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Abstract 

The economic contributions from yeast (Saccharomyces cerevisiae) alcoholic 

fermentation are vital to the Californian economy by contributing to over $43.6 billion in sales 

in 2019. Alcoholic fermentation is a dynamic and intricate process where yeast cells are 

exposed to many changing stress conditions such as hyperosmotic shock, nutrient limitation, 

temperature variations, and ethanol toxicity. Environmental conditions and genetic traits 

dictate yeast's metabolic activities, thus significantly impacting the overall fermentation 

performance. Two crucial metabolic activities relevant to wine fermentations, nutrient 

utilization efficiency (NUE) and volatile organic compound (VOC) (aroma) formation, are 

poorly understood. Therefore, it is essential for fermentation industries as well as beneficial for 

the broader scientific community to investigate the pathways responsible for regulating NUE 

and production of VOCs. Overall, this dissertation provides insights for improving the quality 

and efficiency of VOC production by improving the understanding of yeast cellular 

metabolism. 

To gain necessary insight about metabolic mechanisms, several methods rooted in 

systems biology were used in this work. This dissertation focuses on curating and expanding 

current yeast genome-scale metabolic models (GSMMs) and employing the GSMM to 

understand the underlying metabolic differences regarding aroma production under two 

different growth conditions. Furthermore, the advances and remaining limitations of this 

expanded GSMM to simulate the metabolism and production of aroma impact molecules under 

enological conditions were explored.  

In a subsequent study in the dissertation, quantitative analysis of key VOCs and 

nitrogenous compounds from various commercial yeast strains over multiple time points at 

different phases of fermentation was performed. This analysis provided a unique insight into 

these strains' specific aroma production profiles and how they change over time and between 
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strains. Multivariate statistics coupled with genome-scale modeling were used to identify 

several essential amino acids as well as their metabolic routes known to be involved in forming 

essential VOCs that are desired in wines. Consequently, it was determined that glycine, 

tyrosine, leucine, and lysine, were positively correlated with fusel alcohols and acetate esters 

concentrations during wine fermentation. In addition, these nitrogen utilization routes govern 

strain-specific variation in aroma profiles.  

In the following work, an experimentally- validated genome-scale dynamic flux 

balance analysis model was developed that can be used to predict fermentation kinetic behavior 

under enological conditions. The model was validated using experimental data for fermentation 

profiles and final concentrations of fermentation products of Enoferm T306 strain yeast grown 

under low nitrogen conditions (123 mg/L) in synthetic minimal must media (MMM). 

Furthermore, it was observed that not only are the biomass coefficients within the biomass 

equation crucial for accurate model predictions using dFBA, but so are the kinetic constraints, 

especially the maximum sugar uptake rate (𝝊𝝊𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔) and production yield of ethanol (𝒇𝒇𝒆𝒆𝒆𝒆𝒆𝒆𝒔𝒔𝒆𝒆𝒆𝒆𝒍𝒍).  

Finally, a metabolic modeling approach (random flux sampling) was applied to analyze 

and compare the various intracellular metabolic flux states of commercial yeast strains during 

enological fermentation. The intracellular predictions show qualitative agreement with the 

specific variation found from performing principal component analysis. These results indicated 

which gene-associated reactions are responsible for key strain variations. From the fluctuating 

degrees of variation among the strains from gene-associated reactions, a comparison of 

differences in GPR activity was evaluated. Thus, probable gene similarity could be inferred 

among the strains, and targets could be explored for genetic modification. 
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1.1 Motivation 

The economic contributions from yeast alcoholic fermentation are as remarkable as the 

phenomenon itself. More specifically, wine, which relies on precise fermentation, is vital to 

the Californian economy by contributing to over $43.6 billion in sales in 2019 according the 

American Wine Institute. Furthermore, yeast fermentation produces more than 100 aroma 

compounds that the worldwide flavor and fragrance market (worth more than $23.9 billion) 

heavily depends on each year [1]. Therefore, it is essential for fermentation industries as well 

as beneficial for the broader scientific community to investigate the pathways responsible for 

regulating NUE and production of aroma compounds. Overall, studies aimed at improving the 

quality and efficiency of VOC production will provide significant technical and economic 

benefits to fermentation-based industries. 

Ethanol fermentation is a dynamic and intricate process where yeast cells are exposed 

to a multitude of changing stress conditions such as hyperosmotic shock, nutrient limitation, 

temperature variations, and ethanol toxicity. Environmental conditions along with genetic traits 

dictate metabolic activities of yeast, thus, significantly impacting the overall fermentation 

performance. Consequently, variability in yeast cell metabolism sometimes leads to a decrease 

in the fermentation rate, generating a sluggish or stuck fermentation [2]. Moreover, variability 

in yeast strains used in industry can result in different final concentrations of ethanol (at high 

sugar levels) and VOCs which can lead to undesirable product properties [1]. With numerous 

Saccharomyces cerevisiae yeast strains available that differ in their phenotypic behavior 

resulting in different fermentation outcomes, studying the metabolic behavior of commercial 

S. cerevisiae strains under various fermentation conditions is of importance to the wine and 

associated industries. This provides insight for choosing process conditions and for yeast strain 

selection to optimize fermentation performance. 
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Two crucial metabolic activities relevant to wine fermentations, nutrient utilization 

efficiency (NUE) and volatile organic compound (VOC) (i.e., aroma compounds) formation, 

are poorly understood. NUE is the ratio of the total final biomass and primary metabolites to 

the total initial amount of limiting nutrient in the medium. To discern factors affecting NUE in 

yeast and to control the final VOC concentration, attributes associated with certain yeast strains 

require comprehensive knowledge of cellular metabolism [1]. To gain necessary insight about 

metabolic mechanisms, studies regularly use large-scale data approaches e.g. omics techniques 

coupled with multivariate statistics, to identify key metabolic fluxes or genes associations 

whose presence supports a specific fermentation outcome [3]. While these studies are valuable 

in exploring different yeasts strains under various fermentation conditions, they lead to a large 

amount of data that are difficult to organize and interpret and experiments that are intensive 

and expensive. A complementary approach to investigating metabolic behavior in yeast is to 

use in silico computational methods to model and simulate yeast metabolism [4]. This approach 

has the advantage of being comprehensive in coverage, being able to predict complex 

metabolic behavior at a fraction of the cost and time compared to experimental techniques and 

being a useful tool for facilitating new strain selection and production. Therefore, in silico 

development of a dynamic genome-scale metabolic model (GSMM) provides a convenient way 

to obtain a greater understanding of yeast cell metabolism that affects NUE and VOC 

production and further informs new strategies on how to control these phenomena [5, 6]. 

Moreover, the insight gained from applying the model, can be useful in developing novel yeast 

strains with optimal aroma-producing properties. 

This dissertation addresses some knowledge gaps in yeast metabolism using 

approaches rooted in the discipline of systems biology. Here, metabolomics and COnstraint-

Based Reconstruction and Analysis (COBRA) modeling techniques were applied to investigate 

the impact of environmental and genetic factors on S. cerevisiae metabolism during an 
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enological fermentation. This was done by generating an in silico metabolic model that builds 

on previous consensus models in order to investigate NUE in S. cerevisiae and the role of yeast 

metabolism in wine aroma development. 

 

1.2 Hypothesis 

The main hypothesis of this work is that commercial wine yeasts exhibit strain-specific 

differences in NUE and aroma production. Furthermore, these strain specific characteristics 

stem from differences in nutrient utilization via expected routes such as the Ehrlich pathway 

and potentially other routes that are less obvious. However, other metabolic pathways which 

have been shown to play a role in VOC formation in other types of fermentations may be 

essential to enological fermentations as well. Previous studies have illustrated strain-specific 

metabolic diversity in commercial wine yeast strains, but thus far, most studies have lacked 

investigation into the underlying metabolic mechanisms that lead to diversity.  

 

1.3 Objectives 

The overall objective of this dissertation is to elucidate the role S. cerevisiae 

metabolism plays on enological fermentation performance and validate the predictions from an 

in silico genome -scale metabolic model with experimental data from commercial wine yeast 

strains. More specifically this work has four objectives: 1) Curation and expansion of current 

genome-scale metabolic models (GSMMs) of S. cerevisiae to incorporate aroma forming 

pathways to improve understanding of metabolism under enological conditions; 2) Understand 

the role nitrogen utilization plays in facilitating aroma producing differences among 

commercial wine yeast strains and examine novel nitrogen associated routes that influence 

those aroma producing differences; 3) Application of dynamic flux balance analysis (dFBA) 
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framework to a current GSMM to understand kinetic behavior during a fermentation; 4) 

Understand the various intracellular metabolic flux states commercial yeast strains during 

enological fermentation, including examining the metabolic shifts with production of VOCs 

and the consumption of nutrients (amino acids, sugars, and ammonium). 

 

1.4 Outline 

Various COBRA techniques were used in validating experimental data with 

computational models. An overview of the ten highlights or featured points, the used 

methodical techniques, and the chapters in which these are addressed are provided (Table 1.1). 

The achievements of this dissertation and the applied methods are as follows: 

1. Curating and expanding current genome-scale metabolic models (GSMMs) of S. cerevisiae 

to incorporate aroma forming pathways including parts of the Ehrlich pathway, pathways 

related to ester synthesis, and parts of the sulfur reduction pathways 

2. Employing the expanded GSMMs using flux balance analysis and flux variability analysis 

to understand the underlying metabolic differences regarding aroma production under two 

different growth conditions 

3. Characterizing various commercial wine yeast strains which exhibit a range of fermentation 

and aroma producing capabilities 

4. Experimentally confirming strain-specific behavior affecting NUE and the production of key 

wine associated VOCs 

5. Establishing a relationship of how biomass and VOCs produced during fermentation 

correlated with specific nutrient utilization employing partial least squared (PLS) regression 

6. Evaluate and deduce metabolic routes of nutrient utilization to VOC formation using 

metabolic modeling 
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7. Applying dynamic flux balance analysis (dFBA) to the GSMM to understand kinetic 

behavior during enological fermentation  

8. Examining changes in flux distribution over time and which dFBA model parameters affect 

model predictions  

9. Using random flux sampling approach for investigating the metabolic differences in NUE 

and aroma production among commercial yeast strains with the experimental data as 

constraints. In other words, determining how extracellular metabolite levels cause shifts 

intracellular metabolic states among yeast strains 

10. Drawing conclusions about the metabolic behavior among the yeast strains using random 

flux sampling to infer probable genetic divergence among strains based on model phenotypes. 

 

Table 1.1. Overview of featured points, types of approaches, methods, and chapters 
 

 Featured Points Experimental (E) 

/ Modeling (M) 

Method(s) Chapter 

1 Curating and expanding current 

genome-scale metabolic models 

M COBRA 3 

2 Employing GSMM to understand the 

underlying metabolic differences 

regarding aroma production under two 

different growth conditions 

M FBA, 

FVA 

3 

3 Characterizing commercial wine yeast 

strains 

E, M Statistics, 

Metabolomics 

4 

4 Experimentally confirming strain-

specific behavior 

E Statistics, 

Metabolomics 

4 

5 Establishing a relationship of how 

biomass and VOCs produced during 

fermentation with PLS regression 

E.M Statistics, 

Metabolomics 

4 
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6 Evaluate and deduce metabolic routes 

nutrient utilization to VOC formation 

using metabolic modeling  

E, M Statistics, pFBA 4 

7 Using dFBA to understand kinetic 

behavior during enological 

fermentation and validate model using 

metabolomic concentration data 

M, E dFBA, 

Metabolomics 

5 

8 Examining changes in flux distribution 

over time and which dFBA model 

parameters affect model predictions 

M dFBA 5 

9 Determine how extracellular 

metabolite levels cause shifts 

intracellular metabolic states among 

yeast strains 

M Random flux 

sampling 

6 

10 Infer probable genetic divergence 

among strains based on model 

phenotypes 

M Random flux 

sampling 

6 
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2.1 Need for Improved Understanding of Yeast Metabolism  

Saccharomyces cerevisiae, commonly referred to as Baker’s or budding yeast, is 

undeniably one of the most researched unicellular eukaryotic organisms [1]. This research has 

been used to elucidate basic biochemical and molecular processes and understand the origin of 

many human diseases [2]. Furthermore, S. cerevisiae is a vital workhorse organism used in 

ethanol fermentation to produce many value-added chemicals, beverages, and biofuels. 

However, despite its extensive use in industry, fermentation performance regarding yeast cell 

growth and ethanol yield remains highly inconsistent. For instance, too often, processes 

experience stuck or sluggish fermentation. These performance issues are due to a myriad of 

genetic [3, 4] and environmental factors stemming from nitrogen and micronutrient 

concentration levels [5], temperature [6], pH, ethanol concentration, and the presence of toxins.  

It has been widely recognized that yeast cell growth and fermentation performance is 

regulated by initial nitrogen and other nutrient levels within the fermentation process [5, 7, 8]. 

Moreover, recent lipidomic analysis [9] indicates that final ethanol concentration (precursors 

to fatty acid esters) and maximum cell concentration are positively correlated with the overall 

yeast membrane lipid composition during fermentation. This positive correlation stems from 

phosphatidylcholine species in the lipid bilayer of the cytoplasmic membrane. This is most 

likely because lipid species, such as those with phosphatidylcholine headgroups, are protecting 

membrane bilayers from the perturbing effect of ethanol. It is suggested that additional studies 

regarding yeast secondary metabolism (e.g., phospholipid biosynthesis) can help determine the 

causative nature of this relationship. Furthermore, studies such as these illustrate the 

disadvantage of examining singular elements of metabolism in exclusion rather than globally, 

which may be inadequate when gathering insight into the causes of inconsistent and undesirable 

fermentations. Similarly, empirical techniques have been used, such as supplementation with 

yeast assimilable nitrogen to manage and steer desirable aroma formation in wines [6]. 
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However, the production of aroma-associated compounds involves an intricate regulation of 

many pathways that are connected to several parts of metabolism, which makes it essential to 

comprehensively investigate yeast metabolism [10] (Fig. 2.1). This drawback again 

emphasizes the need to investigate yeast metabolism globally. Thus, the shortcomings of these 

empirical approaches point to the advantages of using tools such as systems biology techniques 

involving comprehensive mathematical models of cell metabolism. 
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Figure. 2.1 Illustration of metabolic pathways associated with the production of aroma compounds by S. cerevisiae, based on Irwin [11], Swiegers 
et al. [12] and Scott et al. [13]. Dashed arrows designate one or more omitted intermediates  
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2.2 Previous Modeling Approaches Used for Yeast Metabolism  

Mathematical modeling and predicting cellular metabolism have always been focal 

points of systems biology. Beginning in the 1960s, as the biochemical steps of the primary 

metabolic pathways were being elucidated, kinetic models of metabolism were developed for 

mathematical simulation and analysis. Early unstructured kinetic models were developed to 

describe fermentations focused on sugar consumption, biomass, and ethanol production as a 

function of temperature [14-18]. A glaring issue with these early models was the assumption 

that sugar was the growth-limiting nutrient under enological conditions. Numerous studies 

have conversely shown nitrogen as the essential limiting nutrient under enological conditions 

[19-22]. 

Studies have addressed this issue by generating improved unstructured kinetic models 

for nitrogen-limited wine fermentations [5, 7]. Despite these models being able to simulate 

enological fermentations over time, they are inadequate in their ability to fully represent 

metabolic behavior, especially regarding secondary metabolites which are known to impact 

aroma profiles of wines. Furthermore, these early models lack genetic information or, more 

specifically, gene-protein-reaction (GPR) associations that can be used to compute some 

genotype-phenotype relationships related to metabolic pathways. For example, a genotype-

phenotype relationship allows to assess the consequences of knocking out a gene. Removing a 

gene corresponding to a metabolic function can be traced through the GPR. As a result, the 

corresponding reactions in the network are rendered out of use.  From genome-scale metabolic 

models, investigators can observe whether there is lethal gene deletion under specific 

environmental conditions or assess alteration in a metabolic network's functional capabilities. 

Therefore, expanding the coverage of metabolic models and incorporating various modeling 

approaches at the genome-scale will help understand and develop yeast strains that impart 

specific attributes regarding aroma.  
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2.3 Aroma Development During Wine Fermentation 

As mentioned previously, the outcome of the fermentation in terms of cell growth and 

aroma profile are influenced by environmental and genetic factors. The influence of an 

important environmental factor, the available nutrients, is described in section 2.4 while the 

influence of genetic factors is covered in section 2.5. 

When presented with a suitable substrate and processing conditions, S. cerevisiae 

generates a complex bouquet of aroma compounds during fermentation, including esters, 

higher (fusel) alcohols, and sulfur compounds. The most abundant of these volatile aroma 

compounds produced during fermentation are fusel alcohols which serve as precursors to 

volatile esters (Table 2.1). The latter compounds add fruity aromas to wines [24]. The most 

significant of the fusel alcohols include 1-propanol, 3-methyl-1-butanol (isoamyl alcohol), 2-

methyl-1-propanol (isobutanol), 2-methyl-1-butanol (active amyl alcohol), 2-phenylethanol, 

and 4-(2-hydroxyethyl)phenol (tyrosol) [25]. Volatile esters important to the sensory 

characteristics of wine include two groups: acetate esters such as ethyl acetate (sweet aroma), 

isoamyl acetate (banana), and phenylethyl acetate (rose, flowery aroma) and medium chain 

fatty acid (MCFA) ethyl esters such as ethyl octanoate (sour apple) and ethyl hexanoate (apple, 

anise) [26-28]. In contrast to most ester compounds, sulfur-containing compounds such as 

methionol and hydrogen sulfide produce undesirable cabbage or rotten egg aromas [29]. 

Hydrogen sulfide produced during fermentation introduces the most prominent sulfur off-notes 

in wines [30]. Other sulfur compounds such as methanethiol, a volatile thiol, can also be 

responsible for producing undesirable flatulence-like aromas. Despite the interest in refining 

the aroma character of wines and other alcoholic beverages, the knowledge of yeast metabolism 

necessary to fully control production of aroma molecules has not yet been elucidated [28].  
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Table 2.1 Summary of major of VOCs found in wines along with their chemical attributes  

Compound  Chemical Structure (2D) Compound 
Class 

Concentration 
Range in 
Wine 
(μg/L)a,b 

Organoleptic 
(Aroma) 
Association 
a,b 

Propan-1-ol 
 

Fusel 
alcohol 

9-68000 Solvent, 
chemical 

3-
Methylbutan-
1-ol 
(isoamylol) 

 

Fusel 
alcohol 

90000-
292000 

Solvent, 
sweet 

2-
Methylpropan-
1-ol 
(isobutanol) 

 

Fusel 
alcohol 

9000-175000 Solvent, 
chemical, 
sweet 

2-
Phenylethan-
1-ol (2- 
phenylethanol) 

 

Fusel 
alcohol 

4000-200000 Roses, 
honey, sweet 

3-
(Methylthio)-
1-propanol 
(methionol) 

 
Fusel 
alcohol 

140-5000 Cabbage, 
herbal 

Ethyl acetate 

 

Acetate 
ester 

2-150 Solvent, 
fruity; nail 
polish 

3-Methylbutyl 
acetate 
(isoamyl 
acetate) 
 

 

Acetate 
ester 

115-7400 Banana, 
tropical fruit 

2-
Methylpropyl 
acetate 
(isobutyl 
acetate) 

 

Acetate 
ester 

40-1600 Banana, 
tropical fruit 

2-Phenylethyl 
acetate 

 

Acetate 
ester 

0.5-750 Pear, 
flowery, 
honey 

Ethyl 
butanoate 

 

Fatty acid 
ethyl ester 

70-2200 Floral, fruity 

Ethyl 
hexanoate 

 

Fatty acid 
ethyl ester 

150-2800 Green apple, 
unripe fruit 

a Ribéreau-Gayon et al. [23] 
b Swiegers and Pretorius. [12] 
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2.4 Influence of Nutrients on Yeast Metabolism 

Many environmental factors influence NUE and the production of aroma compounds 

such as fusel alcohols, acetate esters, and MCFA ethyl esters during wine fermentation. Several 

of these factors are nutrients (e.g., nitrogen, sugar concentration), level of solids, lipid 

composition, temperature, hydrostatic pressure, aeration, grape variety, and grape skin contact 

time [26, 31-38]. Nevertheless, nitrogen limitation can induce sluggish or stuck fermentations 

[5, 7, 8, 19]. Ammonium and amino acids are the primary nitrogen sources used by yeast for 

general biosynthetic purposes by transferring the amine functional group [39, 40]. Not only are 

yeast cell growth and fermentation completion influenced by the quality and amount of 

ammonia and amino acids in the grape must, also many crucial volatile organic compounds 

(VOCs) that are associated with desirable wine bouquet are impacted [41-45]. The higher 

alcohols are products of the Ehrlich pathway, which use branched-chain and aromatic amino 

acids as substrates [46]. 

It has been shown that an inverse correlation exists between initial nitrogen levels and 

fusel alcohol concentrations excluding low initial nitrogen levels [42, 47-51]. For instance, 

high nitrogen levels in the medium lead to a decrease in fusel alcohols, yet an increase in esters. 

Furthermore, it has been demonstrated in wine fermentations using S. cerevisiae that amino 

acids are directly involved in the formation of higher alcohols, esters, and fatty acids. These 

volatile organic compounds subsequently influence the aroma attributes of wines [46, 52]. 

Non-volatile compounds, including glycerol, malic acid, and succinic acid, have also been 

shown to fluctuate depending on nitrogen concentration and source [53-55]. This intricate 

relationship is shown (Fig. 2.1). Although VOC precursors produced via the Ehrlich pathway 

have been confirmed, various other amino acids such as alanine, lysine, glycine, histidine, and 

glutamine could potentially act as precursors or regulators of numerous metabolic pathways 

linked to aroma compound production. Moreover, surprisingly little is known about the 
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relationship between the dynamics and timing of amino acid utilization and VOC production 

throughout grape must fermentation. Modulating desirable VOC yield in production strains 

will allow for valuable process advances in improving wine aroma bouquet, as well as 

increased flexibility in the production of specific aroma compounds for targeted types of wines. 

In addition, broader insights into aroma development could introduce some of these enhanced 

aroma qualities into production strains with other desirable characteristics e.g. creating full-

bodied aromas in low alcohol wines.  

For wines, the nitrogenous compounds (free amino nitrogen (FAN), ammonia, and 

ammonium) that are available and used by yeast during fermentation are defined as yeast 

assimilable nitrogen (YAN). FAN contains all amino acids except proline, ammonium ions, 

and small peptides, which constitute most of the YAN [56]. Proline, an imino acid, is omitted 

from YAN as it cannot be taken up by S. cerevisiae under anaerobic conditions [57]. Various 

studies have revealed that using an equimolar mixture of amino acids or ammonium leads to 

higher growth rates in chemically defined grape juice media than using single preferred amino 

acids or ammonium. However, different mixtures of ammonium and amino acids, individual 

amino acids or only ammonium lead to different results, contingent on the growth conditions 

and yeast strain [44, 58-64]. For instance, Gutiérrez et al. [65] examined the effect of 

ammonium, arginine, and glutamine in synthetic grape must on growth and fermentation 

performance and determined no direct correlation between growth behavior and fermentation 

activity. In other words, good growth behavior does not always result in satisfactory 

fermentation outcomes e.g., avoiding stuck or sluggish fermentation [65]. These recent studies 

highlight the performance parameters describing yeasts’ nitrogen source preferences that must 

be carefully considered and clearly defined. Nevertheless, when of assessing each amino acid’s 

potential to foster growth and transport specific alternative nitrogen sources being repressed in 

their presence, a general order of preference for amino acid as a nitrogen source has been 
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examined [39, 59, 66]. Ammonium, glutamate, glutamine, aspartate, asparagine, and arginine 

are considered preferred nitrogen sources for spurring growth and inducing metabolic 

repression [57, 67, 68]. Conversely, proline, ornithine, allantoin, and urea are regarded as poor 

nitrogen sources [39, 66]. 

Acetate esters and medium-chain fatty acid (MCFA) esters, exhibit a more intricate 

relationship with initial nitrogen levels because of their biosynthetic routes of production. 

However, previous work has shown ethyl acetate is positively correlated to medium nitrogen 

levels [41, 42, 50, 69, 70]. A commonly used practice in winemaking is to add nitrogenous 

compounds to avoid problem fermentations empirically. Although this heuristic is moderately 

successful, its benefits are inconsistent since the sole addition of inorganic nitrogen as well as 

improper supplementation of nitrogen have been revealed to negatively impact fermentation 

performance and aroma compound formation [44, 71]. More precisely, low YAN 

concentrations can cause stuck fermentations and lead to higher H2S levels, while high YAN 

concentrations may cause greater turbidity, stimulate microbial instability and facilitate the 

formation of unpleasant aromas [56, 59, 72, 73]. Thus, it is most advantageous to pre-determine 

nitrogen levels and the time of additions to a wine medium to achieve proper aroma character 

and wine styles. 

 

2.5 Influence of Genetic Factors and Yeast Strains on Fermentation 

Performance 

Genomics studies have focused on the role of genes in regulating aroma producing 

metabolic pathways. For instance, they illustrated the effect of certain alcohol acyl transferases 

(AATs) on S. cerevisiae ester production [74-76]. There are two known alcohol acyl 

transferases, EEB1 and EHT1 that are responsible for the synthesis of fatty acid ethyl esters 

[77]. Moreover, Kruis et al. [76] showed that a third ethyl acetate-forming enzyme, ethanol 
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acetyltransferase 1 (EAT1), contributes to ester production in S. cerevisiae. EAT1, in addition 

to facilitating the formation of ethyl acetate, can perform thioesterase and esterase reactions. 

Despite those studies being pivotal, it would add insight to the prospects of genetic engineering 

approaches to alter wine sensory characteristics if we could obtain a more comprehensive 

representation of metabolic behavior during wine fermentation. In addition, studies have lacked 

a comprehensive investigation into the aforementioned classes of compounds simultaneously 

and holistically. Thus, a broader assessment of metabolic pathways in commercially relevant 

S. cerevisiae strains is required to fully elucidate the regulation of aroma compounds produced 

during fermentation [30].  

The numerous S. cerevisiae strains selected for winemaking, differ immensely in their 

aroma production profiles [25, 63, 78]. For example, a study that used two strains demonstrated 

the strain with the higher nitrogen requirement formed the higher ester concentration during 

fermentation of a Chardonnay must [79]. Strain-dependent VOC production profiles could be 

due to variations in how yeast cells metabolize and utilize nitrogenous compounds. Another 

study, in which three yeast strains were examined in chemically defined media with different 

nitrogen compositions, indicated measurable differences in volatile and non-volatile 

compounds especially for the total amount of esters [61]. Moreover, Miller et al. [63] showed 

strain-specific differences in the production of volatile esters in Chardonnay grape juice with 

varying initial nitrogen levels. For instance, known aroma-producing strains such as 254D and 

DV10 produced moderate maximum and final concentrations of acetate esters. Although these 

studies were groundbreaking in illustrating strain-dependent behavior for several yeast strains 

under various environmental conditions, they lacked insight into the roles specific nitrogenous 

compounds play in the VOCs’ formation during fermentation. 

Adjusting environmental conditions such as temperature or changing initial nutrient 

concentrations can serve as a means of varying the production of yeast-derived aroma in an 
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alcoholic fermentation for a given strain to some degree. This approach, however, relies on a 

thorough understanding of the underlying metabolism of the organism. To gain an 

understanding of metabolism, some studies have used systems biology approaches such as 

metabolomics. However, most of these studies employed the laboratory strain 288C which does 

not contain several genes present in commercial wine and beer S. cerevisiae strains such as 

AAD3 (aryl-alcohol dehydrogenase), ADH7 (alcohol dehydrogenase), and FDH1 and FDH2 

(formate dehydrogenase) [80]. Although the fermentation environment significantly influences 

secondary metabolism, the response to the environment depends immensely on the yeast strain 

selected for fermentation [57, 81, 82]. When different commercial yeast strains are used and 

compared, strain-specific differences in secondary metabolite composition in the fermented 

products can be observed indicating metabolic and most likely genetic differences between 

strains [83-85]. For instance, the kinetics of volatile ester formation from various yeast strains 

were studied under varying amounts of initial nitrogen and different initial Brix conditions [63, 

86]. However, most experimental studies investigating the impact of environmental changes 

on yeast fermentation of wines were restricted by using only a small number of industrially-

relevant strains or lacked investigation into the genomic and metabolic causes of fermentation 

behavior [84, 87, 88]. 

 

2.6 Systems Biology Approaches Used to Study Yeast Metabolism 

2.6.1 Genome-scale metabolic modeling concepts  

In order to more adequately understand strain-specific characteristics regarding 

fermentation performance such as NUE and aroma formation, genome-scale metabolic models 

(GSMM) have been employed using Constraint-Based Reconstruction and Analysis (COBRA) 

techniques. The different steps to develop a genome-scale metabolic model are shown in Figure 

2.2 and are discussed next.  
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Figure 2.2. Illustration of genome-scale metabolic reconstruction and flux balance analysis. a. 
Genome-scale metabolic reconstructions are built in two steps. First, several platforms exist 
for the generation of a gap-filled draft metabolic reconstruction based on genome annotations. 
Second, the draft reconstructions need to be refined based on available experimental and 
biochemical data from the literature. Novel experiments can be performed on the organism and 
the reconstruction refined accordingly. b. In flux balance analysis (FBA), the metabolic 
reconstruction containing n reactions and m metabolites is converted to a stoichiometric matrix 
S. FBA solves an optimization problem where an objective function Z is maximized or 
minimized. Z is formed by multiplying every reaction flux vi with a predetermined constant, 
ci, and adding the resulting values. FBA solves a steady state, Sv = 0. Every reaction flux 
vector, vi is bound by two values, an upper bound (ubi) and a lower bound (lbi). c. The solution 
space is defined by the mass balanced constraints imposed for each reaction's the upper and 
lower bounds in the metabolic reconstruction. Optimization for a biological objective function 
(e.g., biomass production, ATP consumption, heme production, etc.) identifies an optimal flux 
within the solution space. In contrast, uniform sampling provides an unbiased characterization 
by sampling candidate fluxes distributed in the solution space. (adapted from Heirendt et al. 
[89] 

 

With the onset of whole genome sequencing techniques and the rapid increase in 

computational power, genome scale modeling was introduced at the beginning of the 2000s 

and is currently the most widely used modeling approach for studying metabolism. It consists 

of three steps (see Fig. 2.2). As shown, to begin the reconstruction of a metabolic network, it 
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is required to have a genome sequence of the organism of interest. Draft reconstructions can 

be generated from a genome sequence using homology searching algorithms and various semi-

automated reconstruction tools such as Model SEED, RAVEN, or merlin. Nevertheless, the 

implementation of robust GSMM involves establishing reliable, well-annotated gene-protein-

reaction (GPR) associations as well as having information about stoichiometric coefficients of 

substrates and products in each corresponding reaction, cofactor formation, reaction 

directionality, and compartmentalization. The relationship between metabolites (substrates and 

products) and reactions is represented by a stoichiometric matrix whereas the association 

between reactions and genes is with Boolean relationships.  

Moreover, in order to accurately simulate microbial growth and attain suitable flux 

distributions, the GSMM must have an experimentally confirmed biomass composition 

equation with proper estimation of growth and non-growth associated ATP requirements. The 

biomass composition equation accounts for all the components that make up an organism’s 

biomass. This equation more specifically functions as a sink for all the precursors in the 

network at their appropriate stoichiometries. Most of this information as well as entire 

published GSMMs can be obtained from various sources including primary literature and 

organism-specific databases such as the BiGG database [90]. Also, some of the analyses in this 

dissertation were performed with the aid of COBRA toolbox [89] with MATLAB. This 

software suite allows for quantitative prediction of cellular and multicellular biochemical 

networks with constraint-based modeling approaches. It renders outputs in many formats 

including metabolic maps, graphical outputs, and numerical values. 

2.6.2 Yeast genome-scale metabolic models 

Over the past two decades, many GSMMs of S. cerevisiae have been produced from 

exploiting high-throughput omics data sets [91-95]. Using efficient and accurate approaches 

such as Constraint-based Modeling (CBM) methods coupled with GSMMs allows for the 
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investigation of numerous metabolic phenotypes under various conditions. Some GSMMs have 

already been applied to examine yeast metabolism and improve the production of several 

commodity chemicals. For example, iFF708, has been used in a broad array of strain design 

applications ranging from enhancing biofuel production to optimizing succinate yields [96-98]. 

In addition, flux balance analysis (FBA) has been applied to a GSMM, iND750, to efficiently 

steer fumaric acid formation in S. cerevisiae [99].  

Despite these groundbreaking efforts paving the way for applying GSMMs to steer 

yeast cell factories, these works are not directly applicable to enological fermentations because 

they used non-wine yeast strains, fermentations that were carbon-limited (instead of nitrogen-

limited), and/or the system was aerobic (instead of anaerobic). Despite there being over15 

GSMMs for yeast released since the first one was published in 2003 by Förster and coworkers 

[91], the available GSMMs still lack comprehensive coverage of essential metabolic pathways 

needed to investigate ethanol tolerance, NUE, and VOC production during yeast fermentation. 

However, the most recent consensus GSMM model, Yeast 8, features the most expanded and 

detailed coverage of yeast metabolism including complete coverage of fatty acid and 

phospholipid metabolism [95]. This coverage allows us to have a foundation for amendment, 

if necessary, of key pathways and conditions related to anaerobic growth. Finally, although 

Yeast 8 contains 3498 reactions, 2220 metabolites, and 910 genes, recent studies suggest no 

yeast GSMM is superior to the others in predicting gene essentiality in all media [100]. 

2.6.3 Flux Balance Analysis (FBA) 

Once a reconstructed metabolic network has been converted into a mathematical model 

with a stoichiometric matrix representing coefficients for each reaction an in silico simulation 

can be performed. The first Flux Balance Analysis (FBA) models were used to analyze carbon 

flux and energy distribution in yeast [101-103]. Notably, these models have led to the enhanced 

production capability of valuable metabolites [104, 105]. The success of these early models 
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was stifled by limited knowledge of the active metabolic pathways and the assumption that 

metabolism in the cells studied was at a steady state i.e. not changing over time [106]. More 

recently, several genome-scale models have been developed for yeast that have shown these 

simulations' potential to predict the impact of genetic changes on cell phenotype [91-93, 107, 

108]. Typically, FBA is employed, wherein a pseudo-steady state is assumed of internal 

metabolism. More specifically, this ensures that the total rates of consumption and production 

for each metabolite are equal and allow some flux constraints to be applied such as reaction 

flux bounds to narrow down the space of feasible computational solutions related to the 

biological capabilities of the organism.  

Furthermore, FBA involves setting an objective function to maximize or minimize a 

subset of fluxes and find optimal solutions by solving the respective optimization problems 

because there are many degrees of freedom stemming from systems having many more 

reactions than metabolites [10]. The most commonly used objective function is the 

maximization of biomass formation to simulate growth-focused cell behavior. However, other 

objective functions are applied such as minimization of ATP consumption, minimization of the 

overall intracellular flux, and maximization of a certain metabolite production [10]. 

