
U N I V E R S I T Y  O F  C O P E N H A G E N  
F A C U L T Y  O F  S C I E N C E  

 
 
 

 

 

  

Determination	of	L-malic	acid	in	wine	by	enzymatic	perturbation	
using	spectral	evolution	profiling	with	FTIR	spectroscopy	and	
multiway	chemometrics	
	

Master	thesis	by	

Marie	Rosenberg	Bak	
rdn850	
	
	
March	29,	2016	
	
	
Supervision	by	
Thomas	Skov,	Associate	Professor,	Department	of	Food	science,	University	of	Copenhagen	
Henrik	Vilstrup	Juhl,	Chemometrician,	FOSS	A/S	
Jørn	Dalgaard	Mikkelsen,	Professor,	Chemical	Engineering,	DTU	
Andreas	Baum,	Post	Doc,	Chemical	Engineering,	DTU	
	
	

	
Department	of	Food	Science	
Faculty	of	Science,	University	of	Copenhagen	
	

						 		



 
 

 i 

PREFACE	

 
This master thesis (30 ECTS credits) constituted the final part of my Master studies in Food Science 
& Technology, specialization in Process Analytical Technology, at University of Copenhagen. The 
thesis was conducted at the SPECC group (Spectroscopy and Chemometrics) at department of Food 
Science, Faculty of Science, University of Copenhagen in collaboration with FOSS A/S and the 
chemical engineering department of DTU. The experimental work was conducted at DTU. 
 
I would like to thank my supervisor at University of Copenhagen, Associate Professor Thomas 
Skov, for always having an overview of the project, his positive attitude and being helpful and 
advising of all aspects of the project. A thanks to Torben Bo Toldam-Andersen, Associate Professor 
(Section for Crop Sciences) for running the chromatographic analyses of the wine samples. 
 
I would like to thank my supervisor at FOSS A/S, Henrik Vilstrup Juhl, for being supportive of the 
project and giving great technical advice. From DTU, I would like to thank Professor Jørn Dalgaard 
Mikkelsen for always having ideas for the analysis, and at last but not least I would like to thank 
Post Doc Andreas Baum for helping me all through the project with technical and laboratory issues, 
support with MATLAB and data analysis and always keeping my spirits high and giving 
motivational talks.  
 
 
 
 
 
 
Frederiksberg, March 29, 2016 
 
 
 
 
 
     
Marie Rosenberg Bak 
rdn850 
  



 
 

 ii 

ABSTRACT	

The determination of malic acid in wine in very low concentrations (<30mg/L) is of great 
importance for the winemaker in order to monitor and control the malolactic fermentation. Fourier-
Transform infrared spectroscopy (FTIR) is a rapid analysis often used in routine control in wine 
production, though it cannot be used for determination of analytes in low concentration due to 
strong water absorption and interferences in infrared spectra. By introducing an enzymatic 
perturbation of an analyte and monitoring the spectral changes over time using FTIR spectroscopy, 
the initial concentration of the analyte can be deduced and the detection limit of the analysis can be 
reduced. The aim of this study was to develop an enzymatic perturbation of L-malic acid in wine 
using malic dehydrogenase (oxaloacetate-decarboxylating), which catalyzes the conversion of L-
malate to pyruvate and CO2. The formation of CO2 can be monitored with FTIR, which contains 
little spectral interference. The spectral profiles, holding the reaction induced spectral changes, were 
analyzed with multiway chemometric methods such as PARAFAC, PARAFAC2, Tucker3 and N-
PLS and calibration models for malic acid prediction were established.  
 
The enzymatic assay was developed based on a standard solution of L-malic acid, and a calibration 
set with 10 samples representing a concentration range of 0.005-0.12g/L was modelled with 
PARAFAC. PARAFAC was able to decompose the three-way data and model the evolution of CO2 
and the kinetic profile of the enzymatic reaction. When the assay was applied to wine samples, it 
was found that tannins reduced the enzyme activity by precipitating the enzyme. Therefore, a 
sample preparation procedure was developed consisting of tannin precipitation with a protein fining 
agent and solid-phase extraction of phenolic compounds using polyvinylpyrrolidone (PVP). A 
calibration set of four different wines was used to build calibrations with multiway chemometric 
methods with the aim of investigating the limit of detection, precision and accuracy of the analysis. 
Successful multiway modeling was achieved with all the multiway methods. Applying multiway 
centering in the spectral mode of the tensor improved the performance of the models. The best 
predictive performance was achieved with Multilinear partial least squares regression (N-PLS) with 
an accuracy of 0.023g/L and a detection limit of 81.7mg/L. The detection limit was an improvement 
compared to the current calibration at FOSS A/S (approx. 200mg/L). The potential for reducing the 
analysis time of the method was examined by reducing the tensor thickness stepwise (along the 
temporal mode) and evaluating the error of the models at each tensor thickness (analysis time). The 
N-PLS calibration showed potential for reducing the analysis time down to approx. 10 minutes. 
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ABBREVIATIONS	

ALS  Alternating least squares 
EC  Enzyme Commission 
FIA  Flow injection analysis 
FTIR  Fourier-Transform infrared spectroscopy 
HPLC  High pressure liquid chromatography 
IC  Ion chromatography 
IEP  Isoelectric point 
IR  Infrared 
LAB  Lactic acid bacteria 
LOD  Limit of detection 
LOQ  Limit of quantification 
MDH  Malate dehydrogenase 
MIR  Mid-infrared 
MLF  Malolactic fermentation 
NAD+/NADH Nictotinamide adenine dinucleotide, oxidized/reduced form 
NADP+/NADPH Nictotinamide adenine dinucleotide phosphate, oxidized/reduced form 
N-PLS  Multilinear partial least squares regression 
PARAFAC  Parallel factor analysis 
PCA  Principal component analysis 
PLS  Partial least squares regression 
PVP  Polyvinylpyrrolidone 
RMSE(C/CV) Root mean squared error of calibration/cross-validation  
RSD  Relative standard deviation 
SCD  Surface charge density 
U-PLS  Unfold partial least squares regression 
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SYMBOLS	AND	UNITS	

°C Temperature in degree Celsius 
g Gram 
L Liter 
min Minute 
mg Milligram 
mL Milliliter 
mM Millimolar (mmol/L) 
M Molar concentration (mol/L) 
rpm Rounds per minute 
% v/v Volume/volume percentage 
% w/v Weight/volume percentage 
 
Infrared spectroscopy 
cm-1 Wavenumber 
n Number of atoms in a molecule 
K Force constant  
I Intensity of sample spectrum 
I0 Intensity of background spectrum 
%T Percentage transmittance 
A Absorbance 
𝜀  Extinction coefficient 
c Concentration 
l Cuvette path length 
𝛿  Optical path difference 
𝜆  Wavelength 
 
Chemometrics 
X Third-order tensor 
I  Number of samples in tensor X 
J Number of time points in tensor X 
K Number of wavelengths in tensor X 
A, B, C Loading matrices for mode 1, 2 and 3  
G Core array 
Y, y Reference array either as matrix or vector 
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1 INTRODUCTION	

Malic acid is one of the most important organic acids in wine with regards to sensory attributes and 
biological stability (Cozzolino, 2015). Malic acid is responsible for acidity in many fruits especially 
in apples, which is why the taste of malic acid is described as apple-like. Wines high in malic acid 
have a very fresh acidity. In some wines, such as red wines, this fresh acidity is sought to be 
reduced, which can be done by biological deacidification known as malolactic fermentation 
(Jackson, 2014b). Malolactic fermentation (MLF) not only reduces acidity but also alters the flavor 
profile of the wine (Jackson, 2014b). During malolactic fermentation lactic acid bacteria (LAB) 
convert malic acid to lactic acid by decarboxylation, where CO2 is formed as a by-product (Jackson, 
2014b). The conversion to lactic acid results in a rise in pH and a decrease in perceived acidity, 
which in turn gives the wine a softer taste. Since CO2 is formed through the metabolizing reactions 
by LAB during malolactic fermentation, it is important to control MLF with regards to the 
microbial stability of the bottled wine. If malic acid is present in the wine after MLF and the wine is 
not microbial stable it can possibly enable malolactic fermentation in the bottle, which in worst case 
can cause the bottle to explode due to formation of CO2 during storage. It is therefore of high 
importance for wine producers to control and monitor the malic acid content during wine making 
(Cozzolino, 2015). 
 
Today, methods for determining malic acid, and other organic acids in wine, rely on 
spectrophotometric, enzymatic or chromatographic methods (Cozzolino, 2015). However, these 
methods often require sample preparation, a high chemical reagent input and are not always fast. 
The use of Fourier Transform-Infrared Spectroscopy (FTIR spectroscopy) has been used for 
determining the content of malic acid and several other parameters in wine (e.g. ethanol, other 
organic acids and sugars) (Kupina & Shrikhande, 2003; Patz et al., 2004; Moreira & Santos, 2005; 
Regmi et al., 2012). The use of FTIR spectroscopy in the wine industry has several advantages. 
Some of the advantages include, establishing calibration models of parameters that are essential 
during wine production (ethanol, organic acids, pH, sugars etc.), a method suitable for routine 
analysis as it is a rapid analysis and that the technique requires minimum sample preparation and a 
low chemical reagent input (Dambergs et al., 2015). FOSS A/S has put several FTIR instruments 
for wine analysis on the market that can determine up to 30 different parameters. For malic acid 
determination calibration models reported in literature (Kupina & Shrikhande, 2003; Regmi et al., 
2012), which also reflects the calibration performance of the Winescan™ from FOSS A/S, reports 
that it is possible to quantify concentrations of malic acid above 200mg/L. However, malic acid 
concentrations as low as 30mg/L may enable malolactic fermentation in the bottle (Jackson, 2014c). 
Amounts this low cannot be detected using FTIR spectroscopy. For detecting malic acid 
concentrations below 200mg/L other methods of analysis must be applied. Megazyme (2014) 
reported a detection limit of 0.25mg/L and a linear range of 5-300mg/L in their L-malic acid assay 
kit, which quantifies malic acid based on spectrophotometric detection of NADH.  
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Organic acids are difficult to distinguish in IR spectra of wine and their absorption (C=O stretching) 
in the mid infrared region lies close to the strong O-H bending absorption of water at 1640 cm-1 
(Vonach et al., 1998). However, by introducing an enzymatic perturbation of one specific 
compound and detecting the spectral changes using FTIR spectroscopy, the sensitivity of 
calibrations can possibly be increased (Nørgaard et al., 2016). The enzymatic reaction can be 
monitored by real-time spectroscopy and the reaction will induce changes in the spectral profile, 
which can be directly related to products formed and substrates consumed by the defined enzymatic 
reaction. If the input is constant (i.e. not changing) and the changes occurring is only due to the 
enzymatic reaction, such a spectral profile can be referred to as an evolution profile (Baum, Meyer, 
et al., 2013). Several enzymes exist which can convert malic acid. Most of them are stereospecific 
(converting either L- or D-malic acid) and the products formed differ, where only some of them 
releases CO2 as a by-product (Bologna et al., 2007). Malate dehydrogenase (oxaloacetate-
decarboxylating) (EC 1.1.1.40) is an enzyme that catalyzes the conversion of L-malate to pyruvate 
and CO2 using NADP+ as co-substrate (Bologna et al., 2007). With the use of this enzyme in an 
enzymatic perturbation of L-malic acid with acquisition of spectral FTIR profiles in real-time, the 
formation of CO2 can be monitored, which will reflect the malic acid content of the sample.  
 
