure A1.4. IMP Fit Model output for the attenuation model

¥V = Response Atten(%) *
v Effect Summary

Source Logworth PValue
Pitching rate(g/L) 1.787 0.01634
Temp(*C) 0717 [l 0.19200
Oxygenation(mg/L) 0631 1 023378
Remove Add Edit Exclude (7] FDR
¥ Summary of Fit
RSquare 0.854037
RSquare Adj 0.799301
Root Mean Square Error 1.01304
Mean of Response 7746392
Observations (or Sum Wgts) 12
¥ Analysis of Variance
Sum of
Source DF Squares Mean Square  F Ratio
Model 3 48037042 16.0123  15.6028
Error 8 8.209999 1.0262 Prob = F
C. Total 11 56.247041 0.0010*
¥ Parameter Estimates
Term Estimate  Std Error tRatio Prob>|t| VIF
Intercept 160.60581 2732054 5.88 0.0004*
Temp(*C) -3.97739 2.791315 -142 0.1920  1.8823903
Oxygenation(mg/L) -0.863707 0.670631 -1.29 0.2338 5463423
Pitching rate{g/L) -3.047283 1.006094 -3.03 0.0163* 6.8279028
V Effect Tests
Sum of
Source Nparm DF Squares FRatio Prob>F
Temp(*C) 1 1 20836844 2.0304 0.1920
Oxygenation(mg/L) 1 1 17022313 1.6587 0.2338
Pitching rate(g/L) 1 1 94145830 9.1738 0.0163*

Figure A1.5. Residual versus predicted plot for the attenuation model
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Figure A1.6. Normal quantile plot of residuals for the attenuation model
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Figure A1.7. Residual distribution across beer types for the attenuation model
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Model 3: ABV

Figure A1.8. JIMP Fit Model output for the ABV model
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"= Response ABV% (v/v)
¥V Effect Summary

Source Logworth PValue
Temp(°C) 0970 | 0.10711
Oxygenation{mg/L) 0.764 :I 017212
Pitching rate(g/L) 0.042 | 0.90697
Remove Add Edit Exclude [CJFDR
¥ Summary of Fit
RSquare 0.544768
RSquare Adj 0.374056
Root Mean Square Error 0.086482
Mean of Response 4233213
Observations {(or Sum Wgts) 12
¥ Analysis of Variance
Sum of
Source DF Squares Mean Square  F Ratio
Model 3 007160127 0.023867 3.1911
Error 8 0.05983322 0007479 Prob = F
C. Total 11 013143449 0.0841
v Parameter Estimates
Term Estimate  Std Error tRatio Prob=|t| VIF
Intercept 92945118 2332324 3.99 0.0040% .
Temp(°C) -0.432441 0.238291 -1.81 0.1071  1.8823903
Pitching rate(g/L) 0.0103598  0.085889 0.12 09070 6.8279028
Oxygenation(mg/L)  -0.08585  0.057251 -1.50 0.1721 5463423
V Effect Tests
Sum of
Source Nparm DF Squares FRatio Prob>F
Temp(°C) 1 1 0.02463143 3.2933 0.1071
Pitching rate(g/L) 1 1 0.00010881 0.0145 0.9070
Oxygenation(mg/L) 1 1 0.01681787 2.2486 0.1721

Figure A1.9. Residual versus predicted plot for the ABV model

¥ Residual by Predicted Plot

— .
g 010
o L]
§ 005 e, . .
zZ o0
2
£ -005 .
=
oo
< -0.10 .
4.1 42 43 44

Figure A1.10. Normal quantile plot of residuals for the ABV model
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