2.6.4 Dynamic Flux Balance Analysis (dFBA) 

The variability of yeast cells' environmental conditions, such as changes in nutrient 

media (grape must) composition, ethanol concentration, pH, and temperature, make the 

construction of metabolic models for enological conditions a challenging task. In addition, 

wine fermentations are anaerobic, batch processes in which substrate and product 

concentrations change over time, thus causing a pseudo-steady state assumption usually used 

for continuous processes to be invalid. In order to overcome these challenges, researchers have 

applied an approach referred to as dynamic flux balance analysis (dFBA). dFBA is a simple 

hybrid kinetic approach that implements the assumption that the intracellular kinetics can be 
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disregarded (given that they are many orders of magnitude faster than the extracellular ones). 

Thus, iterative FBA problems can be solved for a dynamic simulation of an organism [109]. 

During a dFBA simulation, FBA is used to predict growth, nutrient uptake, and by-product 

secretion rates from the optimized flux distribution at each time step. These solutions, in turn, 

are integrated into time-dependent differential equations [110, 111]. Using this iterative 

procedure, dFBA has allowed the simulation of batch fermentations by modeling a series of 

steady-state conditions over time.  

Figure 2.3. General scheme of the dFBA framework adapted from Sanchez et al. [112], X is 
biomass concentration [g/L], C is extracellular limiting substrate concentration [g/L], G, F, N 
is extracellular limiting substrate concentration [g/L] for glucose, fructose and nitrogen 
respectively, Pk accounts for the different extracellular product concentrations [g/L], t is time 
[h] and tF is the fermentation duration [h]. 

 
The dFBA scheme (Fig. 2.3) was first implemented for E. coli by Varma and Palsson 

in 1994. Then, it was later improved by adding kinetic constraints [113] and transcriptional 

regulation [114, 115]. More specifically, Sainz [110] published the first application of dFBA 
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for S. cerevisiae and it was subsequently enhanced to better account for sugar kinetics. Since 

then, ongoing development has led to various genome-scale dFBA models for yeast [112, 116, 

117] which predict metabolic variations in response to genetic changes. Furthermore, these 

models can accurately simulate metabolic changes over time for metabolites of interest such as 

ethanol, glycerol, and biomass for alcoholic fermentations at various scales. In general, these 

currently available models illustrate the tremendous potential in using similar in silico 

techniques for strain improvement of S. cerevisiae. In all of the aforementioned dFBA models, 

the selection of parameter values such as kinetics of nutrient consumption, production rates, 

biomass prerequisites, and ATP maintenance was done by manual parameter fitting (essentially 

a trial and error approach) [118, 119], parameter estimation [111, 120], or elicited from the 

literature [121]. Despite these models being able to fit experimental data accurately, they still 

contain insignificant parameters, insensitive parameters [122], non-identifiable parameters 

[123], and/or over-fitted parameters. These parameter issues can lead to unrealistic or 

unreliable model predictions especially when applying the model to different experimental 

conditions or if calibration data is noisy [124].  

Using these techniques within a dFBA scheme for a genome-scale model with many 

parameters (15-60) and state variables (5-10) coupled with optimization problems of over 3000 

variables and 2000 equations, presents significant computational challenges. Therefore, there 

is a crucial need for incorporating methods for determining parameters used in genome-scale 

dynamic simulations [125]. Recent work has addressed this crucial need by developing a 

genome-scale dFBA framework with model structures that contain sensitive, uncorrelated, and 

significant parameters which can fit a wide array of experimental conditions [112]. However, 

this framework was applied to a glucose-limited fermentation using an older GSMM featuring 

reduced lipid metabolism coverage. Thus, the goal is to apply a similar scheme as this proven 
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framework to nitrogen-limited fermentation (enological conditions) using a novel GSMM 

featuring an expanded metabolic coverage of essential pathways (see Fig. 2.1). 

2.6.5 Monte Carlo random flux sampling 

While there have been several studies that have successfully modeled yeast under 

enological conditions from simple kinetic models [5] to genome-scale dynamic FBA (dFBA) 

models [116], they are limited in terms of describing the behavior of secondary metabolites 

that contribute to NUE and organoleptic wine properties. Additionally, secondary metabolism 

is highly regulated, and these initial models that focused on nitrogen metabolism did not 

contain information regarding the genes responsible for this regulation. Recent development 

and expansion in the latest yeast GSMM have allowed for a more significant investigation into 

pathways responsible for VOC formation [13, 95]. However, employing conventional COBRA 

methods such as FBA and flux variability analysis (FVA) can be inadequate due to relying on 

a singular objective such as maximizing biomass. A powerful alternative approach, known as 

Monte Carlo random flux sampling (which has been applied to several GSMMs [93, 126, 127]), 

provides a way to analyze genome-scale networks without needing an objective function. Flux 

sampling has the added benefit that it determines the feasible solution spaces as well as the 

probability of obtaining a solution [128]. Given the immense number of reactions involved in 

linking amino acid degradation and other nutrient utilization pathways to the VOC formation, 

COBRA techniques provide a suitable option to examine this relationship further. Moreover, 

flux sampling presents a tool that enables a comprehensive understanding of the flux solution 

space and the interrelationship of aroma associated pathways of various strains at different 

growth stages, without requiring an objective function constraint. A comparison of some 

COBRA methods is provided (see Table 2.2). 
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Table 2.2 Summary of the advantages and disadvantages of metabolic modeling approaches  

Method Advantages Disadvantages 

Statistical-based 
metabolomics 

Able to provide observation confirmed insights 
into metabolism catered to specific systems 

Can require costly and time excessive experiments 

FBA Efficient to solve for steady-state fluxes; many 
metabolic engineering tools built around FBA 

Cannot track metabolite dynamics 

ODE-based models Able to track metabolite dynamics; accurately 
model reaction kinetics 

Abundant kinetic parameters; difficult to scale up to large systems 

dFBA (dynamic 
optimization 
approach) 

Able to track metabolite dynamics; does not 
require complex kinetic equations for each flux 

Contains non-linear constraints that can make the optimization 
problem difficult to solve 

dFBA (static 
optimization 
approach) 

Able to track metabolite dynamics; does not 
require non-linear constraints 

Cannot incorporate kinetic or regulatory information 

Random Flux 
Sampling 

Able to analyze genome-scale networks without 
needing an objective function 

Computationally intensive and time consuming with some 
GSMMs 



 

29 

2.7 References 

1. Botstein D, Chervitz SA, Cherry M: Yeast as a model organism. Science 1997, 

277(5330):1259-1260. 

2. Franco-Duarte R, Umek L, Zupan B, Schuller D: Computational approaches for the 

genetic and phenotypic characterization of a Saccharomyces cerevisiae wine yeast 

collection. Yeast 2009, 26(12):675-692. 

3. Bisson LF, Coons DM, Kruckeberg AL, Lewis DA: Yeast sugar transporters. Crit Rev 

Biochem Mol Biol 1993, 28(4):259-308. 

4. Peter J, De Chiara M, Friedrich A, Yue JX, Pflieger D, Bergstrom A, Sigwalt A, Barre 

B, Freel K, Llored A et al: Genome evolution across 1,011 Saccharomyces cerevisiae 

isolates. Nature 2018, 556(7701):339-344. 

5. Cramer AC, Vlassides S, Block DE: Kinetic model for nitrogen-limited wine 

fermentations. Biotechnol Bioeng 2002, 77(1):49-60. 

6. Ugliano M, Fedrizzi B, Siebert T, Travis B, Magno F, Versini G, Henschke PA: Effect 

of nitrogen supplementation and Saccharomyces species on hydrogen sulfide and other 

volatile sulfur compounds in Shiraz fermentation and wine. J Agric Food Chem 2009, 

57(11):4948-4955. 

7. Coleman MC, Fish R, Block DE: Temperature-dependent kinetic model for nitrogen-

limited wine fermentations. Appl Environ Microbiol 2007, 73(18):5875. 

8. Varela C, Pizarro F, Agosin E: Biomass content governs fermentation rate in nitrogen-

deficient wine musts. Appl Environ Microbiol 2004, 70(6):3392-3400. 

9. Henderson CM, Lozada-Contreras M, Jiranek V, Longo ML, Block DE: Ethanol 

production and maximum cell growth are highly correlated with membrane lipid 

composition during fermentation as determined by lipidomic analysis of 22 

Saccharomyces cerevisiae strains. Appl Environ Microbiol 2013, 79(1):91-104. 

10. Palsson B: Systems biology: Cambridge University Press; 2015. 

11. Irwin AJ: 3-ethoxy-1-propanol: A strain-and species-dependent yeast metabolite. J Inst 

Brew 1992, 98(5):427-431. 

12. Swiegers JH, Pretorius IS: Yeast modulation of wine flavor. In: Advances in Applied 

Microbiology, Vol 57. Edited by Laskin AI, Bennett JW, Gadd GM, vol. 57; 2005: 131-

175. 



 

30 

13. Scott WT, Smid EJ, Notebaart RA, Block DE: Curation and analysis of a 

Saccharomyces cerevisiae genome-scale metabolic model for predicting production of 

sensory impact molecules under enological conditions. Processes 2020, 8(9):1195. 

14. Boulton R: The prediction of fermentation behavior by a kinetic model. Am J Enol Vitic 

1980, 31(1):40. 

15. Caro I, Pérez L, Cantero D: Development of a kinetic model for the alcoholic 

fermentation of must. Biotechnol Bioeng 1991, 38(7):742-748. 

16. Bezenger M, Navarro J: Grape juice fermentation: effects of initial nitrogen 

concentration on culture parameters [alcoholic fermentation]. Sciences des Aliments 

(France) 1987. 

17. Giovanelli G, Peri C, Parravicini E: Kinetics of grape juice fermentation under aerobic 

and anaerobic conditions. Am J Enol Vitic 1996, 47(4):429-434. 

18. López A, Secanell P: A simple mathematical empirical model for estimating the rate of 

heat generation during fermentation in white-wine making. International Journal of 

Refrigeration 1992, 15(5):276-280. 

19. Bely M, Sablayrolles J-M, Barre P: Automatic detection of assimilable nitrogen 

deficiencies during alcoholic fermentation in oenological conditions. J Ferment Bioeng 

1990, 70(4):246-252. 

20. Ingledew W, Kunkee RE: Factors influencing sluggish fermentations of grape juice. 

Am J Enol Vitic 1985, 36(1):65-76. 

21. Monteiro FF, Bisson LF: Nitrogen supplementation of grape juice. I. Effect on amino 

acid utilization during fermentation. Am J Enol Vitic 1992, 43(1):1-10. 

22. Ough C: Fermentation rates of grape juice. I. Effects of temperature and composition 

on white juice fermentation rates. Am J Enol Vitic 1964, 15(4):167-177. 

23. Ribéreau-Gayon P, Dubourdieu D, Doneche B, Lonvaud A: Biochemistry of alcoholic 

fermentation and metabolic pathways of wine yeasts. Handbook of Enology Volume 

2000, 1:51-74. 

24. Hazelwood LA, Daran J-M, van Maris AJA, Pronk JT, Dickinson JR: The Ehrlich 

pathway for fusel alcohol production: a century of research on Saccharomyces 

cerevisiae metabolism. Appl Environ Microbiol 2008, 74(8):2259-2266. 

25. Swiegers JH, Bartowsky EJ, Henschke PA, Pretorius IS: Yeast and bacterial 

modulation of wine aroma and flavour. Aust J Grape Wine Res 2005, 11(2):139-173. 



 

31 

26. Verstrepen KJ, Van Laere SDM, Vanderhaegen BMP, Derdelinckx G, Dufour JP, 

Pretorius IS, Winderickx J, Thevelein JM, Delvaux FR: Expression levels of the yeast 

alcohol acetyltransferase genes ATF1, Lg-ATF1, and ATF2 control the formation of a 

broad range of volatile esters. Appl Environ Microbiol 2003, 69(9):5228-5237. 

27. Knight MJ, Bull ID, Curnow P: The yeast enzyme Eht1 is an octanoyl‐CoA: ethanol 

acyltransferase that also functions as a thioesterase. Yeast 2014, 31(12):463-474. 

28. Dzialo MC, Park R, Steensels J, Lievens B, Verstrepen KJ: Physiology, ecology and 

industrial applications of aroma formation in yeast. FEMS Microbiol Rev 2017, 

41(Supp_1):S95-S128. 

29. Rauhut D: Yeasts-production of sulfur compounds. Wine Microbiology and 

Biotechnology 1993, 6:183-223. 

30. Hirst MB, Richter CL: Review of aroma formation through metabolic pathways of 

Saccharomyces cerevisiae in beverage fermentations. Am J Enol Vitic 2016, 67(4):361-

370. 

31. Fleet GH: Wine microbiology and biotechnology: CRC Press; 1993. 

32. Houtman A, Du Plessis C: The effect of juice clarity and several conditions promoting 

yeast growth on fermentation rate, the production of aroma components and wine 

quality. S Afr J Enol Vitic 1981, 2(2):71-81. 

33. Houtman AC: Factors affecting the reproducibility of fermentation of grape juice and 

of the aroma composition of wines. I. Grapes maturity, sugar, inoculum concentration, 

aeration, juice turbidity and ergosterol. Vitis 1980, 19:37-54. 

34. Landaud S, Latrille E, Corrieu G: Top pressure and temperature control the fusel 

alcohol/ester ratio through yeast growth in beer fermentation. J Inst Brew 2001, 

107(2):107-117. 

35. Molina AM, Swiegers JH, Varela C, Pretorius IS, Agosin E: Influence of wine 

fermentation temperature on the synthesis of yeast-derived volatile aroma compounds. 

Appl Microbiol Biotechnol 2007, 77(3):675-687. 

36. Saerens SMG, Verbelen PJ, Vanbeneden N, Thevelein JM, Delvaux FR: Monitoring 

the influence of high-gravity brewing and fermentation temperature on flavour 

formation by analysis of gene expression levels in brewing yeast. Appl Microbiol 

Biotechnol 2008, 80(6):1039-1051. 

37. Younis OS, Stewart GG: Sugar uptake and subsequent ester and higher alcohol 

production by Saccharomyces cerevisiae. J Inst Brew 1998, 104(5):255-264. 



 

32 

38. Rollero S, Mouret J-R, Sanchez I, Camarasa C, Ortiz-Julien A, Sablayrolles J-M, 

Dequin S: Key role of lipid management in nitrogen and aroma metabolism in an 

evolved wine yeast strain. Microb Cell Fact 2016, 15(1):1-15. 

39. Cooper TG: Nitrogen metabolism in Saccharomyces cerevisiae. In: The molecular 

biology of the yeast Saccharomyces: Metabolism and gene expression. Edited by 

Strathern JN, Jones EW, Broach JR, vol. 2. Cold Spring Harbor, NY: Cold Spring 

Harbor Laboratory Press; 1982: 39-99. 

40. Bisson LF: Stuck and sluggish fermentations. Am J Enol Vitic 1999, 50(1):107-119. 

41. Hernández-Orte P, Cacho JF, Ferreira V: Relationship between varietal amino acid 

profile of grapes and wine aromatic composition. Experiments with model solutions 

and chemometric study. J Agric Food Chem 2002, 50(10):2891-2899. 

42. Hernández-Orte P, Ibarz MJ, Cacho J, Ferreira V: Effect of the addition of ammonium 

and amino acids to musts of Airen variety on aromatic composition and sensory 

properties of the obtained wine. Food Chem 2005, 89(2):163-174. 

43. Jiménez-Martí E, Aranda A, Mendes-Ferreira A, Mendes-Faia A, del Olmo Ml: The 

nature of the nitrogen source added to nitrogen depleted vinifications conducted by a 

Saccharomyces cerevisiae strain in synthetic must affects gene expression and the 

levels of several volatile compounds. Antonie Van Leeuwenhoek 2007, 92(1):61-75. 

44. Vilanova M, Ugliano M, Varela C, Siebert T, Pretorius IS, Henschke PA: Assimilable 

nitrogen utilisation and production of volatile and non-volatile compounds in 

chemically defined medium by Saccharomyces cerevisiae wine yeasts. Appl Microbiol 

Biotechnol 2007, 77(1):145-157. 

45. Garde-Cerdán T, Ancín-Azpilicueta C: Effect of the addition of different quantities of 

amino acids to nitrogen-deficient must on the formation of esters, alcohols, and acids 

during wine alcoholic fermentation. LWT 2008, 41(3):501-510. 

46. Styger G, Prior B, Bauer FF: Wine flavor and aroma. J Ind Microbiol Biotechnol 2011, 

38(9):1145-1159. 

47. ÄYrápáá T: Biosynthetic formation of higher alcohols by yeast. Dependence on the 

nitrogenous nutrient level of the medium. J Inst Brew 1971, 77(3):266-276. 

48. Ough CS, Bell AA: Effects of nitrogen fertilization of grapevines on amino acid 

metabolism and higher-alcohol formation during grape juice fermentation. Am J Enol 

Vitic 1980, 31(2):122-123. 



 

33 

49. Rapp A, Versini G: Influence of nitrogen compounds in grapes on aroma compounds 

of wines. In: Developments in Food Science. Edited by Charalambous G, vol. 37: 

Elsevier; 1995: 1659-1694. 

50. Guitart A, Orte PH, Ferreira V, Peña C, Cacho J: Some observations about the 

correlation between the amino acid content of musts and wines of the Chardonnay 

variety and their fermentation aromas. Am J Enol Vitic 1999, 50(3):253-258. 

51. Vidal EE, de Billerbeck GM, Simões DA, Schuler A, François JM, de Morais MA: 

Influence of nitrogen supply on the production of higher alcohols/esters and expression 

of flavour-related genes in cachaça fermentation. Food Chem 2013, 138(1):701-708. 

52. Rollero S, Mouret J-R, Bloem A, Sanchez I, Ortiz-Julien A, Sablayrolles J-M, Dequin 

S, Camarasa C: Quantitative 13C-isotope labelling-based analysis to elucidate the 

influence of environmental parameters on the production of fermentative aromas during 

wine fermentation. Microb Biotechnol 2017, 10(6):1649-1662. 

53. Albers E, Larsson C, Lidén G, Niklasson C, Gustafsson L: Influence of the nitrogen 

source on Saccharomyces cerevisiae anaerobic growth and product formation. Appl 

Environ Microbiol 1996, 62(9):3187. 

54. Radler F: Yeasts-metabolism of organic acids: Harwood Academic Publishers; 1993. 

55. Camarasa C, Grivet J-P, Dequin S: Investigation by 13C-NMR and tricarboxylic acid 

(TCA) deletion mutant analysis of pathways for succinate formation in Saccharomyces 

cerevisiae during anaerobic fermentation. Microbiology 2003, 149(9):2669-2678. 

56. Mendes-Ferreira A, Barbosa C, Lage P, Mendes-Faia A: The impact of nitrogen on 

yeast fermentation and wine quality. A review. 2011. 

57. Henschke P: Yeast-metabolism of nitrogen compounds. Wine, microbiology and 

biotechnology 1993. 

58. Torija MaJ, Beltran G, Novo M, Poblet M, Rozès N, Guillamón JM, Mas A: Effect of 

the nitrogen source on the fatty acid composition of Saccharomyces cerevisiae. Food 

Microbiol 2003, 20(2):255-258. 

59. Beltran G, Novo M, Rozès N, Mas A, Guillamón JM: Nitrogen catabolite repression in 

Saccharomyces cerevisiae during wine fermentations. FEMS Yeast Res 2004, 4(6):625-

632. 

60. Beltran G, Esteve-Zarzoso B, Rozès N, Mas A, Guillamón JM: Influence of the timing 

of nitrogen additions during synthetic grape must fermentations on fermentation 

kinetics and nitrogen consumption. J Agric Food Chem 2005, 53(4):996-1002. 



 

34 

61. Hernandez-Orte P, Bely M, Cacho J, Ferreira V: Impact of ammonium additions on 

volatile acidity, ethanol, and aromatic compound production by different 

Saccharomyces cerevisiae strains during fermentation in controlled synthetic media. 

Aust J Grape Wine Res 2006, 12(2):150-160. 

62. Barbosa C, Falco V, Mendes-Faia A, Mendes-Ferreira A: Nitrogen addition influences 

formation of aroma compounds, volatile acidity and ethanol in nitrogen deficient media 

fermented by Saccharomyces cerevisiae wine strains. J Biosci Bioeng 2009, 108(2):99-

104. 

63. Miller AC, Wolff SR, Bisson LF, Ebeler SE: Yeast strain and nitrogen supplementation: 

Dynamics of volatile ester production in Chardonnay juice fermentations. Am J Enol 

Vitic 2007, 58(4):470-483. 

64. Seguinot P, Rollero S, Sanchez I, Sablayrolles J-M, Ortiz-Julien A, Camarasa C, 

Mouret J-R: Impact of the timing and the nature of nitrogen additions on the production 

kinetics of fermentative aromas by Saccharomyces cerevisiae during winemaking 

fermentation in synthetic media. Food Microbiol 2018, 76:29-39. 

65. Gutiérrez A, Chiva R, Sancho M, Beltran G, Arroyo-López FN, Guillamon JM: 

Nitrogen requirements of commercial wine yeast strains during fermentation of a 

synthetic grape must. Food Microbiol 2012, 31(1):25-32. 

66. Magasanik B, Kaiser CA: Nitrogen regulation in Saccharomyces cerevisiae. Gene 

2002, 290(1):1-18. 

67. Hofman-Bang J: Nitrogen catabolite repression in Saccharomyces cerevisiae. Mol 

Biotechnol 1999, 12(1):35-71. 

68. ter Schure EG, van Riel NAW, Verrips CT: The role of ammonia metabolism in 

nitrogen catabolite repression in Saccharomyces cerevisiae. FEMS Microbiol Rev 

2000, 24(1):67-83. 

69. Torrea D, Henschke P: Ammonium supplementation of grape juice—effect on the 

aroma profile of a Chardonnay wine. Tech Rev 2004, 150:59-63. 

70. Bell S-J, Henschke PA: Implications of nitrogen nutrition for grapes, fermentation and 

wine. Aust J Grape Wine Res 2005, 11(3):242-295. 

71. Ugliano M, Henschke PA, Herderich MJ, Pretorius IS: Nitrogen management is critical 

for wine flavour and style. Wine Ind J 2007, 22(6):24-30. 



 

35 

72. Burin VM, Gomes TM, Caliari V, Rosier JP, Bordignon Luiz MT: Establishment of 

influence the nitrogen content in musts and volatile profile of white wines associated to 

chemometric tools. Microchem J 2015, 122:20-28. 

73. Sturgeon JQ, Bohlscheid JC, Edwards CG: The effect of nitrogen source on yeast 

metabolism and H2S formation. J Wine Res 2013, 24(3):182-194. 

74. Saerens SMG, Delvaux F, Verstrepen KJ, Van Dijck P, Thevelein JM, Delvaux FR: 

Parameters affecting ethyl ester production by Saccharomyces cerevisiae during 

fermentation. Applied and Environmental Microbiology 2008, 74(2):454-461. 

75. Kruis AJ, Levisson M, Mars AE, van der Ploeg M, Daza FG, Ellena V, Kengen SWM, 

van der Oost J, Weusthuis RA: Ethyl acetate production by the elusive alcohol 

acetyltransferase from yeast. Metabolic Engineering 2017, 41:92-101. 

76. Kruis AJ, Gallone B, Jonker T, Mars AE, van Rijswijck IMH, Wolkers–Rooijackers 

JCM, Smid EJ, Steensels J, Verstrepen KJ, Kengen SWM et al: Contribution of Eat1 

and other alcohol acyltransferases to ester production in Saccharomyces cerevisiae. 

Front Microbiol 2018, 9(3202). 

77. Cherry JM, Hong EL, Amundsen C, Balakrishnan R, Binkley G, Chan ET, Christie KR, 

Costanzo MC, Dwight SS, Engel SR et al: Saccharomyces Genome Database: the 

genomics resource of budding yeast. Nucleic Acids Res 2012, 40(D1):D700-D705. 

78. Lambrechts M, Pretorius I: Yeast and its importance to wine aroma-a review. S Afr J 

Enol Vitic 2000, 21(1):97-129. 

79. Torrea D, Fraile P, Garde T, Ancı, x, n C: Production of volatile compounds in the 

fermentation of chardonnay musts inoculated with two strains of Saccharomyces 

cerevisiae with different nitrogen demands. Food Control 2003, 14(8):565-571. 

80. Dunn B, Levine RP, Sherlock G: Microarray karyotyping of commercial wine yeast 

strains reveals shared, as well as unique, genomic signatures. BMC Genomics 2005, 

6:53. 

81. Verstrepen KJ, Iserentant D, Malcorps P, Derdelinckx G, Van Dijck P, Winderickx J, 

Pretorius IS, Thevelein JM, Delvaux FR: Glucose and sucrose: hazardous fast-food for 

industrial yeast? Trends in Biotechnology 2004, 22(10):531-537. 

82. Gallone B, Steensels J, Prahl T, Soriaga L, Saels V, Herrera-Malaver B, Merlevede A, 

Roncoroni M, Voordeckers K, Miraglia L et al: Domestication and divergence of 

Saccharomyces cerevisiae beer yeasts. Cell 2016, 166(6):1397-1410. 



 

36 

83. Howell KS, Klein M, Swiegers JH, Hayasaka Y, Elsey GM, Fleet GH, Hoj PB, 

Pretorius IS, Lopes MAD: Genetic determinants of volatile-thiol release by 

Saccharomyces cerevisiae during wine fermentation. Applied and Environmental 

Microbiology 2005, 71(9):5420-5426. 

84. Rossouw D, Naes T, Bauer FF: Linking gene regulation and the exo-metabolome: a 

comparative transcriptomics approach to identify genes that impact on the production 

of volatile aroma compounds in yeast. BMC Genomics 2008, 9:530. 

85. Richter CL, Dunn B, Sherlock G, Pugh T: Comparative metabolic footprinting of a 

large number of commercial wine yeast strains in Chardonnay fermentations. FEMS 

Yeast Res 2013, 13(4):394-410. 

86. Lee S-J, Rathbone D, Asimont S, Adden R, Ebeler SE: Dynamic changes in ester 

formation during Chardonnay juice fermentations with different yeast inoculation and 

initial brix conditions. Am J Enol Vitic 2004, 55(4):346-354. 

87. Steyer D, Ambroset C, Brion C, Claudel P, Delobel P, Sanchez I, Erny C, Blondin B, 

Karst F, Legras JL: QTL mapping of the production of wine aroma compounds by 

yeast. BMC Genomics 2012, 13:573. 

88. Garcia-Rios E, Lopez-Malo M, Guillamon JM: Global phenotypic and genomic 

comparison of two Saccharomyces cerevisiae wine strains reveals a novel role of the 

sulfur assimilation pathway in adaptation at low temperature fermentations. BMC 

Genomics 2014, 15:1059. 

89. Heirendt L, Arreckx S, Pfau T, Mendoza SN, Richelle A, Heinken A, Haraldsdóttir HS, 

Wachowiak J, Keating SM, Vlasov V et al: Creation and analysis of biochemical 

constraint-based models using the COBRA Toolbox v.3.0. Nature Protocols 2019, 

14(3):639-702. 

90. King ZA, Dräger A, Ebrahim A, Sonnenschein N, Lewis NE, Palsson BO: Escher: A 

web application for building, sharing, and embedding data-rich visualizations of 

biological pathways. PLOS Computational Biology 2015, 11(8):e1004321. 

91. Forster J, Famili I, Fu P, Palsson BO, Nielsen J: Genome-scale reconstruction of the 

Saccharomyces cerevisiae metabolic network. Genome Research 2003, 13(2):244-253. 

92. Nookaew I, Jewett MC, Meechai A, Thammarongtham C, Laoteng K, Cheevadhanarak 

S, Nielsen J, Bhumiratana S: The genome-scale metabolic model iIN800 of 

Saccharomyces cerevisiae and its validation: a scaffold to query lipid metabolism. BMC 

Syst Biol 2008, 2:71. 



 

37 

93. Mo ML, Palsson BØ, Herrgård MJ: Connecting extracellular metabolomic 

measurements to intracellular flux states in yeast. BMC Syst Biol 2009, 3(1):37. 

94. Aung HW, Henry SA, Walker LP: Revising the representation of fatty acid, 

glycerolipid, and glycerophospholipid metabolism in the consensus model of yeast 

metabolism. Ind Biotechnol 2013, 9(4):215-228. 

95. Lu H, Li F, Sanchez BJ, Zhu Z, Li G, Domenzain I, Marcisauskas S, Anton PM, Lappa 

D, Lieven C et al: A consensus S. cerevisiae metabolic model Yeast8 and its ecosystem 

for comprehensively probing cellular metabolism. Nature Communications 2019, 

10:3586. 

96. Bro C, Regenberg B, Förster J, Nielsen J: In silico aided metabolic engineering of 

Saccharomyces cerevisiae for improved bioethanol production. Metabolic engineering 

2006, 8(2):102-111. 

97. Agren R, Otero JM, Nielsen J: Genome-scale modeling enables metabolic engineering 

of Saccharomyces cerevisiae for succinic acid production. J Ind Microbiol Biotechnol 

2013, 40(7):735-747. 

98. Otero JM, Cimini D, Patil KR, Poulsen SG, Olsson L, Nielsen J: Industrial systems 

biology of Saccharomyces cerevisiae enables novel succinic acid cell factory. PloS one 

2013, 8(1):e54144. 

99. Xu G, Zou W, Chen X, Xu N, Liu L, Chen J: Fumaric acid production in 

Saccharomyces cerevisiae by in silico aided metabolic engineering. PLoS One 2012, 

7(12):e52086. 

100. Heavner BD, Price ND: Comparative analysis of yeast metabolic network models 

highlights progress, opportunities for metabolic reconstruction. Plos Computational 

Biology 2015, 11(11). 

101. Vallino JJ, Stephanopoulos G: Metabolic flux distributions in Corynebacterium 

glutamicum during growth and lysine overproduction. Biotechnol Bioeng 1993, 

41(6):633-646. 

102. Varma A, Palsson BO: Metabolic capabilities of Escherichia coli: I. synthesis of 

biosynthetic precursors and cofactors. Journal of Theoretical Biology 1993, 

165(4):477-502. 

103. Pramanik J, Keasling JD: Stoichiometric model of Escherichia coli metabolism: 

Incorporation of growth-rate dependent biomass composition and mechanistic energy 

requirements. Biotechnol Bioeng 1997, 56(4):398-421. 



 

38 

104. Park SM, Sinskey AJ, Stephanopoulos G: Metabolic and physiological studies of 

Corynebacterium glutamicum mutants. Biotechnol Bioeng 1997, 55(6):864-879. 

105. Sauer U, Hatzimanikatis V, Bailey JE, Hochuli M, Szyperski T, Wuthrich K: Metabolic 

fluxes in riboflavin-producing Bacillus subtilis. Nature Biotechnology 1997, 15(5):448-

452. 

106. Stephanopoulos G: Metabolic engineering. Biotechnol Bioeng 1998, 58(2-3):119-120. 

107. Duarte NC, Herrgard MJ, Palsson BO: Reconstruction and validation of 

Saccharomyces cerevisiae iND750, a fully compartmentalized genome-scale metabolic 

model. Genome Research 2004, 14(7):1298-1309. 

108. Dobson PD, Smallbone K, Jameson D, Simeonidis E, Lanthaler K, Pir P, Lu C, 

Swainston N, Dunn WB, Fisher P et al: Further developments towards a genome-scale 

metabolic model of yeast. BMC Syst Biol 2010, 4:145. 

109. Varma A, Palsson BO: Stoichiometric flux balance models quantitatively predict 

growth and metabolic by-product secretion in wild-type Escherichia coli W3110. 

Applied and Environmental Microbiology 1994, 60(10):3724-3731. 

110. Sainz J, Pizarro F, Pérez-Correa JR, Agosin E: Modeling of yeast metabolism and 

process dynamics in batch fermentation. Biotechnol Bioeng 2003, 81(7):818-828. 

111. Pizarro F, Varela C, Martabit C, Bruno C, Prez-Correa JR, Agosin E: Coupling kinetic 

expressions and metabolic networks for predicting wine fermentations. Biotechnol 

Bioeng 2007, 98(5):986-998. 

112. Sánchez BJ, Pérez-Correa JR, Agosin E: Construction of robust dynamic genome-scale 

metabolic model structures of Saccharomyces cerevisiae through iterative re-

parameterization. Metabolic Engineering 2014, 25:159-173. 

113. Mahadevan R, Edwards JS, Doyle FJ: Dynamic flux balance analysis of diauxic growth 

in Escherichia coli. Biophys J 2002, 83(3):1331-1340. 

114. Covert MW, Xiao N, Chen TJ, Karr JR: Integrating metabolic, transcriptional 

regulatory and signal transduction models in Escherichia coli. Bioinformatics 2008, 

24(18):2044-2050. 

115. Tepeli A, Hortaçsu A: A fuzzy logic approach for regulation in flux balance analysis. 

Biochem Eng J 2008, 39(1):137-148. 

116. Vargas FA, Pizarro F, Pérez-Correa JR, Agosin E: Expanding a dynamic flux balance 

model of yeast fermentation to genome-scale. BMC Syst Biol 2011, 5(1):75. 



 

39 

117. Heavner BD, Smallbone K, Price ND, Walker LP: Version 6 of the consensus yeast 

metabolic network refines biochemical coverage and improves model performance. 

Database 2013, 2013. 

118. Hanly TJ, Henson MA: Dynamic flux balance modeling of microbial co‐cultures for 

efficient batch fermentation of glucose and xylose mixtures. Biotechnol Bioeng 2011, 

108(2):376-385. 

119. Meadows AL, Karnik R, Lam H, Forestell S, Snedecor B: Application of dynamic flux 

balance analysis to an industrial Escherichia coli fermentation. Metabolic engineering 

2010, 12(2):150-160. 

120. Nolan RP, Lee K: Dynamic model of CHO cell metabolism. Metabolic engineering 

2011, 13(1):108-124. 

121. Hjersted JL, Henson MA: Steady-state and dynamic flux balance analysis of ethanol 

production by Saccharomyces cerevisiae. IET Systems Biology 2009, 3(3):167-179. 

122. Smith WR, Missen RW: Sensitivity analysis in ChE education: Part 1. Introduction and 

application to explicit models. Chemical Engineering Education 2003, 37(3):222-227. 

123. Jacquez JA, Greif P: Numerical parameter identifiability and estimability: Integrating 

identifiability, estimability, and optimal sampling design. Math Biosci 1985, 77(1-

2):201-227. 

124. Kravaris C, Hahn J, Chu Y: Advances and selected recent developments in state and 

parameter estimation. Comput Chem Eng 2013, 51:111-123. 

125. Park JM, Kim TY, Lee SY: Constraints-based genome-scale metabolic simulation for 

systems metabolic engineering. Biotechnology Advances 2009, 27(6):979-988. 

126. Ghosh A, Zhao H, Price ND: Genome-scale consequences of cofactor balancing in 

engineered pentose utilization pathways in Saccharomyces cerevisiae. PloS one 2011, 

6(11):e27316. 

127. Herrmann HA, Dyson BC, Vass L, Johnson GN, Schwartz J-M: Flux sampling is a 

powerful tool to study metabolism under changing environmental conditions. NPJ 

systems biology and applications 2019, 5(1):1-8. 

128. Schellenberger J, Palsson BØ: Use of randomized sampling for analysis of metabolic 

networks. Journal of Biological Chemistry 2009, 284(9):5457-5461. 