One evolution profile consists of a matrix with one vector of MIR absorption values for each 
consecutive time point. For quantification of the malic acid content in a sample set, each sample 
matrix is stacked on top of each other to form a tensor. Tensors allow for multiway chemometric 
analysis such as PARAFAC, Tucker3 and N-PLS (Bro, 2006; Rinnan et al., 2014) . With multiway 
chemometric models such as these, three loading matrices can be derived which will refer to the 
three modes (directions) of the tensor – in this case; sample mode, kinetic mode and spectral mode. 
Parallel Factor Analysis (PARAFAC) is a decomposition method and has the advantage of 
uniqueness. The model being unique means that there is no rotational freedom, as there is in PCA 
and Tucker3, and the true underlying spectra/profiles can be obtained if the data in fact is trilinear, 
the correct number of components are chosen and the signal-to-noise ratio is appropriate (Bro, 
1997). Second-order instrumentation (spectrum × elution or excitation × emission) benefits from 
the second order advantage, which allows accurate quantification of chemical constituents that are 
independent of interferences from un-calibrated compounds (Booksh & Kowalski, 1994). Such 
trilinear data structures derived from enzymatic perturbation and FTIR spectral acquisitions benefit 
from these advantages included in multiway data analysis. Using such approaches, PARAFAC 
should in theory be able to provide well-defined chemical outputs that are holding relative 
quantification of CO2 and from this malic acid.  
 
The current project aims to develop a method that can predict malic acid in very low concentrations. 
The method includes an enzymatic perturbation of malic acid in wine with real-time FTIR 
monitoring. By monitoring the perturbation over time, evolution profiles that hold a concentration 
change of CO2 relating to the malic acid content is obtained. Multiway chemometrics is used to 
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analyze the obtained data and to establish calibration models for malic acid prediction. The 
principle of enzymatic perturbation is sought to be proven with a calibration set of an L-malic acid 
standard solution. A standard solution is used for developmental experiments in order to find a 
successful assay in terms of buffer system, co-factor solution and more. The project aims to apply 
the perturbation procedure on wine samples in order to investigate the limit of detection, precision 
and accuracy of the method in a wine matrix. Sample preparation procedures are developed and a 
calibration set of four different wines is used to build calibration models with subsequent multiway 
chemometric modeling. 
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2 THEORY	

2.1 Wine	characteristics	regarding	malic	acid	and	its	determination,	malolactic	
fermentation	and	enzymatic	perturbation		

2.1.1 Content	of	malic	acid	in	wine 

Malic acid is a major acid component of wine and together with tartaric it constitutes more than 
90% of the organic acid content in wine (not including volatile acidity) (Jackson, 2014a). The 
content of malic acid in the finished wine is important with regards to taste and microbial stability. 
As grapes ripen, the content of malic acid decreases due to dilution as grapes grow larger and 
metabolizing reactions of malic acid in the grapes (Ribéreau-Gayon et al., 2006). The content of 
malic acid in grapes depends on the climate in which the grapes are grown (Jackson, 2014b). In 
cool climates, grape juice has a high malic acid concentration due to cool temperatures, which 
slows down the maturation of the grapes. The content may be in the range 2-5g/L or even higher 
(Ribéreau-Gayon et al., 2006). In warmer climates, the maturation of the grapes is fast and the grape 
juice has lower concentrations of malic acid, often below 2g/L (Buglass, 2010). If the content of 
malic acid in the grapes is too low the wine will get a flat taste and also be more susceptible to 
microbial spoilage (Jackson, 2014a). However, if the content is too high the wine may be adjusted 
for acidity. A way to reduce the content of malic acid in wine is by biological deacidification known 
as malolactic fermentation (MLF). It is not favorable for all wines to undergo malolactic 
fermentation. It is more common for red wines to undergo malolactic fermentation in order to 
obtain a smoother acidic taste, whereas for white wines the fresh acidity is often desired, however 
still depending on the wine style. 

2.1.2 The	principle	of	malolactic	fermentation	and	its	implications 

Malolactic fermentation is a biological deacidification procedure in wine making, where lactic acid 
bacteria (LAB) are encouraged to grow or added to the wine in order to reduce acidity and alter the 
sensory attributes. The main effects of malolactic fermentation are an increase in pH (0.1-0.2 units) 
and a decrease in perceived acidity. The effects arise from the conversion of the dicarboxylic malic 
acid to the monocarboxylic lactic acid (Bartowsky, 2005; Jackson, 2014c). During malolactic 
fermentation, L-malic acid is converted to L- or D-lactic acid, through a decarboxylation reaction 
catalyzed by the malolactic enzyme requiring NAD+ and a divalent cation as cofactor (e.g. 
manganese or magnesium) (Ribéreau-Gayon, 2006). Only L-malic acid is present in wine since it is 
the naturally occurring form but both L- and D-lactic acid can be formed during MLF depending on 
the bacterial strain (Buglass, 2010). For every gram of malic acid converted during fermentation, 
two thirds of lactic acid and one third of carbon dioxide is formed (Buglass, 2010). However, the 
malolactic enzyme is not the only enzyme involved in malic acid metabolism. Several enzymes 
exist that catalyze the conversion of malic acid, for which different products are formed, e.g. 
malolactic enzyme, malic enzyme and several types of malate decarboxylases (Bartowsky, 2005). 
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Their names are ambiguous, but they all have different metabolic roles in the cell. They differ from 
one another by the products they form (lactate, pyruvate or oxaloacetate) and the co-substrate 
(NAD+ or NADP+) and cofactors they require. Malate dehydrogenases (MDH) convert malate into 
oxaloacetate (EC 1.1.1.37) and sometimes further into pyruvate and CO2 depending on whether it 
has oxaloacetate decarboxylase activity or not (EC 1.1.1.38, EC 1.1.1.39) (Ribéreau-Gayon, 2006). 
Malic enzyme converts malate directly into pyruvate and CO2 (EC 1.1.1.40). In the bacteria these 
enzymes are coupled to lactate dehydrogenase (LDH), which converts pyruvate into lactate 
(Ribéreau-Gayon, 2006). 

  
Figure 2.1. Different effects of malolactic fermentation – deacidification by conversion of L-malate to pyruvate and CO2, 

increased microbial stability and organoleptic modifications (Bartowsky, 2005). 

The heterofermentative bacteria Oenococcus oeni is the most common lactic acid bacteria used in 
the wine industry for malolactic fermentation (Jackson, 2014b). It is adapted to the harsh conditions 
of high ethanol concentrations, low pH and limited nutrient availability (Bartowsky, 2005). As a 
consequence of elevated pH levels arising from MLF, the wine becomes more susceptible to 
microbial spoilage. However, if malic acid has been completely metabolized, malic acid cannot 
serve as nutrient source for the spoilage microorganism. This can reduce the probability of spoilage 
growth and the microbial stability can thereby be increased (Bartowsky, 2005). The winemaker can 
consider the malolactic fermentation to be done when the malic acid level is below 100mg/L and 
have increased microbial stability when the content is below 30mg/L (Buglass, 2011b; Jackson, 
2014b). 

2.1.3 Determination	of	malic	acid	in	wine	by	conventional	methods	

Due to the reasons described above, it is of great interest for the winemaker to monitor the malic 
acid content before, during and after malolactic fermentation. There are several ways to monitor the 
content. Of the more simple methods paper/thin layer chromatography, enzymatic assays or 
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spectrophotometric methods can be applied (Mato et al., 2005; Buglass, 2011a, 2011c). For single 
organic acid determination, spectrophotometric methods are popular and for simultaneous 
determination, chromatographic methods are preferred (Mato et al., 2005). The use of 
spectrophotometric methods require separation of the acids before analysis. This has been done 
using precipitation or ion-exchange chromatography (Mato et al., 2005). Following the separation, 
different treatments are done, where the acids react with compounds forming colored compounds, 
which can be detected by spectrophotometry. Due to these issues, spectrophotometric procedures 
require expertise and a high workload and has only been developed for some organic acids. 
Spectrophotometry is often coupled with enzymatic assays, which improves the specificity. As for 
spectrophotometric methods enzymatic assays have not been developed for all organic acids but for 
the main acids. Enzymatic assays are coupled with the detection of NADH or NADPH usually at 
340nm (Mato et al., 2005). This principle has received a lot of attention due to the high specificity 
and sensitivity of the analysis and many studies have been published (Puchades et al., 1991; Lima & 
Rangel, 1992; Suye et al., 1992; Kiba et al., 1993; Matsumoto et al., 1996; Lima et al., 1998; 
Segundo & Rangel, 2003; Santana et al., 2014). Despite the good sensitivity and high specificity, 
enzymatic assays have lower reproducibility than for example FTIR analysis. In order to automate 
and increase sample throughput in enzymatic analysis, studies have successfully applied flow 
injection analysis (FIA) (Lima & Rangel, 1992; Lima et al., 1998; Segundo & Rangel, 2003; 
Santana et al., 2014). Some systems are designed for single acid determination and some can 
measure both L-lactic and L-malic acid. The best LOD obtained for a FIA system was 10mg/L 
(Segundo & Rangel, 2003). Besides the advantages of high specificity and sensitivity, these 
methods require none or minimal sample preparation, low enzyme consumption and low sample 
volumes (Santana et al., 2014). However, they do require the design of a flow injection system, 
which should be coupled to a spectrophotometer or fluorescence spectrometer. 
 
Liquid chromatography is a widely used technique for simultaneous determination of organic acids 
wine. Of the most used, high-performance liquid chromatography (HPLC) and ion chromatography 
(IC) can be mentioned (Mato et al., 2005). Common selective detection devices are ultraviolet-
visible detection (UV-Vis) (single wavelength) or diode array detection (DAD) (multiple 
wavelength) or conductometric detection for ionic analytes (Buglass, 2011a). Several studies with 
HPLC methods and UV detection have been made, showing good detection limits for malic acid as 
low as 39mg/L, 30mg/L and 17mg/L (Cunha et al., 2002; Soyer et al., 2003; Pereira et al., 2010). 
However, to use HPLC for wine analysis, sample preparation such as filtration, ion exchange or 
solid-phase extraction, is often necessary in order to avoid co-elution of acids with sugars or 
colorants. The procedures involved with HPLC analysis are therefore time-consuming, complicated 
and require a high chemical throughput. Organic acids are in anionic form at wine pH (2.8-4) and 
the use of ion chromatography with conductivity detection can be a favorable analysis. The 
different separation mechanisms (ion exchange, ion exclusion, adsorption or size exclusion) in IC 
makes the method highly specific with regards to organic acids (Buglass, 2011a). In a study by 
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Kupina et al. (1991) different organic acids in wine were measured using ion chromatography with 
gradient elution and conductivity detection with chemical suppression in wine. The method 
separated the organic acids well and the LOD for tartaric acid (only one reported) were 10-fold 
better than for the corresponding enzymatic assay used. Another method was developed without the 
need of sample preparation, though it was for fruit juice samples (Saccani et al., 1995). Here, at 
detection limit of 10mg/L was reported for a standard solution of malic acid. Another study reported 
a LOD of 0.094mg/L for malic acid (standard) (Masson, 2000). The methods of IC show good 
sensitivity and reproducibility and the possibility to detect several different organic acids in one 
analysis.  