  



 

40 

 

Chapter 3 
 

Curation and Analysis of a Saccharomyces cerevisiae 
Genome-Scale Metabolic Model for Predicting 
Production of Sensory Impact Molecules under 

Enological Conditions  

 

 

 

 

 

 

 

 

 

 

This chapter was published as 

Scott, W.T. Jr., E. J. Smid, R. A. Notebaart, and. D. E. Block. 2021. Curation and Analysis of 

a Saccharomyces cerevisiae Genome-Scale Metabolic Model for Predicting Production of 

Sensory Impact Molecules under Enological Conditions. Processes, 8, 1195. 

https://doi.org/10.3390/pr8091195. 

  

https://doi.org/10.3390/pr8091195


 

41 

Abstract 

One approach for elucidating strain-to-strain metabolic differences is the use of genome-scale 

metabolic models (GSMMs). To date GSMMs have not focused on the industrially important 

area of flavor production and, as such; do not cover all the pathways relevant to flavor 

formation in yeast. Moreover, current models for Saccharomyces cerevisiae generally focus on 

carbon-limited and/or aerobic systems, which is not pertinent to enological conditions. Here, 

we curate a GSMM (iWS902) to expand on the existing Ehrlich pathway and ester formation 

pathways central to aroma formation in industrial winemaking, in addition to the existing sulfur 

metabolism and medium-chain fatty acid (MCFA) pathways that also contribute to production 

of sensory impact molecules. After validating the model using experimental data, we predict 

key differences in metabolism for a strain (EC 1118) in two distinct growth conditions, 

including differences for aroma impact molecules such as acetic acid, tryptophol, and hydrogen 

sulfide. Additionally, we propose novel targets for metabolic engineering for aroma profile 

modifications employing flux variability analysis with the expanded GSMM. The model 

provides mechanistic insights into the key metabolic pathways underlying aroma formation 

during alcoholic fermentation and provides a potential framework to contribute to new 

strategies to optimize the aroma of wines. 

 

Keywords: aroma; flux balance analysis (FBA), genome-scale metabolic models; 

Saccharomyces cerevisiae; wine fermentation 
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3.1 Introduction 

Saccharomyces cerevisiae is employed to produce many specialized metabolites for the 

beverage, food, cosmetics, and pharmaceutical industries [1]. When producing alcoholic 

beverages, in particular wines, sensorial properties are of major importance to quality. 

Therefore, it is beneficial for the wine industry to be able to systematically optimize the 

production of key aroma metabolites. However, in order to control flavor compound formation 

and optimize the quality of wine, a better understanding of the aroma formation during 

fermentation is essential. This is not a simple task, as the metabolic pathways leading to flavor 

and aroma impact molecules are complex and not fully understood. Despite the large amount 

of work using systems biology approaches to understand aroma production during 

fermentation, we are still only beginning to understand how metabolic changes impact aroma 

production [2,3]. Achieving a better understanding will allow more control over alcoholic 

beverage production. 

When presented with a suitable substrate and processing conditions, S. cerevisiae 

generates a complex bouquet of aroma compounds during fermentation, including esters, 

higher (fusel) alcohols, and sulfur compounds. The most abundant of these volatile aroma 

compounds produced during fermentation are fusel alcohols which serve as precursors to 

volatile esters. The latter compounds add fruity aromas to wines [4]. The most significant of 

the fusel alcohols include 1-propanol, 3-methyl-1-butanol (isoamyl alcohol), 2-methyl-1-

propanol (isobutanol), 2-methyl-1-butanol (active amyl alcohol), 2-phenylethanol, and 4-(2-

hydroxyethyl) phenol (tyrosol) [5]. Volatile esters important to the sensory characteristics of 

wine include two groups: acetate esters, such as ethyl acetate (sweet aroma), isoamyl acetate 

(banana), and phenylethyl acetate (rose, flowery aroma); and medium chain fatty acid (MCFA) 

ethyl esters, such as ethyl octanoate (sour apple) and ethyl hexanoate (apple, anise) [6–8]. In 



 

43 

contrast to most ester compounds, sulfur-containing compounds such as methionol and 

hydrogen sulfide produce undesirable cabbage or rotten-egg aromas [9]. Hydrogen sulfide 

produced during fermentation introduces the most prominent sulfur off-notes in wines [10]. 

Other sulfur compounds such as methanethiol, a volatile thiol, can also be responsible for 

producing undesirable flatulence-like aromas. Despite the interest in refining the aroma 

character of wines and other alcoholic beverages, the knowledge of yeast metabolism necessary 

to fully control production of aroma molecules has not yet been elucidated [8].  

Adjusting environmental conditions such as temperature or changing initial nutrient 

concentrations can serve as a means of varying the production of yeast-derived aroma in 

alcoholic fermentation for a given strain to some degree. This approach, however, relies on a 

thorough understanding of the underlying metabolism of the organism. To gain this 

understanding, some studies have used systems biology approaches such as metabolomics, 

though most of these studies employed the laboratory strain S288C, which does not contain 

several genes present in wine and beer S. cerevisiae strains [11]. Although the fermentation 

environment significantly influences secondary metabolism, the response to the environment 

depends immensely on the yeast strain selected for fermentation [12–14]. When different 

commercial yeast strains are used and compared, strain specific differences in secondary 

metabolite composition in the fermented products can be observed, indicating metabolic and 

most likely genetic differences between strains [15–17]. For instance, the kinetics of volatile 

ester formation from various yeast strains was studied under varying amounts of initial nitrogen 

as well as different initial brix conditions [18,19]. However, most experimental studies that 

have investigated the impact of environmental changes on yeast fermentation of wines were 

restricted by the use of only a small number of industrially relevant strains or lacked 

investigation into the genomic and/or metabolic causes of fermentation behavior [16,20,21]. 
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Genomics studies have focused on the role of genes in regulating aroma producing metabolic 

pathways where, for instance, they illustrated the effect of certain alcohol acyl transferases 

(AATs) on S. cerevisiae ester production [22–24]. There are two known alcohol acyl 

transferases—EEB1 and EHT1—that are responsible for the synthesis of fatty acid ethyl esters 

[25]. Moreover, Kruis et al. [24] showed that a third ethyl acetate-forming enzyme, ethanol 

acetyltransferase 1 (EAT1), contributes to ester production in S. cerevisiae. EAT1, in addition 

to facilitating the formation of ethyl acetate, can perform thioesterase and esterase reactions. 

Despite those studies being pivotal, it would add insight to the prospects of genetic engineering 

approaches to alter wine sensory characteristics if we could obtain a more comprehensive 

representation of metabolic behavior during wine fermentation that would include reactions 

such as these. In addition, studies have lacked a comprehensive investigation into the 

aforementioned classes of compounds simultaneously and holistically. Thus, a broader 

assessment of metabolic pathways in commercially relevant S. cerevisiae strains is required to 

fully elucidate the regulation of aroma compounds produced during fermentation [10]. 

One way to obtain insights into complex metabolic pathways is by metabolic modeling. 

More than two decades ago, the first flux balance analysis (FBA) models were used to analyze 

carbon flux and energy distribution in microbes [26–28]. This included some small network 

models for S. cerevisiae that focused on wine fermentations [29–32]. More recently, several 

genome-scale metabolic models (GSMMs) have been developed for yeast that show the 

potential of these simulations to predict the impact of genetic changes on cell phenotype [33–

37]. In addition, Vargas et al. [38] applied a GSMM to study wine fermentation over time. 

While earlier metabolic modeling studies that focused on simulating yeast metabolism 

successfully predicted flux distributions, they were not genome scale representations of yeast 

metabolism (fewer than 100 reactions) [30,32,39], making it difficult to study individual fluxes 

that are likely related to overall aroma formation. Despite the increasingly expanded coverage 
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of yeast metabolic network models over the last few years, all published GSMMs of yeast still 

contain a partial or incomplete representation of the formation of aroma impact molecules. 

More specifically, GSMMs up to this point have not included MCFA ester formation, as well 

as production of important sulfur-containing compounds such as dimethyl sulfide. Larger 

GSMMs have been used to simulate yeast fermentations, but studies applying them have 

mostly lacked exploration of enological fermentations where nitrogen was not the growth 

limiting nutrient and/or the system was not anaerobic [36,37,39]. Vargas et al. [38] did apply 

an earlier yeast GSMM model to dynamically model a wine fermentation, although their study 

did not cover aroma formation. While there have been at least 12 GSMMs for yeast released 

since the first one was published in 2003 by Förster et al. [33], the available GSMMs still lack 

a comprehensive coverage of essential metabolic pathways needed to investigate aroma 

formation during alcohol fermentation. 

In this study, we present an expanded genome-scale metabolic model of S. cerevisiae 

to incorporate aroma forming pathways including parts of the Ehrlich pathway, pathways 

related to ester synthesis, and parts of the sulfur reduction pathways. A widely used published 

reconstruction of yeast metabolism referred to as iMM904 [40,41] was taken as a framework 

to incorporate known aroma forming reactions, as well as relevant chemical, non-enzymatic 

conversions and transport reactions. Our expanded GSMM was validated using published data 

from a study that employed a commercial wine yeast strain EC1118 under enological 

conditions (synthetic grape juice/must medium using an industrial wine strain and anaerobic 

fermentation) [30]. Furthermore, we applied the model to understand the underlying metabolic 

differences regarding aroma production under two different growth conditions. Here, we 

illustrate the advances and remaining limitations of this expanded GSMM to simulate 

metabolism and production of aroma impact molecules under enological conditions. 
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3.2 Materials and Methods 

3.2.1 Model Curation and Development 

A current model was evaluated as a base model for expansion, a widely adopted 

stoichiometric model of the S. cerevisiae metabolic network iMM904 [40,41]. The most recent 

GSMM, Yeast 8 [42], was also evaluated as a base model for this work. While predicted fluxes 

of primary metabolites with an expanded Yeast 8 model were similar to those using the 

iMM904 base model, prediction of secondary metabolites was far superior with the iMM904 

base model (data not shown). Furthermore, Heavner and Price [43] concluded that yeast 

GSMM performance and predictions varies according to simulation environments and 

evaluation metrics. Thus, all subsequent work was performed using the expanded iMM904 

model. iMM904 was expanded by incorporating more fusel alcohol production routes into the 

Ehrlich pathway, adding pathways for acetate and medium-chain fatty acid (MCFA) ester 

formation reactions, and expanding sulfur reduction pathways. An overview illustrating the 

key additions and modifications to the base model to construct the expanded model (iWS902) 

is represented in Figure 3.1 and Table 3.1, and comprehensive details are provided in the Tables 

A.1–A.3 in Appendix A. Uptake exchange reactions for the sugar, essential amino acids, and 

other nutrients were set according to measured flux values from a chemically defined medium 

during anaerobic nitrogen-limited fermentations found in the literature (Supplementary Table 

A.1 from Quiros et al. [30]). No strictly anaerobic growth was predicted with flux balance 

analysis with this particular medium composition. Therefore, an extremely low O2 exchange 

flux of −0.01 mmol g DW−1 h−1 was assumed for our simulations. This is a reasonable 

assumption because Aceituno et al. demonstrated that a wine fermentation with less than 0.1 

mmol O2 g DW−1 h−1 behaved anaerobically [31]. Using the approach suggested by Heavner et 

al. [44] for anaerobic conditions, we allowed unrestricted uptake of ergosterol, lanosterol, 
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zymosterol, 14-demethyllanosterol, and oleate. In addition, pathways including the 

oxaloacetate-malate shuttle and glycerol dehydrogenase reaction were unrestricted as 

described by Sanchez et al. [45]. Heme A was also removed from the biomass equation because 

it is not used under anaerobic conditions. The biomass equation was adapted from a published 

nitrogen-limited biomass equation [38].  

3.2.2 Flux Balance Analysis 

FBA is a widely used approach for studying biochemical networks. This approach allows 

prediction of the flux of metabolites through the network [46,47]. It is a technique based on 

mass balances. For m metabolites and n reactions, a m × n stoichiometric matrix S can be 

formulated and, if we neglect the accumulation of metabolites (pseudo-steady-state 

assumption), a mass balance for all metabolites can be written as 

𝑺𝑺 ∙ 𝒗𝒗 = 𝟎𝟎 (1) 

where 𝒗𝒗 is the flux vector [mmol g DW−1 h−1]. Furthermore, upper and lower bounds for each 

flux can be included to define the reversibility of each reaction, as well as to account for 

experimental observations of extracellular metabolite fluxes (for example, nutrient utilization 

or product formation). Here, constraints on the exchange reactions of the amino acids and 

nutrients taken up from the medium are taken from those measured in Quiros et al. [30]. The 

uptake and secretion fluxes are expressed in mmol g DW−1 h−1 (note that a negative flux for an 

exchange reaction means uptake of the corresponding metabolite). In our study, we simulated 

two different growth conditions described by Quiros et al. [30] (both in chemostats at steady 

state using a defined medium with a glucose feed concentration of 280 g/L): (i) temperature of 

16 °C with a growth rate, μ, of 0.1 h−1 (Case I) and (ii) temperature of 28 °C with a μ of 0.25 

h−1 (Case II). In addition, we simulated Quiros et al. [30] (in chemostats at steady state using a 

defined medium with a glucose feed concentration of 240 g/L): (i) temperature of 16 °C with 

a growth rate, μ, of 0.1 h−1 (Case III) and (ii) temperature of 28 °C with a μ of 0.25 h−1 (Case 
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IV) (results shown in Fig. A.1 in Appendix A). In these studies, the growth rate was fixed by 

the dilution rate for each case, as the dilution rate is equal to the growth rate for a chemostat. 

Though not typical of grape juice that contains relatively equal concentrations of glucose and 

fructose, the defined medium used in this study used only glucose. Both cases had a yeast 

assimilable nitrogen level (YAN) of 220 mg/L in the chemostat feed. To assess the predictive 

power of the model, we performed FBA using only measured experimental consumption rates 

[30] to set constraints. Production rates for key metabolites were not constrained; therefore, 

predictions could be used to evaluate the predictive performance of our expanded GSMM. 

However, when assessing differences in predicted intracellular metabolic fluxes for the two 

cases, we also constrained secretion fluxes, in addition to the consumption rates, using data 

from Quiros et al. [30]. A more detailed overview of model constraints and conditions are 

represented in the Supplementary Material in Appendix A (Table A.4).  

Since metabolic models are usually highly underdetermined (there are many more 

reactions than metabolites), a minimized or maximized objective function is applied to the 

model to solve for all fluxes. Here, an optimization problem was solved to maximize growth 

rate (µ), a biologically relevant objective function, with linear programming as shown below  

max µ 𝒄𝒄𝑻𝑻𝒗𝒗,     𝑠𝑠. 𝑡𝑡.    𝑺𝑺𝒗𝒗 = 𝟎𝟎             𝐿𝐿𝐿𝐿 ≤ 𝒗𝒗 ≤ 𝑈𝑈𝐿𝐿 (2) 

where LB and UB are vectors containing the lower and upper bounds, respectively, for all of 

the fluxes in units of mmol g DW−1 h−1.  

 
3.2.3 Flux Variability Analysis 

Flux variability analysis (FVA) is a technique which identifies the allowable range of 

flux values through a given reaction by finding its maximum and minimum flux values for a 

given optimal (i.e., maximum) objective value [48]. This analysis method begins by finding 

the optimal value of the objective function, as specified in Equation (2), for a given set of 
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constraints. The objective function is set for each reaction in the network and minimum and 

maximum flux values for each reaction are computed while using the constraints related to the 

optimal solution [49]. The FVA problem can be constructed as follows: 

min/max z𝑖𝑖 = 𝒄𝒄𝒊𝒊𝑻𝑻𝒗𝒗𝒊𝒊,     𝑠𝑠. 𝑡𝑡.    𝑺𝑺𝒗𝒗 = 𝟎𝟎             𝐿𝐿𝐿𝐿 ≤ 𝒗𝒗 ≤ 𝑈𝑈𝐿𝐿 

𝒄𝒄𝑻𝑻𝒗𝒗 ≥ 𝝀𝝀𝒛𝒛𝟎𝟎 
(3) 

where 𝒗𝒗𝒊𝒊 is the flux value for each reaction, both maximum and minimum flux values of a 

reaction were calculated to determine the full range. 𝒛𝒛𝟎𝟎  is the optimal (maximum) value 

calculated by FBA. 𝝀𝝀, whose value can be between 0 and 1, is a parameter to govern whether 

the analysis is carried out at a suboptimal network state (𝝀𝝀 < 1) or at an optimal state (𝝀𝝀 = 1). 

The range of a flux i (δi) is determined in Equation (4) as the difference between the maximum 

and the minimum value:  

 𝛿𝛿𝑖𝑖  =  𝑣𝑣𝑚𝑚𝑚𝑚𝑚𝑚,𝑖𝑖 − 𝑣𝑣𝑚𝑚𝑖𝑖𝑚𝑚,𝑖𝑖 (4) 

For this analysis, we constrained the model using the same set of experimental uptake 

and secretion fluxes as in the FBA (see Methods, FBA) (constrained case). Additionally, we 

performed another FVA where all substrate and production rates were unconstrained 

(unconstrained case). Since it is of interest in this study to maximize aroma production and the 

complexity of the aroma profile of wines, it is necessary to increase the flux of certain aroma 

compounds. It must be noted that FBA allows for optimization of a single flux. Therefore, this 

problem was resolved by adding an extra reaction to the network whereby the 1-propanol, 3-

methyl-1-butanol, 2-methyl-1-propanol, 2-methyl-1-butanol 2-phenylethanol, indole-3-

ethanol, and 4-(2-hydroxyethyl) phenol were lumped into a reaction using functions in Cobra 

Toolbox. Note: these lumped reactions were only added for the FVA. Subsequently, a transport 

reaction from the cytosolic lumped product to the same extracellular product was added. This 

allows for optimization of all seven fusel alcohols at the same time. 
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3.2.4 Computing Environment 

Modeling was performed in MATLAB® 2018b  (The MathWorks, Inc., Cambridge, MA, 

USA) using Cobra Toolbox version 3.0 [50–52] and implemented on a Windows 10 (Microsoft 

Corporation, Redmond, WA) Intel® (Intel Corporation, Santa Clara, CA) Core™ i7-7500 CPU 

@ 2.70 GHz- 2.90 GHz processor. Git version 2.19. and curl version 7.61.1 were installed 

before cloning COBRA with Github and initializing COBRA in Matlab. The solver used for 

solving the linear and mixed integer problems was Gurobi version 9.0 (Gurobi Optimization, 

LLC, Beaverton, Oregon) . The GSMM was imported into MATLAB, as an SBML file, and 

curated using Cobra Toolbox. For network visualization, the model was exported into OmixTM 

version 1.9.34 (Omix Visualization GmbH & Co. KG, Lennestadt, Germany) [53] and Escher 

(The Regents of the University of California, Oakland, CA)[54]. 

 

3.3 Results 

3.3.1 Coverage of Aroma Pathways in the Model (GSMM) 

When examining current GSMMs, it becomes apparent that some essential aroma impact 

molecules are missing. Therefore, we addressed this deficiency through literature curation and 

pathway incorporation into an existing GSMM (see Fig. 3.1 and Table 3.1 for details). The 

existing model we used contained five relevant (higher) alcohols and their respective esters, 

which are shown in Table 3.1. Higher alcohols, which form the highest concentrations of aroma 

impact molecules, are produced predominately via the Ehrlich pathway [10,55]. This three-

step pathway (Fig. 3.1) features (i) a transamination reaction between an amino acid and α-

ketoglutarate, (ii) a decarboxylation reaction facilitated by several pyruvate decarboxylases 

where an α-keto acid is converted to a branched-chain aldehyde, and (iii) a reduction step 

catalyzed by alcohol dehydrogenases reducing the aldehyde to a higher alcohol [4,56]. Higher 
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alcohols and their respective pathways that were added to the GSMM include 1-propanol, 

tyrosol, 1-hexanol, and methionol, which have aroma attributes ranging from sweet, floral, and 

fruity (tyrosol) to meaty and oniony (methionol). 

Two different classes of esters, acetate esters and fatty acid ethyl esters, are formed 

depending on their use of acetyl-CoA or acyl-CoA, respectively (Fig. 3.1). Acetate esters are 

compounds such as ethyl acetate, isoamyl acetate, isobutyl acetate, 2-methylbutyl acetate, 

hexyl acetate and 2-phenylethyl acetate. Many of these acetate esters are contained in existing 

GSMMs with the exception of hexyl acetate, which we added to our model. Members of the 

second class of esters, i.e., fatty acid ethyl esters, are formed from a reaction between a bonded 

CoA-MCFA and ethanol as illustrated (see Fig. 3.1). Fatty acid ethyl esters include compounds 

such as ethyl butanoate, ethyl hexanoate, ethyl octanoate, and ethyl decanoate [57].  

 

Table 3.1. Significant higher alcohols or alcohol Coenzyme As (CoAs) and respective esters 
relevant to wine aromas. 
 

Alcohol/Alcohol 

CoA 
Ester Organoleptic Properties 

Present in 

Existing Model 

(iMM904) 

Ethanol  Ethyl acetate Fruity; solvent-like  Yes 

1-Propanol Propyl acetate Fruity; sweet No, newly added 

Isoamylol Isoamyl acetate  Banana; pear  Yes 

Isobutanol Isobutyl acetate  Fruity; sweet Yes 

2-Phenyl ethanol 2-Phenylethyl acetate  Roses; honey; sweet  Yes 

Tyrosol Tyrosyl acetate Floral; fruity No, newly added 

Methionol Methionyl acetate Sulfurous; cabbage; herbal No, newly added 

Hexa-1-ol  Hexyl acetate  Sweet; grape-like No, newly added 

Butanoyl-CoA  Ethyl butanoate Banana; pineapple No, newly added 

Hexanoyl-CoA  Ethyl hexanoate  Aniseed; apple  No, newly added 

Butanoyl-CoA  Ethyl butanoate Banana; pineapple No, newly added 

Decanoyl-CoA  Ethyl decanoate  Waxy; fruity; sweet; apple No, newly added 
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Figure 3.1. Representation of the components of the yeast genome-scale metabolic model (GSMM) related to aroma formation. Each colored 
section shows metabolism related to a respective class of aroma compounds, including the expanded pathways related to amino acid and fatty acid 
degradation and sulfur reduction pathways, as well as formation of fusel alcohols, esters, and sulfur compounds in yeast model metabolism.  The 
entire metabolic network utilized is shown in Appendix A (Fig. A.2). 
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Sulfur-containing compounds are also formed during alcoholic fermentation. These 

compounds are diverse in character from simple thiols (e.g., methanethiol) to sulfides (e.g., 

hydrogen sulfide) to thioesters. Given that there is an extensive variety of sulfur-containing 

compounds that can arise during alcoholic fermentation and that many volatile sulfur pathways 

in yeast are still poorly understood [8], we mainly focused on the assimilation of sulfur and its 

links to amino acid metabolism. Sulfur compounds are produced by the sulfate-reduction 

sequence pathway where, by means of sulfate permease (SUL1 or SUL2), sulfate is taken up 

from the medium and reduced to sulfite, followed by further reduction to sulfide through MET5 

and MET10, respectively [9,58]. Next, excess sulfide is either used to form hydrogen sulfide, 

which is excreted from the cell or becomes incorporated into the amino acid synthesis pathway. 

Sulfide combines with O-acetyl-homoserine to form homocysteine [5]. From here, methionine-

γ-lyase can convert the reaction from methionine to a methanethiol, which can subsequently 

serve as a precursor to some thioesters and sulfides (Fig 3.1). We extended the coverage of 

known sulfur producing pathways in our GSMM by adding pathways for methionol, methionyl 

acetate, and dimethyl disulfide. The other parts of sulfur metabolism were already included in 

the GSMM.  

In order to properly model metabolic impacts of aroma formation, we incorporated and 

added to the reconstruction known aroma forming reactions, as well as relevant chemical, non-

enzymatic, conversions and transport reactions. In total, we integrated 58 reactions, 43 

metabolites, and three enzyme-catalyzed reaction-associated genes involved in flavor 

formation into the base GSMM to form the newly expanded model iWS902. iWS902 contains 

eight compartments: cytosol, endoplasmic reticulum, extra organism, Golgi apparatus, 

mitochondria, nucleus, peroxisome, and vacuole. Also, iWS902 is annotated according to 

BiGG database convention (http://bigg.ucsd.edu/). A comprehensive table of reactions 

(enzyme commission number, reaction equation, etc.) (Table A.3), their associated genes 
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(Table A.1), and metabolites (Minimum Information Required in the Annotation of Models 

(MIRIAM), composition, charge number, compartment, etc.) (Table A.2) that were added to 

the model are shown in the Supplementary Material in Appendix A (Tables A.1–A.3). 

 
3.3.2 Validation of Model Predictions 

FBA (see Methods) was used to assess the predictive capability of our modified GSMM 

model to simulate yeast fermentation behavior under two relevant growth conditions for the 

industrially relevant strain EC1118 in a chemostat, Cases I and II as defined in the Methods 

section (for more detail see Supplementary Table A.4). These growth conditions likely mimic 

a stage of a wine fermentation corresponding to the end of exponential growth phase for each 

case. The use of a chemostat facilitated direct measurement of the growth and 

consumption/production rates of key metabolites as they are constant over time. Since the 

maximum rate of production of key volatile higher alcohols [59] and other aroma precursors 

occurs just at the onset of stationary phase as cells are leaving exponential phase, these data 

were chosen for evaluating model predictions of aroma and other compounds produced by the 

yeast.  

GSMM predictions are shown with the experimental data for the two enological 

fermentation cases (Fig. 3.2). Here it is illustrated that our model, using the set of constraints 

developed in this study, succeeded in predicting the formation of many key metabolites. 

Furthermore, our simulations predicted soundly for major metabolites as well as biomass 

growth in Case I while predicting somewhat less accurately for biomass growth in Case II and 

acetate formation for both cases. More specifically, the biomass growth rate was predicted to 

be 24% less than the experimentally determined biomass growth rate in Case II and 10% less 

than the experimentally determined biomass growth rate in Case I. Despite underestimating 

biomass growth, we were able to successfully predict metabolites formation for both cases. 
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More specifically, ethanol, carbon dioxide, and glycerol were predicted well, while 

carbon dioxide production was predicted to be 29% higher than the experimental flux for Case 

II. The model predicted relatively successfully the formation of some metabolites including the 

production of volatile aroma metabolites. While for both cases the model predicted production 

of organic acids (succinate and lactate) close to experimental production rates, acetate 

production in both cases was significantly under-predicted. Applying FBA to our model, we 

effectively predicted the production rates of higher alcohols, particularly; 1-propanol, which 

was added to the GSMM, is predicted rather closely to experimental production rates for both 

conditions. Furthermore, the simulated production rates of other higher alcohols (3-

methylbutanol (isoamyl alcohol), isobutanol, 2-phenyl ethanol, and 2-methyl-1-butanol) show 

considerable agreement with their experimental production rates for Case I, although there is a 

slight over prediction for many of these higher alcohols for Case II. GSMM predictions for 

Case III and Case IV are shown in Fig. A.1 in Appendix A. 
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Figure 3.2. Comparison of GSMM simulations (red bars) with experimental data [30] (blue 
bars). Model predicted and experimental values for biomass growth rates, primary metabolite 
production fluxes, and secondary metabolite production fluxes represent conditions for Case I 
and Case II. Experimental data are shown with standard deviation error bars. 
 

3.3.3  Analysis of Active Aroma Reactions in Metabolic Network 

After validating the model with existing data, it was then possible to use the model to 

understand the differences in metabolic states of strain EC1118 between Cases I and II. 

Metabolic differences are visually depicted in network maps of our two phenotypes from FBA 
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simulations for core carbon metabolism (Fig. 3.3), as well as sulfur and amino acid degradation 

metabolism (Fig. 3.4). Additionally, more complete and integrated networks featuring 

metabolic flux distributions within central carbon metabolism and amino acid metabolism are 

shown in the supplementary material (see Fig. A.3 and Fig. A.4). For central carbon 

metabolism the most apparent differences are concerning the pyruvate-oxaloacetate node 

which is a major branch that functions as a linking point between glycolysis, gluconeogenesis, 

and the TCA cycle. Our model predicted that there is a difference in the distribution of fluxes 

regarding the oxaloacetate shuttle where, for Case I, there is a preference for α- ketoglutaric 

acid formation, whereas for Case II, there is a preference for the formation of citric acid. The 

model also predicts differences in the manner in which acetic acid forms (Fig. 3.3). For Case 

I, the simulated metabolism favors using both aldehyde dehydrogenase and acetyl CoA 

synthase to produce acetate. However, for Case II, the simulated metabolic flux distribution 

prefers solely the aldehyde dehydrogenase route.  

For amino acid metabolism, there are apparent differences in simulated flux distributions 

when observing utilization pathways of leucine, valine, and tryptophan (Fig. 3.4). There is a 

slight difference in flux distribution between our two cases where simulated routes of leucine 

and valine in Case I chose a different path using IPPSm (mitochondrial isopropylmalate 

synthase) instead of using IPPS (cytosolic 2 isopropylmalate synthase) to form α-ketoisovaleric 

acid. This, in turn, impacts the predicted formation of fusel alcohols such as isobutanol. For 

tryptophan metabolism in Case II, the model predicts that there is flux to the production of 

indole-3-aldehyde, which is a precursor to tryptophol, in addition to the flux to tryptophan. The 

model predicts no flux being diverted to tryptophol for Case I. However, overall, there was not 

much difference in flux distribution of many of amino acid pathways responsible the fusel 

alcohols alcohol between the two cases, although the fluxes are generally higher in Case II by 

a factor of two.  
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When examining sulfur metabolism, there is a stark contrast in predicted flux distribution 

between the two cases, especially when examining the flow and utilization of sulfate and the 

sulfur-containing amino acids cysteine and methionine, which are highly involved in sulfur 

metabolism. In Case I, it was predicted that sulfate is further metabolized and then coupled 

with serine metabolism to form cysteine, whereas in Case II, flux to serine is higher and sulfate 

is not utilized. In addition, the model predicts fluxes directed toward formation of undesirable 

sulfur compounds such as hydrogen sulfide and methanethiol for Case I. However, the model 

predicts formation of methanethiol only for Case II.  
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Figure 3.3. Network maps of central carbon metabolism. Network fluxes were determined for Case I (left) and Case II (right) where the network 
illustrates the optimal solution from flux balance analysis (FBA). Note that the scales, as indicated in the legends, are different for Case I and Case 
II. 
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Figure 3.4. Network maps of amino acid and sulfur metabolism. Network fluxes were determined for Case I (left) and Case II (right) where the 
network illustrates the optimal solution from FBA. Note that the scales, as indicated in the legends, are different for Case I and Case II 
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3.3.4  Exploring Network Flexibility via FVA 

In order to be able to modulate aroma production in yeast fermentations, it is important 

to know which enzymes and reactions are essential and contribute most to their production. 

Therefore, we applied flux variability analysis (FVA) to identify these enzymes and reactions. 

In brief, the method computes the minimal and maximal flux values that a metabolic reaction 

can take without affecting the cellular objective(s). Total fusel alcohol production was chosen 

to be maximized here, as an example, since these aroma molecules are formed in the highest 

quantity (excluding ethanol) during yeast fermentation and serve as precursors to other aroma 

molecules such as acetate esters. To determine the flux range, we first computed the production 

of the maximal total fusel alcohol production using FBA. Next, the total fusel alcohol 

production was fixed at the value obtained from FBA and used to run FVA. FVA was 

performed for two scenarios: (1) the model was constrained based on experimental data on 

uptake and secretion rates under Case I conditions from literature [30] and (2) the model was 

unconstrained mimicking a “super-rich” medium (see Methods, FVA). The resulting flux 

ranges from FVA for every reaction can be divided into three groups: (I) essential reactions, 

where the minimal and maximal flux is non-zero; (II) non-essential reactions, where the 

minimal flux is zero and maximum value is non-zero; and (III) inactive reactions, where both 

minimum and maximum fluxes are zero.  

There are some discernible contrasts in flux variability illustrated between the two 

scenarios regarding Group I aroma-associated reactions (Fig. 3.5). The total amount of Group 

I aroma-associated variable fluxes is different where there are 19 of these type of reactions in 

the Constrained Case (Fig. 3.5a) and 10 reactions in the Unconstrained Case (Fig. 3.5b). Since 

the Unconstrained Case represents an extreme rich medium it is expected that in this case the 

number of essential reactions is lower. However, 10 of the essential reactions overlap for the 

two cases. For the Constrained Case, all of these Group I essential aroma reactions contained 
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a zero to small flux range (<0.2687 mmol gDW−1 h−1) (Fig. 3.5). In fact, 14 out of 19 reactions 

have a zero-flux range representing essential reactions that when slightly changed, the 

objective, i.e., aroma production, will immediately change as well.  

 
(a) 

 
(b) 

Figure 3.5. Flux spans for Group I fluxes for the optimal production of aroma impact fluxes 
represent conditions Case I where uptake fluxes are constrained based on experimental data (a, 
top) and unconstrained conditions (b, bottom). Bars depict the possible range (minimum and 
maximum) fluxes (mmol gDW−1 h−1) and dot indicates the average flux calculated by flux 
variability analysis (FVA) for reactions. 
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3.4 Discussion 

Studies have pressed the need for understanding how altering the fermentation 

environment induces changes in secondary metabolism, especially when impacting 

organoleptic properties of products [10]. This illustrates the demand for suitable tools to aid in 

understanding the role of yeast metabolism in aroma formation especially with regard to higher 

alcohol and ester synthesis. We improved the GSMM for S. cerevisiae for studying wine 

fermentation by including aroma forming pathways previously not contained in existing S. 

cerevisiae GSMMs. This expanded GSMM permitted the comparison of yeast metabolism, 

specifically aroma formation under varying fermentation conditions. While this is an important 

advance over previous models, further curation and adaptation may be necessary to 

exhaustively predict yeast-derived aroma compounds, such as those derived from phenolics, 

which can sometimes be important to flavor. Despite this, one can apply approaches found in 

this study to expand GSMMs in order to investigate aroma in wine or other alcoholic 

fermentations. It was also noted here that this model still requires small fluxes of oxygen into 

the cells in order to predict cell growth and fermentation. Since other GSMMs [42,44,60] have 

been developed where this is not necessary, it would be useful to continue development on this 

model to incorporate this behavior, along with the ability to accurately predict yeast-derived 

aroma production. 

Using FBA, our expanded GSMM generated relatively accurate predictions for the 

secondary metabolite formation including the production of volatile aroma metabolites. The 

model did, however, underestimate the growth rate in both Case I and II (10% in Case I and 

24% in Case II). This could be due to several factors. First of all, the model biomass equation 

may not reflect the most precise medium conditions used in the experiment [61]. Second, there 

is genetic variation between wine yeast strains that affect the utilization of nitrogen which is 

needed for biomass growth [62]. This highlights the need for more environmental, as well as 
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genetically specific biomass equations, including one for wine applications. Co-factor balance 

is confirmed based on our observation that the model with the given constraints predicts growth 

of biomass. Without co-factor balance, growth cannot be predicted. While the model predicted 

production of organic acids (succinate and lactate) close to experimental production rates for 

both simulated cases, acetate production in both cases was under-predicted. Acetate production 

is known to be coupled to additional ATP generation within yeast cells. This only happens if 

the redox balance is restored somewhere else in the metabolic network. In addition, the under-

prediction of the acetate flux could be related to an under estimation of the maintenance 

coefficient, reaction—ATPM (see GSMM). This could point to competition with pyruvate 

dehydrogenase linked reactions within the network and respiratory pyruvate dehydrogenase 

(PDC5) linked reactions where PDCs facilitate more pyruvate from the pathway than necessary 

diverting it toward ethanol [63]. In the study by Quiros et al., the flux toward oxaloacetic acid 

production (OAA) was not significantly impacted by the variables investigated in the study. 

However, our results indicate the routes of OAA production shifted from mitochondrial 

production to cytosolic when going from Case I to Case II. This is interesting as it points to 

environmental effects (e.g., temperature) influencing the mechanism of acetate production as 

has been suggested in other studies [64]. High osmolarity resulting from high sugar 

concentrations in the feed induce glycerol production [65,66]. In addition, it is clear from these 

results that the model is predicting more carbon flux directed towards ethanol and glycerol 

production than to cell growth compared to experimental observations, which may indicate a 

need for further model curation.  

Our GSMM describes production of volatile aroma compounds by linking aroma 

formation pathways to central carbon metabolism where precursors are synthesized. The 

production of fusel alcohols (under anaerobic conditions) can and will be used as extra capacity 

to regenerate NAD+. This results in adding more flexibility in the network in terms of redox 
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co-factor regeneration. Moreover, it has been proposed that ester production enables control of 

intracellular redox balance and some esters are involved in the preservation of plasma 

membrane fluidity [67,68]. Intracellular esterification of MCFAs could also help yeast cells to 

get rid of toxic MCFAs through diffusion out of the plasma membrane [69]. In any case, 

extracellular ester production is believed to play a significant evolutionary role in leading to 

spread of yeast throughout the environment as esters attract insects by indicating the presence 

of rotting fruits [70]. Our expanded GSMM was able to predict the formation of some these 

desirable esters (isoamyl acetate, isobutyl acetate, and 2-methylbutyl acetate) (data not shown), 

where, under the Case I, there was more predicted ester production than Case II. This result is 

supported by studies that have indicated higher alcohol and consequently higher acetate 

production under higher temperature conditions [71,72]. Moreover, Saerens et al. [22] showed 

that alcohol O-acetyltransferase 1 (ATF1) and alcohol O-acetyltransferase 1 (ATF2) 

expression is positively correlated with temperature and thus would boost acetate ester 

production under certain temperature conditions. Production of sulfur compounds from sulfur 

reduction pathways is also represented in our model simulations (Supplementary Figs. B.1 and 

B.2). There are some contrasts in flux distribution throughout sulfur metabolism when 

comparing the flux distributions found for our two cases. This can be due to the Case I having 

methionine or cysteine-limited conditions, thus leading to O-acetylserine and O-

acetylhomoserine limitations, which results in excess sulfide that is diverted to hydrogen 

sulfide [73]. On the other hand, Case II could contain non-limiting cysteine or methionine 

concentrations which would lead to sulfide reacting with O-acetylserine or O-acetylhomoserine 

to form homocysteine [5].  

In order to investigate the metabolic capability and the potential for suggesting 

metabolic modification, the solution space of our expanded GSMM was evaluated using FVA. 

The flexibility of the GSMM network was explored for a constrained case and an unconstrained 
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case. When examining the unconstrained case, it is observed that there are three Group I 

essential aroma reactions; ALCD5xi, 3MOBDC, and PYRDC4 which have zero flux 

difference. These reactions are also essential with zero flux range in the constrained case, 

suggesting unconditional essentiality with zero flux spans. Moreover, in the genes associated 

with the three most essential reactions are PDC1, PDC5, PDC6, ADH1, ADH2, ADH4, ADH5, 

and SFA1. Many of the Group I aroma-associated reactions are closely connected to the Ehrlich 

pathway and several are reactions we added to the GSMM e.g., aldehyde dehydrogenases (via 

propanol and tyrosol). Based on these results, we propose that Group I reactions with zero flux 

span are of particular interest for metabolic engineering of aroma production, since these 

reactions will change aroma production once their fluxes are perturbed even slightly. This 

applies especially to the unconditionally essential ones with zero flux spans as these are 

environmentally independent (i.e., both present in the constrained case and the unconstrained 

case). In addition, our results are supported by studies that have increased higher alcohol 

production by modulating alcohol dehydrogenases (ADH1, ADH2) to increase higher alcohol 

production [74,75]. Taken together, we can conclude that, under the given experimental 

conditions, Group I aroma-associated reactions can serve as potential candidates for steering 

aroma profiles. 

Even with some of these limitations, we have shown that this GSMM incorporating 

aroma production pathways is able to predict aroma compound production under different 

growth conditions and helps to explain the metabolic fluxes underlying these differences. These 

predictions were made using constraints relevant to winemaking or enological conditions, 

including mostly anaerobic and nitrogen-limited conditions. With this model, it should be 

possible now to predict and understand aroma metabolism in yeast over the course of an entire 

wine fermentation and as a function of different commercial yeast strains, thus creating a tool 

to modify fermentation behavior through culture conditions and strain selection or 
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development. Although this study was specific to wine aroma formation, it is expected that the 

work presented here can be applied to understand and study aroma formation in other types of 

alcoholic fermentations as well. 

 

3.5 Conclusions 

In this study, a GSMM for S. cerevisiae was expanded by adding metabolic pathways 

that lead to the formation of various aroma compounds. Many aroma compounds producing 

pathways particularly related to ester and sulfur formation were incorporated into a widely used 

GSMM for S. cerevisiae. This study is distinctive from previous aforementioned studies in that 

it applies a GSMM to comprehensively study yeast metabolic impacts on aroma formation 

under enological conditions. This expanded model was used for examining aroma formation 

under enological conditions with input of published experimental data for two growth 

conditions. By applying FBA, fermentation performance such as biomass growth rates and 

product secretion rates were predicted and compared favorably to experimental values for a 

commercial yeast strain. Furthermore, we applied the extended model to compare key 

differences in metabolic flux distributions between the two growth condition cases. Finally, we 

predicted key essential reactions that are of particular interest for metabolic engineering 

purposes aiming to modulate aroma production. Therefore, we have illustrated how this newly 

expanded GSMM can be a helpful tool for winemakers and researchers alike that are interested 

in understanding aroma formation during wine formation. 
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Abstract 

Strain and environmental nutrient concentrations can affect the production of sensory 

impact compounds during yeast fermentation. Despite reports on the impact of nutrient 

conditions on kinetics of cellular growth, it is uncertain to what extent nitrogen utilization by 

commercial Saccharomyces cerevisiae wine strains affects the production of volatile organic 

(aroma) compounds (VOCs). Here we ask whether i) consumption of amino acids contribute 

to VOCs (fusel alcohols, acetate esters, and fatty acid esters) in commercial S. cerevisiae yeast 

strains, ii) there is inter-strain variation in VOC production, and iii) there is a correlation 

between the production of aroma compounds and nitrogen utilization. We analyzed the 

consumption of nutrients as well as the production of major VOCs during fermentation of a 

chemically defined grape juice medium with four commercial S. cerevisiae yeast strains: Elixir, 

Opale, R2, and Uvaferm. The production of VOCs was variable among the strains where 

Uvaferm correlated with ethyl acetate and ethyl hexanoate production, R2 negatively correlated 

with the acetate esters, and Opale positively correlated with fusel alcohols. The four strains' 

total biomass formation was similar, pointing to metabolic differences in the utilization of 

nutrients to form secondary metabolites such as VOCs. To understand the strain-dependent 

differences in VOC production, partial least-squares linear regression coupled with genome-

scale metabolic modeling was performed with the objective to correlate nitrogen utilization 

with fermentation biomass and volatile formation. Total aroma production was found to be a 

strong function of nitrogen utilization (R2 = 0.87). We found that glycine, tyrosine, leucine, and 

lysine utilization were positively correlated with fusel alcohols and acetate esters 

concentrations e.g., 2-phenyl acetate during wine fermentation. Parsimonious flux balance 

analysis and flux enrichment analysis confirmed the usage of these nitrogen utilization 

pathways based on the strains’ VOC production phenotype. 
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Importance 

Saccharomyces cerevisiae is widely used in grape juice fermentation to produce wines. 

Along with the genetic background, the nitrogen in the environment in which S. cerevisiae 

grows impacts its regulation of metabolism. Also, commercial S. cerevisiae strains exhibit 

immense diversity in their formation of aromas, and a desirable aroma bouquet is an essential 

characteristic for wines. Since nitrogen affects aroma formation in wines, it is essential to know 

the extent of this connection and how it leads to strain-dependent aroma profiles in wines. We 

evaluated the differences in the production of key aroma compounds among four commercial 

wine strains. Moreover, we analyzed the role of nitrogen utilization on the formation of various 

aroma compounds. This work illustrates the unique aroma producing differences among 

industrial yeast strains and suggests more intricate, nitrogen associated routes influencing those 

aroma producing differences. 

 

Keywords: Volatile Organic Compounds, HS-SPME/GC-MS, Saccharomyces cerevisiae, 

Fermentation, Wine, Metabolic Modeling 
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4.1 Introduction 

It has been widely recognized that yeast cell growth and overall wine fermentation 

performance are regulated by initial nitrogen levels within the grape must. Consequently, 

nitrogen limitation can induce sluggish or stuck fermentations [1-4]. Ammonium and amino 

acids are the primary nitrogen sources used by yeast for general biosynthetic purposes by 

transferring the amine functional group [5, 6]. Not only are yeast cell growth and fermentation 

completion influenced by the quality and amount of ammonia and amino acids in the grape 

must, also the production of many crucial volatile organic compounds (VOCs) that are 

associated with desirable wine bouquet are impacted [7-11]. More specifically, these desirable 

VOCs are higher alcohols and their associated esters and fatty acids. The higher alcohols are 

products of the Ehrlich pathway, which use branched-chain and aromatic amino acids as 

substrates [12]. 

It has been shown that an inverse correlation exists between initial nitrogen levels 

(excluding at low initial nitrogen levels) and fusel alcohol concentrations [8, 13-16]. 

Furthermore, it has been demonstrated in wine fermentations using S. cerevisiae that amino 

acids are directly involved in the formation of higher alcohols, esters, and fatty acids and these 

volatile organic compounds subsequently influence aroma attributes of wines [12, 17]. Non-

volatile compounds, including glycerol, malic acid, and succinic acid, have also been shown to 

fluctuate depending on nitrogen concentration and source [18-20]. Although VOC precursors 

produced via the Ehrlich pathway have been confirmed, various other amino acids such as 

alanine, lysine, glycine, histidine, and glutamine could potentially act as precursors or 

regulators of numerous metabolic pathways linked to aroma compound production. Moreover, 

surprisingly little is known about the relationship between the dynamics and timing of amino 

acid utilization and VOC production throughout grape must fermentation. Modulating 

desirable VOC yield in production strains will allow for valuable process advances in 
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improving wine aroma bouquet, as well as increased flexibility in the production of specific 

aroma compounds for targeted types of wines. In addition, broader insights into aroma 

development could potentially lead to the introduction of these qualities into production strains 

with other desirable characteristics e.g. creating full-bodied aromas in low alcohol wines. 

Acetate esters and medium-chain fatty acid (MCFA) esters, exhibit a more intricate relationship 

with initial nitrogen levels because of their biosynthetic routes of production. However, 

previous work has shown ethyl acetate is positively correlated to medium nitrogen levels [7, 8, 

15, 21, 22]. A commonly used practice in winemaking is to add nitrogenous compounds to 

avoid problem fermentations empirically. Although this heuristic is moderately successful, its 

benefits are inconsistent since the sole addition of inorganic nitrogen as well as improper 

supplementation of nitrogen have been revealed to negatively impact fermentation 

performance and aroma compound formation [10, 23]. More precisely, low yeast assimilable 

nitrogen concentrations can cause stuck fermentations and lead to higher H2S levels, while high 

YAN concentrations may cause greater turbidity, stimulate microbial instability and facilitate 

the formation of unpleasant aromas [24-26]. Thus, it would be most advantageous to be able to 

pre-determine nitrogen levels and the timing of additions to a wine medium to achieve proper 

aroma character and wine styles, though this is not yet possible with current knowledge of the 

system. 

The numerous S. cerevisiae strains, which are selected for winemaking, differ 

immensely in their aroma production profiles [27-29]. For example, a study that used two 

strains demonstrated the strain with the higher nitrogen requirement formed the higher ester 

concentration during fermentation of a Chardonnay must [30]. Strain-dependent VOC 

production profiles could be due to variations in how yeast cells metabolize and utilize 

nitrogenous compounds. Another study, in which three yeast strains were examined in 

chemically defined media with different nitrogen compositions, indicated measurable 
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differences in volatile and non-volatile compounds especially for the total amount of esters 

[31]. Moreover, Miller et al. [29] showed strain-specific differences in the production of 

volatile esters in Chardonnay grape juice with varying initial nitrogen levels. Although these 

studies were groundbreaking in illustrating strain-dependent behavior for several yeast strains 

under various environmental conditions, they lacked insight regarding the roles specific 

nitrogenous compounds play in the formation of VOCs during fermentation. 

Previous studies [29, 31, 32] have examined the dynamics of the relationship between 

nitrogen utilization of commercial S. cerevisiae strains and the production of VOCs e.g., fusel 

alcohols and acetate esters. However, earlier studies may be incomplete as it has been suggested 

that other nitrogen sources or nitrogen-involved metabolic pathways play a role in VOC 

formation in alcoholic fermentations such as beer [32, 33]. The four industrial S. cerevisiae 

strains, Elixir, Opale, R2, and Uvaferm investigated in this work exhibit a range of fermentation 

and aroma producing capabilities. We illustrated strain-specific behavior affecting the 

production of key wine associated VOCs. In order to further understand the role of nitrogen 

utilization in the various aroma-producing attributes among these strains, we applied 

established principles regarding amino acid degradation. We described how VOCs produced 

during fermentation correlated with nitrogen (ammonia and amino acids) utilization employing 

partial least squared (PLS) regression. This multivariate statistical technique was used to 

elucidate high dimensional data sets to determine possible mechanisms of aroma formation and 

identify candidate nitrogen sources (ammonia/amino acids) that are essential to these 

mechanisms. Moreover, we established underlying mechanistic linkages between nitrogen 

utilization and VOC production using genome-scale metabolic modeling.  
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4.2 Results 

4.2.1 Fermentations  

Fermentations were carried out for each of the S. cerevisiae strains in triplicate to evaluate 

nutrient utilization, i.e. ammonia, amino acids, and sugar consumption, as well as VOC (aroma) 

production capabilities across strains growing in the same enological medium. All 

fermentations were conducted under atmospheric conditions at a temperature of 20℃ and were 

performed until completion (t = 404 hr). Throughout the fermentation, cell biomass (estimated 

from OD600 measurements) and °Brix levels were monitored at 11 time points. Biomass 

growth, sugar utilization, and ethanol formation curves are shown (see Fig. 4.1A).  

 

Figure 4.1. Growth, nutrient consumption, and metabolite production kinetics of the four yeast 
strains in MMM medium depicting (A) dry cell weight (biomass) and (B) major metabolites 
over the course of the fermentations. Error bars represent standard deviations (n = 3). 
 

All strains reached maximum biomass at approximately 120 hr. Furthermore, all strains 

do not significantly differ in biomass concentrations (One-way ANOVA, p = 0.974). All 

cultures were fermented to completion (less than 4g/L residual sugar [34]). More specifically, 

fermentations performed with Uvaferm, R2, Opale, and Elixir strains resulted in total final 
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sugar concentrations of 1.6 g/L, 0.9 g/L, 1.3 g/L, and 0.3 g/L, respectively. All the strains 

reached similar final ethanol concentrations ranging between 90 and 100 g/L. The glycerol, 

malic acid, acetic acid, lactic acid, succinic acid, and 1,2 propanediol production were 

measured, as these compounds are vital to the sensory characteristics and stability of wines. 

Glycerol concentrations found in the cultures ranged from 6.3 g/L for R2 to 7.5 g/L for Uvaferm 

(see Fig. 4.1B). These values conform to those found in wine [35]. For all strains, malic acid 

levels were relatively constant throughout the fermentation at approximately 3 g/L (Fig. 4.1B). 

Acetic acid production levels varied between the strains with all of the final concentrations in 

the range of 350 mg/L for Opale to 550 mg/L for R2 (Fig. 4.1B). Succinic acid concentrations 

reached by the strains ranged from 0.8 g/L for R2 to 1.3 g/L for Opale (Fig. 4.1B). Final 

concentrations of 1,2 propanediol were relatively similar among the strains varying from 109 

mg/L for Elixir to 160 mg/L for Uvaferm (Fig. 4.1B). One-way ANOVA revealed (95% 

confidence interval) that the production of acetic acid, malic acid, and succinic acid was 

significantly different among all of the strains (p < 0.05). In contrast, concentrations of the 

other six major metabolites (Fig. 4.1B) did not differ significantly among the strains (p > 0.05). 

4.2.2 Nitrogenous compound utilization and VOC production profiles during fermentation  

The concentrations of ammonia and amino acids were measured over the course of the 

fermentations (Fig. 4.2). Amino acid and ammonia consumption profiles deviated between all 

of the strains illustrating strain-dependent behavior for some compounds such as alanine, 

glycine, asparagine, leucine, and phenylalanine. Moreover, concentrations of other amino acids 

such as serine, valine, lysine, methionine, and threonine, differed significantly between across 

two or three strains. Overall, the level of consumption for 15 out of 20 amino acids studied 

differed significantly (ANOVA, p < 0.05). However, these and most variations in amino acid 

concentrations were observed at 20 and 28 hours. As noticed (Fig. 4.2), it is evident that 

ammonia is consumed most rapidly, even before amino acids in the synthetic must. All of the 
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amino acids were consumed during the fermentations except proline, which was not taken up 

and remained in the medium until the end of fermentation (data not shown). 

 

Figure 4.2. Amino acid and ammonia consumption of the four yeast strains in MMM medium 
showing the change of amino acid concentrations during fermentation. Error bars represent 
standard deviations (n = 3).  

 

Many amino acids were mainly consumed during the exponential cell growth stage of 

fermentation. Only some small amounts of Ala, Asn, Gly, and Met, remained in the media after 

100 hours, though all are utilized shortly after that. The consumption data reveal preferences 

of yeast for particular amino acids during utilization over the exponential growth phase. The 

consumption of the nitrogenous compounds can be separated into four groups based on the 

time at which 95% utilization occurs from the compound. Group I consists of earliest consumed 

compounds where strain-dependent consumption NH3, Asn, Lys, Met, Ile (Uvaferm only), and 

Thr (Uvaferm only) occurs with 95% of their concentrations being drastically depleted by 28 

hours. Group II contains subsequently preferred compounds where 95% of the compound was 

consumed by 44 elapsed hours. These compounds are Arg, Gln, Ile, Leu, Phe, Ser, Thr, His, 

Asp, and Val. Group III consists of compounds such as Ala, Trp, and Tyr which all show steady 
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consumption until 95% of their concentrations were utilized by 72 hours. A remaining group, 

Group IV, was taken up after some initial delay (not consumed within the first 20 hours) and 

did not have 95% utilization until after 96 hours. This sole amino acid was Gly. 

 

Figure 4.3. VOC (aroma) production of the four yeast strains in MMM medium showing the 
change of VOC concentrations during over the course of the fermentations. Standard deviations 
are represented (n = 3). 

To study the relationship between amino acid consumption and VOC formation during 

grape juice fermentation, 10 VOCs (aromas) were measured using HS SPME GC-MS from 

various compound classes pertaining to different aroma properties throughout the fermentation 

process (Fig. 4.3). The compounds consisted of four fusel alcohols: isobutanol, isoamyl 

alcohol, 2-phenyl ethanol, and methionol; four acetate esters: ethyl acetate, isobutyl acetate, 

isoamyl acetate, and 2-phenyl ethyl acetate; and two ethyl esters: ethyl butanoate and ethyl 

hexanoate. The kinetics of the measured VOCs formation was dependent on the yeast strain. 

In addition, the maximum and final concentration of VOCs varied significantly among the 

strains (ANOVA, p < 0.05). At 168 hours of fermentation, the VOC concentrations among the 

strains was significantly different for eight VOCs while two were the same. These compounds 
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that did not differ significantly at the end of fermentation were 2-methyl-1-propanol and 2-

methyl-1-propyl acetate.  

 
All VOCs begin to form early in the fermentation process. Some compounds such as 3-

methyl 1-butanol and methionol were even generated before 20 hours though nearly all VOCs 

formation characteristically corresponds with yeast growth. Moreover, the maximum 

production rate of fusel alcohols and acetate esters occurred from 28 hours to 96 hours. Fusel 

alcohols were produced at the highest concentrations with isoamyl alcohol, isobutanol, and 1-

propanol showing the most rapid production earliest during fermentation. The acetate ester 

production rate began to decline for all of the strains after 96 hours and became relatively 

stagnant after 168 hours. Profiles for ethyl esters were similar to those observed for acetate 

esters. However, initial ethyl ester formation proceeded at a lower rate than acetate esters, and 

the maximum concentrations were much less than acetate esters. Overall, most VOCs stagnated 

production after 96 hours, which indicates growth-dependent behavior. Some VOCs, in 

particular, 2-methyl-1-propyl acetate, show a decrease in concentration towards the end of 

fermentation most likely due to volatilization. All final VOCs concentrations were found within 

the typical range found in wines [28]. 
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Figure 4.4. PCA scores and loadings plot of PC1 and PC2 derived from the volatile compounds 
produced by the yeast strains at t = 168 hours. 
 

In order to compare the results of volatile production by the strains, a principal 

component analysis (PCA) of the VOCs was performed. From the PCA, 76.26% of the variance 

was explained by the first two principal components (PC) (PC1 = 51.25% and PC2 = 24.98%). 

As depicted, separation of the samples was achieved according to the yeast strains (Fig. 4.4). 

PC1 separated R2 from the other three strains, while PC2 separated Elixir, Opale and Uvaferm 

strains. Although Lallemand characterizes Uvaferm as a neutral aroma-imbuing strain, 

loadings for ethyl hexanoate and ethyl acetate were correlated with the Uvaferm strain 

indicating relatively higher production for Uvaferm. Opale and R2 are described as conveying 

citrus, fruity, and floral aromas to wines from enhanced ester production and low H2S and SO2 

formation. Nevertheless, higher loadings for fusel alcohols were correlated with the Opale 

strain along PC2, whereas loadings for the acetate esters were negatively correlated with the 

R2 strain indicating relatively low acetate ester formation. The manufacturer claims that Elixir 
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produces a wide array of beneficial fatty acid esters while limiting formation of acetate esters. 

As depicted, it appears Elixir has a correlation with ethyl butanoate and ethyl acetate (Fig. 4.4).  

4.2.3 Correlations of nitrogenous compound utilization with VOC formation  

One of the main hypotheses of this study asserted that utilization of ammonia and amino 

acids during fermentation contributed to the characteristic difference in the formation of VOCs 

among the yeast strains. Firstly, ammonia and amino acids serve as an essential nitrogen source 

promoting good growth of the S. cerevisiae culture. Therefore, enhancing growth of yeast 

cultures leads to the overall increase of production of VOCs and VOC precursors. Secondly, it 

is known that specific amino acids are utilized and degraded which contribute to the synthesis, 

via the Ehrlich pathway, of fusel alcohols and subsequently to the production of acetate esters. 

However, other pathways related to lysine and glycine degradation, which have been shown to 

play a role in VOC formation in other types of fermentations may be essential to enological 

fermentations as well. To evaluate this hypothesis and understand the causes of strain-

dependent variation, the ammonia and amino acid utilization for all four yeast strains were 

measured and correlated with biomass formation and VOC production for 11 different aroma 

compounds during exponential growth phase (Table 4.1). 
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Table 4.1 Summary of results from partial least-squares regression analysis 

Response variable 
(predictor 
variable) 

No. of 
latent 
variab
les 

RMSEC RMSECV  R2  Q2 

% 
variance 
captured  
X-block 

% 
variance 
captured 
Y-block 

Biomass concn. 
(nitrogen util.) 10 0.24 0.30 0.96 0.93 100.00 95.52 

Fusel alcohol 
concn. (nitrogen 
util.) 

5 47.25 53.11 0.87 0.83 100.00 87.02 

1-Propanol concn. 
(nitrogen util.) 9 5.35 6.92 0.92 0.87 100.00 92.02 

3 Methyl-1-butanol 
concn. (nitrogen 
util.) 

7 35.56 40.57 0.82 0.77 100.00 82.32 

2 Methyl-1-
propanol concn. 
(nitrogen util.) 

8 7.69 9.44 0.80 0.71 99.79 80.17 

2 Phenylethanol 
concn. (nitrogen 
util.) 

4 7.09 7.68 0.85 0.82 100.00 84.82 

Methionol concn. 
(nitrogen util.) 8 0.64 0.73 0.61 0.50 100.00 61.01 

Acetate ester concn. 
(nitrogen util.) 12 12.83 16.69 0.84 0.74 99.95 84.16 

Ethyl acetate concn. 
(nitrogen util.) 11 11.10 14.85 0.85 0.73 99.97 84.48 

3 Methyl-1-butyl 
acetate concn. 
(nitrogen util.) 

12 1.51 2.06 0.85 0.74 99.91 85.43 

2 Methyl-1-propyl 
acetate concn. 
(nitrogen util.) 

14 0.01 0.01 0.85 0.74 100.00 85.42 

2 Phenylethyl 
acetate concn. 
(nitrogen util.) 

12 0.10 0.13 0.82 0.72 99.97 82.30 

Fatty acid ethyl 
ester concn. 
(nitrogen util.) 

4 0.73 0.81 0.77 0.72 100.00 77.19 

Ethyl butanoate 
concn. (nitrogen 
util.) 

11 0.12 0.16 0.86 0.75 99.98 86.09 

Ethyl hexanoate 
concn. (nitrogen 
util.) 

5 0.67 0.70 0.77 0.71 100.00 77.31 

Total aroma concn. 
(nitrogen util.) 5 58.62 65.73 0.87 0.84 100.00 87.08 

*nitrogen util. – ammonia and amino acid utilization  
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In order to gain metabolic insight into how nitrogen utilization impacts characteristic 

VOC formation among the strains, the degree of the correlation between nitrogen consumption 

and VOC formation was evaluated using multivariate statistics. Since the datasets are high-

dimensional, PLS linear regression was employed to correlate the contributions of ammonia 

and individual amino acid utilization to the production of biomass and VOCs by the yeast 

strains during fermentation. Statistical determination of the nitrogenous variables that 

contribute most to the variation in the fermentation kinetic data regarding VOCs was performed 

using interval-partial least squared (iPLS) regression analysis. iPLS was done using the 

ammonia and amino acid utilization of all four S. cerevisiae strains during the initial five time 

points covering the near complete uptake of the nitrogen during the first 96 hours of 

fermentation. The biomass dry cell weight concentration, individual VOC concentration, each 

VOC class (i.e. fusel alcohol concentration, acetate ester concentration, and fatty acid ethyl 

ester concentration), and total VOC concentration were the response variables that comprised 

the Y-block in 16 different PLS regressions. The response variables contained concentration 

measurements corresponding to the same time points as the predictor variables. From the initial 

duration of the fermentation until 96 hours, the ammonia and amino acid utilization data were 

input as the predictor variables used to develop the X-block in each of the 16 PLS regressions. 

Subsequently, the PLS regression analysis determined which variables in both the Y-block and 

the X-block contributed most to the variation in the data. Lastly, the PLS regression analysis 

indicated how the variables were correlated and then lumped the variables into a new latent 

variable (LV). Our summarized results show that nitrogen utilization is strongly correlated with 

biomass formation, and production of each of the aroma compounds except methionol for 

which only moderate correlation was found (Table 4.1). The reason could be due to methionol 

production being controlled by sulfur uptake. 
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PLS regression was first conducted to determine how nitrogen utilization contributed to 

yeast growth (biomass formation) during the exponential growth phase in the fermentation. 

Table 4.1 summarizes the results from this analysis, where it lists that this model generated 10 

LVs encompassing 100% of the variation in the nitrogen utilization data and 95.5 in the 

biomass concentration data. The PLS regression analysis yielded a correlation coefficient of 

R2 = 0.96, which signified a robust linear relationship between the measured biomass dry cell 

concentration versus the predicted biomass dry cell concentration according to the nutrient 

utilization of these yeast strains (Fig. B.1). Cross-validation (CV) was performed in order to 

prevent the model from overfitting the data (i.e. model being applicable for the test 

observations and not being applicable for new observations) and to evaluate how the model 

would operate using a new set of data. CV correlation coefficients (Q2) were generated to 

illustrate the predictive strength of the model [36]. The root mean squared error of correlation 

(RMSEC) for the biomass concentration as a function of nitrogen utilization was 0.24 gDW/L 

of biomass, the root mean squared error in cross-validation (RMSECV) was 0.30 gDW/L of 

biomass, and the Q2 value for this model was 0.93, which highlights that nitrogen utilization 

was an excellent predictor of the biomass concentration reached by these strains (Fig. B.1). 

A separate series of PLS regression analyses were performed subsequently for each of 

the VOCs as well as classes of compounds to investigate a correlation between the production 

of VOCs during the fermentations and nitrogen utilization of the yeast strains. Each of the 

models captured at least 99.5% of the variation in the nitrogen utilization data and at least 77% 

of the variation in the aroma concentration data was captured by each of the models except 

methionol (Table 4.1). In addition, the RMSEC and RMSECV for the individual aroma 

compounds and aroma compound classes as a function of ammonia and amino acid utilization 

are summarized in Table 4.1. The R2 value for each model for VOCs achieved an R2 value 

greater than 0.77 indicating nitrogen utilization was correlated with the production of each 



 

91 

VOC. The only aroma compound that the PLS regression analysis showed to have a more 

modest correlation with nitrogen utilization was methionol. Partial least squares regression 

modeling yielded eight LVs and generated a coefficient of determination (R2) of 0.61. The 

model cross-validation results indicate a Q2 of 0.5 and RMSEC and RMSECV values of 0.64 

mg/L and 0.73 mg/L of methionol, respectively. Overall, these data point to a modest 

correlation between the methionol concentration and nitrogen utilization during fermentation. 

As a result, it is suggested that not only nitrogen utilization determines the production of 

methionol during fermentation and that there may be other processes that play a role in 

methionol production such as sulfur utilization. 

4.2.4 Specific nitrogenous compounds associated with the formation of VOCs  

One of the core goals of this work was to improve understanding of the impacts of 

nitrogen utilization on VOC profile differences among four commercial wine yeast strains. By 

applying PLS to the datasets mentioned earlier, information about how specific nitrogen 

utilization variables correlate with each of the 16 response variable sets was obtained. This 

facilitated understanding which nitrogenous compounds are responsible for aroma production 

and might offer clues about metabolic variations among the strains. The PLS models were able 

to explain the biomass formation and the production of each of the aroma compounds, 

excluding methionol, which was moderately predicted. Regression vector plots were created to 

assess the statistical weights of the original nitrogen predictor variables on the PLS models. In 

other words, to determine the degree to which the 18 original nitrogen variables were positively 

or negatively correlated with the response variable. These regression vector plots for PLS 

models predicting individual aroma compounds and classes of aroma compounds are provided 

in the supplementary material (Fig. B2), while a summary is provided in Table 4.2. In general, 

iPLS selection yielded more variables for ester models than for fusel alcohol models. All 
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models shared many similar nitrogenous variables; however, most nitrogenous variable 

combinations were unique to each model for VOC predictions (Table 4.2). 

The regression vector plots for all the yeast strains illustrate the degree to which the 18 

original nitrogen predictor variables are correlated with the response variables (VOC and 

biomass concentrations) (Fig. B2). Furthermore, it is worth noting that the magnitude of the 

correlation coefficients for each nitrogen predictor variable was different across the PLS 

regression models (Fig. B2). The model for biomass growth indicated that asparagine, serine, 

glycine, lysine, isoleucine, and tryptophan were all positively correlated with biomass 

concentration, whereas, histidine, threonine, and valine are negatively correlated with biomass 

concentration (Table 4.2). Ammonia was shown to have a very slight negative correlation with 

biomass growth with a correlation coefficient, less than 0.1, but this contribution could be 

ascribed to measurement artefacts as more than one type of assay was needed to determine 

ammonia concentrations. The model for fusel alcohols indicated that Gly, Lys, Tyr, and Leu 

were positively correlated with fusel alcohol concentration while Glu was negatively correlated 

with fusel alcohol concentration (Table 4.2). Ala, Asp, Ile, Ser, and Trp were also found to be 

positively correlated with acetate ester concentration, while Val, Arg, Gln, and Phe were 

negatively correlated with acetate ester concentration. Lastly, the ethyl esters model indicated 

that Glu, Ile, and Tyr positively correlated with ethyl ester concentration whereas Lys 

negatively correlated with ethyl ester concentration. 
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Table 4.2. Summary of results from partial least-squares regression analysis vector plots of the predictor variables 

Model/Variable NH3 Ala Arg/Gln Asn Asp Glu Gly His Ile Leu Lys Met Phe Ser Thr Trp Tyr Val 
Propan-1-ol 0 + - 0 0 - 0 - + 0 - - 0 0 + 0 + 0 
3 Methyl-1-
butanol 

0 0 - 0 - - + 0 0 + + 0 0 0 0 0 + 0 

2-
Methylpropan-
1-ol 

- - 0 0 0 - + - 0 0 + - + + - - 0 0 

2-Phenylethan-
1-ol 

0 0 - 0 - 0 + 0 0 0 0 0 0 0 0 0 + 0 

Methionol 0 0 - 0 0 0 + + 0 0 0 - + + 0 + 0 - 
Ethyl acetate 0 0 - + + - + - + - + - - 0 0 0 + - 
3-Methylbutyl 
acetate 

- 0 0 + + - + + 0 0 0 - - - + - + + 

2-Methylpropyl 
acetate 

0 0 + + + - + - 0 - + 0 - + - + + + 

2-Phenylethyl 
acetate 

0 0 - + 0 - + 0 + + + 0 - - - + + - 

Ethyl butanoate 0 - 0 + + - + 0 0 0 + 0 - + - 0 + + 
Ethyl 
hexanoate 

0 0 0 0 0 0 0 0 + - - - 0 0 0 0 + 0 

Fusel alcohols 0 0 0 0 0 - + 0 0 + + 0 0 0 0 0 + 0 
Acetate esters 0 + - + 0 + + 0 + 0 + 0 - + - + + - 
Ethyl esters 0 0 0 0 0 + 0 0 + 0 - 0 0 0 0 0 + 0 
Total aroma 0 0 0 0 0 - + 0 0 + + 0 0 0 0 0 + 0 
Biomass - 0 0 + 0 0 + 0 + 0 + 0 0 + 0 + 0 - 

“0” indicates variable not used, “+” indicates positive correlation, and “-“indicates negative correlation 

Note: the contribution magnitude of each nitrogen predictor variable to the respective PLS regression models is found in Appendix B (Fig. 
B.2) in the PLS vector plots 
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A summary of the results from all the regression vector plots highlights correlative 

behavior of the nitrogen variables for predicting individual VOC production (Table 4.2). The 

regression vector plots revealed some patterned behavior regarding correlation found for 

particular nitrogenous compounds. Ammonia, methionine, and glutamic acid were only 

negatively correlated with the prediction of aroma compound production. Furthermore, 

arginine and glutamine negatively correlated with the prediction of most fusel alcohols and 

acetate esters except 2-methyl propyl acetate, which was positively correlated. Conversely, 

some nitrogen variables were only positively correlated with aroma production meaning that a 

higher consumption of these nitrogen compounds leads to higher aroma concentrations. These 

nitrogen variables were asparagine, isoleucine, and tyrosine. Glycine positively correlated with 

all aroma compounds except 1-propanol and ethyl hexanoate, and aspartic acid positively 

correlated with all acetate esters except 2-phenylethyl acetate. Nitrogen variables that were 

positive correlated to the total aroma model were glycine, leucine, lysine and tyrosine. Lysine 

positively correlated with many fusel alcohols and acetate esters. The results for the remaining 

nitrogen variables were mixed concerning the prediction of aroma compound. 