2.1.4 Enzyme	kinetics	and	reaction	mechanisms	of	malic	enzyme	

The enzymes involved in the malic acid metabolizing reactions in LAB catalyzes reversible 
reactions. Enzymes that catalyzes reversible reactions strive for an equilibrium state and the 
substrate is sometimes not completely converted (Bisswanger, 2008). The enzyme concerned in this 
study is regulated by substrate and product concentrations as well as intermediates (Sanwal & 
Smando, 1969a; Brown & Cook, 1985; Bologna et al., 2007). Reversible enzyme reactions are 
governed by different mechanisms determining the course of the reaction in order to achieve 
equilibrium. Such mechanisms can be product or substrate inhibition and can be competitive, non-
competitive or uncompetitive (Bisswanger, 2008). Product inhibition happens when the product is 
blocking the binding site for the substrate and increases with concentration of the product 
(Bisswanger, 2008). Malic enzyme from E. coli exerts product inhibition towards NADPH, 
pyruvate and carbonate (Sanwal & Smando, 1969b). It is common for product inhibition to happen 
for reversible enzymatic reactions because they always are going towards equilibrium. The 
inhibition of NADPH was shown to be non-competitive, which means that NADP+ and NADPH 
binds to different isomeric forms of the enzyme as proposed by Sanwal & Smando (1969b). The 
rate of reactions are governed by product and substrate concentrations. When the maximum velocity 
is reached, the enzyme is saturated with substrate and increasing the substrate concentration will not 
increase the reaction velocity (Bisswanger, 2008). At saturating conditions, the reaction rate will 
therefore not reflect the substrate concentration and turnover rate. Brown & Cook (1985) showed 
that the saturating conditions for malic enzyme from E. coli were 25mM for malate and 0.5mM for 
NADP+ (100mM Tris-HCL buffer, pH 7.45, 24°C, saturating conditions of Mn2+). 

2.1.5 Characteristics	of	phenolic	compounds	and	tannins	in	wine	

Phenolics are a wide group of compounds responsible for many different physical and chemical 
properties of wine. Phenolics affect color, mouth-feel, taste, appearance and aroma in wine. 
Phenolic compounds are mostly contained in the skin and seeds of grapes but are also extracted 
from oak cooperage (Jackson, 2014a). The content is significantly higher in red wine than in white 
wine due to longer maceration time of red grapes and the fact that red wine is more often matured in 
wood barrels. 



 

	8	

 
Wine phenolics can be divided into several groups – anthocyanins, flavanols (proanthocyanidins), 
non-flavonoids, polymers of flavanols (condensed tannins) and other smaller groups (Jackson, 
2014a). All of them having different chemical and physical properties in wine. Flavonoids consist 
of two phenyl rings joined by a pyran ring. Anthocyanins consist of the flavonoid skeleton with a 
sugar molecule attached (Figure 2.2). Due to the structure of conjugated double bonds, 
anthocyanins absorb light in the blue/green part of the visible spectrum and therefore appear red and 
therefore obviously only exist in red wine. Of flavanols or flavan-3-ols the most common are 
catechin and epicatechin (Figure 2.2). Catechin and epicatechin can occur in monomeric, 
oligomeric or polymeric form (Jackson, 2014a). 

  
Figure 2.2. Structure of two groups of phenolic compounds in wine - anthocyanins and flavanols, and examples of the most 

common compounds (Jackson, 2014a). 

Tannins are phenolic compounds and can be divided into two classes according to their structure – 
hydrolysable tannins and condensed tannins (Herderich & Smith, 2005). Hydrolysable tannins are 
either extracted from oak during maturation or added as fining agent to remove undesirable 
proteins. Species from oak are polygalloyl esters of glucose sometimes called gallotannins 
(Herderich & Smith, 2005). Condensed tannins (proanthocyanidins) (from here on denoted as 
“tannins”) are sometimes termed grape tannins and consist of polymers of different types of flavan-
3-ols. Tannins consist of different flavanols depending on their origin – grape skin, seeds or stems. 
Tannins from grape skin can contain up to 74 flavanol units and are more polymerized than seed 
tannins containing between 24-33 flavanol units (Jackson, 2014a). 
 
Tannins can be generally defined as polyphenolic compounds that precipitate protein (Herderich & 
Smith, 2005). This ability of tannins is thought to give the astringent/drying sensation of red wine 
(Ma et al., 2014). Condensed tannins bind with and precipitate salivary proteins. Hydrophobic 
forces and hydrogen bonds are formed between tannins and proteins creating large complexes (Ma 
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et al., 2014). Such complexes aggregate and when the aggregates are large enough they precipitate 
as they get insoluble. However, not all tannins are able to precipitate proteins. The precipitation 
potential of the tannin depends, amongst other things, on the degree of polymerization (Ma et al., 
2014). If the molecular weight of the tannin is low, the tannin is not able to crosslink peptide chains 
at more than one point. However, if the molecular weight is high, the tannin possibly cannot 
penetrate the protein well enough and no precipitation occurs (Jackson, 2014a). 

2.1.5.1 Removal	of	tannins	by	use	of	fining	agents		

The ability of tannins to precipitate proteins is exploited in the wine industry when adjusting the 
final quality of wine. An excess amount of tannins in wine is unwanted since it can cause significant 
astringency and bitterness and cause haze. Haze occurs either when tannins are exposed to oxygen, 
creating light diffracting colloids (casse) or by formation of tannin-protein complexes during 
cooling (cooling is a practice done in order to achieve bitartrate stability) (Jackson, 2014c). Excess 
tannins can be removed by addition of fining agents that facilitates precipitation. Some of the fining 
agents used in the industry for removal of tannins are gelatin, casein, albumin and isinglass 
(Jackson, 2014c). The ability of protein fining agents to precipitate tannins depend on several 
parameters such as isoelectric point (IEP) and surface charge density (SCD) (Cosme et al., 2007). 
These physico-chemical characteristics influence the amount and type of polyphenols that are 
precipitated. For gelatin holds that the more protein is hydrolyzed the more polymerized tannins are 
precipitated (Maury et al., 2001). And the higher surface charge density of gelatin the more 
components are precipitated. However, the variability of composition and purity of gelatins on the 
market causes the precipitation procedure to be unreliable. In contrast, ovalbumin is a single type 
protein and is known for its ability to precipitate tannins. A study was conducted where the decrease 
of different groups of flavanols in wine was determined with the use different fining agents (Cosme 
et al., 2009). With an ovalbumin addition of 0.12g/L, 22% of the polymeric flavanols, 25% of 
oligomeric flavanols and 24% of monomeric flavanols were removed. And so different kinds of 
polyphenols are removed by addition of ovalbumin. Some of the other fining agents studied varied 
more in the polyphenol groups targeted. Casein (0.4g/L) was effective towards monomeric 
flavanols and the gelatins tested (0.08g/L) towards oligo- and monomeric flavanols (Cosme et al., 
2009). 
 
2.2 Fourier	Transform-Infrared	Spectroscopy	–	principles,	instrumentation	and	application	

2.2.1 Fundamentals	of	infrared	spectroscopy 

Infrared spectroscopy deals with absorbance of electromagnetic radiation (light) in the infrared 
wavelength range. This can be either in the near-infrared (14000-4000cm-1), the mid-infrared (4000-
400cm-1) or the far-infrared (400-10cm-1) range. Emitted photons with specific energies 
(frequencies) will be absorbed by molecules resulting in excitation of the molecule to an excited 
state. In the infrared range, the absorbed energy is vibrational and results in different types of 
vibrations of the molecule (Larkin, 2011a). It is such, that the molecule will only absorb energy 
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corresponding to the energy transitions between its molecular vibrational levels. The number of 
vibrational modes existing for a molecule is 3n-6, where n is the number of atoms in the molecule. 
For a linear molecule such as CO2 it will be 3n-5 vibrational modes. CO2 will therefore have 3(3)-5 
= 4 vibrational modes. Some examples of types of vibrational modes are stretching and bending of 
the molecular bond. For a CO2 molecule this includes symmetric and asymmetric stretch and two 
perpendicular bending vibrations, however not all of them are IR active as described below (Larkin, 
2011a). 
 
The frequency at which the vibrations of the molecule occur can be predicted by using the harmonic 
oscillator model. The model describes the displacement of the two masses (change in dipole 
moment) and can predict the frequency of the vibration when the masses of the atoms (involved in 
the vibration) and the Force constant (K) for the bond energy is known (considering the simplest 
case of a diatomic molecule) (Larkin, 2011a).  
 
Not all molecules are IR active and as for many other spectroscopic techniques, certain selection 
rules exist. For the molecular vibration to occur, the frequency of the infrared photon has to match 
the frequency of a specific vibrational mode causing a dipole moment in the molecule (Larkin, 
2011a). Molecules with dissimilar atoms (e.g. HCl or CO) have a permanent dipole – an electrical 
charge that is not distributed evenly (dipolar). Other molecules, like CO2, can have an induced 
dipole moment. In this case the infrared light induces an electrical charge in the molecule by 
causing the electrons to move back and forth, which results in an asymmetric vibration. Both types 
of molecules are IR active (Larkin, 2011a). Examples of molecules that are not IR active are 
homonuclear molecules such as N2 or H2. The asymmetric stretch of CO2 absorbs at frequency 
2349cm-1 and the bending vibrations absorb at 667cm-1 (Smith, 2011). 
 
An infrared spectrum shows the fraction of light transmitted by the sample as a function of 
frequency. Spectra are often shown as absorbance spectra with the absorbance calculated as in 
Equation 2.1 (Smith, 2011). Where 𝐴 is absorbance, 𝐼* is intensity of the background spectrum and 
𝐼 is the intensity in the sample spectrum. A spectrum can also be depicted with percent 
transmittance (%T), which is calculated as in Equation 2.2 (Smith, 2011). Absorbance is related to 
the concentration of molecules in a sample by Lambert-Beer’s law (Equation 2.3), where 𝜀 is the 
extinction coefficient, 𝑐 is the concentration and 𝑙 is the path length. The height or area of a peak in 
an absorbance spectrum will be proportional to the concentration of the compound. 

𝐴 = −log2*	(𝑇) = 𝑙𝑜𝑔2*
𝐼*
𝐼  

Equation 2.1 

%𝑇 =
𝐼
𝐼*

×100 

Equation 2.2 

𝐴 = 𝜀×𝑐×𝑙 
Equation 2.3 

The background spectrum measured includes contributions from the source emission, detector 
response, beam splitter properties and atmospheric absorptions from CO2 and water vapor (Larkin, 
2011b). The background spectrum is often measured as water in order to eliminate the water 
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absorption in the sample spectrum. Since the background spectrum is used for calculating the 
absorbance spectrum of the sample it is important that such a spectrum is measured just before 
analysis. 