4.2.5 Parsimonious flux balance analysis and flux enrichment analysis 

The above described PLS correlations raise the hypothesis that amino acid utilization 

pathways are enriched in activity within the entire metabolic network. To test this, we applied 

parsimonious flux balance analysis (pFBA) and flux enrichment analysis (FEA) with 

fermentation data used as constraints. The pFBA analysis revealed many essential genes / 

reactions for our modeled system (see Table 4.3). Furthermore, many of the essential reactions, 

as well as non-essential pFBA optimal and less efficient metabolic reactions (ELE and MLE 

reactions, see Methods for detailed information), are related to amino acid degradation and 

VOC forming pathways (Fig. 4.5). The activity of less efficient reactions may point to a trade-

off between growth and VOC production, i.e., when VOCs are produced also less efficient 
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reactions must occur in context of growth. After excluding transport reactions and non-enzyme 

associated reactions, there are 891 essential reactions where 204 essential reactions are 

associated with amino acid degradation pathways, representing 22.9% of the essential 

reactions. The number of reactions in each category of amino acid metabolism shown to be 

participating essential reactions are outlined (Table 4.3). 

 

Table 4.3. Summary of the essential reactions and the flux enrichment analysis results of yeast 
model subsystems 
 

GSMM Metabolism Group 
No. of 
Essential 
Reactions 

Enriched 
set size p-value 

Sterol Metabolism 36 49 4.80E-31 
Tyrosine Tryptophan and 
Phenylalanine Metabolism 32 44 1.23E-26 

Complex Alcohol Metabolism 33 41 3.13E-24 
Arginine and Proline Metabolism 23 33 1.79E-18 
Methionine Metabolism 16 20 1.40E-10 
Glycine and Serine Metabolism 18 19 4.96E-10 
Threonine and Lysine Metabolism 14 19 4.96E-10 
Valine Leucine and Isoleucine 
Metabolism 17 19 4.96E-10 

Glycolysis and Gluconeogenesis 19 22 1.06E-09 
Pyruvate Metabolism 17 20 1.40E-09 
Glutamate Metabolism 12 17 5.94E-09 
Other Amino Acid Metabolism 5 13 7.13E-07 
Glycerolipid Metabolism 9 12 2.28E-06 
Cysteine Metabolism 10 10 2.24E-05 
Histidine Metabolism 10 11 5.89E-05 
Alanine and Aspartate Metabolism 8 9 6.88E-05 
Phospholipid Metabolism 7 8 0.00021 
Fructose and Mannose Metabolism 5 6 0.00186 
Citric Acid Cycle 10 10 0.00198 
Glutamine Metabolism 4 4 0.01578 

 

After obtaining the essential reactions, we employed flux enrichment analysis (FEA) 

examining all of the metabolic to identify statistically significantly enriched reactions within 
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the subsystems. We hypothesized that nitrogenous compounds (i.e., amino acids, ammonium, 

etc.) play an appreciable role in VOC formation throughout enological fermentation. Here, we 

see the flux enrichment analysis (FEA) of the essential reactions determined by pFBA, delivers 

a classification of the metabolic groups within the GSMM. A ranking arranged by significance 

is given (Table 4.3) [37]. Moreover, the FEA highlights tyrosine, glycine, lysine, and leucine 

metabolism and complex alcohol metabolism (fusel alcohols) as the most significant parts of 

metabolism when constrained with our experimental data. Thus, FEA supported the results 

from our PLS regression analysis and together with pFBA it highlighted which reactions are 

essential. We also found that sterol (lipid metabolism), arginine, and methionine (sulfur) 

metabolism play significant roles. This result could indicate substantial influence coming from 

lipid metabolism and sulfur metabolism. Despite potential influence from other parts of 

metabolism on VOC formation, our statistical and metabolic modeling results firmly indicated 

that amino acid utilization routes such as leucine, glycine, lysine, and tyrosine induce VOC 

production (Fig. 4.5). We also observed within these amino acid utilization routes the essential 

reactions and less efficient routes (MLE and ELE) including an example VOC (2-phenylethyl 

acetate) (Fig. 4.5). Interestingly, it was observed that transaminase (e.g., TYRTAi) and 

decarboxylase associated reactions (e.g., OMCDC) were essential, indicating that Ehrlich or 

amino acid degradation pathways are involved in VOC formation. Nevertheless, other reactions 

were also found to be essential such as reactions associated with acetate (e.g., FUMAC) 

suggesting to other routes influence VOC formation as well.  
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Figure 4.5. Key S. cerevisiae metabolic pathways illustrating reaction classes from applying parsimonious flux balance analysis. All reactions and 
metabolites (amino acids and VOC precursor in blue font) shown in the figure contain Biochemical Genetic and Genomic (BiGG) database 
identifiers (http://bigg.ucsd.edu/). 
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4.3 Discussion  

Fermentations were performed with four commercial S. cerevisiae strains with diverse 

aroma bouquet producing potential and growth characteristics under identical experimental 

conditions to analyze the nitrogenous compounds that correlated with yeast cell growth and aroma 

production. In agreement with previous studies, these experimental results illustrate significant 

differences in volatile and non-volatile production depending on the applied yeast strain [10, 29, 

38, 39]. In most cases, the fermentations performed with the Opale strain had the highest maximum 

and final non-volatile and volatile concentrations. In contrast, the fermentations conducted using 

the R2 strains had the lowest maximum and final non-volatile and volatile concentrations. 

Although once normalizing the non-volatile and volatile concentrations to the biomass formed, the 

differences among the strains are less evident (data not shown). Furthermore, when examining the 

product specifications from Lallemand (Lallemand, Montreal, Quebec), it is presumed that the 

Uvaferm strain, which is a neutral aroma producer, would generate the least volatile compounds 

under the same medium conditions relative to the other strains. Our results suggest, as shown in 

previous studies, that R2, which produces less fusel alcohols and isoacids throughout the 

fermentation, when compared with Opale might more effectively regulate carbon flux (less 

efficient usage of nitrogen) over time. Moreover, this aspect could be related to nitrogen causing 

less excretion of excess carbon from core carbon cellular pathways [40].  

Contrary to VOC product formation, nutrient consumption behavior of nitrogen and sugar 

compounds is similar among the strains. It was observed that nitrogenous compound uptake began 

before the onset of growth in which ammonium was fully consumed first, similar to what was 

found in a previous study [41]. There was a preference for specific amino acids noticed following 

ammonia consumption [42]. These preferred amino acids were Asp, His, Glu, Met, and Lys, all 
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consumed within 44 hours. These were also previously seen as initially consumed amino acids in 

media with the same YAN conditions [43, 44]. This preference in utilization of particular amino 

acids is thought to be linked to nitrogen catabolite repression (NCR) of amino acid transport 

permeases [24, 45]. Many of the amino acids were consumed during the first 96 hours of 

fermentation. However, some showed interesting kinetic behavior. Ala, Asn, and Glu showed a 

slight uptick in concentration during the stationary growth phase, which could be attributed to 

excretion before autolysis, as has been seen previously [46] though there are some differences 

regarding the type of amino acids. 

The results from PLS linear regression modeling indicate that the production of VOCs is a 

function of nitrogen utilization. Previous studies have demonstrated that containing adequate YAN 

levels at the beginning of fermentation is essential in determining yeast cell growth and producing 

desirable levels of VOCs [8, 27, 47]. The production of VOCs such as fusel alcohols and their 

associated acetate esters stems from the catabolism of branched-chain and aromatic amino acids 

via the Ehrlich pathway [48, 49]. Furthermore, the availability of specific nitrogenous compounds 

early on during fermentation alters the transcriptional regulation of genes involved with higher 

alcohol production and the formation of esters in yeast [50, 51]. Naturally, upon reaching the 

stationary growth phase, the rate of production of VOCs by S. cerevisiae begins to decline [29]. It 

is understood that esters play a role in the survival of yeast in the esterification of toxic MCFAs, 

thus facilitating their diffusion through the plasma membrane [52]. 

By comparing the correlations of concentrations all other VOCs with nitrogen utilization 

(R2 ≥ 0.77) on the one hand and methionol concentration with nitrogen utilization (R2 = 0.61) on 

the other hand, it appears likely that nitrogen utilization is not the only significant factor 

influencing methionol production. The relatively low correlation for methionol formation could 
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be due to the absence of causal relationships between the metabolic pathways of methionol 

biosynthesis and nitrogen metabolism. Methionol biosynthesis is also intricately linked to the 

sulfate reduction pathway and thus, the relationship of sulfur uptake during fermentation [53]. 

Hence, this could explain the variation in PLS model predictions with other fusel alcohols. 

Previous works have confirmed that the role of central carbon metabolism in the synthesis of 

higher alcohols is significant akin to the contribution of amino acids [54]. However, it is assumed 

that there is a balance between the amount of α-ketoacids supplied by central carbon metabolism 

and the amount of α-ketoacids converted into amino acids for protein biosynthesis. Thus, over the 

course of nitrogen utilization the corresponding flux of α-ketoacids related to the nitrogen 

utilization over time would be negligible compared to the flux originating from the central carbon 

metabolism [55]. The α-ketoacid pool available would then remain unchanged and not affect the 

production of fusel alcohols. 

The regression vector plots from both PLS regression models indicated numerous 

nitrogenous compounds in common among the models and the degree to which the nitrogen 

sources had influenced the models. The PLS models for total aroma production and biomass 

concentration indicated some shared nitrogenous compounds that are positively correlated with 

the formation of biomass and VOCs. These amino acids were glycine and lysine. Furthermore, for 

total aroma it was determined that the most significant positively correlated amino acids were 

glycine, lysine, leucine, and tyrosine. These findings corroborate what has been shown in a 

previous study, albeit with beer yeasts [32]. This correlation is likely caused by the direct 

connection to the formation of some of the most significant fusel alcohols (isobutanol, isoamylol, 

and propanol) and their subsequent acetate esters (isobutyl acetate, isoamyl acetate, and propyl 

acetate) [56, 57].  
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pFBA was performed to determine the essential and metabolically feasible distribution of 

fluxes throughout the yeast metabolic network. By employing pFBA and FEA, the significance 

among essential reactions was observed for nitrogenous utilization pathways as well as sterol, 

pyruvate, and glycerolipid metabolism. A similar approach has been taken previously with 

Escherichia coli to understand network effects of iron metabolism in triggering oxidative stress in 

Caenorhabditis elegans [58]For instance, our analysis illustrates the link lysine plays in the 

formation of VOCs. In particular, this link is implied from the modeled essentiality among fluxes 

through amino acid permeases mainly LYP1 regulated permeases which have been suggested to 

steer higher alcohol and acetate ester formation during beer fermentations [33]. The pFBA 

revealed many essential reactions in leucine utilization pathways through the use of permeases, 

transaminases, and decarboxylases alluding to the Ehrlich pathway to produce VOCs [49]. This 

result suggests as, shown by Yoshimoto and coworkers, that overexpressing genes such LEU and 

BAT genes within leucine metabolism can increase isoamyl alcohol and isoamyl acetate secretion.  

In summary, the commercial yeast strains investigated in this study were selected based on 

their aroma-producing properties and their favorable fermentation attributes at similar nitrogen 

levels to compare differences in their aroma formation throughout anaerobic fermentation. By 

applying HS-SPME/GC-MS and UPLC, we were able to quantitatively analyze production of key 

VOCs and consumption of nitrogenous compounds by these various yeast strains over multiple 

time points at different phases of fermentation. This provided unique insight into the specific 

aroma production profiles of these strains and how they change over time and between strains. 

Partial least-squares regression analysis indicated a strong correlation from the nitrogen utilization 

with two essential wine fermentation criteria: biomass growth and VOC production in S. 

cerevisiae. The PLS regression models also pointed to several key amino acids known to be 
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involved in forming VOCs that are desired in wines. The application of genome-scale metabolic 

modeling provided a further mechanistic link to support the observed PLS correlations. Although 

there are many possible explanations for why yeast produce VOCs, the results demonstrated in 

this work indicate that nitrogen sources such as leucine, lysine, glycine, and tyrosine are positively 

correlated with yeast cell growth and VOC production. 

Further work measuring other VOCs, sulfur and lipid compounds used in those 

corresponding assimilation pathways could provide greater insight into aroma formation 

mechanisms. Furthermore, gene expression profiling of commercial yeast during the fermentation 

process would help identify and understand possible strain-dependent behavior. This coupled with 

metabolic models examining the gene, enzyme, metabolic flux relationships, aroma formation, and 

nitrogen utilization, as has been performed to limited degree in other conditions [59, 60], would 

provide insight into elucidating the metabolic sources of VOCs formation. Nevertheless, the 

correlations established in this work between nitrogen utilization and aroma production facilitates 

the direction of further studies.  

 

4.4 Materials and Methods  

4.4.1 Yeast strains 

All four yeast strains - Uvaferm 43TM(Uvaferm), Lalvin R2TM (R2), Lalvin ICV OpaleTM 

(Opale), VitilevureTM Elixir Yseo (Elixir), used in this study are Lallemand (Lallemand, Montreal, 

Quebec) commercial yeast strains. Uvaferm and R2 are. Saccharomyces bayanus which is a hybrid 

of Saccharomyces cerevisiae, Saccharomyces eubayanus and Saccharomyces uvarum: while 

Opale and Elixir are S. cerevisiae var. cerevisiae. All yeast strains were obtained from the UC 

Davis Enology Culture Collection. Additionally, yeast strains were chosen to have different 
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fermentation and aroma-producing characteristics under the conditions selected. For instance, R2 

and Elixir are reported to be wine yeast strains that produce relatively high amounts of esters. In 

contrast, Uvaferm is reported to be more of an aroma-neutral strain and Opale is reported to impart 

an enhanced, complex character to wines (Lallemand, Montreal, Quebec). The strains were stored 

at -80 °C in a 25% (v/v) glycerol solution according to the method of Amberg et al. [61]. The 

strains were streaked for single colony isolation on yeast extract peptone dextrose (YEPD) agar 

plates, incubated at 25 °C for 24 - 48 h until sufficient colonies formed, and stored at 4 °C for no 

longer than 30 days. 

 

4.4.2 Growth, fermentation media, and culture conditions  

MMM synthetic grape juice (220 g sugar/liter; 22.0 °Brix), with a 1:1 mixture of glucose 

(110 g/liter) and fructose (110 g/liter), 123 mg/L YAN, and 11 mg/L ammonium, was prepared 

according to the method of Giudici and Kunkee [62]. MMM medium was used within 24 hours of 

preparation. Fermentations were carried out in 500 mL Erlenmeyer flasks sealed with a rubber 

stopper and air lock with a working volume of 400 mL similarly as described in Henderson et al. 

[63]. In addition. the fermentations were inoculated according to the method stated in Henderson 

et al. [63] and likewise a volume of the inoculum to give an initial OD600 of ~ 0.1 (~15ml) was 

added to 400 ml of MMM medium. The pH of the MMM medium was 3.25, and the fermentation 

temperature was maintained at 20 °C. Cultures were stagnantly cultivated at 20 ⁰C for 17 days. 

Initial cell concentration (OD600) and ⁰Brix measurements were performed at the beginning of 

fermentation and subsequently ten more times over the course of the fermentation until °Brix fell 

below one or remained constant between two consecutive measurements. °Brix measurements 

were performed with a refractometer, and OD600 measurements were performed with a 
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spectrophotometer. 10 mL samples were taken at regular intervals and transferred to a 15 mL 

Greiner tube, sealed, and frozen at -20 ⁰C until analysis. Experiments were performed as biological 

triplicates. 

4.4.3. Cell dry weight determination.  

The total cell dry weight (biomass) of the samples was determined by taking a sample 

directly from the culture medium and passing through dried and pre-weighed membrane filters 

with a pore size of 0.2 μm (Pall Corporation, Ann Arbor, MI, USA) by a vacuum filtration unit as 

described by van Mastrigt and co-workers [64]. Total biomass concentration at every sample time 

point was determined by transforming results from OD600 measurements using a calibration curve 

for each yeast strain. Total cell dry weights were determined in triplicates. 

4.4.4 HPLC analysis 

After taking a sample from the Erlenmeyer flask, cells were immediately removed by 

centrifugation (13,000 x g for 10 min at 4°C), and the supernatant was stored at -20°C until 

analysis. Supernatants were deproteinated by adding 0.25 ml Carrez A (0.1 M potassium 

ferrocyanide trihydrate) and 0.25 ml Carrez B (0.2M zinc sulfate heptahydrate) to 0.5 ml sample 

followed by centrifugation for 10 min at 13000 x g. Glucose, fructose, lactate, acetate, malate, 

citrate, ethanol, 1-propanol, and 1,2-propanediol were quantified by High Performance Liquid 

Chromatography (HPLC) on a Ultimate 3000 (Dionex, Idstein, Germany) equipped with an 

Aminex HPX-87H column (300 x 7.8 mm) with precolumn (Biorad) as described by van Mastrigt 

and co-workers [64]. As the mobile phase, 5 mM sulfuric acid was used at 0.6 ml min-1, and the 

column was maintained at 40°C. The injection volume was 10 µl. Compounds were identified by 

a refractive index detector (RefractoMax 520) for quantification and UV measurements at 220, 

250, and 280 nm for identification. All analysis was performed in duplicate.  
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4.4.5 UPLC amino acid analysis.  

40 μL of 5-fold diluted samples was mixed with 50 μL of 0.1 M HCl solution containing 

250 μM norvaline as internal standard. Then, 10 μL of chilled 30% sulfosalicylic acid (SSA) was 

added, and the solution was mixed and centrifuged (13,000 x g) for 10 min. at 4 ⁰C. Amino acids 

were derivatized using the AccQ•Tag Ultra derivatizaton kit (Waters). 20 μL of the deproteinated 

sample solution supernatant or standard amino acids mixture was mixed with 60 μL of a modified 

AccQ•Tag Ultra borate buffer (for deproteinated samples 150 μL of 4 M NaOH was added to 5 

mL borate buffer). Next, 20 μL of a AccQ•Tag reagent previously dissolved in 2.0 mL AccQ•Tag 

Ultra reagent diluent was added and vortexed for 10 seconds. Then, the sample solution was 

capped and warmed at 55 ⁰C in a heatblock for 10 min. Amino acids and ammonium were 

quantified by Ultra-Performance Liquid Chromatography (UPLC) on an Ultimate 3000 (Dionex, 

Idstein, Germany) equipped with a AccQ•Tag Ultra BEH C18 column (150 mm x 2.1 mm, 1.7 

µm) (Waters, Milford, MA, USA) with BEH C18 guard column (5 mm x 2.1 mm, 1.7 µm) (Waters, 

Milford, MA, USA). The column temperature was set at 55°C, and the mobile phase flow rate was 

maintained at 0.7 mL/min. Eluent A was 5% AccQ•Tag Ultra concentrate solvent A and Eluent B 

was 100% AccQ•Tag Ultra solvent B. The separation gradient was 0-0.04 min 99.9% A, 5.24 min 

90.9% A, 7.24 min 78.8% A, 8.54 min 57.8% A, 8.55-10.14 min 10% A, 10.23-17 min 99.9% A. 

One microliter of sample was injected for analysis. Compounds were detected by UV 

measurement at 260 nm. 

The ammonium concentration was further determined and confirmed with an ammonia 

assay kit (Megazyme, Bray, Ireland) according to the manufacturer’s procedures. The ammonia 

levels were verified to exhaust after 28 hours of fermentation. This method was also used to correct 
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quantification of ammonium detected from the UPLC. Norvaline was used as an internal standard 

(IS) for the UPLC amino acid analysis. All analysis was performed with a single replicate. 

 

4.4.6 Volatile organic compounds (VOC) analysis.  

To determine the volatile organic compounds (VOCs), 2 mL sample was transferred to a 5 

mL GC vial. Samples were stored frozen (-20 ⁰C) until analysis by headspace solid-phase 

microextraction gas chromatography mass spectrometry (HS SPME GC-MS) [65]. Samples were 

thawed and incubated for 5 min at 60 ⁰C with agitation. Subsequently, VOCs were extracted from 

the samples for 20 min at 60 ⁰C using a Solid-Phase Microextraction fiber (50μm Bonded Gray 

Hub (DVB/CAR/PDMS) Supelco, USA). The compounds were desorbed from the fiber for 10 min 

on a Stabilwax®-DA Crossband®-Carbowax®-polyethylene-glycol column (30m length, 0.25 

mmID, 0.5 mm df). The settings on the gas chromatograph were PTV Split-less mode 5 min at 250 

⁰C. Helium was used as carrier gas at a constant flow of 1.5mL/min. The temperature of the GC 

oven was initially at 40 ⁰C. After 2 min, the temperature was raised to 240 ⁰C at a rate of 10 ⁰C/min 

and kept at 240 ⁰C for 5 min. Mass spectral data was collected over a range of m/z 33-250 in full 

scan mode with 3.0030 scans/second. VOC profiles were analyzed with Chromeleon™ 7.3 

software. The ICIS algorithm was used for peak integration and the NIST main library was used 

for identification by matching mass spectral profiles with the profiles in NIST. One quantifying 

peak (in general the highest m/z peak per compound) was used per compound for quantification, 

while one or two confirming peaks were used for confirmation. 

The 11 aroma associated compounds studied were propan-1-ol, 3-methylbutan-1-ol 

(isoamylol), 2-methylpropan-1-ol (isobutanol), 2-phenylethan-1-ol, methionol, ethyl ethanoate 

(ethyl acetate), ethyl butanoate, ethyl hexanoate, 3-methylbutyl acetate (isoamyl acetate), 2-
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methylpropyl ethanoate (isobutyl acetate), and 2-phenylethyl acetate (Table 4.4). All of the 

purchased analytes had a purity of at least 98% and were purchased from Sigma-Aldrich (Sigma-

Aldrich, Germany). Higher alcohols and esters were quantified using standard solutions in 

unfermented synthetic grape juice as similarly as described in the literature [29, 66]. The model 

solutions were spiked with varying amounts of the 10 aroma compounds (higher alcohols and 

esters) to yield concentrations within the range of the concentrations typically found in unwooded 

and unaged wines (Table 4.4). The headspace was sampled by SPME GC-MS in the same manner 

as used for the wine samples. Standard curves of each studied aroma compound were created by 

plotting each aroma compound's peak area against the standard concentration from the standard 

solutions. All samples were analyzed in duplicate. 

  



 

108 

Table 4.4 Summary of major of VOCs found in wines along with their chemical attributes  

Compound  Chemical Structure (2D) Compound 
Class 

Concentration 
Range in Wine 
(μg/L)a,b 

Organoleptic 
(Aroma) 
Association a,b 

Propan-1-ol 
 

Fusel alcohol 9-68000 Solvent, 
chemical 

3-Methylbutan-
1-ol (isoamylol) 

 

Fusel alcohol 90000-292000 Solvent, sweet 

2-
Methylpropan-
1-ol (isobutanol)  

Fusel alcohol 9000-175000 Solvent, 
chemical, 
sweet 

2-Phenylethan-
1-ol (2- 
phenylethanol)  

Fusel alcohol 4000-200000 Roses, honey, 
sweet 

3-(Methylthio)-
1-propanol 
(methionol) 

 
Fusel alcohol 140-5000 Cabbage, 

herbal 

Ethyl acetate 

 

Acetate ester 2-150 Solvent, fruity; 
nail polish 

3-Methylbutyl 
acetate (isoamyl 
acetate) 
 

 

Acetate ester 115-7400 Banana, 
tropical fruit 

2-Methylpropyl 
acetate (isobutyl 
acetate) 

 

Acetate ester 40-1600 Banana, 
tropical fruit 

2-Phenylethyl 
acetate 

 

Acetate ester 0.5-750 Pear, flowery, 
honey 

Ethyl butanoate 

 

Fatty acid 
ethyl ester 

70-2200 Floral, fruity 

Ethyl hexanoate 

 

Fatty acid 
ethyl ester 

150-2800 Green apple, 
unripe fruit 

a Ribéreau-Gayon et al. [55], b Swiegers and Pretorius [28]   
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4.4.7 Multivariate data and statistical analyses.  

The yeast strain-specific impact on the kinetics of amino acid consumption and aroma 

compound formation for the 11 volatile aromas were determined by plotting the compound 

concentrations throughout the fermentation. Furthermore, several performance metrics were 

accessed from the dynamic consumption and production profiles, such as the final concentration 

of volatile aroma compounds and utilization of nitrogenous compounds. In this study, nitrogen 

(ammonia/amino acids) utilization was determined as the difference in the ammonia/amino acid 

concentration from beginning to sample time point of interest throughout the fermentation [29]. 

The final volatile aroma concentration was determined at 404 hr when all of the fermentations 

were finished. Principal component analysis (PCA) was performed using R (version 3.6.2, R Core 

Team, 2020). 

One-way analysis of variance (ANOVA) (significance level of p < 0.05) was performed in 

R (version 3.6.2) using the statistics package applying post hoc Tukey’s HSD test (significance 

level of p < 0.05) as well as in SPSS (IBM SPSS Statistics 27, IBM Corp, Armonk, NY).  

A multivariate statistical method known as partial least squares (PLS) regression was 

employed to determine a relationship between biomass and VOC production data (Y-Block) and 

nitrogen (ammonia and amino acid) utilization data (X-Block). The biomass and VOC production 

are defined as the difference of biomass and VOC concentration at the end of fermentation to at a 

sampled time point. Conversely, utilization was calculated as the difference in concentration at a 

sampled time point to end of fermentation. These two data blocks were imported into MATLAB 

(version MATLAB® (2017b), MathWorks, Natick, MA) for PLS regression analysis and interval-

PLS (iPLS) variable selection using the PLS Toolbox (version 8.9; Eigenvector Research, Inc., 

Manson, WA). Parameters for iPLS were selected according to the method of Wise et al. [67] and 
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Anderson and Bro [68] and adapted from the technique of Henderson et al. [63]. Reverse-analysis-

mode iPLS selection was conducted with an interval size of one variable with a maximum of 18 

latent variables (LVs). The step size, which is the space between interval centers, and number of 

variables chosen were automatically decided based on when there was no improvement in the root 

mean squared error in cross-validation (RMSECV). 

Subsequently, once iPLS was completed, the selected variables were added to PLS 

Toolbox for structured equation modeling. The used approach was adapted based on an approach 

by Henderson et al. [63] using the SIMPLS algorithm [69] at a confidence limit of 0.95. Auto-

scaling followed by mean centering was applied to the preprocessing of the X- and Y-blocks. The 

PLS model was cross validated using Venetian Blinds with 24 data splits and a maximum of 18 

LVs.  The quality and predictive capability of the PLS model were evaluated from the correlation 

coefficient (R2), cross-validated correlation coefficient (Q2), root mean squared error of correlation 

(RSMEC), and RMSECV. The impact of selected nutrient utilization variables on the PLS model 

was assessed using scores, loadings, and regression vector plots. Overall, the PLS model was used 

to determine the nutrient utilization (ammonia and amino acids), which contribute to the biomass 

formation and VOCs production during fermentation. 

4.4.8 Metabolic modeling 

For model analysis, we used the latest genome-scale metabolic model (GSMM) of S. 

cerevisiae, Yeast 8.4.2 [70]. To adequately model an anaerobic fermentation, we proceeded as 

suggested by Heavner et al. [71], constraining 𝑣𝑣𝑂𝑂2 to zero (LB=UB=0 [mmol/g DW h]), allowing 

unrestricted uptake of ergosterol (r_1757), lanosterol (r_1915), zymosterol (r_2106), 14-

demethyllanosterol (r_2134), and ergosta-5,7,22,24(28)-tetraen-3beta-ol (r_2137) and oleate 

(r_2189). In addition, pathways including the oxaloacetate-malate shuttle and glycerol 
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dehydrogenase reaction were unrestricted as described by Sanchez et al. [72, 73] (in the model this 

was achieved by blocking reactions r_0713, r_0714 and r_0487). Heme A was also removed from 

the biomass equation as it is not used under anaerobic conditions. Experimentally-derived net 

uptake and production fluxes which were taken from measured data (Fig. 4.1, Fig. 4.2, and Fig. 

4.3) were used to constrain the model in the form of exchange reactions (LB=UB) for the sugars, 

amino acids, organic acids, VOCs and other byproducts. 

We applied parsimonious flux balance analysis (pFBA) to evaluate which reactions and 

pathways are essential under the given system conditions and eliminate blocked reactions 

(reactions that cannot carry a flux under any condition). It uses a bilevel optimization in which the 

growth rate (biomass) is optimized using FBA, followed by the minimization of total flux through 

all gene-associated reactions. The underlying assumption is that, under growth pressure, there is a 

selection for strains that can reach highest growth yield while using the minimum amount of 

enzyme. Then, genes / reactions are classified into six categories based on Lewis et al. [74], i.e. 1) 

essential genes, metabolic genes necessary for growth in the given media; 2) pFBA optima, non-

essential genes contributing to the optimal growth rate and minimum gene-associated flux; 3) 

enzymatically less efficient (ELE), genes requiring more flux through enzymatic steps than 

alternative pathways that meet the same predicted growth rate; 4) metabolically less efficient 

(MLE), genes requiring a growth rate reduction if used; 5) pFBA no-flux, genes that are unable to 

carry flux in the experimental conditions; and 6) blocked, genes that are only associated with the 

reactions that cannot carry a flux under any condition (“blocked” reactions). Flux enrichment 

analysis (FEA) was applied to evaluate enrichment by comparing the determined frequency of an 

annotated pathway with the frequency expected by chance within the model. The statistical 

significance for the pathways or reaction subsystems to be enriched contained p < 0.01. All 
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reactions, metabolites and subsystems are defined according to the Biochemical Genetic and 

Genomic (BiGG) database convention [75].  

All metabolic modeling was performed in MATLAB (version MATLAB® (2017b), 

MathWorks, Natick, MA) using the using Cobra Toolbox 3.0 [76]. 
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Abstract 

While yeast physiology is well-studied, its metabolic response under industrially essential 

scenarios such as winemaking is still not sufficiently understood. This lack of understanding leads 

to chronic issues such as stuck or sluggish wine fermentations. To elucidate the key metabolic 

pathways and patterns that may contribute to these issues, dynamic flux balance analysis (dFBA) 

was combined with the latest genome-scale metabolic model (GSMM) of Saccharomyces 

cerevisiae to predict fermentation kinetics under enological conditions. As a proof of concept, 

computational simulations were compared to experimental data of the commercial wine strain, 

Enoferm T306, grown under low nitrogen conditions (123 mg/L) in synthetic minimal must media. 

The computational model was able to quantitatively predict most aspects of this fermentation, 

including ethanol and biomass production and glucose, fructose, and nitrogen consumption. The 

predictions of extracellular metabolites that impact the sensory characteristics of wine, including 

glycerol, citrate, acetate, and succinate, were in good qualitative agreement, as well. A sensitivity 

analysis was conducted to determine which assignable model parameters and assumptions most 

affect the prediction. The coefficient, which is used for the protein pseudo-reaction as part of the 

biomass equation, was determined to significantly affect the predicted final biomass concentration, 

fermentation time, and final ethanol concentration. In contrast, other components of biomass 

composition and the modeling objective function were not found to influence the prediction 

outcome significantly. The major advantage of this type of modeling approach is that a validated 

model allows us to also predict the changes in each intracellular metabolic flux throughout the 

course of an entire wine fermentation. This is illustrated by examining the simulated time course 

of metabolic fluxes known to be important in wine fermentations. 

Keywords: Dynamic flux balance analysis (dFBA), Genome-scale metabolic models, Enological 

fermentation, Wine, Yeast  
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5.1 Introduction 

The genetics and metabolism of the yeast Saccharomyces cerevisiae has been studied 

extensively as a model eukaryotic organism. However, despite its broad use for industrial 

processes such as winemaking, variability in fermentation performance, especially in growth and 

ethanol tolerance, is not fully understood. For instance, stuck or sluggish industrial wine 

fermentations, which are characterized by the yeast's inability to utilize the sugar present in the 

fermentation media fully, are still a chronic problem. These problems are associated with a myriad 

of genetic [1, 2] and environmental factors such as nitrogen and micronutrient concentration levels 

[3, 4], temperature [5, 6], pH, ethanol concentration levels, and the presence of toxins. However, 

commercial strains of wine yeast respond to these factors differently in ways that are not well 

understood but seem to be correlated with specific parts of yeast metabolism such as lipid 

formation and membrane composition [7]. Understanding the difference in metabolism in these 

strains will lead to an improved ability to control and steer these behaviors. 

It is possible to apply a systems biology approach to understand differences in the metabolism 

of commercial yeast strains. Several experimental studies have utilized juice or synthetic grape 

juice to attempt to understand the causes for problem fermentations, gathering metabolomics [8], 

lipidomics [7, 9], or transcriptomics [10, 11] data. Despite providing experimental evidence for 

differences in the metabolism of various strains, a mechanistic understanding is still lacking. 

Mathematical modeling of yeast metabolism can give a more comprehensive means to examine 

how yeast metabolism changes during the entire course of wine fermentation and which parts of 

overall metabolism are interrelated.  

Metabolic modeling of yeast in enological conditions has been reported for some time [4, 12-

14]. The general approach has been to use Flux Balance Analysis (FBA) with a subset of 
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metabolites and metabolic reactions found in yeast during alcoholic fermentation [15, 16], often 

augmented to dynamic FBA (dFBA) to account for the time-dependent nature of wine 

fermentations and their associated yeast metabolism. More recently, the number of metabolites 

and reactions included in Saccharomyces cerevisiae models has grown to be more comprehensive 

to the point where they are often referred to as genome-scale metabolic models (GSMM). There 

have been prior applications of dFBA to less extensive GSMMs for studying wine fermentations 

[17]. However, that study lacked exploration into intracellular flux behavior and insight into how 

kinetic constraints impact prediction performance. Consensus GSMMs of yeast have been 

developed from model iFF708 [18] to increasingly comprehensive models [19-22]. The newest 

consensus model is Yeast 8.4.2. This new model has been augmented to include some lipid 

synthesis pathways, among others, that have already proven to be important in nutrient utilization 

efficiency and ethanol tolerance in wine fermentations [7, 23]. However, the use of this yeast 

model has thus far been confined to glucose-limited, aerobic fermentations, and/or under non-

transient process conditions, thus limiting its scope and applicability to accurately predict 

enological conditions. 