2.2.2 Fourier-Transform	Infrared	Spectroscopy	

Almost all infrared spectrometers used are Fourier-Transform infrared spectrometers. Such 
spectrometers contain an interferometer that separates light into individual components but 
measures them simultaneously (Larkin, 2011b). FTIR spectrometers has gained popularity because 
they have fast spectrum acquisition and reduced noise, which leads to better reproducibility, better 
sensitivity and signal-to-noise ratio. A schematic diagram of the Michelson interferometer can be 
seen in Figure 2.3. 

 
Figure 2.3. Schematic diagram showing the components and light path in a Michelson interferometer (Larkin, 2011b). 

The interferometer consists of a beam splitter and a fixed and moving mirror. From the incident 
light source, the light will be split by the beam splitter and 50% of the light will be reflected to the 
fixed mirror and the other 50% transmitted to the moving mirror. The light is then reflected off the 
mirrors back to the beam splitter where 50% is sent to the sample (and detector) and the other 50% 
is lost to the source (Larkin, 2011b). The two light beams travel different distances, which is called 
the optical path difference (𝛿) (Smith, 2011). When the two light beams meet at the beam splitter 
after reflection, they will interfere and the amplitude of them forms a single wave. By the mirror 
displacement and optical path difference of the two light beams, the final intensity of the light is 
changed. An interferogram is the recording of the intensity of all the wavelengths resulting from the 
mirror movement, called a scan. By increasing the number of scans the signal-to-noise ratio 
increases as the noise is reduced (Smith, 2011). The interferogram is converted to a transmittance 
spectrum through Fourier Transformation. Both the intensity of light (absorbance) and the 
wavenumber information is contained in the interferogram measured by the infrared detector. The 
spectral intensity is calculated based on the interferogram intensity, the spectral frequency and the 
optical path difference (Smith, 2011). 
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2.2.3 Application	of	FTIR	spectroscopy	for	wine	analysis	

FTIR spectroscopy has been used for several years in the wine industry for routine analysis of major 
wine constituents such as ethanol, sugars, organic acids and total phenolics. FTIR spectroscopy is 
fast and shows good reproducibility (Patz et al., 2004). However, wine characterization with FTIR 
spectroscopy holds problems. The strong absorption of water and ethanol dominates the spectra 
which makes it difficult to detect other compounds of interest (Patz et al., 2004; Moreira & Santos, 
2005). Another problem is a more general concern for FTIR, namely that similar compounds shows 
similar absorption characteristics and can be difficult to distinguish in IR spectra. This is indeed the 
case for organic acids in wine.  For calibrations of individual organic acids it is necessary to choose 
certain wavelength regions which can be done with help from algorithms that correlate the reference 
data to regions of the IR spectra and afterwards PLS calibration can be done (Moreira & Santos, 
2005). The IR region 1732-1728cm-1, where C = O from carboxylic acids absorbs, is of high 
importance but also very dominated by water absorption, which results in noisy spectra (Moreira & 
Santos, 2005). Therefore it is difficult to obtain good calibrations for the individual organic acids in 
wine due to these interfering effects (Kupina & Shrikhande, 2003; Patz et al., 2004; Moreira & 
Santos, 2005). This means that the sensitivity for compounds present in low amounts is low. Most 
of the calibrations reported in literature are only able to predict malic acid contents above 200mg/L 
(Schindler et al., 1998; Patz et al., 2004; Regmi et al., 2012).  
 
CO2 is more readily calibrated for in IR spectroscopy. CO2 is easily detected since it absorbs in a 
region of very low interferences (“the dead sea”) and it has a high level of identical bonds per 
amount of molecule, which increases the signal intensity. Therefore, CO2 can be detected in very 
low amounts. In recent years some studies have shown that it is possible to use FTIR spectral 
profiling with multiway chemometrics in order to measure enzyme activity (López-Sánchez et al., 
2009; Baum, Hansen, et al., 2013; Baum, Meyer, et al., 2013). The principle has also been used to 
quantify compounds by enzymatic perturbation an calibration modeling (Nørgaard et al., 2016). 
This principle can therefore be used for quantification of CO2 and thereby the malic acid content by 
enzymatic perturbation with malic enzyme. 

2.2.4 FTIR	spectral	profiling	

In FTIR spectroscopy spectral profiling, spectral changes are observed as spectra are acquired over 
two or more time points. The technique is used for different purposes such as determining enzyme 
activity and kinetics and protein structure and function. The spectral change is observed when the 
first spectrum is subtracted from the following spectra in the time series, revealing the chemical 
change imposed by for example an enzyme (Kumar, 2014). Other types of induced reactions exist 
(Zscherp & Barth, 2001). The spectral profile obtained will show that substrates are consumed and 
products formed (López-Sánchez et al., 2009; Baum, Hansen, et al., 2013; Baum, Meyer, et al., 
2013). In this way, highly specific information about for example a product pertaining to a specific 
enzymatic reaction can be obtained. The method has been used in a univariate sense, where single 
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wavenumbers were used to estimate changes over time (López-Sánchez et al., 2009). However, if 
the spectral changes are recorded over a time series it is possible to model the change in a 
multivariate sense using multiway chemometrics (Crouch et al., 2000; Baum, Hansen, et al., 2013; 
Baum, Meyer, et al., 2013). Thereby the full potential of the method is exploited. In Figure 2.4 
spectral profiles can be seen in the left-hand illustration and difference spectra on the right showing 
the spectral change (a simulation). If the input is constant (i.e. not changing) and the change 
occurring is only due to the enzymatic reaction, such spectral profile can be referred to as an 
evolution profile (Baum, Meyer, et al., 2013). 

 
Figure 2.4. The left plot showing spectral profiles acquired over several time points showing the enzymatic evolution. The 

right plot shows the difference spectra (Baum, Hansen, et al., 2013). 

2.3 Multiway	data	and	chemometrics	

2.3.1 Structure	of	multiway	data	and	notations 

Multiway data are defined as having more than two dimensions. A single spectrum recorded for one 
sample is a vector containing spectral intensities at multiple wavelengths and such data is one-way 
data (first-order tensor). If spectra are recorded at several time points a matrix is obtained with 
spectral intensities for multiple wavelengths at multiple time points and such data is called two-way 
data (second-order tensor) (Booksh & Kowalski, 1994). If the same procedure is done for a set of 
samples several second-order tensors are obtained and these can be folded into a third-order tensor 
and termed three-way data (or simply referred to as a tensor). A third-order tensor (X) (I×J×K) has 
three dimensions termed modes – mode 1, 2 and 3 (or A, B and C) (Figure 2.5). The three modes 
consisting of objects 𝑖 = 1, … , 𝐼, 𝑗 = 1, … , 𝐽 and 𝑘 = 1, … , 𝐾 can be divided into three matrices of 
horizontal, lateral and frontal slices respectively (Kiers, 2000).  
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Figure 2.5. Third-order tensor (X) with three modes (A, B and C) (Kiers, 2000). 

An evolution profile measured by FTIR consists of a matrix with one vector of MIR absorption 
values for each consecutive time point. Collecting several evolution profiles would result in I 
different samples measured at J different wavelengths and for K different time points and as shown 
in Figure 2.6. In this project, the reference data used for predictions consisted of a univariate 
response y with the dimension	𝑖 = 1, … , 𝐼. As the spectral acquisitions are done at consecutive time 
points, the data can be considered trilinear and allow for multiway chemometric modelling and 
tensor decomposition such as PARAFAC, Tucker3 and N-PLS (Bro, 2006). 

  
Figure 2.6. Evolutions profiles representing three different concentrations folded into a tensor. 

2.3.2 Pre-processing	of	three-way	data	

Pre-processing of three-way data is more complicated than two-way data, since there are more 
possibilities due to the dimensions of the data structure. In this study, only multiway centering is 
applied and will be the only pre-processing method described. When applying multiway centering 
or scaling, the tensor is unfolded (matricized) with respect to the different modes and then centered 
(column-wise) or scaled (row-wise) (Figure 2.7). One, two or three modes can be centered, which 
will be done consecutively. Centering has several advantages such as removing offset, reducing the 
rank of the system and improving the model fit of the data (Bro & Smilde, 2003). Centering across 
one mode is called single centering and is done by unfolding the three-way array to a I×JK matrix 
(mode 1) and then centering this matrix (Bro, 1997). 
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Figure 2.7. Matricization of a third-order tensor (𝑰×𝑱×𝑲) to a 𝑰×𝑱𝑲 matrix and multiway centering. 

Centering across the first mode is comparable to mean centering in two-way data - the scores are 
centered around zero. The column mean is subtracted from every element as shown in Figure 2.7 
(Gurden et al., 2001). Such centering is important in N-PLS regression together with mean-
centering of the reference data, in order for the model to focus on the response variation (Gurden et 
al., 2001). For the case of evolution profiles, the second mode would contain the kinetic profile and 
the third mode the spectral profile. Centering the kinetic mode would lead to subtraction of the 
spectral background which is comparable to calculating difference spectra. Centering the third 
mode leads to subtraction of spectral offset (level/offset shifts), due to e.g. scattering effects (Baum, 
Hansen, & Mikkelsen, 2016). Double centering (centering across two modes) is performed by first 
centering across one mode and then centering the outcome over the other mode (the order is 
irrelevant) (Bro & Smilde, 2003). Centering only across single modes will remove offsets in the 
data. Subtracting an overall mean (e.g. a mean calculated across two modes) is undesired because it 
can introduce artifacts, such as an artificial offset, in the data that then have to be modelled in 
addition to the inherent variation (Bro & Smilde, 2003). 

2.3.3 Parallel	Factor	Analysis	-	PARAFAC	

Parallel Factor Analysis (PARAFAC) is a popular tensor decomposition method. A decomposition 
method, such as PARAFAC and PCA, decomposes the data array into sets of scores and loadings 
which describe the data in a compressed way (Bro, 1997). PARAFAC finds profiles or patterns that 
are present in all samples and fits these patterns to all samples simultaneously. In the case where a 
sample is not described by the profile/pattern the sample will have a score of 0. For three-way data, 
a PARAFAC model will contain a loading array (score array) for the first mode and a loading array 
each for the second and third mode. For a one-component model the loading arrays will be vectors 
and for a model with more than one component the loading arrays will be matrices with one loading 
vector for each component. The most commonly used algorithm for fitting the model is Alternating 
Least Squares (ALS) which is also used in PCA (NIPALS) and Tucker (Rinnan et al., 2014). The 
model is fitted by least squares where the sum of the residuals in E is minimized (Figure 2.8). The 
loading arrays are related by the core tensor G. For PARAFAC the core array consist of a 
superdiagonal of ones, thereby not describing the relation of the loadings per se, but for Tucker3 it 
correlates the components and contains the importance or magnitude of the component interactions. 



 

	16	

 
Figure 2.8. Graphical presentation of PARAFAC. A tensor (X) is decomposed 

into three loading arrays (A, B and C) with a superdiagonal core matrix of ones 
(G) and residuals (E) (Baum, Hansen, et al., 2013). 

𝑥IJK = 𝑎IJ𝑏JN𝑐KN + 𝑒IJK

Q

NR2

 

Equation 2.4. PARAFAC model (Bro, 
1997). 