In this study, we used the Yeast 8.4.2 GSMM [22], along with the dFBA framework, to predict 

the metabolic behavior of Saccharomyces cerevisiae under enological conditions. Specifically, the 

GSMM is used to model nitrogen-limited, anaerobic growth of S. cerevisiae with appropriate 

kinetic constraints and utilizing a biomass equation tailored for enological conditions [24]. After 

validating the model predictions with experimental data from a commercial yeast strain, we 

performed a sensitivity analysis in order to understand which model parameters have the most 

impact on model predictions.  We then proceeded to illustrate how key fluxes related to cell growth 

and ethanol tolerance are predicted to vary over fermentation time. 
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5.2 Materials and Methods  

All chemicals were acquired from Sigma-Aldrich (St. Louis, MO), and all purified water used 

was obtained from a Milli-Q Synthesis A-10 water purification system (Millipore, Billerica, MA) 

unless noted otherwise. Low-sugar (220 g/liter; ~22.0oBrix), as a 1:1 mixture of glucose (110 

g/liter) and fructose (110 g/liter), MMM synthetic grape juice medium was prepared according to 

the method of Giudici and Kunkee [25] as previously reported [26]. The media contained 123 

mg/L YAN (yeast assimilable nitrogen) as the nitrogen source. The pH of the MMM medium was 

adjusted to ~ 3.25 using 3 N KOH.  

5.2.1 Yeast strains and culture conditions 

The S. cerevisiae strain used in this study was Enoferm T306, provided by the UC Davis 

Enology Culture Collection. The strain was stored and plated on YEPD plates for single colony 

isolation according to the method of Amberg et al. [27]. Yeast strains were stored at 4°C on plates 

for no longer than one month. The optical density at an absorbance wavelength of 600 nm (OD600) 

of the yeast culture was determined to monitor cell growth using a UV-1280 spectrophotometer 

(Shimadzu Scientific Instruments, Inc., Kyoto, Japan) as previously described [26]. To inoculate 

experimental cultures, a preculture was prepared by transferring a single colony from the YEPD 

agar plate to 15 ml of MMM medium and allowed to grow aerobically for 24 to 48 h at 25°C in an 

incubator/shaker (New Brunswick Scientific Excella E 25, Edison, NJ) at 290 rpm. Next, an 

aliquot was taken from this preculture to inoculate 50 ml of MMM in a 250-ml Erlenmeyer flask 

to an OD600 of ∼0.1. This inoculum was grown in an incubator/shaker at 25°C until an OD600 of 

∼3 was reached. Finally, a volume of the inoculum was added to 400 ml of MMM medium in a 

500-ml Erlenmeyer flask fitted with a Senior Airlock (Buon Vino, Ontario, Canada) to give an 

initial OD600 of ∼0.1.   
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5.2.2 Fermentation sampling 

Fermentations were performed in triplicate. Initial cell concentration determinations (OD600) 

and Brix measurements were carried out at the beginning of fermentation and subsequently every 

24 h until the °Brix fell below 1 or remained constant for two consecutive measurements. At that 

point, the fermentations were stopped. Brix measurements were performed using a DMA 35N 

densitometer (Anton Paar USA Inc., Ashland, VA). The HPLC samples for extracellular 

metabolite analysis were collected by filtering the cell suspension with a 0.45 𝜇𝜇m PVDF Millex- 

HV Syringe Membrane filter (Burlington, Massachusetts, U.S.A). Samples were stored at -20oC 

until HPLC analysis. 

5.2.3 Extracellular metabolite analysis 

Extracellular metabolites including glucose, fructose, succinate, glycerol, acetic acid and 

ethanol were measured using an Agilent 1100 Series HPLC (High Pressure Liquid 

Chromotography). The HPLC was equipped with a temperature programmable column 

compartment and an autosampler (Agilent Technologies) and used two Aminex ® HPX-87H ion 

exclusion columns (300 mm x 7.8 mm, 9-μm particle size, catalog 125-0140) and a guard column 

of the same material (Waters Corp., Milford, MA) at a temperature of 40°C.  The mobile phase 

was 1 mM H2SO4 at 0.6 ml/min at 65oC. Detection was accomplished using a refractive index 

detector for glucose, fructose, glycerol and ethanol, and a diode array detector for acetate, and 

succinate. Extracellular metabolite samples were thawed at room temperature before analysis. 

Then, they were vortexed, and 2 mL of filtered supernatant were transferred to 2 mL clear glass 

autosampler vials for injection.  
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5.3 Model Development and Parameter Estimation 

5.3.1 Model Development 

The dFBA framework was constructed based on previous standard procedures [17, 28-30]. The 

model framework employs a pseudo-steady-state assumption [31, 32] which recognizes that 

intracellular kinetics are numerous orders of magnitude faster (very high turnover) than 

extracellular kinetics. This assumption allows intracellular kinetics to be neglected since the FBA 

model is solved iteratively within short enough integration time steps. 

The model framework is shown (Fig. 5.1). First, initial values for each component (biomass, 

extracellular substrates, and products) are transmitted to the constraint block. The constraint block 

defines the FBA optimization constraints, including the nitrogen uptake rate, sugar uptake rate, 

and production rates of key extracellular metabolites. In this work, sugar fluxes were defined as 

fixed fluxes (LB=UB) using Michaelis-Menten kinetic expressions reflecting competitive 

inhibition between sugars and non-competitive inhibition of sugar transport with increasing 

amounts of ethanol [33]. Nitrogen utilization was also defined as a fixed flux (LB=UB) using a 

Michaelis-Menten expression, and extracellular product metabolites were given lower bounds. 

These lower bounds were calculated by multiplying the experimentally measured yield values of 

the extracellular metabolites by the total sugar flux (Table 5.1). The boundaries of fluxes not 

defined in block A were left unconstrained. After all the constraints were set in the constraint 

block, the optimization problem was solved using a bilevel optimization routine consisting of 

linear programming (LP) and quadratic programming (QP) approaches in Block B. The first 

optimization problem was an objective function for the maximization of biomass growth and the 

secondary optimization problem, which consisted of minimizing the total sum of absolute fluxes 

was used (Eq. 2 and 3). The secondary problem, QP problem, was applied after LP to maintain 
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minimal use of enzyme resources and prevent obtaining alternate optimal solutions [34-36]. Then, 

the consumption and production rates (fluxes) for the extracellular metabolites calculated from the 

solution of the FBA in block B for that time step were transferred to the dynamic block (Block C 

in Fig. 5.1). In this block, a set of ordinary differential equations (ODEs) was numerically 

integrated to update the concentrations at the next time step. These values are applied again into 

the kinetic block, and the three-block cycle is iterated until a predefined simulation time elapses or 

the integration is determined infeasible. 

The model was coded in MATLAB® 2018b (MATLAB, 2018) and implemented on a 

Windows 10 machine Intel® Core™ i7-7600 CPU @ 2.80 GHz- 2.90 GHz. The time for 

simulating an entire fermentation ranged from 386 s to 743 s. A more detailed explanation of each 

of the components illustrated in Figure 5.1 is given in the subsequent sections.  
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Figure 5.1. Overview of the dFBA framework which consists of three blocks: A) a constraint 
block or kinetic block, B) an optimization block or metabolic block and C) a dynamic block. The 
flux boundaries for glucose, fructose, nitrogen and the by-products are defined in block A. These 
boundaries are fed to block B, where they are used to constrain the underdetermined system of 
equations. The other constraints in this block are the stoichiometric matrix and the objective 
function. The fluxes calculated in block B are fed to block C and used to solve the set of ordinary 
differential equations to determine the specific growth rate (𝝁𝝁) and the concentrations of the 
extracellular metabolites (𝑪𝑪𝒆𝒆𝒔𝒔𝒆𝒆𝒆𝒆𝒔𝒔𝒄𝒄𝒆𝒆𝒍𝒍𝒍𝒍𝒔𝒔𝒆𝒆), which is fed to block A to repeat the three blocks until all 
the nutrients in the simulated media is exhausted. X is biomass concentration [g/L], G, F, and N 
are extracellular substrate concentrations [g/L], Cextracellular accounts for the different extracellular 
product concentrations [g/L], and t represents time [h].  

 

 

  



 

129 

5.3.2 Metabolic block 

FBA [31, 37] is a technique based on mass balances. For m metabolites and n reactions, a m x 

n stoichiometric matrix S can be formulated and, if we neglect the accumulation of metabolites 

(pseudo-steady-state assumption), a mass balance for all metabolites can be written as 

                                                                𝑺𝑺 ∙ 𝒗𝒗 = 𝟎𝟎                                                                               (1)  

where v is the flux vector [mmol/ (g DW h)]. Furthermore, upper and lower bounds for each flux 

can be included to define the reversibility of each reaction, as well as experimental observations 

of extracellular metabolite concentrations. Since metabolic models are usually highly 

underdetermined (there are many more reactions than metabolites), a minimized or maximized 

objective function is applied. In our approach, the metabolic block contains a two-step 

optimization problem solved with LP and as shown below [31]: 

   Step 1:  max
𝜇𝜇

 ,      𝑠𝑠. 𝑡𝑡.        𝑺𝑺 ∙ 𝒗𝒗 = 𝟎𝟎                         𝐿𝐿𝐿𝐿 ≤ 𝒗𝒗 ≤ 𝑈𝑈𝐿𝐿                                (2) 

   Step 2: min
𝑖𝑖
∑ 𝑣𝑣𝑖𝑖

2
𝑖𝑖     𝑠𝑠. 𝑡𝑡.   𝑺𝑺 ∙ 𝒗𝒗 = 𝟎𝟎                           𝐿𝐿𝐿𝐿 ≤ 𝒗𝒗 ≤ 𝑈𝑈𝐿𝐿   (3) 

where 𝜇𝜇 is the specific growth rate [1/h], and LB and UB are vectors containing the lower and 

upper bounds, respectively, for all of the fluxes in units of mmol/(g DW h).  

The genome-scale metabolic model used was the most recent consensus model of S. cerevisiae, 

Yeast 8 [22], as found on GitHub (https://github.com/SysBioChalmers/yeast-GEM). FBA 

problems in Block B were solved using the Constraint-Based Reconstruction and Analysis 

(COBRA) toolbox [38-40].  

5.3.3 Dynamic block 

The dynamic block consists of a set of ordinary differential equations (ODEs) that account for 

cell growth, and extracellular metabolite consumption and production, in batch culture. Therefore, 

the following expressions are included in this block: 

https://github.com/SysBioChalmers/yeast-GEM
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Biomass (X): 

𝑑𝑑(𝑋𝑋)
𝑑𝑑𝑡𝑡

= 𝜇𝜇 ∙ (𝑋𝑋)                                                                         (4) 

Substrates (G, F, and N): 

                                                               
𝑑𝑑(𝐺𝐺)
𝑑𝑑𝑡𝑡

= −𝜈𝜈𝐺𝐺 ∙ 𝑀𝑀𝑀𝑀𝐺𝐺 ∙ 𝑋𝑋                                                        (5)   

                                                           
𝑑𝑑(𝐹𝐹)
𝑑𝑑𝑡𝑡

= −𝜈𝜈𝐹𝐹 ∙ 𝑀𝑀𝑀𝑀𝐹𝐹 ∙ 𝑋𝑋                                                          (6) 

                                                          
𝑑𝑑(𝑁𝑁)
𝑑𝑑𝑡𝑡

= −𝜈𝜈𝑁𝑁 ∙ 𝑀𝑀𝑀𝑀𝑁𝑁 ∙ 𝑋𝑋                                                         (7) 

Products (Pk): 

                                                        
𝑑𝑑(𝑃𝑃𝑘𝑘)
𝑑𝑑𝑡𝑡

= 𝜈𝜈𝑃𝑃𝑘𝑘 ∙ 𝑀𝑀𝑀𝑀𝑃𝑃𝑘𝑘 ∙ 𝑋𝑋                                                      (8) 

where 𝐺𝐺, 𝐹𝐹, and 𝑁𝑁 are the extracellular glucose, fructose, and ammonium concentrations [g/L], 𝑋𝑋 

is the biomass concentration [g/L], 𝜇𝜇 is the specific growth rate [1/h], 𝑃𝑃𝑘𝑘 is the kth extracellular 

product concentration [g/L] representing glycerol, succinate, citrate, malate, and acetate, ν is the 

corresponding flux exchange rate [mmol/(g DW h)], MW is the corresponding molecular weight 

[g/mmol], and 𝑡𝑡  is time [h]. All fermentations were nitrogen-limited, with ammonium as the 

limiting substrate, and ethanol, glycerol, acetate, and succinate, as the most relevant products. The 

integration solver that was used was ode113, a MATLAB standard integrator, where the maximum 

integration step size is 5 h to avoid losing information during crucial moments, such as nitrogen 

depletion and to also make sure the pseudo-state state assumption holds. 

5.3.4 Constraint Block  

Sugar consumption 

The kinetic block contains both glucose and fructose consumption rates (vG: reaction r_1714 

and vF: reaction r_1709 in Yeast 8), defined as fixed fluxes (LB=UB). These uptake expressions 
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are based on Michaelis-Menten type kinetics which considers both glucose (G) and fructose (F) 

uptake rates, similar to previous work [17, 33]. Furthermore, the expressions account for 

competitive inhibition between hexose transporter and non-competitive inhibition of sugar 

transport as ethanol (E) increases in the medium. The following equations are considered 

appropriate under enological conditions for a composite hexose transporter, 

                                                  𝑣𝑣𝐺𝐺 =
𝜐𝜐𝑚𝑚𝑚𝑚𝑚𝑚 ∙ 𝐺𝐺

�1 + 𝐸𝐸
𝐾𝐾𝐸𝐸
� ∙ �𝐾𝐾𝐺𝐺 �1 + 𝐹𝐹

𝐾𝐾𝐹𝐹
� + 𝐺𝐺�

                                                (9) 

 

                                               𝑣𝑣𝐹𝐹 =
𝜐𝜐𝑚𝑚𝑚𝑚𝑚𝑚 ∙ 𝐹𝐹

�1 + 𝐸𝐸
𝐾𝐾𝐸𝐸
� ∙ �𝐾𝐾𝐹𝐹 ∙ �1 + 𝐺𝐺

𝐾𝐾𝐺𝐺
� + 𝐹𝐹�

                                               (10) 

where 𝐺𝐺, 𝐹𝐹, and 𝐸𝐸 are the glucose, fructose, and ethanol concentrations [g/L], respectively, 𝜐𝜐𝑚𝑚𝑚𝑚𝑚𝑚 

is the maximum sugar uptake rate [mmol/(g DW h)] ,  𝐾𝐾𝐺𝐺 and 𝐾𝐾𝐹𝐹 are the half-saturation constants 

for glucose and fructose, respectively [g/L], and 𝐾𝐾𝐸𝐸 is the ethanol inhibition constant [g/L]. 

Nitrogen consumption 

Since enological fermentations typically occur under nitrogen-limited conditions [4], our 

model includes a kinetic constraint that accounts for total YAN (Yeast Assimilable Nitrogen) 

consumption. The kinetic block contains a nitrogen consumption rate (𝑣𝑣𝑁𝑁: reaction r_1654 in 

Yeast 8), defined as a fixed flux (LB=UB). The uptake equation is a Michaelis-Menten form kinetic 

expression which assumes that all of the assimilable nitrogen is taken up in one form (here, from 

ammonium) [4]. Thus, we obtain  

                                                                      𝜐𝜐𝑁𝑁 =
𝜐𝜐𝑁𝑁𝑚𝑚𝑚𝑚𝑚𝑚 ∙ 𝑁𝑁
𝐾𝐾𝑁𝑁 + 𝑁𝑁

                                                                 (11) 

where 𝑁𝑁 is the ammonium concentration [g/L], 𝜐𝜐𝑁𝑁,𝑚𝑚𝑚𝑚𝑚𝑚 is the maximum ammonium uptake rate 

[mmol/g DW h], and 𝐾𝐾𝑁𝑁 is the half-saturation constant for ammonium [g/L]. 
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The 𝐾𝐾 values chosen were based on our previous work on simulating the fermentation 

kinetics of S. cerevisiae [4]. The f values (Figure 5.1, Block A) for extracellular metabolites were 

calculated using experimentally determined values from this study. The maximum sugar and 

nitrogen uptake rates were selected based on experimental measurements. The coefficients of the 

biomass growth flux were based on the work of Schulze [24, 41] and used as shown in the 

following: 

𝑎𝑎(𝛼𝛼1𝐴𝐴1 + ⋯𝛼𝛼20𝐴𝐴20) + 𝑐𝑐(𝛾𝛾1𝐶𝐶1 + ⋯𝛾𝛾5𝐶𝐶5) + 𝑑𝑑(𝛿𝛿1𝐷𝐷1 + ⋯𝛿𝛿4𝐷𝐷4) + 𝑟𝑟(𝜌𝜌1𝑅𝑅1 + ⋯𝜌𝜌4𝑅𝑅4) + 𝑙𝑙(𝜆𝜆𝐿𝐿)

+ ⋯⟶ 𝐿𝐿𝑖𝑖𝐵𝐵𝐵𝐵𝑎𝑎𝑠𝑠𝑠𝑠 + ⋯ 

where A1…𝐴𝐴20 are the essential amino acids; C1…𝐶𝐶5, are 1->3-β-D-glucan, 1->6-β-D-glucan, 

glycogen, mannan, and trehalose; D1…𝐷𝐷4 , are components that make up the DNA pseudo-

reaction, dAMP, dCMP, dGMP, and dUMP; R1…𝑅𝑅4, are components that make up the RNA 

pseudo-reaction, AMP, CMP, GMP, and UMP; and L is the lipid fraction obtained from the lipid 

pseudo-reaction. 𝛼𝛼1 + ⋯𝛼𝛼20 , 𝛾𝛾1 + ⋯𝛾𝛾5 , 𝛿𝛿1 + ⋯𝛿𝛿4 , 𝜌𝜌1 + ⋯𝜌𝜌4 , and λ correspond to 

stoichiometric coefficients. Table 5.1 contains coefficients according to Schulze [24]. The 

coefficients for protein, lipid, carbohydrate, DNA, and RNA were manually adjusted to improve 

the biomass concentration predictions qualitatively. These modifications were made by changing 

the coefficients of the biomass pseudo-reaction.  

Model Modification for Anaerobic Conditions 

S. cerevisiae metabolism experiences changes depending on whether it is exposed to an 

anaerobic or aerobic environment [10, 11]. Therefore, since this study is concerned with 

fermentations under enological conditions, we modified the metabolic model to appropriately 

reflect the anaerobic state of metabolism. In our approach, we proceeded as suggested by Heavner 

et al. [20], constraining vO2 to zero (LB=UB=0 [mmol/(g DW h)]), allowing unrestricted uptake of 



 

133 

ergosterol (r_1757), lanosterol (r_1915), zymosterol (r_2106), 14-demethyllanosterol (r_2134), 

ergosta-5,7,22,24(28)-tetraen-3beta-ol (r_2137), and oleate (r_2189). In addition, pathways 

including the oxaloacetate-malate shuttle and glycerol dehydrogenase reaction were unrestricted 

as described by Sanchez [42, 43] (in the model, this was achieved simply by blocking reactions 

r_0713, r_0714, and r_0487) [42]. Heme A was also removed from the biomass equation.  

By-product production 

Key by-products formed were accounted for by constraining the lower bounds of the product 

exchange reactions proportional to total sugar consumption. As stated earlier, the only extracellular 

products detected in significant amounts were ethanol, glycerol, acetate, citrate, malate, and 

succinate. Thus, 

𝐿𝐿𝐿𝐿𝑖𝑖 = 𝑓𝑓𝑖𝑖 ∙ 𝑣𝑣𝑠𝑠𝑠𝑠𝑠𝑠𝑚𝑚𝑠𝑠;   𝑖𝑖 = 1 … 6 

where 𝑖𝑖 accounts for (1) ethanol, (2) glycerol, (3) acetate, (4) citrate, (5) malate, and (6) succinate. 

𝐿𝐿𝐿𝐿𝑖𝑖  is the corresponding exchange reaction lower bound (reactions r_1761, r_1808, r_1687, 

r_1546, r_1552, and r_2056 in Yeast 8, respectively), and 𝑓𝑓𝑖𝑖 is the corresponding yield value 

[mmol by-product/mmol sugar]. The yield values were determined by dividing the final 

concentration of by-product by the initial concentration of sugar. With this approach, the lower 

bound instead of the actual flux value is fixed.  

 

5.4 Results 

5.4.1 Validation of Model Prediction Using Experimental Fermentation Data under 

Enological Conditions 

Experimental fermentations were performed under enological conditions. Figure 5.2 shows 

sugar and nitrogen uptake, as well as the production of ethanol, acetate, malate, succinate, glycerol, 
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and biomass over the course of the fermentation. The nitrogen contained in the MMM synthetic 

grape medium used for this fermentation is made up of an ammonia component and a more 

complex amino acid-based nitrogen component. As expected, since it has been well documented 

that wine fermentations are nitrogen-limited as suggested by Ingledew and Kunkee [44], Bezenger 

and Navarro [45], Bisson [46], Cramer et al. [4], and Valera et al [47], the yeast assimilable 

nitrogen (YAN) was consumed very rapidly. At that point, the maximum cell density was reached.  

As shown, glucose in the media was consumed first, followed by fructose since hexose 

transporters in the cytoplasm have a higher affinity to the former (Fig. 5.2C). The YAN (yeast 

assimilable nitrogen was fully consumed (Fig. 5.2A) when the maximum cell concentration was 

obtained (Fig. 5.2B) 50 hours into the fermentation, which agrees with nitrogen limited growth 

kinetics under fermentative conditions [4, 5]. A stoichiometrically accurate yield of ethanol (~132 

g/L) was marginally underpredicted, reaching a simulated concentration of 110 g/L with the initial 

starting concentration of total sugar used in this study (~260 g/L) (Fig. 5.2C). However, the 

predicted values were within the range of similar enological fermentations [48]. Several 

extracellular metabolites are also measured throughout the fermentation (Fig. 5.2), including 

succinate, glycerol, and acetate with yields of ~ 1.4 g/L, 7 g/L, ~0.5 g/L, respectively. 
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Figure 5.2. Growth kinetics of Enoferm in MMM media showing the change of YAN (ammonium) (A), biomass (B), fructose, glucose, 
and ethanol (C), and glycerol, citrate, malate, succinate, and acetate (D) concentrations during fermentation.  
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Consumption of glucose and fructose and ethanol production were representative of the enological 

fermentation experiment (Fig. 5.2). YAN (Fig. 5.2A) and Dry cell weight (Fig. 5.2B) curves were 

also successfully predicted. Also, the productions of some of the important by-products of wine 

fermentation, including glycerol, succinate, and acetate, were measured. Maximum glycerol (~6.9 

g/L) and succinate (~1.3 g/L) produced during the fermentation were quantitatively well predicted 

using the proposed model, while acetate (~0.5 g/L) prediction was qualitative (Fig. 5.2D). 

 

Table 5.1. Model parameters and sensitivity analysis 

 Max Biomass (g/L)  Fermentation Time   

 Base: 3.97 g/L  400 hours   

 
15% 
decrease 

15%  
Increase 

 15%  
decrease 

15%  
Increase Base values Source 

Vsmax (mmol sugar/gDW) 3.56  4.16  492  338 6.12 Experimental 
K_glu (g Glucose/L) 3.99  3.91  397  404 15 Best fitting 
K_fruc (g Fructose/L) 3.99  3.94  377  430 30 Best fitting 
K_nitro (g Ammon/ L) 3.87  4.18  415  391 0.04 Best fitting 
Vnmax (mmol Ammon/L) 4.12  3.64  390  440 0.311 Experimental 
Ketoh (g ethanol/L) 3.91  4.22  434  367 31 Cramer et al. 
fetoh (mmol EtOH/mmol sugar) 4.06  3.89  386  402 1.7973 Experimental 
fgly (mmol glycerol/ mmol sugar) 3.97  3.97  400  400 0.051 Experimental 
fsucc (mmol succinate/mmol sugar) 3.97  3.95  399  402 4.11E-03 Experimental 
facet (mmol acetate/mmol sugar) 3.99  3.95  398  402 0.015 Experimental 
a 4.32  3.53  376  426 0.018287 Schulze et al. 
l 3.99  3.99  399  401 0.001456 Schulze et al. 
c 3.99  3.96  400  400 0.0154 Schulze et al. 
d 3.98  3.97  400  400 0.000161 Schulze et al. 
r 3.98  3.97  400  400 0.000161 Schulze et al. 

* Fermentation time: time required for total sugar <1 g/L. 
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5.4.2 Sensitivity analysis 

A sensitivity analysis was performed to determine if variations in the model parameters could 

introduce significant changes or errors in the dFBA predictions. We tested this for the dFBA 

simulations by allowing the model parameters to be varied by increasing or decreasing the base 

model parameter values by 15%, as shown in Table 5.1. The choice of 15% was made since larger 

perturbations did not result in convergence. We chose three vital performance benchmarks: 

maximum biomass concentration, final ethanol concentration, and fermentation time, to evaluate 

how each parameter impacts the overall model predictions. We computed the model sensitivity 

according to the following equation, 

𝑆𝑆𝐴𝐴 =
𝐴𝐴𝑖𝑖𝑖𝑖 − 𝐴𝐴𝑖𝑖
𝐴𝐴𝑖𝑖

∙ 100 

where 𝐴𝐴𝑖𝑖 are the values given by the model in the base case and 𝐴𝐴𝑖𝑖𝑖𝑖 are the values given by the 

model in the ith perturbed case. 

 

Table 5.1 summarizes the model prediction criteria (maximum biomass concentration, final 

ethanol concentration, and fermentation time) when decreasing or increasing one of the parameters 

by 15%. Comparing the results of the sensitivity analysis for maximum biomass, it appears that 

changes in parameter 𝑉𝑉𝑠𝑠𝑚𝑚𝑚𝑚𝑚𝑚 (maximum sugar uptake rate) and a (stoichiometric coefficient of the 

protein in the biomass equation, which is equation r_4044) had the greatest impact. Variation in 

the other parameters did not significantly impact maximum biomass, implying that maximum 

biomass is nearly insensitive to the other parameters. A 15% decrease in 𝑉𝑉𝑠𝑠𝑚𝑚𝑚𝑚𝑚𝑚  results in a 23% 

increase in fermentation time and 15% increase in 𝑉𝑉𝑠𝑠𝑚𝑚𝑚𝑚𝑚𝑚 results in a 15.5% decrease in 

fermentation time. In addition, changing other model parameters such as 𝐾𝐾𝐹𝐹  (15 % decrease),  

𝑓𝑓𝑒𝑒𝑒𝑒ℎ𝑚𝑚𝑚𝑚𝑎𝑎𝑎𝑎 (15 % increase) and p (15 % decrease) decreased fermentation time by 6.7%, 10%, and 
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8%, respectively. Conversely, a 15% increase in 𝐾𝐾𝐹𝐹 ,   𝜐𝜐𝑁𝑁𝑚𝑚𝑚𝑚𝑚𝑚  and p resulted in an increase in 

fermentation time by 6%, 6%, and 13%, respectively. Most of the parameters that have a 

significant effect on the model were either taken from the literature (Ketoh [4], or measured 

experimentally (VNmax, fetoh, fgly, fsucc, facet, Vsmax). 

 

5.4.3 Predictions of Key Intracellular Fluxes  

Using Yeast 8.4.2 combined with our dFBA model it is possible to predict the change of 

the entire set of fluxes throughout the simulated fermentation. The change of some of the key 

intracellular fluxes between 0 to 100 hours during fermentation are illustrated (Fig. 5.3). These 

fluxes include production of biomass growth, extracellular ammonium utilization, and fluxes 

through cytosolic D-fructose 6-phosphate, cytosolic pyruvate, cytosolic ethanol, ER membrane 

phosphatidylcholine (1-16:0, 2-16:1), ER membrane phosphatidylcholine (1-16:0, 2-18:1), ER 

membrane phosphatidylcholine (1-18:1, 2-16:1), and ER membrane phosphatidyl-1D-myo-

inositol (1-16:0, 2-16:1). Biomass and ammonium fluxes follow the saturation kinetics as expected 

since they are defined with a Michaelis-Menten type relation in the model. The increasing cytosolic 

pyruvate carboxylase activity points to the decreased activity of pyruvate kinase. Flux through 

phosphofructo 2 kinase follows the same trend as pyruvate carboxylase since it is an enzyme of 

glycolysis, which produces pyruvate [49]. Cytosolic ethanol flux (not shown) drops steeply at the 

moment when all the limiting nutrient is consumed, at which point this drop slows down as sugar 

uptake rate increases. The sudden change at the point of complete nitrogen depletion on the 

biomass curve is due to the ammonium-limited growth exhibited by the model. Even though it is 

difficult to interpret the phospholipid fluxes, these predictions could also provide additional insight 

into the studies on how cellular membrane lipids are remodeled during fermentation. For instance, 
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ER membrane phosphatidyl-1D-myo-inositol (1-18:1, 2-18:1) fluxes over time indicate several 

perturbations, representing modulation of the cell membrane in response to the changing simulated 

environment, e.g., increasing levels of ethanol. These fluxes demonstrate the potential of using a 

genome-scale model of S. cerevisiae combined with a dFBA approach to improve understanding 

of central yeast metabolism and the fluxes involved in lipid synthesis pathways.  
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Figure 5.3. Prediction of change of key metabolic fluxes using Yeast 8.4.2 combined with dFBA model proposed in this study. Each 
flux has the unit of mmol/ gDW-h except the biomass flux [1/h]
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5.5 Discussion 

The proposed model incorporates the latest GSMM adapted to enological conditions. The 

dFBA algorithm used in this study predicts the experimental biomass growth curve and glucose, 

fructose, ethanol, and nitrogen consumption curves well. While others [15, 30, 50] have used yeast 

models for glucose-limited, aerobic fermentations, and/or under non-transient process conditions, 

here we introduce a systematic dFBA framework that not only validly predicts extracellular 

metabolic behavior, but can predict key extracellular metabolic fluxes and infer intracellular 

metabolic patterns throughout fermentation.  

This model utilizes a two-step optimization routine that allows for a more realistic simulation 

of cellular growth. That is, maximization of biomass until nitrogen depletion is followed by 

minimization of the total absolute fluxes. In several previous analyses, maximization of biomass 

production alone has been the most suitable objective function [18, 31, 51-54]. Even though 

maximization of biomass as an objective function is valid for the exponential phase of the yeast 

growth, it is likely not valid during the stationary phase since cells regulate their metabolism in a 

way that aims to survive against the toxic effects of self-produced ethanol. The two-step objective 

function utilized here improved the glycerol and ethanol predictions without affecting the 

prediction of other extracellular metabolites such as succinate and acetate concentrations (data not 

shown). Minimizing the total sum of absolute fluxes in the second step of the optimization routine 

likely directs the carbon flux from glycerol to ethanol, decreasing the former and increasing the 

latter and better matching the experimental observations compared to just using a single biomass 

maximization as an objective function (data not shown).  

However, not all compounds are predicted accurately, including absolute amounts of external 

metabolites such as succinate, acetate, and initial time points of glycerol. One of the possible 
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approaches to increase the accuracy of the fits was performed by Sanchez et al. [30] through 

iterative parametrization by finding the model's best-fitting parameters. Another possible way to 

improve the metabolic coverage of the GSMM is to expand and refine metabolic pathways for 

lipid metabolism, since our previous work has shown lipids most likely to play a key role in strain 

nutrient utilization efficiency and ethanol tolerance [7]. While the current yeast model has 

significantly better coverage of lipid metabolism [43], it is still not at the level of complexity of 

the actual yeast system characterized by Henderson et al. [7]. A more detailed, accurate 

representation of the lipid metabolism could be beneficial for comparing different yeast strains.  

The results from the dFBA simulations are based on a model that assumes all nitrogen in the 

medium taken up is in the form of ammonium. However, this assumption is flawed as there are 

normally other nitrogen sources present in wine media that contribute to YAN such as amino acids 

and small peptides. Furthermore, it is known there is a positive correlation associated with biomass 

concentration and nitrogen utilization [4]. In other words, greater nitrogen utilization leads to 

increased biomass formation. Likewise, numerous studies have been done to understand the role 

that nitrogenous compounds utilized by S. cerevisiae play in the formation of volatile organic 

compounds (VOCs) during alcoholic fermentation [55-60]. Many factors, including nitrogen, 

influence VOC production such as fusel alcohols, acetate esters, and MCFA esters during wine 

fermentation. Several of these factors are yeast strain, level of solids, sugar concentration, lipid 

composition, temperature, hydrostatic pressure, aeration, grape variety, and grape skin contact 

time [61-69]. Nevertheless, it has been established that the assimilable nitrogen composition of 

grape juice, via Ehrlich and amino acid degradation pathways [70], has a substantial impact on the 

production of VOCs during fermentation. Moreover, in cases where initial nitrogen concentrations 

are relatively low, increasing FAN leads to greater fusel alcohol and ester production [58, 71-74]. 
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Conversely, at high initial juice nitrogen concentrations, increasing FAN causes a reduction in 

fusel alcohol and acetate ester formation because equilibrium is shifted, causing most of the α-keto 

acids produced to be converted into the corresponding amino acids [75]. The concentration of 

VOCs increases based on the rising degrees of juice turbidity, essentially linking it to biomass 

production [62, 76]. Ultimately, while the results here indicate that assuming all YAN is attributed 

to ammonia is reasonable for simulating biomass growth and primary metabolism, it is erroneous 

to apply such a simple assumption (e.g., not including the kinetics of amino acid consumption) 

when modeling VOC production.  

Sensitivity analysis shows that the model is insensitive to most of the model parameters shown 

in Table 5.1, except for Vsmax, VNmax, and the protein biomass coefficient. It would be valuable to 

get independent biomass coefficients (lipid, carbohydrate, DNA, RNA, and especially protein). 

However, this is not common in the literature, with most studies using one set of conditions 

(glucose-limited, aerobic growth) that may or may not apply to enological conditions [24]. 

Besides, the biomass composition likely varies among yeast strains and fermentation time/stage, 

and, therefore, considering this change may probably help improve the model predictions [77].  

In this work, we developed an improved experimentally validated genome-scale dynamic flux 

balance analysis model that can be used to predict fermentation kinetic behavior under enological 

conditions. The model was validated using experimental data for fermentation profiles and final 

concentrations of fermentation products of Enoferm T306 strain yeast grown under low nitrogen 

conditions (123 mg/L) in synthetic minimal must media (MMM). These experiments showed that 

this strain exhibits nitrogen-limited growth, as supported by previous studies. Our dynamic 

framework implemented a series of revisions of previous models using a generalized set of kinetic 

constraints and more comprehensive genome-scale reconstruction containing a biomass equation 
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for nitrogen-limited anaerobic conditions. Furthermore, we showed that our model framework 

could be used to represent and predict concentration profiles for key extracellular metabolites over 

the course of fermentation. Here, we illustrated that not only are the biomass coefficients within 

the biomass equation crucial for accurate model predictions using dFBA, but so are the kinetic 

constraints, especially the maximum sugar uptake rate (𝑽𝑽𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔) and production yield of ethanol 

(𝒇𝒇𝒆𝒆𝒆𝒆𝒆𝒆𝒔𝒔𝒆𝒆𝒆𝒆𝒍𝒍). A more refined treatment of lipid metabolism within the genome-scale model and a 

more detailed treatment of nitrogen and amino acid uptake kinetics could facilitate improving 

model results. Moreover, accurate biomass composition at different growth stages is likely to 

improve computer simulation accuracy. In conclusion, this dFBA model can be a valuable tool to 

predict the production rate and concentration of key metabolites throughout a yeast alcoholic 

fermentation under different enological conditions. This tool allows us to characterize the 

metabolism of different commercial yeast strains and identifying key metabolic pathways that 

could be modified for strain improvement. 
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Abstract 

Background: Metabolomics coupled with genome-scale metabolic modeling approaches have 

been employed recently to quantitatively analyze the physiological states of various organisms, 

including Saccharomyces cerevisiae. Although yeast physiology in laboratory strains is well-

studied, the metabolic states under industrially relevant scenarios such as winemaking are still not 

sufficiently understood, especially as there is considerable variation in metabolism between 

commercial strains. To study the potential causes of strain-dependent variation during enological 

conditions, we used random flux sampling and statistical methods, along with experimental 

extracellular metabolite flux data to characterize the differences in predicted intracellular 

metabolic states between strains. 

 

Results: We observed that four selected commercial wine yeast strains (Elixir, Opale, R2, and 

Uvaferm) produced variable amounts of key volatile organic compounds (VOCs). Principal 

component analysis was performed on extracellular flux data from the strains at two points of cell 

growth (24 hr. and 144 hr.). Separation of the strains was observed at both time points. 

Furthermore, Uvaferm at 24 hr., for instance, was most associated with propanol and ethyl 

hexanoate while R2 was most associated with ethyl acetate. Constraint-based modeling (CBM) 

was employed using the latest genome-scale metabolic model of yeast and random flux sampling 

with experimentally derived fluxes at various stages of growth as constraints for the model. The 

flux sampling simulations allowed us to characterize intracellular metabolic flux states and 

globally illustrate which parts of metabolism underly the strain differences. We determined that 

the Uvaferm and Elixir are similar while R2 and Opale exhibit the highest degree of differences in 

the Ehrlich pathway and carbon metabolism, thereby pinpointing strain-specific variation in VOC 
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production. The model predictions also established the strain R2, followed by strain Opale, as 

being the most distinct from the other strains. The differences in metabolism was most evident 

pertaining to parts of amino acid, carbon, and glycerophospholipid metabolism which could 

suggest genetic divergence in activity in these parts of metabolism among these wine strains. 

Moreover, this genetic divergence prompts the observed strain-specific differences in fusel alcohol 

and ester production. 

 

Conclusions: Overall, this approach proved useful in elucidating key metabolic pathways related 

to observed differences in VOC formation between commercial wine yeast strains, indicating 

utility for exploring other important metabolic differences among strains and potential targets for 

new strain development. 

 

Keywords: Flux Sampling, Genome-scale metabolic models, Fermentation, Saccharomyces 

cerevisiae, Aroma, Wine, Volatile Organic Compounds   
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6.1 Introduction 

The ability to produce wines with specific sensory profiles would be immensely beneficial 

to the global wine industry. In addition to characteristics coming from the grape juice, this optimal 

production is heavily contingent upon commercial yeast (Saccharomyces cerevisiae) strains to 

complete alcoholic fermentation and produce desirable aroma compounds, so-called volatile 

organic compounds (VOCs). It has been assessed that wines contain more than 1,000 different 

VOCs of which more than 400 are directly attributed to yeasts [1]. Despite wines containing such 

a complex array of VOCs, the most important aroma impact compounds yeast produces during 

fermentation are higher alcohols, acetate esters, and fatty acid esters [2]. Many metabolites, 

including VOCs are catabolically and anabolically formed via numerous interconnected metabolic 

pathways, which are genetically regulated and are yeast strain-dependent [3-6]. Because of the 

strain-to-strain differences and the complexity of the metabolism of these aroma impact molecules, 

quite a lot is still not understood about the metabolism, making control of VOC production through 

processing changes or genetic changes difficult. Therefore, in order to optimize and improve the 

production of wines, a profound understanding of the metabolism of commercial yeast strains and 

their metabolic differences is required.  

Currently, many commercial wine yeast strains have been reasonably well characterized 

on a phenotypic, biochemical, and even genotypic level [7]. Unfortunately, the relationships 

between a finished wine’s aroma characteristics and the microbial culture conditions that 

synthesize its bouquet are extraordinarily complex. However, with the rapid advent of new 

technologies and tools such as genome-scale metabolic models (GSMMs) [8], Constraint-Based 

Modeling (CBM) techniques can offer insight into yeast metabolism that will facilitate changes in 

processing conditions or the genetic background of commercial strains to achieve stylistic goals. 
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The production of VOCs such as esters and higher alcohols has been linked to the nitrogen 

requirements of yeast strains [9, 10]. Furthermore, since commercial yeast strains regulate biomass 

and ferment at different rates, it has been established that nutrient utilization varies among strains 

[11]. Generally, commercial yeasts have a higher nitrogen utilization efficiency (NUE). NUE and 

the formation of VOCs are known to be correlated [12], where strains with a high utilization have 

been found to produce more esters and fewer higher alcohols. However, the metabolic mechanism 

to explain this connection has yet to be fully explored. Since aroma and flavor are central quality 

features of wines, however, many studies have been conducted to better understand the effects of 

juice nutrients and yeast choice on the final aroma profile [10, 12-14].  

Within the species, Saccharomyces cerevisiae and other members of the genus 

Saccharomyces, the production of many VOCs is known to be strain-dependent [3]. Although all 

wine yeast strains produce many similar aroma compounds, yeast genetics and physiology govern 

the production of esters, fatty acids and higher alcohols [5, 15], H2S formation [16-18], and volatile 

thiol release and conversion [19, 20]. Moreover, despite some relative success in properly 

overexpressing alcohol dehydrogenases (ADHs) and deleting some transaminases (BATs) 

contained within the Ehrlich pathway to steer higher alcohol formation [21-23], simple mutations 

can lead to inconclusive results or undesired effects such as overexpressing ARO9 which could 

cause unwanted overproduction of some higher alcohols [24]. These results highlight the need for 

modeling tools to globally examine the complex and intricate metabolic routes taken by yeast in 

order to produce various aromas (Fig. 6.1).  

 Over the past two decades, many GSMMs of S. cerevisiae have been produced by 

incorporating information from high-throughput omics data sets [25-29]. Some GSMMs have 

already been applied to examine yeast metabolism and improved the production of several 
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commodity chemicals. For example, a genome-scale model referred to as, iFF708, has been used 

in a broad array of strain design applications ranging from enhancing biofuel production to 

optimizing succinate yields [30-32]. In addition, flux balance analysis (FBA) has been applied to 

a GSMM, iND750, to efficiently steer fumaric acid formation in S. cerevisiae [33]. Despite these 

groundbreaking efforts paving the way for applying GSMMs to steer yeast cell factories, these 

works are not directly applicable to enological fermentations because of the yeast strains modeled, 

the system being carbon-limited, and/or the system being aerobic. 

While there have been several studies that have successfully modeled yeast under 

enological conditions from simple kinetic models [34] to genome-scale dynamic FBA (dFBA) 

models [35], they are limited in terms of describing the behavior of metabolites that contribute to 

organoleptic wine properties. Additionally, secondary metabolism is highly involved, and these 

initial models that focused on nitrogen metabolism did not contain information regarding the genes 

responsible for this association. Recent development and expansion in the latest yeast GSMM have 

allowed for a more significant investigation into pathways responsible for VOC formation [8, 29]. 

However, employing conventional CBM methods such as FBA and flux variability analysis (FVA) 

can be inadequate due to relying on a singular objective such as maximizing biomass. A powerful 

alternative approach, known as Monte Carlo random flux sampling, which has been applied to 

several GSMMs [27, 36, 37], provides a way to analyze genome-scale networks without needing 

an objective function. Flux sampling has the added benefit that it determines the feasible solution 

spaces for fluxes in a network based on a set of conditions as well as the probability of obtaining 

a solution [38]. Given the immense number of reactions involved in linking amino acid degradation 

and other nutrient utilization pathways to the formation of VOCs, CBM techniques provide a 

suitable option to further examine this relationship. Moreover, flux sampling presents a tool that 
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enables a comprehensive understanding of the flux solution space and the interrelationship of 

aroma-associated pathways of various strains at different stages of growth without specifying an 

objective function, , especially when extensive data sets for multiple strains are available. 

In this study, experimental data for four commercial yeast strains with varied VOC 

production patterns were used to calculate external fluxes of nutrients and VOCs throughout the 

fermentation. A model framework was used with this experimental data to understand their key 

metabolic differences. Here, the model framework we implemented was a CBM flux sampling 

approach on the most recent genome-scale model of yeast metabolism, Yeast 8.4.2, to 

systematically determine how extracellular metabolite level fluctuations are related to 

comprehensive changes in intracellular metabolic flux states. Using flux sampling and statistical 

methods, we successfully characterized intracellular metabolic conditions without specifying a 

single optimal flux state as previously demonstrated [27, 37, 39]. Furthermore, by applying flux 

sampling, we compared the metabolic states at different stages of cell growth. Not only were we 

able to evaluate these fluxes at different time intervals, but we compared four commercial wine 

yeast strains to examine their key metabolic differences for diverse phenotypes. Lastly, we 

assessed probable genetic congruence among the strains by examining overlapping abundance of 

usage of notable gene associated reactions. To our knowledge, this is a novel application of flux 

sampling to study the metabolism of yeast during an enological fermentation. Also, we were able 

to establish the gene-associated reactions responsible for key strain characteristics. 
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Figure 6.1 Illustration of metabolic pathways associated with the production of aroma compounds by S. cerevisiae, based on Irwin [40], 
Swiegers et al. [41] and Scott et al [8]. Dashed arrows designate one or more omitted intermediates. The dashed boxes depict extended 
portions of carbon and sulfur metabolism.  
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6.2 Materials and Methods 

6.2.1 Experimental data 

The experimental data used in this study is from a study previously described and published 

by Scott and coworkers [42]. In this work, we used this dataset to apply CBM approaches. 

Moreover, we estimated specific consumption and production rates (fluxes) of the experimentally 

measured compounds presented in Scott et al. [42]. 

The yeast strains used in experiments were Uvaferm 43TM(Uvaferm), Lalvin R2TM (R2), Lalvin 

ICV OpaleTM (Opale), and VitilevureTM Elixir YSEO (Elixir). All strains were Lallemand 

(Lallemand, Montreal, Quebec) commercial yeast strains. All yeast strains were obtained from the 

UC Davis Enology Culture Collection. These yeast strains were selected based on the different 

fermentation and aroma-producing performance attributes reported by the manufacturer.  

6.2.2 Genome-scale metabolic model 

The GSMM employed in this study was Yeast 8.4.2 [29], which is widely available via 

GitHub. Overall, the GSMM contains 2742 metabolites, 4058 reactions, and 1150 genes. The 

GSMM is designed for S. cerevisiae, S288C, a laboratory yeast strain not typically used in 

industrial settings. However, since this study was applied to fermentations under enological 

conditions, we modified the GSMM to reflect the anaerobic state of metabolism appropriately. 

Here, we applied a strategy as done by Heavner et al. [43], constraining 𝑣𝑣𝑂𝑂2 to zero (LB=UB=0 

[mmol/(g DW h)]), allowing unrestricted uptake of ergosterol (r_1757), lanosterol (r_1915), 

zymosterol (r_2106), 14-demethyllanosterol (r_2134), and ergosta-5,7,22,24(28)-tetraen-3beta-ol 

(r_2137) and oleate (r_2189). In addition, pathways including the oxaloacetate-malate shuttle and 

glycerol dehydrogenase reaction were unrestricted as described by Sanchez et al. [44, 45] (in the 

model this was achieved by blocking reactions r_0713, r_0714, and r_0487). Heme A was also 
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removed from the biomass equation as it is not used under anaerobic conditions. Moreover, Yeast 

8.4.2 includes expanded coverage of aroma-associated pathways such as an extended Ehrlich 

pathway, more ester formation reactions, and enhanced sulfur reduction pathways as previously 

performed and described in the literature [8]. 

6.2.3 Model constraints 

The experimentally measured net uptake and production fluxes (see Fig. 6.2) were applied as 

experimental constraints in the form of flux bounds that restrict the uptake and product fluxes in 

the model. More specifically, exchange reactions (LB=UB) for the sugars, amino acids, organic 

acids, VOCs and other byproducts were set according to flux values from a chemically defined 

medium during anaerobic nitrogen‐limited fermentation data found in the literature [42].The 

experimental fluxes used as constraints were derived from concentration vs time datasets with 

numerical derivatives estimated by employing a finite difference method (Euler’s method). The 

finite difference method involved using concentrations values at both sides of a time point 

(midpoint method). It is worth noting that experimental error from the original datasets was 

included as well as some error from numerical differentiation. However, this error was not major 

and did not cause improbable predictions. The derived production and secretion fluxes were then 

normalized by measured biomass concentrations. 

6.2.4 Statistical analysis 

Data analysis was performed using R (version 3.6.2, R Core Team, 2020). (http://cran.r-

project.org/). Principal component analysis (PCA) was conducted using the FactoMineR package 

[46]. Squared cosine (cos2) demonstrates the importance of a component for a given observation 

which is the vector of original variables. The squared cosine more specifically designates the 

contribution of a component to the squared distance of the observation to the origin. The 

http://cran.r-project.org/
http://cran.r-project.org/
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hierarchical clustering heat map was generated using the Morpheus package in R 

(https://software.broadinstitute.org/morpheus). The correlation bar was based on Pearson 

correlation coefficients. 

6.2.5 Monte Carlo random flux sampling 

Random flux sampling is an adept approach used to characterize the solution space within 

a GSMM network. This method involves obtaining a statistically significant number of solutions 

that have been uniformly distributed throughout the entire solution space [47]. By using 

randomized flux sampling of candidate network states throughout an entire solution space, we 

obtain an unbiased assessment of its properties. The converged flux sampling distributions were 

computed for all model reactions. Flux sampling analysis was applied using optGpSampler [48], 

an efficient algorithm based on the Monte Carlo Artificially Centered Hit and Run (ACHR) [49] 

algorithm where the solution space - all possible flux states - are characterized using mass 

conservation and stoichiometric constraints (satisfying LB and UB constraints). The algorithm 

parameters were set for each experimental condition in order to sample 10,000 points and we set 

the limit to the number of steps to 1e10 steps to reach a solution. The algorithm was employed to 

explore the distribution of solutions based on experimental determined growth rates and the 

optimal flux range for each experimental condition. Therefore, the model aimed to characterize 

the solution space based on empirical growth rate and the corresponding observed 

consumption/production rates (see Fig. 6.2). To accomplish this, the upper and lower bounds of 

corresponding exchange reactions were fixed according to extracellular flux data (Fig. 6.2). Next, 

the algorithm was used for determining the flux distributions that were obtained based on our 

restrictions. We found the 20 reactions that represented the greatest absolute flux variations among 

the distributions among the yeast strains for every condition. We also found 20 reactions that 

https://software.broadinstitute.org/morpheus
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represented the greatest percent flux variation among the distributions among yeast strains for 

every condition (data not shown). However, we concluded the top 20 reactions based on percent 

flux variation provides little metabolic insight as many of the identified reactions contain median 

fluxes that are miniscule (< l0-9 mmol/ (gDW h)) and many were considered irrelevant. Finally, 

histograms were generated to characterize the solution space of the 20 key reactions, which 

contributed the metabolic difference among the strains related to experimental criteria. These 

histograms illustrated respective reaction fluxes along with solution frequencies. 

6.2.6 Computing Environment 

Modeling was performed in MATLAB® 2018b (The MathWorks, Inc., Cambridge, MA, 

USA) using Cobra Toolbox 3.0 [50] and implemented on a Windows 10 (Microsoft Corporation, 

Redmond, WA, USA) Intel® (Intel Corporation, Santa Clara, CA, USA) Core™ i7‐7500 CPU @ 

2.70 GHz–2.90 GHz processor. Git version 2.3.0 were installed before cloning COBRA with 

GitHub and initializing COBRA in MATLAB. The GSMM was imported into MATLAB, as an 

SBML file, and evaluated using Cobra Toolbox.  

 

6.3 Results 

6.3.1 Extracellular fluxes at various growth phases 

 Extracellular fluxes of key primary and secondary metabolites, as well as specific growth 

rates of four yeast strains at various phases of cell growth, were derived from experimental 

fermentation data [42]. Subsequently, we examined the derived extracellular fluxes at multiple 

stages of growth and observed that most of the rapid formation of VOCs, especially fusel alcohols, 

coincides in time with the greatest rates of consumption of nitrogenous compounds and highest 

specific growth rates (Fig. 6.2). These phenomena all take place during the exponential growth 
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phase, which is before 36 hours after the start of the fermentation. The findings here support those 

found in previous studies [51] which show the maximum production rate of many fusel alcohols 

and other aroma precursors occurs during the exponential growth phase. Some of the VOCs 

maintained relatively steady production during deceleration (pre-stationary) growth phase (until 

58 hours), including 2-phenyl ethanol, 2-phenylethyl acetate, and isobutyl acetate. This could be 

linked to the later consumption of nutrients such as tryptophan and tyrosine. Interestingly, a few 

VOCs, e.g., ethyl acetate, and ethyl butanoate, sustained moderate production rates well into the 

stationary growth phase. Overall, this could suggest other nutrients governing the production of 

VOCs. Acetate and ethanol, in addition, could also play a role in later phases of VOC formation. 

Since it was concluded from statistical analysis that nutrient consumption was similar across 

strains, there are most likely underlying intracellular (metabolic) flux differences among the strains 

causing the variations in VOCs levels across the strains. 
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Figure 6.2 Bar chart of the fluxes used as constraints for the Monte Carlo sampling analysis 
 

6.3.2 Principal component analysis of extracellular fluxes 

To compare the extracellular fluxes across the strains, principal component analysis (PCA) 

was used to analyze fluxes relative to the stage of fermentation. (Fig. 6.3). From the PCA at 24 

hours, 87.8% of the variance was explained by the first two principal components (PC) (PC1 = 

55% and PC2 = 32.8%). From the PCA at 144 hours, 84.4% of the variance was explained by the 

first two principal components (PC) (PC1 = 59.2% and PC2 = 25.2%). As depicted, separation of 

the samples was achieved according to the yeast strains (Fig. 6.3A, C). For the fluxes at 24 hours, 

PC1 separated Uvaferm and Elixir from the other two strains, while PC2 separated Opale and 

Elixir from the other strains (Fig 6.3A). For the fluxes at 144 hours, PC1 separated Uvaferm and 
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Elixir from the other two strains while PC2 separated R2 from the other strains (Fig 6.3C). It is 

notable that R2 remained the distinct strain revealed by the PCA at the two time points. 

Furthermore, variation is illustrated between the metabolism of four yeast strains at different 

fermentation phases, where time is implicated as a factor related to the divergence in extracellular 

fluxes. More specifically, the data points at different fermentation times were noticeably separated 

on the individual factor map based on the growth phase.  

In order to elucidate the important fluxes that drive the variation in different time points, a 

variable factor map was plotted, and these variables are shown with a color scale based on their 

cos2 values (Fig. 6.3B, D). Several of the important variables for each phase are illustrated (Fig. 

6.3). For instance, Uvaferm at 24 hours. is most associated with propanol and ethyl hexanoate. R2 

is most associated with ethyl acetate while Elixir is most associated with 2 phenylethanol and 2 

phenylethyl acetate. Opale has a low cos2 value, but it is associated with isobutanol and isoamyl 

acetate. Accordingly, several extracellular fluxes related to amino acid utilization were positively 

associated with Elixir, Uvaferm, and R2 strains at this stage of fermentation. Here, at 24 hours we 

can see for Uvaferm strong contributions were present from asparagine, phenylalanine, and 

tyrosine (Fig. 6.3B). Elixir contained most contributions from valine, leucine, isoleucine whereas 

Opale was most associated with glycine and alanine. R2 stands out in that it was most associated 

with fluxes from carbon metabolism at 24 hours. These were succinate and acetate (Fig. 6.3B).   
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Figure 6.3. PCA results for the four yeast strains at 24 hr. and 144 hr. A) Individual factor map. B) Variable factor map showing the 
effect of constraint fluxes significant for the PCA. The color scale is based on the cos2 value of each flux where the higher squared 
(cos2) loading values indicate greater importance in the PCA.  
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At 144 hours of fermentation, many VOCs are not being produced as they were at 24 hours. 

The variable factor map for 144 hours illustrates shifts in VOC variables associated with the yeast 

strains (Fig. 6.3D). For instance, R2 at 144 hours is most associated with ethyl hexanoate and 

isobutanol (Fig. 6.3D). Opale at 144 hours is most associated with isoamylol whereas Uvaferm 

and Elixir are most associated with propanol and isobutyl acetate. The variable associations and 

patterns noticed at the 24 hr. and 144 hr. time points from PCA suggest strain-specific influences 

from metabolism could be promoting distinct VOC character among the strains. 

6.3.2 Examining strain-specific metabolic differences using flux sampling 

Flux sampling was applied using Yeast 8.4.2 and constrained using experimental flux data at 

several times during yeast cell growth (24h, 58h, and 144h) (Fig. 6.2) to evaluate the metabolic 

changes as it pertains to the differences in VOCs formation. The converged flux sampling 

distributions were computed for all model reactions. In order to discern and establish which 

network fluxes contribute the most to the phenotypic differences in the yeast strains, we examined 

all of the reactions in the network, but focused on the top 20 reactions based on their absolute 

differences in simulated medians of the sample distribution values for the four strains. We also 

evaluated the top 20 reactions based on their percent differences in simulated median of the sample 

distribution values. However, many of these reactions contained miniscule fluxes (l0-9 mmol/ 

(gDW h)). The top 20 reactions based on absolute differences are listed in Table 6.1. 
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Table 6.1. Summary of the top 20 reactions based on absolute differences in flux medians among 
the yeast strains, and their corresponding gene associations and metabolic subsystems. Reactions 
are listed according to absolute median differences starting with the largest. 

Genes 
(Short 
Name) 

Gene  
Association 

Reaction Names GSMM 
Reaction 
Number 

Metabolic Subsystem 

ARO9 YHR137W tyrosine transaminase r_2119 Tyrosine metabolism, Biosynthesis of secondary 
metabolites (Ehrlich pathway) 

ARO9 YHR137W tyrosine transaminase r_1063 Tyrosine metabolism, Biosynthesis of secondary 
metabolites (Ehrlich pathway) 

ALT2 YDR111C 
L-Alanine:2-
oxoglutarate 
aminotransferase 

r_4226 Alanine metabolism 

ACO2 YJL200C citrate hydroxymutase r_4262 Citric Acid Cycle 

ADH5 
ADH1 

YBR145W 
YOL086C 

alcohol dehydrogenase, 
(acetaldehyde to ethanol) r_2115 

Glycolysis, Fatty acid degradation, Tyrosine 
metabolism, Biosynthesis of secondary 
metabolites (Ehrlich pathway) 

GLO2 YDR272W hydroxyacylglutathione 
hydrolase r_0553 Pyruvate metabolism 

GLO1 YML004C lactoylglutathione lyase r_0697 Pyruvate metabolism 
HSP31 
SNO4 
HSP33 
HSP32 

YDR533C 
YMR322C 
YOR391C 
YPL280W 

(R)-lactate hydro-lyase r_4236 Other carbon metabolism 

PGK1 YCR012W phosphoglycerate kinase r_0892 Glycolysis, Carbon metabolism 
TDH3 
TDH1 
TDH2 

YGR192C 
YJL052W 
YJR009C 

glyceraldehyde-3-
phosphate 
dehydrogenase 

r_0486 
Glycolysis, Gluconeogenesis, Carbon 
metabolism, Biosynthesis of secondary 
metabolites  

CDC19 
PYK2 

YAL038W 
YOR347C pyruvate kinase r_0962 Pyruvate metabolism, Glycolysis, Purine 

metabolism, Carbon metabolism,   

GPM1 YOR283W 
YKL152C phosphoglycerate mutase r_0893 Glycine, serine and threonine metabolism, 

Glycolysis, Carbon metabolism 
PDC6 
PDC1 
PDC5 

YGR087C 
YLR044C 
YLR134W 

pyruvate decarboxylase r_0959 Glycolysis, Gluconeogenesis, Biosynthesis of 
secondary metabolites (Ehrlich pathway) 

ADH2 YMR303C alcohol dehydrogenase 
(ethanol to acetaldehyde) r_0163 

Glycolysis, Tyrosine metabolism, Biosynthesis 
of secondary metabolites (Ehrlich pathway), 
Fatty acid degradation 

GLK1 
HXK1 
HXK2 
EMI2 

YLR446W 
YCL040W 
YFR053C 
YGL253W 
YDR516C 

hexokinase (D-
glucose:ATP) r_0534 

Glycolysis, Gluconeogenesis, Fructose and 
mannose metabolism, Galactose metabolism, 
Amino sugar and nucleotide sugar metabolism, 
Carbon metabolism, Biosynthesis of secondary 
metabolites 

AAT2 YLR027C aspartate transaminase r_0216 
Alanine, aspartate and glutamate metabolism, 
Tyrosine metabolism, Cysteine and methionine 
metabolism  

HOM2 YDR158W aspartate-semialdehyde 
dehydrogenase r_0219 Glycine, serine and threonine metabolism, 

Cysteine and methionine metabolism 

HOM6 YJR139C homoserine 
dehydrogenase (NADH) r_0546 

Glycine, serine and threonine metabolism; 
Cysteine and methionine metabolism, 
Biosynthesis of secondary metabolites 

THI3 
PDC6 
PDC1 
PDC5 

YDL080C 
YGR087C 
YLR044C 
YLR134W 

3-methyl-2-
oxopentanoate 
decarboxylase 

r_0064 Glycolysis, Gluconeogenesis, Biosynthesis of 
secondary metabolites (Ehrlich pathway)  

GPD1 
GPD2 

YDL022W 
YOL059W 

glycerol-3-phosphate 
dehydrogenase (NAD) r_0491 Glycerophospholipid metabolism, Biosynthesis 

of secondary metabolites 
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Random flux sampling was first performed to assess metabolic flux distribution differences 

among the strains during the exponential growth phase. Next, we observed and compared random 

sampling histograms among the top 20 fluxes that relate to phenotypic strain variation (Fig. 6.4). 

Here, we see broad flux distributions as well as relative similarities in flux magnitudes among the 

strains for most of the transaminase reactions except aspartate transaminase (r_0216). However, 

some variation is noticed, particularly with the R2 strain regarding glycolysis and some other 

central carbon metabolism-associated reactions (r_0892, r_0486, r_0962, r_0893, and r_0534). 

Furthermore, there is some noteworthy characteristic separation in the distributions among all of 

the strains related to a known aroma-associated reaction: r_0959 - pyruvate decarboxylase. There 

are similar attributes regarding amino acid dehydrogenases (r_0219 and r_0546). It is noticed that 

variation is divided among the strains where Elixir and Uvaferm are grouped together, and the 

other two strains are not. 

Using flux sampling, we then explored the metabolic solution space among the strains during 

the deceleration phase to understand how yeast metabolism changes throughout fermentation. Here 

we see that many of the transaminase reactions have distribution patterns similar to those during 

the exponential growth phase, but the Opale strain shows distinct distributions among the strains 

(Fig. 6.5). The citrate hydroxymutase solution distributions are chiefly varied among Opale and 

R2 strains. For the alcohol dehydrogenase reaction (r_0163), the Opale strain is distinctive from 

the other strains indicating flux differences to produce higher alcohols. For amino acid 

dehydrogenases (r_0219 and r_0546) as well as an aspartate transaminase and 3-methyl-2-

oxopentanoate decarboxylase (r_0216 and r_0064), the flux distributions are narrower and closer 

to a certain flux value compared to during the exponential phase. There is also greater similarity 

among the strains for these reactions. However, for the glycerol-3-phosphate dehydrogenase 
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reaction the flux distributions are shown to separate the Uvaferm and Elixir, and Opale and R2 

groups. Interestingly, when examining the central carbon metabolism-associated reactions 

(r_0892, r_0486, r_0962, r_0893, and r_0534), we can see the disparity in flux distributions 

increases. In contrast, for other related metabolic reactions (r_0553, r_0697, and r_4236), the 

distributions remained characteristically unchanged going from exponential to deceleration growth 

phase (Fig. 6.5). 

 During the stationary phase, it is apparent from flux sampling that the flux distributions of 

many of the top 20 fluxes shift to narrower, more centered distributions where the Opale yeast 

strain is the predominant outlier among the strains (Fig. 6.6). The first four presented fluxes (Fig. 

6.6) in comparison to other growth phases experience similarly broad flux distributions, which 

range from negative to positive values centered at relative fluxes values. The 

hydroxyacylglutathione hydrolase, lactoylglutathione lyase, and the (R)-lactate hydro-lyase 

associated reactions (r_0553, r_0697, and r_4236) exhibit nearly identical characteristic flux 

distributions throughout all of the examined phases of growth. It is striking that the alcohol 

dehydrogenase-associated reaction (r_2115) has a distinguishing distribution during pre-stationary 

phase growth from the exponential phase yet reverts to a similar distribution as the exponential 

phase during the stationary growth phase. Moreover, we can see the central carbon metabolism-

associated reactions (r_0892, r_0486, r_0962, r_0893, and r_0534) shift immensely from the 

various growth phases until all of the strains except Opale converge to having identical flux 

distributions during the stationary growth phase (Fig. 6.6). The strain similarity trend continues 

when observing other reaction distributions (r_0219, r_0546, r_0216, and r_0064) where Opale 

stands out among the strains. This characteristic is especially glaring when looking at hexokinase 

associated reaction (r_0534).
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Figure 6.4 Comparison of four phenotypes: Uniform random sampling plots of relative frequency vs. predicted flux of key reactions 
linked to aroma formation for four strains - Uvaferm, R2, Opale, and Elixir during the exponential growth phase (24 hr.). 
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Figure 6.5 Comparison of four phenotypes: Uniform random sampling plots of relative frequency vs. predicted flux of key reactions 
linked to aroma formation for four strains - Uvaferm, R2, Opale, and Elixir during the deceleration phase (58 hr.). 
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Figure 6.6 Comparison of four phenotypes: Uniform random sampling plots of relative frequency vs. predicted flux of key reactions 
linked to aroma formation for four strains - Uvaferm, R2, Opale, and Elixir stationary phase (144 hr.). 
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Opale yeast is associated with isobutanol, isoamylol, and isoamyl acetate, therefore it 

makes sense that it is higher in median flux of the pyruvate decarboxylase reaction (r_0959) 

because this reaction leads to isoamylaldehyde which is a precursor for isoamylol and isoamyl 

acetate. On the other hand, R2 which is lower in all VOCs, has higher median fluxes going 

toward central metabolism (see reactions r_0892, r_0486, and r_0962) and a lower median flux 

in the reaction associated with glycerol-3-phosphate dehydrogenase (NAD) (r_0491) which is 

related to the synthesis of secondary metabolites (VOCs). The other two strains, Elixir and 

Uvaferm, are associated with 2-phenylethanol, propanol, and ethyl hexanoate. Therefore, it is 

reasonable that the median fluxes for reactions r_0216, r_0219, r_0064, and r_0491 are higher 

as these reactions lead to the precursors for these VOCs. Since these two strains are lower in 

isoamylol and isobutanol, it makes sense that the median flux for the hexokinase associated 

reaction (r_0534) is higher than that for Opale. 

6.3.4 Cluster analysis comparison of the yeast strains 

In order to assess how the yeast strains are related to each other, a hierarchical 

clustergram was generated for the model predictions based on metabolic gene association or 

phenotype predictions (see Materials and Methods). The clustergrams were constructed from 

the median values of the flux sampling analysis of the top 20 absolute different reactions (Fig. 

6.7) and aroma associated reactions (not shown). This was done as a proxy to qualitatively 

gauge the relative genotype of each yeast strain using gene-protein reaction (GPR) associations. 

From the cluster analysis, Elixir and Uvaferm were found to be the most similar to one another. 

Then, Opale was determined to be relatively similar to the Elixir and Uvaferm pair. Lastly, R2 

strain was indicated to be the least like the other yeast strains. Remarkably, we can see that 

when we investigate the differences among the strains using the flux sampling results from all 

of the reactions known to be aroma-associated such as ones related to amino acid degradation, 

see Scott et al.[42]), the clustering order shifts among the strains (Fig. 6.7). Although Elixir 
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and Uvaferm strains were also the most alike among the strains when looking at aroma-

associated reactions, Opale appears to be the most distinct strain. In other words, when just 

examining reactions known to be associated with VOC formation such as Ehrlich pathway and 

lipid degradation pathways, the differences remained consistent with the top 20 reactions. 

Moreover, R2 and Opale were still shown to be the most distinct strains. It is interesting to 

point out that this result contradicts the manufacturer’s description of Uvaferm being a neutral 

aroma producing yeast strain while the other strains are regarded as imparting specific aroma 

attributes to wines e.g., producing more esters or a certain combination of VOCs. 

 

 

 
Figure 6.7 Hierarchical clustergram depicting from the flux sampling analysis how 
alike/different the strains are regarding top 20 absolute different to infer gene associations. The 
correlation bar on the upper right is based on Pearson correlations. 
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6.4 Discussion 

In this work, a CBM of random flux sampling was used to examine the differences in 

intracellular metabolic flux states of commercial wine yeasts under typical enological 

fermentation conditions. The fluxes were derived from experimental measurements of 

numerous nutrients, including amino acids and sugars, as well as primary and secondary 

products, including key VOCs at different phases of cell growth. They were used to constrain 

the models for flux sampling analysis. We were able to successfully characterize the 

intracellular metabolic flux states without the need of designating an objective function for 

optimal states as was necessary in earlier works [27, 37, 39]. However, this work is novel, in 

that it applies established flux sampling and statistical approaches to understand the underlying 

differences in metabolism among commercial wine yeasts and, thus, why these strains produce 

distinct aromas based on those metabolic differences. By choosing to examine metabolism 

globally, and then focusing on the top 20 absolute fluxes that pertain to the greatest absolute 

differences from flux sampling, we could corroborate VOC differences demonstrated from 

PCA results with intracellular differences in metabolic states. In particular, this is novel 

because we examined the parts of yeast metabolism most responsible for strain-specific aroma 

behavior exhibited by commercial wine yeast strains. Furthermore, our genome-scale modeling 

work highlights the intricate roles carbon, nitrogen, and lipid metabolism of yeast play in 

producing VOCs, as shown experimentally in other studies [10, 12-14, 52, 53]. 

While several earlier studies have focused on integrating extracellular metabolite 

concentration or flux measurements with yeast GSMMs, those studies pertained to nutrient-

rich media or aerobic processes [27, 54, 55]. Additionally, although studies have employed 

CBM approaches to yeast GSMM under enological conditions, they used flux balance analysis 

or relied on optimization routines to obtain predictions of metabolic flux states [8, 35]. 