 

The PARAFAC model is unique in comparison to two-way models which have the problem of 
rotational freedom (rotational ambiguity) (Bro, 1997). In practice this means that external 
knowledge is necessary in order to interpret the loadings of a two-way model. In PARAFAC, if the 
correct number of components is chosen and the signal-to-noise ratio is satisfactory, the true 
underlying spectra can indeed be found (Bro, 1997). The model is unique if the loading matrices are 
linear independent in two of the modes. PARAFAC can be considered a constrained version of 
Tucker3, which can be considered a constrained version of PCA. A PCA model will therefore 
always describe the variance in the data better than PARAFAC. But PARAFAC is a simpler model 
(unique, i.e. no rotational ambiguity), which is more robust and less sensitive to noise and un-
modelled changes in the samples (Bro, 1997). A great advantage of the PARAFAC model is that it 
exploits the second-order advantage. With the second-order advantage it is possible to make 
accurate predictions even if there are foreign and un-calibrated interferents in future samples 
(Booksh & Kowalski, 1994; Rinnan et al., 2014). 

2.3.4 PARAFAC2	

If the data of interest are not truly trilinear and not all of the loading arrays are strictly independent, 
an alternative for PARAFAC can be used, namely PARAFAC2. Examples of such data could be 
chromatographic data where the elution profiles are not exactly the same for all the samples (peak 
shifts or different peak shapes) or kinetic data where the kinetic profiles could vary slightly between 
the samples. PARAFAC2 allows one of the modes to be shifting, meaning that individual loadings 
are calculated for each sample in this mode (Harshman, 1972). This means that the rank is not 
assumed to be the same in all the modes. PARAFAC2 still holds the advantage of uniqueness as 
long as any shift is only present in one mode and it is possible to estimate the correct number of 
factors. 

2.3.5 Tucker3	

Tucker3 can be used for non trilinear data structures and can be considered a three-way PCA. 
Tucker3 decomposes the data X into three orthonormal loading arrays A, B and C and the core 
array G (Figure 2.8) (Tucker, 1964). The core array relates the three modes and the largest squared 
elements in the core array reflect the most important components that describe X (most variation in 
the data) (Henrion, 1994). In contrast to PARAFAC, the number of components for each mode can 
be different in Tucker3, which makes the Tucker3 model a more general and less restricted model. 
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This feature also implies that Tucker3 does not hold the advantage of uniqueness and thereby the 
second-order advantage. Also given that the core array is rotated to give the best fit the model 
(rotational ambiguity) (Rinnan et al., 2014). 

2.3.6 Multilinear	partial	least	squares	regression	-	N-PLS	

For regression of two-way data partial least squares regression (PLS) is often used. Two-way PLS 
can easily be extended to multiway PLS (N-PLS). In N-PLS the three-way array of independent 
variables is decomposed into a trilinear model similar to a PARAFAC model. The tensor of 
calibration data is unfolded to a matrix containing each sample in one row. A bilinear PLS model is 
found for the matrix of the unfolded sample matrices and the solution contains column-wise weight 
vectors W in the JK×F matrix, where F is the number of components (Bro, 1996). The weight 
vectors explain the maximum covariance with y. The inner relationship between the scores of X and 
y is the same as in PLS (Equation 2.5) (Rinnan et al., 2014). 

𝑼 = 𝑻𝑩WXY + 𝑬 
Equation 2.5. The inner relationship between the scores of X 

and y in a PLS model (Rinnan et al., 2014). 

Where U and T are the scores of Y and X representing maximum covariance and BPLS contains the 
regression vectors. Depending on the data, Y can be any n-way array. N-PLS does not hold the 
advantage of uniqueness since covariance between X and Y is modelled, which means that true 
underlying spectra cannot be obtained. In order to find the optimal number of components, cross-
validation is an often used tool (Gurden et al., 2001). Cross-validation is described in the next 
chapter. It should be noted that due to the dependence of Y in the calculation of the model, N-PLS 
models do not hold the second-order advantage (Rinnan et al., 2014). 

2.3.7 Validation	of	multiway	models 

Which tools to use for validating multiway models depend on model type. For regression models 
cross-validation is a good tool but for decomposition models like PARAFAC other tools are 
available. When choosing the correct number of components in PARAFAC it is not always 
appropriate to use cross-validation. When the number of components increase the noise will be 
modeled. The true factors in the data will be modeled by correlated components, because 
components are fitted simultaneously, and the true variation in the data will not be modeled 
correctly (Bro, 1997). Instead of cross-validation one can evaluate the size of the residuals, use core 
consistency diagnostics and by examining the loadings and using chemical and physical knowledge 
of the system analyzed (Bro, 1997). The core consistency diagnostics evaluate the distance between 
the core array derived from the components and the superdiagonal core array G (Bro & Kiers, 
2003) (Figure 2.8). The core array is superdiagonal if, for a three component model, g111, g222 and 
g333 have values ±1 and all other elements are 0. If this is not so, possibly too many components are 
extracted. The core consistency is given as a percentage with the best core consistency at 100% and 
a model with a core consistency of >90% being ‘highly trilinear’ (Bro & Kiers, 2003). For a one 
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component model the core consistency will always be 100% because there are no off superdiagonal 
elements in a 1×1×1 core array. A core consistency plot where the core values are plotted can be 
used for evaluation of the number of components. 
 
For regression models cross-validation is a powerful tool. When it is not possible to make a 
prediction test set with the data at hand (too few samples), cross-validation can be used for 
validation of the model. The principle is similar as for two-way data. In cross-validation a subset of 
the data is taken out, a model is build on the remaining data and the subset is then predicted using 
the model. These steps are done several times until all samples are predicted. When all samples are 
predicted, the predictive power can be evaluated by calculating the root mean squared error 
(RMSECV) of the calibration (Equation 2.6)(Gurden et al., 2001). When the RMSECV as a 
function of number of components starts to increase the model is overfitted because the noise is 
modeled.  

𝑅𝑀𝑆𝐸 =
𝑦I − 𝑦a bc

IR2

𝑚  

Equation 2.6. Root Mean Squared Error, where 𝒚𝒊 is the reference and 𝒚g is the 
prediction of sample I and m is the number of samples. 

There are several ways to chose the subsets from the data, which depends on the size of the data set, 
if there are replicates or not and the type of data (e.g. time series) (Westad & Marini, 2015). Some 
of the ways are; splitting the data into blocks where 𝑚 can denote number of splits, choosing 
random subsets, leave-one-out (not suitable for m>20) or venetian blinds. 
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3 EXPERIMENTAL	DESIGN	

The experimental work conducted in this project was divided into two parts. Part I involved 
preliminary experiments with a standard solution of L-malic acid. The aim of the Part I experiments 
was to develop a procedure for the enzymatic perturbation of malic acid monitored by FTIR. The 
aim of Part II was to apply the procedure found in Part I to wine samples. Part II comprised an 
experimental design, which aimed to develop a calibration model for malic acid prediction in wine. 
This chapter describes the experimental design and considerations regarding Part I and II. 

3.1 Part	I	–	Development	of	enzymatic	assay	

The aim of Part I was to develop a procedure for the enzymatic perturbation of L-malic acid. This 
was done using a standard solution of L-malic acid in water. During development of the procedure, 
different experimental conditions were applied including different buffer systems and capacities as 
well as co-substrate and enzyme amounts. The aim of the experiments was not to optimize the 
experimental conditions nor establish optimum conditions for the enzyme, but rather a proof of 
concept of the enzymatic perturbation of malic acid. The experiments in Part I included a 
calibration set of 10 samples with different malic acid concentrations in the range 0.005-0.12g/L. A 
blank sample (no enzyme) was measured to be certain that the spectral changes observed were due 
to the enzymatic reaction. This calibration was used for validating the procedure in terms of the 
experimental setup before Part II. The lower limit of the concentration range was selected based on 
the detection limit (LOD) of the Megazyme enzymatic assay (0.025g/L) (Megazyme, 2014). Based 
on the reaction scheme for the conversion of malic acid, one third is converted to CO2. An amount 
of 0.005g/L malic acid would therefore be converted to 0.0016g/L CO2, which was actually lower 
than the LOD for CO2 of the instrument (0.0040g/L) (FOSS A/S, personal communication, August, 
2015). The lowest response of CO2 to be expected therefore reflects a malic acid content of 
0.0125g/L.  

3.2 Part	II	–	Application	to	wine		

Part II describes the application of the assay to wine samples. The aim of this part was to apply the 
procedure to wine samples. Several experiments were completed that all led to conclusions 
regarding the final procedure. The conditions pertaining to these experiments will be described 
when presenting the results. The final procedure contained different sample pre-treatments, which 
are described in chapter 4. 

3.2.1 Sample	material	

Five different red wines were used in the experiments. One wine (Cabernet Sauvignon, South 
Africa) was used for developmental experiments and the four other wines were used for the 
calibration. The wines were selected in order to include variance from different wine matrices with 
regard to country of origin and grape variety. The wines spanned a variation of four major wine 
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producing countries from four different continents in the world; France, USA, Argentina and 
Australia as well as the four most planted red grape varieties in the respective countries; Cabernet 
Sauvignon, Merlot, Shiraz and Malbec. Basic facts about the wines can be seen in Appendix A. 

3.2.2 Experimental	design	

The aim of the experimental design was to establish a calibration set that could be used for 
prediction of malic acid in wine. The experimental design for the calibration set of the wine samples 
comprised a total of 16 samples each with three replicates resulting in 48 evolution profiles. The 
experimental design included one factor (spiking with malic acid) with six levels in the 
concentration range 0-0.15g/L. For each wine, standard addition of malic acid (spiking) was done at 
four levels – one level without spiking and three levels of spiking, which were chosen randomly 
(Table 3.1). All spiking levels were measured in duplicates ensuring an even distribution of the 
spiking levels. A sample blank was included (no enzyme) to ensure that the spectral changes 
observed were due to the enzymatic reaction. The design was limited to 48 samples due to time 
limitations in the thesis period. The robustness of the final calibration against additions of for 
example D-malic acid, sulfites (inactivating enzyme) or ethanol could therefore not be evaluated. 
These issues may be subject to optimization later on. 

Table 3.1. Experimental design for application of the procedure to wine samples. Four different wines measured with no 
malic acid spiking as well as three levels of spiking (randomly chosen). All samples were replicated three times giving a total 

of 48 measurements. 

	 	 Spiking	levels	(malic	acid)	[g/L]	
	 #0	 #1	 #2	 #3	 #4	 #5	 #6	

Wine#	 0.000	 0.025	 0.050	 0.075	 0.100	 0.125	 0.150	

1	 X	 X	 	 X	 	 X	 	
2	 X	 	 X	 	 X	 	 X	
3	 X	 	 X	 	 X	 X	 	
4	 X	 X	 	 X	 	 	 X	

 
The sample nomenclature can be seen in Table 3.2. 

Table 3.2. Sample nomenclature. 

	 #0	 #1	 #2	 #3	 #4	 #5	 #6	
Wine		 0.000	 0.025	 0.050	 0.075	 0.100	 0.125	 0.150	
1	 W1_0_rep1	

W1_0_rep2	
W1_0_rep3	

W1_1_rep1	
W1_1_rep2	
W1_1_rep3	

	 W1_3_rep1	
W1_3_rep2	
W1_3_rep3	

	 W1_5_rep1	
W1_5_rep2	
W1_5_rep3	

	

2	 W2_0_rep1	
W2_0_rep2	
W2_0_rep3	

	 W2_2_rep1	
W2_2_rep2	
W2_2_rep3	

	 W2_4_rep1	
W2_4_rep2	
W2_4_rep3	

	 W2_6_rep1	
W2_6_rep2	
W2_6_rep3	

3	 W3_0_rep1	
W3_0_rep2	
W3_0_rep3	

	 W3_2_rep1	
W3_2_rep2	
W3_2_rep3	

	 W3_4_rep1	
W3_4_rep2	
W3_4_rep3	

W3_5_rep1	
W3_5_rep2	
W3_5_rep3	

	

4	 W4_0_rep1	
W4_0_rep2	
W4_0_rep3	

W4_1_rep1	
W4_1_rep2	
W4_1_rep3	

	 W4_3_rep1	
W4_3_rep2	
W4_3_rep3	

	 	 W4_6_rep1	
W4_6_rep2	
W4_6_rep3	
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4 MATERIALS	AND	METHODS	

This chapter describes the materials and methods applied for the experimental work in Part I (L-
malic acid standard) and Part II (application to wine samples). 

4.1 Spectral	evolution	profiles	

The conversion of L-malic acid to pyruvate and CO2 by malate dehydrogenase was monitored by 
spectral evolution profiling. Spectral acquisitions were done at consecutive time points as the 
spectral information changes during the reaction. From the spectral profiles the evolution of CO2 
could be obtained as well as the kinetic profile of the reaction. 

4.2 Part	I	

Part I involved preliminary experiments with a standard solution of L-malic acid and malic enzyme 
(malate dehydrogenase (oxaloacetate-decarboxylating), EC 1.1.1.40). Malic enzyme catalyzes the 
conversion of L-malate to pyruvate and CO2. The enzyme activity was 300U/mL where 1U 
corresponds to the amount of enzyme converting 1µmol L-malate to pyruvate and CO2 per minute 
at pH 7.5 and 30°C with NADP+ as co-substrate (as reported by Sigma-Aldrich). 

4.2.1 Materials	

The standard solution of L-malic acid (CAS 97-67-6, >97%, Sigma-Aldrich) was prepared by 
dissolving the acid in deionized water at a concentration of 0.15g/L. The standard solution was 
subsequently diluted with deionized water to yield the final concentrations. The buffer was prepared 
by dissolving “Tris” (Tris(hydroxymethyl)aminomethane) (CAS 77-86-1, >99.8%, Sigma-Aldrich) 
in deionized water for a final concentration of 50mM and the pH was adjusted to 10 with 5M HCl. 
NADP+ (hydrate, CAS 53-59-8, >95%, Sigma-Aldrich) was dissolved in deionized water in a 
concentration of 50mM and immediately frozen in aliquots of 100µL at -20°C. The cofactor 
solution of manganese was made by dissolving manganese(II)chloride tetrahydrate (CAS 13446-34-
9, >98%, Sigma-Aldrich) in deionized water for a concentration of 10mM. The buffer, manganese 
solution and L-malic acid solution were stabilized with 0.1% w/v sodium azide (antimicrobial 
agent) and stored at 5°C. Malic dehydrogenase from E. coli was purchased from Sigma-Aldrich 
(Product ID 18115) (EC 1.1.1.40) and frozen in aliquots of 50µL at -20°C and used as provided. 
 
FTIR spectra were recorded using a Milkoscan™ FT2 (FOSS Analytical, Hillerød, Denmark). The 
FTIR interferometer scanned the wavelength range 5007-925cm-1 with the default spectral 
resolution 14cm-1. The regions 1700-1588cm-1 and 3666-3007cm-1 contain strong water absorption 
and therefore only limited energy can pass through the cuvette, which is why these regions appear 
as noise in the spectra. The region above 3666cm-1 contains little spectral information. The cuvette 
consisted of two optical windows made of CaF2 and the cuvette path length was 50µm and pressure, 
humidity and temperature (42°C) controlled. Each spectral acquisition took 16.6 seconds and 
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varying analysis times were used (varying no. of spectra in the evolution profiles). The flow system 
for sample intake was disabled and samples were injected straight into the cuvette with a syringe 
(see picture in Appendix A). It was not possible to use the flow system because it required large 
sample amounts (min. 20mL), which would have been too costly for the analysis. 

4.2.2 FTIR	procedure	

Samples were preheated in Eppendorf tubes (2mL) in a Eppendorf Thermomixer (Eppendorf 
Thermomixer Comfort, MTP block) (set to 47°C) for approx. 30 min together with a 3mL syringe. 
Just before analysis, the buffer (Tris/HCl, 50mM, pH 10), cofactor solution (MnCl2, 10mM), 
NADP+ (50mM) and enzyme were pipetted into the Eppendorf tube (total volume 1.3mL), the tube 
was turned three times to ensure mixing, taken up by the syringe and the sample was injected 
directly into the cuvette of the instrument (bypassing the flow system). After injection of the 
sample, the IR analysis was started and the spectral acquisitions were recorded by the FOSS 
Integrator software (the specific analysis times are described in the results section). 
 
Proprietary solutions supplied by FOSS A/S were used to clean and zero the instrument. The 
cuvette was cleaned by injecting 5mL of cleaning liquid and zeroed with 5mL of zero liquid 
between each analysis and by instrumentally programmed cleaning and zero-setting (measuring 
reference spectrum) for every third analysis. The flow system was disabled (in the maintenance 
settings of the FOSS Integrator software (version 1.5.3, FOSS Analytical, Hillerød, Denmark). 

4.3 Part	II	

This part involved the application of the assay to wine samples. During the development of the 
procedure, several experiments were completed that all led to conclusions regarding the final 
procedure. The conditions pertaining to these experiments will be described when presenting the 
results. 

4.3.1 Samples	

A total of five different red wines (all have undergone malolactic fermentation) were used in the 
experiments. A short description of the wines can be seen in section 3.2.1 and basic facts about the 
wines can be seen in Appendix A. 

4.3.2 Materials	

The malic acid standard solution (for standard addition), buffer, NADP+ solution (sodium salt 
hydrate, CAS 698999-85-8, >98%, Sigma-Aldrich) and cofactor solution were prepared as 
described in Part I. The buffer, cofactor solution and L-malic acid solution were stabilized with 
0.1% w/v sodium azide (antimicrobial agent) and stored at 5°C. The 1mL batch of malic 
dehydrogenase used in these experiments was desensitized with 1mL glycerol and frozen in aliquots 
of 60µL at -20°C. 
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For sample preparation of the wine, the following materials were used. The albumin solution (3% 
w/v) for the precipitation procedure was prepared by weighing 0.6g albumin from chicken egg 
white (powder, 62-88%, Sigma-Aldrich) and dissolving it slowly in 20mL of deionized water with 
stirring. For neutralization of the wine, 0.5M NaOH was used. Polyvinylpyrrolidone (PVP) 
cartridges (specificity towards phenolic fractions) (Dionex OnGuard II P) (capacity: 6.0 
meq/cartridge) were used for sample clean-up and purchased from Thermo-Scientific. 

4.3.3 Sample	preparation	-	precipitation	of	tannins	and	sample	clean-up	with	PVP	cartridges	

For the procedure of precipitating tannins 40mL of wine was mixed with 2mL of albumin solution 
in a 50mL centrifuge tube. The solution was left to settle for 15 min and afterwards centrifuged 
(Thermo Scientific, Heraeus multifuge 4KR) at 4000rpm for 15 min at 4°C. Of the supernatant 
40mL was mixed with 2 mL of albumin solution and the centrifugation procedure repeated. For 
each wine two 40mL samples were prepared and mixed to give a volume of 80mL for 
neutralization. The sample was neutralized with approximately 10mL of NaOH (12.5% v/v) to a pH 
of 7-7.1 during stirring and pH measuring (Radiometer Analytical, Meterlab, PHM210). The 
volume of NaOH needed for neutralization varied slightly between the wines due to the different 
pH’s and buffer capacities of the wines itself (the neutralization data can be seen in Appendix A). 
After neutralization the samples were stabilized with 0.1% w/v sodium azide (antimicrobial agent). 
 
The procedure published from Thermo-Scientific for the PVP cartridges was used. The PVP 
cartridges were conditioned with two times 5mL of deionized water using a 5mL syringe and a 
maximum flow rate of 4mL/min. The sample was flushed through the cartridge in a 5mL syringe 
(max. flow rate 4mL/min) where the first 3mL was discarded, the 4thmL was collected for analysis 
and the last milliliter discarded. 

4.3.4 FTIR	procedure	

The wine samples (0.9mL) were preheated in Eppendorf tubes (2mL) in an Eppendorf 
Thermomixer (set to 47°C) for app. 30 min as well as a 3mL syringe. Just before the analysis, the 
buffer (Tris/HCl, 50mM, pH 10), cofactor solution (MnCl2, 10mM), NADP+ (50mM) and enzyme 
were pipetted into the Eppendorf tube (total volume 1.27mL) (see Appendix A for assay), the tube 
was turned three times and taken up by the syringe. Air bubbles in the syringe were removed and 
the syringe mounted onto the injection device on the instrument (see picture in Appendix A). It was 
unavoidable to have air in the syringe and therefore a special injection device was designed to 
bypass the air bubble in the beginning of the injection with the following injection of the sample 
into the cuvette. The injection procedure was designed for by-passing the flow system, which was 
disabled in the maintenance settings in the FOSS Integrator software (for reasons described 
previously). After injection, IR analysis was started and spectral acquisition of 120 spectra was 
done (approx. 33 min). 
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Proprietary solutions supplied by FOSS A/S was used to clean and zero the instrument. The 
instrument was cleaned by injecting 5mL of cleaning liquid and zeroed with 5mL of zero liquid 
between each analysis and by instrumentally programmed cleaning and zero-setting (measuring 
background spectrum) for every 4th measurement. 

4.3.5 Determination	of	L-malic	acid	in	wine	by	ion	chromatography	

As reference method for L-malic acid determination, ion chromatography was used. Ion 
chromatography is a well-suited method for determining the content of organic acids in wine. 
 
Wine samples were diluted 60 times in 4mL deionized water. The samples were filtrated through 
45µm filter paper with a syringe. A Metrohm ion chromatographic system was used for the analysis 
(Metrohm AG, Herisau, Switzerland). An autosampler (919 IC Plus) injected samples of 20µL into 
the ion chromatograph (883 Basic IC Plus) equipped with a conductivity detector. Organic acids 
were separated on a Metrosep Organic Acids 250/7.8 column (polystyrene-divinylbenzene with 
sulfonic acid groups, cation exchange) with 0.4mM H2SO4 + 120mL acetone/L as eluent (flow rate 
0.38mL/min). The column was installed with a guard column (Metrosep Organic Acids Guard/4.6) 
(Liu et al., 2015). An external calibration curve with an L-malic acid standard was used for 
determining the content in the wine samples. 