Furthermore, these studies relied on biased optimization strategies without also exploring the 
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entirety of solution space throughout different growth phases. However, research has 

demonstrated how random flux sampling can analyze metabolic differences across multiple 

conditions while eliminating the need for assuming an optimal flux state [27, 37, 56]. The main 

disadvantage of using a random sampling approach is that there is a link missing between the 

fluxes for a particular solution. Also, the modes of each distribution are assumed to create an 

overall feasible solution. This is impossible when observing modes of each distribution. 

Despite this disadvantage, we can still qualitatively compare and analyze the metabolic flux 

solution space of various phenotypes. Nearly all of the previous works that studied or applied 

yeast GSMMs did not use yeast GSMMs with a detailed set of peripheral metabolic reactions 

such as extended (Ehrlich) amino acid degradation and sulfur pathways known to associated 

with VOCs [2, 57, 58] or lipid biosynthesis pathways that might play an essential role in 

protecting yeast cell membrane against ethanol toxicity, enhancing growth, and producing 

VOCs [53, 59]. In this study, we addressed those shortcomings of previous studies by using 

flux sampling, unbiased modeling approach, to investigate primary and secondary yeast 

metabolism at various growth phases. 

In this work, we observed Uvaferm and Elixir strains behaving similarly while Opale and 

R2 were the most distinct. The results point to amino acid and pyruvate metabolism being more 

active in Opale. Therefore, Opale is associated with isoamylol, isobutanol, and isoamyl acetate. 

R2 was shown to have lower activity in amino acid and pyruvate metabolism, and hence has 

lower levels of VOCs than the other strains. Uvaferm and Elixir are similar to each other when 

examining central carbon, pyruvate, amino acid, and fatty acid degradation metabolism where 

they experienced higher median fluxes. Thus, it is reasonable for Uvaferm and Elixir to contain 

higher amounts of 2-phenylethyl acetate and ethyl hexanoate, and lower amounts of ethyl 

acetate. Overall, the phenotypic differences among the strains stemmed from major differences 

in pyruvate, tyrosine, glycine, serine, threonine and central carbon metabolism. There were 
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also substantial differences in metabolic pathways responsible for biosynthesis of secondary 

metabolites such as Ehrlich pathway. Using Yeast 8.4.2 coupled with our flux sampling 

approach allowed us to compare fluxes of relevant pathways at different growth phases among 

the commercial yeast strains. Moreover, by using genome-scale CBM, we were able to gather 

some insight into the global, interconnected pathways responsible for variation in metabolism 

and, thus, aroma-producing capabilities among the strains. This work indicates central carbon, 

amino acid, sulfur and lipid metabolism play varying roles throughout fermentation to lead to 

strain-specific characteristics. Results highlighted here reveal the need for more studies to 

comprehensively investigate nitrogen and lipid metabolism as well as central carbon 

metabolism to understand their impact on yeast aroma formation. For instance, studies have 

confirmed the essential role acetaldehyde has within core carbon metabolism and have linked 

the enzyme ADH2 to oxidizing ethanol to form acetaldehyde [60]. Subsequently, to regulate 

the amounts of acetaldehyde and limit the production of acetic acid, which forms from 

acetaldehyde oxidation, ADH2 modulation has been performed in yeast resulting in an 82% 

reduction of acetaldehyde [61]. 

We can see from our flux sampling analysis not only ADH2 associated reactions are 

accounted for the strain variation, but also PDC1, PDC5, and PDC6 pyruvate decarboxylase as 

well as 3-methyl-2-oxopentanoate decarboxylase related reactions. This result highlights the 

interdependent relationship of carbon and nitrogen metabolism and how the expression of 

intricate pathways can lead to aroma differences. PDC1, PDC5, and PDC6 are involved in the 

Ehrlich pathway, leading to the irreversible decarboxylation of the α-keto acid to an aldehyde 

[58]. This pathway linkage between PDCs and ADHs has been exploited in attempting to drive 

the production of higher alcohols. More specifically, paired with deletion of BAT1 

(transaminase) and ALD6 (the aldehyde dehydrogenase) plus overexpression of ARO10 and 

ADH2, Park and coworkers were able to steer higher alcohol formation [23]. Interestingly, 
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reaction fluxes associated with Ehrlich pathway reactions such as transaminases, 

decarboxylases, and alcohol dehydrogenases were related to critical metabolic differences 

among the strains. Conversely, many reaction fluxes were associated with other metabolic 

pathways pointing to the need for further study to understand the strain-specific behavior. 

For decades, systems biology approaches, including CBM using GSMMs, have been used 

to investigate the connection between yeast gene expression and metabolomics. Still, most of 

these studies employed the lab strain S288c, which does not contain several genes present in 

commercial wine and beer yeast S. cerevisiae strains [62]. The genetic contrast between 

laboratory and commercial strains is due to hybridization and gene copy number differences 

[63]. Despite some genetic divergence between laboratory and commercial yeast strains, yeast 

GSMMs based on S288c, have successfully predicted phenotypic behavior of commercial 

yeasts and to inform strain development [8, 30, 64-66]. We applied flux sampling to compare 

intracellular flux states of commercial yeast strains at various growth stages in this work. By 

using flux sampling, we were able to constrain the model based on derived experimental 

measured constraints and not rely on, for instance, a strain or environmental specific biomass 

equation [67]. 

 Furthermore, studies have shown no yeast GSMM is superior to others in predicting gene 

essentiality under all environmental conditions and using every metric. Each GSMM will 

merely perform, varying or not, according to the applied conditions [68, 69]. Furthermore, by 

constraining the model across the changing environmental conditions, we selected reactions 

that illustrate different flux distributions across the strains during fermentation. The model 

analysis indicates key shifts in distributions of metabolic pathways related to central carbon 

metabolism and amino acid degradation pathways as well as other peripheral metabolic 

pathways. Since Yeast 8.4.2 and other yeast GSMMs were designed based on a genome-
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sequence of lab strain S288c, it is essential to investigate further how these flux distributions 

would change using a commercial strain-specific GSMM design under enological conditions. 

Even with the limitations, we have observed, this work's modeling approach leads to a 

better understanding of yeast metabolism under enological conditions. This work contains a 

promising application of flux sampling to use in the future to study individual fluxes of 

important metabolites and compare strains. Moreover, this study illustrates that strain 

performance comparisons will greatly benefit from generating accurate commercial strain-

specific GSMMs. The flux sampling procedure presented here can be coupled with other CBM 

and statistical techniques to be used as a viable tool for constructing wine strains with desired 

fermentation characteristics by investigating simulated genetic modification strategies. 

 
6.5 Conclusion 

The CBM approach utilized in this work analyzed and compared the various 

intracellular metabolic flux states of commercial yeast strains during enological fermentation, 

including examining the metabolic shifts within the production of VOCs and the consumption 

of nutrients (amino acid, sugars, and ammonium). The intracellular predictions show 

qualitative agreement with the specific variation found from performing principal component 

analysis. These results indicated which gene-associated reactions are responsible for key strain 

variations. We compared and highlighted where the difference occurs in GPR activity from the 

fluctuating degrees of variation among the strains from gene-associated reactions. Therefore, 

we could infer probable gene similarity among the strains and explore targets for genetic 

modification. Overall, the approach and insight gained here were in good agreement with 

experimental observations and other studies, making this a promising approach for future use 

in studies related to individual fluxes of important metabolites in enological conditions and 

comparing metabolic differences between commercial wine yeast strains. 
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Previous chapters have discussed the study-specific findings and implications in detail. This 

final chapter is divided into two sections. First, it provides a general conclusion, and next it 

proposes opportunities for further research. 

7.1 Conclusions  

The principal goals of these projects were to investigate the impacts of the primary and 

secondary metabolism of commercial yeast strains on the fermentation performance and aroma 

profiles of wines. Ultimately, this dissertation aims to increase general knowledge and 

understanding of the intricate relationship between fermentation media (grape must), yeast 

genetic background, nutrient utilization efficiency (NUE), and sensory attributes, particularly 

aroma. Moreover, this dissertation accomplishes these goals by employing systems biology 

approaches to investigate the role of yeast metabolism on NUE and wine aroma development. 

The introductory chapters (Chapters 1 and 2) presented background on the previous 

efforts to understand and model yeast metabolism under enological conditions and an overview 

of various constraint-based metabolic modeling approaches. Chapter 3 demonstrated a GSMM 

incorporating aroma production pathways could predict aroma compound production under 

different growth conditions and explained the metabolic fluxes underlying these differences. 

Moreover, we discovered that we could examine key metabolic pathways related to aroma 

formation during alcoholic fermentation by using the constraint-based modeling framework. It 

was observed in this study that there were differences pertaining to aroma impact molecules 

such as acetic acid, tryptophol, and hydrogen sulfide, for EC1118 strain at the two growth 

conditions. Chapter 4 also highlights using multivariate statistics coupled with genome-scale 

modeling to identify several important amino acids as well as their metabolic routes known to 

be involved in forming key VOCs that are desired in wines. From work in Chapter 4, we found 

underlying mechanistic linkages through the application of genome-scale metabolic modeling 

where correlations between nitrogen utilization and VOC production were resolved from 
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metabolic pathway activity. Consequently, we determined that glycine, tyrosine, leucine, and 

lysine, were positively correlated with fusel alcohols and acetate esters concentrations during 

wine fermentation. In addition, we observed that these nitrogen utilization routes govern strain-

specific variation in aroma profiles. In this study, we established firm support for novel amino 

acid degradation pathways, such as from glycine and lysine utilization, for being involved with 

VOC formation.  

The work from Chapter 5 presented a framework for applying dynamic flux balance 

analysis (dFBA) to a current yeast genome-scale model. Furthermore, it was shown that the 

framework could be used to predict fermentation kinetic behavior under enological conditions, 

at least for primary metabolism. The work from the modeling in Ch. 5 illustrated that not only 

are the biomass coefficients within the biomass equation crucial for accurate model predictions 

using dFBA, but so are the kinetic constraints, especially the maximum sugar uptake rate 

(𝝊𝝊𝒔𝒔𝒔𝒔𝒔𝒔 ) and production yield of ethanol (𝒇𝒇𝒆𝒆𝒆𝒆𝒆𝒆𝒔𝒔𝒆𝒆𝒆𝒆𝒍𝒍 ). Finally, the work performed in Ch. 6 

explored applying a novel metabolic modeling approach (random flux sampling) to analyze 

and compare the various intracellular metabolic flux states of commercial yeast strains during 

enological fermentation. The results indicated which gene-associated reactions were 

responsible for key strain variations. From the fluctuating degrees of variation among the 

strains from gene-associated reactions, a comparison where the difference occurred in GPR 

activity was evaluated. We found reactions from many parts of metabolism such as carbon, 

lipid, pyruvate, and amino acid metabolism that play major roles in prompting strain-specific 

aroma variation among commercial yeast strains. Thus, probable gene similarity could be 

inferred among the strains, and targets could be explored for genetic modification. 

The work performed here provides an improved understanding as well as demonstrates 

a broad application of systems biology approaches for yeast performance during enological 

fermentations. The nutrient environment and yeast strain are crucial factors that determine wine 
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fermentations and aroma profile behavior. The knowledge gained from this work will help 

winemakers formulating nutrient conditions beneficial for specific wine aromas and inform 

investigators to develop superior yeast strains. 

 

7.2 Future Work 

This dissertation serves as a groundwork for what approaches rooted in systems biology 

can offer in helping to understand yeast metabolism under enological conditions. Some avenues 

to consider pursuing in the future include: 

1. Species or Strain-Specific Genome-scale Metabolic Reconstructions - For decades, systems 

biology approaches including Constraint-based Modeling using GSMMs, have been used 

to investigate the connection between yeast gene expression and metabolomics, but most 

of these studies employed the laboratory strain S288c, which does not contain several genes 

present in commercial wine and beer yeast S. cerevisiae strains. Since, Yeast 8.4.2 and 

other yeast GSMMs were designed for a haploid bioreactor strain grown under carbon-

limited conditions; it is essential to investigate further how these flux distributions would 

change using a commercial strain-specific GSMM design under enological conditions. It 

would be interesting to examine how much more insightful and predictive metabolic 

models can be once GSMMs have a more tailored construction built around the genome of 

a commercial yeast strain and/or have a biomass composition that more closely reflects a 

grape juice medium. More specifically, a model can be constructed based on the unique 

genetic screening of a popular wine yeast such as Montrachet or lager yeast such as 

LalBrew® (Saccharomyces pastorianus). 

 

2. Biological Extensions – Systems biology approaches through the COBRA framework have 

been successfully applied in this dissertation and in the literature to study the impact 
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microbial metabolism has on volatile formation during various types of food fermentations. 

It would be interesting to extend this type of work to other types of wine fermentation or 

explore other food fermentations. For instance, although wort fermentations are somewhat 

more complex than grape juice fermentations, COBRA techniques applying GSMMs can 

be used to understand the effect yeast metabolism has on beer fermentation performance 

and aroma attributes. Also there has been a rise in popularity in using mixed starter cultures 

in wine fermentations. For example, studies have shown that fermentations with 

Saccharomyces and non-Saccharomyces yeast can impart preferential aroma attributes for 

certain types of wine fermentations. In addition, mixed malolactic co-culture formulations 

featuring Lactobacillus plantarum and Oenococcus oeni for the co-inoculation of wines 

with S. cerevisiae have steadily increased in recent years. As a continuation of work in this 

dissertation, future studies can apply community metabolic modeling approaches to 

understand how these organisms jointly impact fermentation characteristics and aroma 

profiles.  

3. Improved Software Tools - Various types of omics data are rapidly expanding in public 

and private domains and have the potential to spur the advancement of value-added food 

and beverage products significantly. However, omics data are not leveraged adequately in 

the food industry due to a lack of tools to promptly evaluate public and private data and to 

perform cellular modulations based on the data. It would be welcomed by investigators to 

a have a user-friendly tool that can assist data interpretation within the food and beverage 

industry. This tool can be an extension based on work in this dissertation where it utilizes 

omics data to construct, parameterize, and constrain genome-scale models of S. cerevisiae. 

Then, the user-friendly data-driven tool can be used to access the production of aroma 

compounds from various yeast strains, particularly from industrial beer and wine strains. 
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Appendix A: Supplementary Material from Chapter 3 

Figure A.1. Comparison of GSMM simulations (Red bars) with experimental data [30] (Blue 

bars). Model predicted and experimental values for biomass growth rates, primary metabolite 

production fluxes, and secondary metabolite production fluxes represent conditions for Case 

III and Case IV. Experimental data are shown with standard deviation error bars. 
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Figure A.2. Comprehensive metabolic network map of yeast (S. cerevisiae) 

 

  



 

 

197 

Figure A.3. Network map of central carbon metabolism (left) and amino acid metabolism (right). Network fluxes were determined using data 

from Case I where the network illustrates the optimal solution from FBA. The fluxes were scaled between -1 and +1 for ease of visualization. 
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Figure A.4. Network map of central carbon metabolism (left) and amino acid metabolism (right). Network fluxes were determined using data 

from Case II where the network illustrates the optimal solution from FBA. The fluxes  were scaled between -1 and +1 for ease of visualization 
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Table A.1. Genes added to current GSMM 

Gene Name Gene Short Name 
YPL095C EEB1 
YBR177C EHT1 
YGR015C EAT1 
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Table A.2. Metabolites added to current GSMM 

 

NAME MIRIAM COMPO

SITION 

COMPA

RTMENT 

REPLAC

EMENT 

ID 

CHA

RGE 

hexanoyl-CoA chebi/CHEBI:27540;kegg.compound/C00642;metan
etx.chemical/MNXM553;sbo/SBO:0000247 

C27H46N
7O17P3S 

m s_4207 -4 

ethyl hexanoate chebi/CHEBI:86055;metanetx.chemical/MNXM527
63;sbo/SBO:0000247 

C8H16O2 m s_4208 0 

ethyl hexanoate chebi/CHEBI:86055;metanetx.chemical/MNXM527
63;sbo/SBO:0000247 

C8H16O2 c s_4209 0 

ethyl hexanoate chebi/CHEBI:86055;metanetx.chemical/MNXM527
63;sbo/SBO:0000247 

C8H16O2 e s_4210 0 

octanoyl-CoA chebi/ChEBI:15533;kegg.compound/C01944;metane
tx.chemical/MNXM342;sbo/SBO:0000247 

C29H46N
7O17P3S 

m s_4211 -4 

ethyl octanoate chebi/ChEBI:87426;kegg.compound/C12292;metane
tx.chemical/MNXM52785;sbo/SBO:0000247 

C10H20O
2 

m s_4212 0 

ethyl octanoate chebi/ChEBI:87426;kegg.compound/C12292;metane
tx.chemical/MNXM52785;sbo/SBO:0000247 

C10H20O
2 

c s_4213 0 

ethyl octanoate chebi/ChEBI:87426;kegg.compound/C12292;metane
tx.chemical/MNXM52785;sbo/SBO:0000247 

C10H20O
2 

e s_4214 0 

butanoyl-CoA chebi/ChEBI:57371;kegg.compound/C00136 ;metan
etx.chemical/MNXM233;sbo/SBO:0000247 

C25H38N
7O17P3S 

m s_4215 -4 

ethyl butanoate chebi/ChEBI:88764;metanetx.chemical/MNXM1152
7;sbo/SBO:0000247 

C6H12O2 m s_4216 0 

ethyl butanoate chebi/ChEBI:88764;metanetx.chemical/MNXM1152
7;sbo/SBO:0000247 

C6H12O2 c s_4217 0 

ethyl butanoate chebi/ChEBI:88764;metanetx.chemical/MNXM1152
7;sbo/SBO:0000247 

C6H12O2 e s_4218 0 

hexan-1-ol chebi/ChEBI:87393;metanetx.chemical/MNXM1835
8;sbo/SBO:0000247 

C6H14O c s_4219 0 

hexyl acetate chebi/ChEBI:87510;metanetx.chemical/MNXM9928
4;sbo/SBO:0000247 

C8H16O2 m s_4220 0 

hexyl acetate chebi/ChEBI:87510;metanetx.chemical/MNXM9928
4;sbo/SBO:0000247 

C8H16O2 c s_4221 0 

hexyl acetate chebi/ChEBI:87510;metanetx.chemical/MNXM9928
4;sbo/SBO:0000247 

C8H16O2 e s_4222 0 

decanoyl-CoA chebi/ChEBI:61430;kegg.compound/C05274;metane
tx.chemical/MNXM486;sbo/SBO:0000247 

C31H50N
7O17P3S 

c s_4223 -4 

ethyl decanoate chebi/ChEBI:87430;metanetx.chemical/MNXM1006
79;sbo/SBO:0000247 

C12H24O
2 

m s_4224 0 

ethyl decanoate chebi/ChEBI:87430;metanetx.chemical/MNXM1006
79;sbo/SBO:0000247 

C12H24O
2 

c s_4225 0 

ethyl decanoate chebi/ChEBI:87430;metanetx.chemical/MNXM1006
79;sbo/SBO:0000247 

C12H24O
2 

e s_4226 0 

ethyl acetate chebi/CHEBI:27750;kegg.compound/C00849;metan
etx.chemical/MNXM8595;sbo/SBO:0000247 

C4H8O2 m s_4227 0 

propanal chebi/CHEBI:17153;kegg.compound/C00479;metan
etx.chemical/MNXM821;sbo/SBO:0000247 

C3H6O c s_4228 0 

propanal chebi/CHEBI:17153;kegg.compound/C00479;metan
etx.chemical/MNXM821;sbo/SBO:0000247 

C3H6O m s_4229 0 

propanal chebi/CHEBI:17153;kegg.compound/C00479;metan
etx.chemical/MNXM821;sbo/SBO:0000247 

C3H6O e s_4230 0 

propanol chebi/CHEBI:28831;kegg.compound/C05979;metan
etx.chemical/MNXM6396;sbo/SBO:0000247 

C3H8O c s_4231 0 
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propanol chebi/CHEBI:28831;kegg.compound/C05979;metan
etx.chemical/MNXM6396;sbo/SBO:0000247 

C3H8O m s_4232 0 

propanol chebi/CHEBI:28831;kegg.compound/C05979;metan
etx.chemical/MNXM6396;sbo/SBO:0000247 

C3H8O e s_4233 0 

methional chebi/CHEBI:49017;metanetx.chemical/MNXM682
9;sbo/SBO:0000247 

C4H8OS c s_4234 0 

methional chebi/CHEBI:49017;metanetx.chemical/MNXM682
9;sbo/SBO:0000247 

C4H8OS m s_4235 0 

methional chebi/CHEBI:49017;metanetx.chemical/MNXM682
9;sbo/SBO:0000247 

C4H8OS e s_4236 0 

methionol chebi/CHEBI:49019;metanetx.chemical/MNXM145
92;sbo/SBO:0000247 

C4H10OS c s_4237 0 

methionol chebi/CHEBI:49019;metanetx.chemical/MNXM145
92;sbo/SBO:0000247 

C4H10OS m s_4238 0 

methionol chebi/CHEBI:49019;metanetx.chemical/MNXM145
92;sbo/SBO:0000247 

C4H10OS e s_4239 0 

(4-
hydroxyphenyl
)acetaldehyde 

chebi/CHEBI:15621;sbo/SBO:0000247 C8H8O2 c s_4240 0 

(4-
hydroxyphenyl
)acetaldehyde 

chebi/CHEBI:15621;sbo/SBO:0000247 C8H8O2 m s_4241 0 

(4-
hydroxyphenyl
)acetaldehyde 

chebi/CHEBI:15621;sbo/SBO:0000247 C8H8O2 e s_4242 0 

tyrosol chebi/CHEBI:1879;kegg.compound/C06044;sbo/SB
O:0000247 

C8H10O2 c s_4243 0 

tyrosol chebi/CHEBI:1879;kegg.compound/C06044;sbo/SB
O:0000247 

C8H10O2 m s_4244 0 

tyrosol chebi/CHEBI:1879;kegg.compound/C06044;sbo/SB
O:0000247 

C8H10O2 e s_4245 0 
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Table A.3. Reactions added to current GSMM 

ID NAME EQUATION EC-NUMBER GENE 

ASSOCIATION 

r_4629 alcohol acyltransferase 
(hexanoyl-CoA) 

hexanoyl-CoA[m] + ethanol[m] <=> 
ethyl hexanoate[m] + coenzyme 
A[m] 

2.3.1.84 YBR177C or 
YPL095C 

r_4630 alcohol acyltransferase 
(octanoyl-CoA) 

octanoyl-CoA[m] + ethanol[m] <=> 
ethyl octanoate[m] + coenzyme 
A[m] 

2.3.1.84 YBR177C or 
YPL095C 

r_4631 alcohol acyltransferase 
(butyryl-CoA) 

butanoyl-CoA[m] + ethanol[m] <=> 
ethyl butanoate[m] + coenzyme 
A[m] 

2.3.1.84 YBR177C or 
YPL095C 

r_4632 alcohol acyltransferase 
(acetyl-CoA) 

acetyl-CoA[m] + hexan-1-ol[m] 
<=> hexyl acetate[m] + coenzyme 
A[m] 

2.3.1.84 YBR177C or 
YPL095C 

r_4633 alcohol acyltransferase 
(decanoyl-CoA) 

decanoyl-CoA[m] + ethanol[m] <=> 
ethyl decanoate[m] + coenzyme 
A[m] 

2.3.1.84 YBR177C or 
YPL095C 

r_4634 ethyl hexanoate transport, 
mitochondrial 

ethyl hexanoate[m] <=> ethyl 
hexanoate[c] 

  

r_4635 ethyl octanoate transport, 
mitochondrial 

ethyl octanoate[m] <=> ethyl 
octanoate[c] 

  

r_4636 ethyl butanoate transport, 
mitochondrial 

ethyl butanoate[m] <=> ethyl 
butanoate[c] 

  

r_4637 hexyl acetate transport, 
mitochondrial 

hexyl acetate[m] => hexyl acetate[c] 
  

r_4638 ethyl decanoate transport, 
mitochondrial 

ethyl decanoate[m] => ethyl 
decanoate[c] 

  

r_4639 ethyl hexanoate transport ethyl hexanoate[c] <=> ethyl 
hexanoate[e] 

  

r_4640 ethyl octanoate transport ethyl octanoate[c] <=> ethyl 
octanoate[e] 

  

r_4641 ethyl butanoate transport ethyl butanoate[c] <=> ethyl 
butanoate[e] 

  

r_4642 hexyl acetate transport hexyl acetate[c] => hexyl acetate[e] 
  

r_4643 ethyl decanoate transport ethyl decanoate[c] => ethyl 
decanoate[e]  

  

r_4644 ethyl hexanoate exchange ethyl hexanoate[e] <=> 
  

r_4645 ethyl octanoate exchange ethyl octanoate[e] <=> 
  

r_4646 ethyl butanoate exchange ethyl butanoate[e] <=> 
  

r_4647 hexyl acetate exchange hexyl acetate[e] <=> 
  

r_4648 ethyl decanoate exchange ethyl decanoate[e] <=> 
  

r_4649 mitochondrial ethanol O-
acetyltransferase 

ethanol[m] + acetyl-CoA[m] => 
ethyl acetate[m] + coenzyme A[m] 

2.3.1.268 YGR015C 

r_4650 ethyl acetate transport, 
mitochondrial 

ethyl acetate[m] => ethyl acetate[c] 
  

r_4651 pyruvate decarboxylase 
(aldedyde-forming) 

H+[c] + 2-oxobutanoate[c] => 
carbon dioxide[c] + propanal[c] 

 4.1.1.1 YGR087C or 
YLR044C or 
YLR134W 

r_4652 aldehyde dehydrogenase (1-
propanol, NAD) 

propanal[c] + H+[c] + NADH[c] => 
propanol[c] + NAD[c] 

1.1.1.-; 1.1.1.1; 
1.1.1.284 

YBR145W or 
YDL168W or 
YOL086C 

r_4653 aldehyde dehydrogenase (1-
propanol, NAD) 

propanal[m] + H+[m] + NADH[m] 
=> propanol[m] + NAD[m] 

1.1.1.1 YGL256W or 
YMR083W 
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r_4654 aldehyde dehydrogenase (1-
propanol, NADP) 

propanal[c] + H+[c] + NADPH[c] 
=> propanol[c] + NADP(+)[c] 

1.1.1.-; 1.1.1.2 YCR105W or 
YDR368W or 
YMR318C 

r_4655 1-propyl alcohol transport, 
mitochondrial 

propanol[c] <=> propanol[m] 
  

r_4656 propanal transport, cytosol propanal[c] <=> propanal[e] 
  

r_4657 1-propyl alcohol transport, 
cytosol 

propanol[c] <=> propanol[e] 
  

r_4658 propanal exchange propanal[e] =>  
  

r_4659 propanol exchange propanol[e] =>  
  

r_4660  2-oxo acid decarboxylase H+[c] + 4-methylthio-2-
oxobutanoate[c] => carbon 
dioxide[c] + methional[c] 

4.1.1.1 YHR137W 

r_4661 aldehyde dehydrogenase 
(methionol, NAD) 

methional[c] + H+[c] + NADH[c] 
=> methionol[c] + NAD[c] 

1.1.1.-; 1.1.1.1; 
1.1.1.284 

YBR145W or 
YDL168W or 
YOL086C 

r_4662 aldehyde dehydrogenase 
(methionol, NAD) 

methional[m] + H+[m] + NADH[m] 
=> methionol[m] + NAD[m] 

1.1.1.1 YGL256W or 
YMR083W 

r_4663 aldehyde dehydrogenase 
(methionol, NADP) 

methional[c] + H+[c] + NADPH[c] 
=> methionol[c] + NADP(+)[c] 

1.1.1.-; 1.1.1.2 YCR105W or 
YDR368W or 
YMR318C 

r_4664 methionol transport, 
mitochondrial 

methionol[c] <=> methionol[m] 
  

r_4665 methional transport, cytosol methional[c] <=> methional[e] 
  

r_4666 methionol transport, cytosol methionol[c] <=> methionol[e] 
  

r_4667 methional exchange methional[e] =>  
  

r_4668 methionol exchange methionol[e] =>  
  

r_4669 pyruvate decarboxylase 
(hydroxy-phenyl) 

H+[c] + 3-(4-
hydroxyphenyl)pyruvate[c] => 
carbon dioxide[c] + (4-
hydroxyphenyl)acetaldehyde[c] 

 4.1.1.1 YGR087C or 
YLR044C or 
YLR134W 

r_4670 aldehyde dehydrogenase 
(tyrosol, NAD) 

(4-hydroxyphenyl)acetaldehyde[c] 
+ H+[c] + NADH[c] => tyrosol[c] + 
NAD[c] 

1.1.1.-; 1.1.1.1; 
1.1.1.284 

YBR145W or 
YDL168W or 
YOL086C 

r_4671 aldehyde dehydrogenase 
(tyrosol, NAD) 

(4-hydroxyphenyl)acetaldehyde[m] 
+ H+[m] + NADH[m] => tyrosol[m] 
+ NAD[m] 

1.1.1.1 YGL256W or 
YMR083W 

r_4672 aldehyde dehydrogenase 
(tyrosol, NADP) 

(4-hydroxyphenyl)acetaldehyde[c] 
+ H+[c] + NADPH[c] => tyrosol[c] 
+ NADP(+)[c] 

1.1.1.-; 1.1.1.2 YCR105W or 
YDR368W or 
YMR318C 

r_4673 tyrosol transport, 
mitochondrial 

tyrosol[c] <=> tyrosol[m] 
  

r_4674 (4-
hydroxyphenyl)acetaldehyde 
transport, cytosol 

(4-hydroxyphenyl)acetaldehyde[c] 
<=> (4-
hydroxyphenyl)acetaldehyde[e] 

  

r_4675 tyrosol transport, cytosol tyrosol[c] <=> tyrosol[e] 
  

r_4676 (4-
hydroxyphenyl)acetaldehyde 
exchange 

(4-hydroxyphenyl)acetaldehyde[e] 
=>  

  

r_4677 tyrosol exchange tyrosol[e] =>  
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Table A.4. Experimentally measured consumption/production rates of the different 

metabolites analyzed from Quiros et al. 2013 and constraints used in the study. 

  240 g L-1 Glucose  280 g L-1 Glucose  Constraint: Lower 
and Upper Bound 

Reaction 
Constraint 

16 °C (Case 
III) 

28 °C (Case 
IV) 16 °C (Case I) 28 °C (Case II)  

  mmol gDW-1 
h-1 

mmol gDW-1 h-

1 
mmol gDW-1 h-

1 
mmol gDW-1 h-

1 mmol gDW-1 h-1 

Glucose[ex] -4.76 -20.51 -4.19 -16.31 LB = EV and UB =1000 

Glycerol[ex] 0.38 1.37 0.34 1.39 
2) LB = 1000 and UB 
=1000 
3) LB = 1000 and UB =EV 

Ethanol[ex] 8.29 25.7 6.79 21.47 
2) LB = 1000 and UB 
=1000 
3) LB = 1000 and UB =EV 

Succinic 
acid[ex] 0.02 0.04 0.01 0.03 

2) LB = 1000 and UB 
=1000 
3) LB = 1000 and UB =EV 

Acetic 
acid[ex] 0.12 0.29 0.12 0.36 

2) LB = 1000 and UB 
=1000 
3) LB = 1000 and UB =EV 

Lactic 
acid[ex] - 0.1157 - 0.0424 

2) LB = 1000 and UB 
=1000 
3) LB = 1000 and UB =EV 

Ala[ex] -0.0353 -0.0925 -0.0178 -0.0705 LB = EV and UB =1000 

Arg[ex] -0.0724 -0.1427 -0.0568 -0.1426 LB = EV and UB =1000 

Asp[ex] -0.013 -0.0335 -0.0148 -0.0322 LB = EV and UB =1000 

Cys[ex] - -0.0045 - -0.0032 LB = EV and UB =1000 

Gln[ex] -0.0852 -0.2004 -0.0614 -0.1552 LB = EV and UB =1000 

Glu[ex] -0.0181 -0.053 -0.0092 -0.0449 LB = EV and UB =1000 

Gly[ex] -0.0015 -0.0049 -0.0008 -0.0033 LB = EV and UB =1000 

His[ex] 0.0017 0.0007 0.0006 0.0007 LB = EV and UB =1000 

Ile[ex] -0.0112 -0.0244 -0.0093 -0.0223 LB = EV and UB =1000 

Leu[ex] -0.0182 -0.0392 -0.0164 -0.0359 LB = EV and UB =1000 

Lys[ex] -0.0095 -0.017 -0.0129 -0.0187 LB = EV and UB =1000 

Met[ex] -0.0087 -0.018 -0.0077 -0.0168 LB = EV and UB =1000 

NH4[ex] -0.0657 -0.5219 -0.0555 -0.494 LB = EV and UB =1000 

Phe[ex] -0.0066 -0.0206 -0.005 -0.0181 LB = EV and UB =1000 

Ser[ex] -0.0389 -0.0733 -0.0327 -0.0625 LB = EV and UB =1000 

Thr[ex] -0.0324 -0.0635 -0.0285 -0.0552 LB = EV and UB =1000 

Trp[ex] -0.0033 -0.0129 -0.0016 -0.0099 LB = EV and UB =1000 

Tyr[ex] -0.0003 -0.0051 -0.0006 -0.0025 LB = EV and UB =1000 

Val[ex] -0.0119 -0.0234 -0.0092 -0.0253 LB = EV and UB =1000 

Amyl 
alcohol[ex] 0.0024 0.0095 0.0021 0.0067 

2) LB = 1000 and UB 
=1000 
3) LB = 1000 and UB =EV 

Isoamyl 
alcohol[ex] 0.0062 0.0242 0.0053 0.019 

2) LB = 1000 and UB 
=1000 
3) LB = 1000 and UB =EV 

Propanol[ex] 0.0081 0.0248 0.0069 0.0253 
2) LB = 1000 and UB 
=1000 
3) LB = 1000 and UB =EV 

Isobutanol[ex] 0.0024 0.0183 0.0025 0.0101 2) LB = 1000 and UB 
=1000 
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3) LB = 1000 and UB =EV 

Phenyl 
ethanol[ex] 0.0009 0.0046 0.0009 0.0035 

2) LB = 1000 and UB 
=1000 
3) LB = 1000 and UB =EV 

CO2[ex] 9.04 25.78 6.88 21.31 
2) LB = 1000 and UB 
=1000 
3) LB = 1000 and UB =EV 

 

The values in the constraint column correspond to the parts (e.g. 2) Validation of Model 

Predictions) of the results section. (Experimental Value = EV) 

 

  



 

206 

Appendix B: Supplementary Material from Chapter 4 

Figure B.1.  Partial least-squares regression modeling for all strains correlating amino acid and 

nitrogen utilization variables to the fermentation response variables for biomass concentration 

(A) and total aroma concentration (B). The partial least-squares linear regression fit illustrates 

the measured versus predicted Y-block parameter. The linear regression equation for the model 

for panel A is Y = 0.91X + 0.87and for panel B is Y = 0.86 X +0.15 such that Y = Y predicted 

and X = Y measured. 
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Figure B.2.  Regression vector plot for respective models for all strains, indicating the 

relationship between yeast strains and nitrogen (amino acid/ammonia) utilization indicating 

each nitrogenous compound’s contribution (i.e., weight) to the PLS regression model. Positive 

values for the variable indicate a positive correlation between the predictor and response 

variables, whereas negative values indicate a negative correlation between the predictor and 

response variables 
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