4.4 Data	structure	and	chemometric	modelling	of	evolution	profiles	

Each sample constituted a set of 120 spectra. These were exported from FOSS Integrator software 
(version 1.5.3, FOSS Analytical, Hillerød, Denmark), saved as an .fss file extension and imported to 
MATLAB 2014b (Mathworks Inc., MA, USA) using scripts by Baum, A. (Chemical Engineering, 
DTU, 2015). Data analysis was done in MATLAB using the PLS Toolbox 8.0.1 (Eigenvector 
Research Inc., WA, USA). 
 
Each evolution profile is a matrix containing time-resolved spectra for a specific malic acid content 
reflected by the intensity of the CO2 peak. Evolution profiles were visualized using surf plots (in the 
range 2380-2280cm-1) and difference spectra, where the first spectrum is subtracted from all 
remaining spectra including the first one. Hence, the difference spectra showed the time-resolved 
spectral changes in relation to the spectrum at time = 0 (Baum, A, Chemical Engineering, DTU, 
2015). 
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Figure 4.1. Example of an evolution profile visualized from 

the wavelength and time perspective. 
 

Figure 4.2. Three evolution profiles corresponding to three 
different malic acid levels folded into a tensor. 

Since the spectral acquisitions were carried out at consecutive time points the evolution profiles 
could be stacked on top of each other forming a trilinear data structure eligible for subsequent 
multiway modelling (Figure 4.1 and Figure 4.2). Data analysis was based on difference spectra and 
evolution profiles were multiway centered in order to remove unwanted offsets (section 2.3.2). The 
type of multiway centering applied is described for the specific models in the Results and 
Discussion section. 
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5 RESULTS	AND	DISCUSSION	

The chapter is divided into Part I and Part II results. A summary of the important findings can be 
seen at the end of each section. 

5.1 Part	I	

Inspiration for the assay was initially sought from the L-malic acid assay kit from Megazyme 
(2014). The assay kit relied on a coupled enzymatic reaction with L-malate dehydrogenase (L-
MDH, EC 1.1.1.37) and glutamate-oxaloacetate transaminase (GOT). L-MDH does not hold 
oxaloacetate decarboxylase activity and therefore no CO2 is released by this reaction. It was 
hypothesized that if L-MDH was combined with D-MDH (D-malate dehydrogenase, EC 1.1.1.83), 
which has oxaloacetate decarboxylase activity, the oxaloacetate formed by L-MDH could be further 
oxidized by D-MDH to give pyruvate and CO2. The combination of the two enzymes was tested on 
a standard solution of a racemic mixture of D- and L-malic acid using the reagents provided in the 
Megazyme assay kits. The reaction was monitored by FTIR and formation of CO2 was observed at 
2340cm-1. However, when analyzing a standard solution of L-malic acid using both enzymes no 
CO2 formation was observed, concluding that D-MDH was specific towards only D-malic acid. 
Instead of using the enzymes L- and D-MDH for the perturbation, another assay was developed 
with malic dehydrogenase that holds oxaloacetate decarboxylase activity. 
 
The Megazyme assay kit contains a buffer and co-substrate solution as reagents. It does not 
however, describe which buffer system is used nor the concentrations of the reagents. Therefore, 
different buffer systems were tested. A sodium carbonate/sodium hydroxide buffering system was 
chosen at first, since this buffer system is suitable for a pH of 10 (same pH as buffer in Megazyme 
kit). However, after running analyses with the malic acid standard, it was observed that CO2 was 
detected in fairly high amounts at the beginning of IR analysis. A reason for this, could be that 
carbonate ions in the buffer were converted to CO2, which can occur at acidic pH (pH of the 
samples was slightly acidic). Therefore, this buffer was deemed unsuitable for the assay and a 
buffer system with Tris/HCl (50mM, pH 10) was applied instead. This buffer system and specific 
capacity was reported for enzymatic assays with malic enzyme in the literature (Sanwal & Smando, 
1969a; Brown & Cook, 1985). Using this buffer resulted in positive CO2 formation, which was 
evident from the evolution profiles. Therefore, it was decided to use this buffer for the following 
analyses. 
 
A substrate calibration set was analyzed with the assay developed and evolution profiles of 120 
spectra (app. 33 min) were recorded. Difference spectra calculated by subtracting from spectrum #3 
can be seen in Figure 5.1. From the absorbance spectra it can be seen that it takes a few spectral 
acquisitions before the IR analysis is stabilized (across all wavenumbers), thus the first two spectra 
were excluded (absorbance spectra not shown). A reason for this behavior could be that the pressure 
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from the syringe injection caused turbulence of the fluid and it therefore had to settle. Samples are 
named according to no. and malic acid conc. (05_0.01 is sample no. 5 with 0.01g/L malic acid). 
From the difference spectra, an increase of CO2 at 2340cm-1 can be seen. The blank holds no 
enzymatic activity since the profile is flat. As described in section 3.1 the lowest concentration of 
malic acid that theoretically can be detected is 0.0125g/L, which was calculated from the detection 
limit of CO2. However, concentrations lower than this were included in the calibration in order to 
examine the LOD of the method. By looking at the evolution profiles it was difficult to see if there 
was any CO2 formed in these samples, but from the calibration modeling it will be evident if these 
samples can be predicted or not. 

 
Figure 5.1. Evolution profiles from the substrate calibration set showing and increase of CO2 (2340cm-1) visualized as 

difference spectra. The 11 samples represent increasing concentrations of malic acid from 0-0.12 g/L. 

A one component PARAFAC model was fitted to the data. The data were centered in mode 3 in 
order to remove spectral background (for an example on centering see Figure 5.9). The model had a 
core consistency of 100% (one component model) and 95.8% of the variance in X was explained. 
The loadings for the three modes can be seen in Figure 5.2. The loading for mode 1 represented the 
scores for the 11 samples, which in this case is represented by increasing malic acid concentration 
from sample 1 to 11. The loading for mode 2 clearly described the kinetic profile and the loading 



 

28	

for mode 3 described the CO2 peak. From the loadings for mode 2 and 3 it was clear that the scores 
would describe the content of CO2 in the samples during the time course of the enzyme catalyzed 
reaction. 

 
Figure 5.2. PARAFAC loadings for mode 1 (samples), mode 2 (kinetic) and mode 3 (spectral). 

Cross-validation was done using leave-one-out validation. The cross-validated calibration can be 
seen in Figure 5.3. The correlation and accuracy (predictive power) was evaluated as R2 and 
RMSECV. The accuracy was good with a low RSMECV of 0.0086 g/L and a correlation coefficient 
of 95.6% indicated a good fit. Five replicates were measured (0.12g/L) in order to evaluate the 
precision of the method. The standard deviation of the predicted samples was 0.0188g/L and the 
relative standard deviation (RSD) of the predictions was 16.4%. The problem with precision in the 
developed assay may have been due to the manual handling of the samples in the procedure. Since 
the analysis involved time-resolved data, slight differences in the preparation time of the samples 
resulted in different starting points for the IR analysis, which would cause differences in the 
evolution profiles. The precision is therefore expected to be improved if an automated procedure is 
developed. The limit of detection (LOD) was estimated using the standard error of the cross-
validated calibration (SECV) and the slope (𝑠ijk) (Harris, 2010).  

 

𝑆𝐸𝐶𝑉 =
𝑦I − 𝑦a b

𝑛 − 2  

𝐿𝑂𝐷 = 3	×	
𝑆𝐸𝐶𝑉
𝑠ijk

= 3	×	
0.0095
0.9831

= 0.0289𝑔/𝐿 = 28.9𝑚𝑔/𝐿 

 

The estimated LOD was good compared to literature results of other analyses (Kupina & 
Shrikhande, 2003; Regmi et al., 2012). However, it was not as low as the theoretical minimum 
detectable concentration calculated (from the LOD of CO2). It is important to note that the method 
was developed on a standard solution with no matrix interferences and the LOD will therefore 
reflect an optimistic estimate. Despite the precision problem encountered causing a large error in 
the calibration, the method still indicated potential. The results showed that it was possible to 
predict the malic acid content with a good accuracy that was magnitudes better than the accuracy of 
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the current method at FOSS A/S (approx. 200mg/L). Since the calibration was successful, the assay 
was used for the application experiments in wine. 

 
Figure 5.3. Cross-validated calibration (malic acid in [g/L]). 

For examining the sensitivity of the enzymatic reaction, one experiment with different enzyme 
activities (enzyme amounts) (Figure 5.4A) and another with different NADP+ concentrations 
(Figure 5.4B) were made. From the figure it can be seen that the enzymatic reaction rate depended 
on both enzyme activity and co-substrate concentration, as expected (Baum, Meyer, et al., 2013). 
The effect of reducing the enzyme activity was a reduced reaction rate (if the enzyme was substrate-
saturated meaning that enzyme activity is the limiting factor). Reducing enzyme activity would 
result in longer analysis times in order to obtain the same result. Adding the exact enzyme activity 
is therefore important for samples with high substrate concentrations. However, it is also an 
important factor if the enzymatic reaction does not converge, where substrate is not completely 
converted. Therefore, it is indeed important to compare samples either where all reactions are 
converged, expressing equilibrium, or where none of them are, representing initial reaction rates. 
The enzymatic reaction was also shown to be affected by the co-substrate concentration of NADP+. 
There was an indication that a NADP+ addition of 40µL gave a higher reaction rate than the 50µL 
addition. A NADP+ addition of 30µL greatly reduced the reaction rate. These results should 
nonetheless be interpreted in a conservative manner due to the fact that no replicates were measured 
and that the precision was shown to be poor. Yet, the data suggested that the enzymatic reaction 
was indeed affected by the different reaction concentrations and was not constant. 
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Figure 5.4. A: Samples with 0.12g/L malic acid and three different levels of enzyme activity (2µL, 5µL and 10µL). B: 

Samples with 0.12g/L malic acid and three concentrations of NADP+ (30µL, 40µL and 50µL). 

5.1.1 Summary	Part	I	

An enzymatic assay was developed for a standard solution of L-malic acid with which the evolution 
of the reaction product CO2 could be monitored by FTIR. The evolution profiles representing 
different malic acid concentrations were successfully modeled by PARAFAC and with the 
calibration, malic acid could be predicted with an accuracy of 0.0086g/L. A promising detection 
limit of 28.9mg/L was calculated from the cross-validated calibration. However, a standard 
deviation of 0.0188g/L and RSD of 16.4% between five replicates indicated a poor precision, which 
was ascribed to the manual handling in the procedure. 

5.2 Part	II	

This section presents the results from Part II of the project including preliminary and main 
experiments. In the preliminary experiments the application of the assay to wine samples was 
developed. The main experiments involved the experimental setup with four wines. 

5.2.1 Preliminary	experiments	

The developed assay was applied directly to wine samples. A Riesling wine with high expected 
malic acid content was used for testing the assay. When the assay was applied to the wine samples 
it was observed that the pH was not increased to the pH of the buffer. As wine itself is a natural 
buffer system, it requires a strong buffer or alkali to increase the pH (Ribéreau-Gayon et al., 2006). 
The buffer capacity of 50mM was not high enough for overcoming the inherent buffer capacity of 
the wine. Therefore, a new buffer was prepared with an increased buffer capacity of 0.5M. 
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Experiments using this buffer in the analysis of wine was unsuccessful since no evolution of CO2 
was observed (results not shown). To check the activity of the buffer, an analysis was done on a 
malic acid standard and these results likewise did not show formation of CO2. This indicated that 
the buffer somehow interfered with sample and/or the enzymatic reaction. Studies conducted by 
(Sanwal & Smando, 1969a) showed that the enzymatic activity of malic enzyme from E. coli 
decreased when using a Tris-HCl buffer with a capacity of 0.6M compared to a 0.1mM buffer. 
These results have not been confirmed elsewhere, but with the results from present study it does 
indicate a possible inhibition of malic enzyme by increased Tris molarity. Since, there was no 
formation of CO2 with the high Tris molarity and the enzymatic reaction seemed to be inhibited by 
this, the Tris/HCl buffer system may not have been the optimal choice for the application. However, 
due to time limitations it was decided to continue with the low capacity Tris buffer (50mM) and 
include a sample preparation step with neutralization of the wine. From the beginning of the project 
it was endeavored not to dilute the wine, because malic acid contents were expected to be low. 
However, dilution of the wine together with spiking of malic acid, could possibly have reduced 
some of the problems caused by interference of the buffer with the wine matrix and the enzymatic 
reaction.  
 
Due to the different buffer capacities of the wines, the amount of NaOH required for neutralization 
varied between the wines. The inherent buffer capacity of wine depends on the composition and 
type of acids present (Ribéreau-Gayon et al., 2006). The buffer capacity of the wine can be 
calculated if the addition of base and the corresponding increase in pH is recorded. However, this is 
a time consuming approach. A simpler definition of buffer capacity is the number of strong base 
equivalents required to cause an increase in pH of 1 unit per liter wine (Ribéreau-Gayon et al., 
2006). The amount of NaOH needed for neutralization can be estimated if the pH and total acidity is 
known (Ribéreau-Gayon et al., 2006). As these parameters are estimated with a Winescan™ it 
would be possible to automate the addition of NaOH based on these parameters for each individual 
wine. In the experiments, the resulting pH after neutralization and addition of buffer therefore 
varied slightly between the samples and was in the range 7.5-8.5 (preliminary experiments only). 
Yet, the pH range was deemed acceptable considering the pH optimum of the enzyme (pH 7.5) and 
pH studies of malic enzyme by Wang et al., 2011, which showed that the enzyme activity of malic 
enzyme reached a plateau of optimum in this pH range. These experiences combined, showed that 
finding the best buffering system for the application was not straightforward and further 
optimization was not performed. Optimization of the buffering system as well as the experimental 
conditions of the enzymatic reaction in general (temperature and pH optima etc.) is a time 
demanding process and has received undivided attention in many studies (Bologna et al., 2007; 
Sanwal & Smando, 1969a, 1969b; Sanwal et al., 1968; Spina et al., 1970; Voegele et al., 1999; 
Wang et al., 2011). Such optimization experiments were out of the scope of this project. For future 
experiments it is advised to perform experiments determining the pH optimum of the reaction as 
well as analyze other buffer systems. 
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Regarding the buffer and cofactor solution, it should be noted that the activity of the solutions was 
observed to decrease with time. When running analyses using reagents a few weeks after 
preparation, the formation of CO2 was significantly decreased. When preparing new solutions, the 
enzyme activity was brought back as the CO2 formation was increased. It was not possible to say, 
whether it was the buffer or the cofactor solution. As discussed above, Tris was shown to be 
unstable when used in the assay. Tris buffers are not robust against temperature differences as the 
pH decreases with increased temperatures, which could cause instability of the enzymatic 
perturbation. Therefore, it was decided to prepare fresh solutions every week. 
 
As described in section 3.2.2, additions of additional compounds for checking the robustness were 
not included in the experimental design. In wine production, sulfites are added as antimicrobial 
agent in order to avoid unwanted microbial growth during production and to stop fermentation. 
Sulfites are known to have different mechanisms for inactivation of microorganisms and enzymes. 
For enzymes one possible inactivation mechanism is the reaction with disulfide bonds in protein 
tertiary structure. For one white wine (Chardonnay, partial malolactic fermentation) it was tested 
whether an increase in enzyme activity could be obtained if sulfites in the wine were removed prior 
to analysis. Sulfites were removed with H2O2, which oxidizes sulfur dioxide to sulfate. In Figure 
5.5, a comparison of four wines can be seen. The Riesling wine was analyzed without any additions 
and the Cabernet Sauvignon wine was spiked with malic acid (0.12g/L) (as the malic acid content 
of the wine was not known). Two samples of Chardonnay were analyzed – one sample spiked with 
malic acid (0.12g/L) and one sample spiked with malic acid (0.12g/L) and treated with H2O2. The 
evolution profiles showed formation of CO2 for Riesling and no enzyme activity in Cabernet 
Sauvignon, which in theory should have shown activity since it was spike with malic acid. The 
Chardonnay wine likewise showed enzyme activity and the enzyme activity was increased in the 
sample where sulfites had been removed. The impact of sulfites on the enzyme activity was an 
interesting result, but was not incorporated into the procedure. 

 
Figure 5.5. Evolution profiles for four samples. One sample of a red wine showing no enzyme activity (spiked with malic 
acid 0.12g/L) and a white wine (Riesling) showing CO2 evolution. Two samples of Chardonnay wine (spiked with malic 

acid 0.12g/L) where one sample were pre-treated with H2O2 to remove sulfites. 
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The developed procedure was successful in the two white wines but not in the red wine (Figure 
5.5). The main difference between white and red wine is the higher tannin content of red wine. The 
high tannin content arises from extraction from the grape skin and seeds during maceration 
(Jackson, 2014b). As tannins can precipitate protein, the enzyme was possibly precipitated by the 
high tannin content of red wine. To test the hypothesis, an analysis of a wine model system (5g/L 
tartaric acid, 1g/L fructose, 2g/L glucose, 10% w/v ethanol and 0.5g/L malic acid) with addition of 
three different concentrations of tannic acid (50, 100 and 250mg/L) (results shown in Appendix C) 
was performed. In the sample with no addition of tannic acid a clear evolution of CO2 could be 
observed which indicated enzyme activity. But with an addition of 50mg/L tannic acid, the 
formation of CO2 and thereby the enzymatic activity was reduced significantly. Therefore, it was 
concluded that tannins were indeed inhibiting the enzymatic reaction most likely by precipitating 
the enzyme. To remove tannins from the wine, different proteins were tested for their ability to 
precipitate tannins. The different proteins used were bovine serum albumin, casein, gelatin and 
ovalbumin. All proteins were initially applied in concentrations as proposed for commercial fining 
agents (Cosme et al., 2007). Of the proteins tested, gelatin and ovalbumin (from here on referred to 
as albumin) showed the greatest potential for precipitating tannins in the wine (see results in 
Appendix C). This result was in agreement with the literature that states that albumin and some 
gelatins (depends on a no. of factors – see section 2.1.5.1) has affinity for polymeric flavanols i.e. 
tannins (Cosme et al., 2007, 2009; Jackson, 2014c). Gelatins with lower molecular weight fractions 
have been shown to be more reactive against polymerized flavanols (Maury et al., 2001). The 
physico-chemical parameters of the gelatin used were however not known. And for the reasons 
described in section 2.1.5.1, albumin was chosen in favor of gelatin. Since the signal was not 
significantly improved, the protein concentration was increased to a final concentration of 1.4g/L 
albumin in the sample and the procedure was repeated two times. This procedure greatly improved 
the signal. The wine appeared lighter colored and clearer after the precipitation, which also was an 
indication that tannins were removed (Appendix C). The signal was, however, not as intense as seen 
for the pure malic acid standard in the experiments in Part I, and possibly could be improved 
further. To target a wider group of wine phenols the precipitation procedure was combined with 
another sample pre-treatment of solid-phase extraction with PVP cartridges, which has affinity for 
phenolic compounds. The effect of the sample pre-treatments can be seen in Figure 5.6 (Cabernet 
Sauvignon, spiked with 0.12g/L malic acid). The gain in signal by combining the precipitation with 
PVP cartridges was estimated to be approx. 11%. Even though the increase was not extraordinary, 
the use of PVP cartridges in addition to precipitation results in a more clean sample and the possible 
influence from matrix effects of different wines is reduced. 
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Figure 5.6. Comparison of sample pre-treatments (precipitation with albumin and precipitation plus using PVP 
cartridges) with no pre-treatment. The red wine used was no. 5 (Appendix C) spiked with 0.12g/L of malic acid. 

5.2.2 Main	experiments	

The samples in the main experimental design were analyzed using the procedure with albumin 
precipitation and sample clean-up using PVP cartridges. The evolution profiles for the four wines 
can be seen in Figure 5.7 (only first replicates are shown). The spectra are visualized as difference 
spectra (from spectrum no. 4) and show the CO2 evolution at 2340cm-1. The profiles show an 
increase in CO2 with increasing malic acid concentration, concluding that the enzymatic 
perturbation is active. A small difference between the wines with regards to the inherent malic acid 
content can be observed by the slight differences in the magnitude of the CO2 formation in the 
samples without spiking. However, it is difficult to observe the differences in the CO2 formation 
just by looking at the profiles and these differences may be revealed in the chemometric modeling. 
For some of the samples the CO2 peak appeared as a double peak with a shoulder at approx. 
2360cm-1. This shoulder results from CO2 in the gas phase unlike CO2 in solution which absorbs at 
2340cm-1. Infrared analysis is very sensitive to the surrounding conditions of the instrument because 
almost all molecules absorb in this region (Smith, 2011). Therefore, the spectral background is 
easily affected. The contributions from the surroundings were removed by dividing with the 
reference spectrum (see section 2.2.1). However, in this case reference spectra were only recorded 
for every 4th sample due to practical reasons of the setup, and the surrounding conditions of the 
instrument likely had changed in this period of time. 
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Figure 5.7. Evolution profiles for the first replicates for each sample showing the formation of CO2 (2340cm-1) as 

difference spectra. 

In Figure 5.8 all replicates for wine #3 can be seen (replicates for the three other wines can be seen 
in Appendix D). For all the wines there were differences in the extent of CO2 formation between the 
replicates. Such differences were observed for all previously measured replicates. These differences 
will cause a poor precision, which was also seen for the calibration on the malic acid standard in 
part I (section 5.1). As discussed previously, the poor precision may be due to the manual handling 
of the samples in the procedure. The application in wine contained another source of variation as 
the sample matrix differs between the wines and the sample preparation was not optimized. 
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Figure 5.8. All replicates for wine 3 plotted as difference spectra. 

In the multiway analysis multiway centering was applied to different modes of the tensor. The 
effect of centering different modes of difference spectra and raw spectra can be seen in Figure 5.9. 
The raw spectra (on the right) contain spectral background, which in this wavelength region is not 
very chemically informative though. Yet, the spectral background will still vary due to matrix 
effects of the different wines. The spectral background is removed when centering the evolution 
profiles in mode 2 (kinetic mode) since change according to the time domain is obtained (Figure 
5.9B) (Baum, Hansen, & Mikkelsen, 2016). Mode 2 centering of raw spectra is comparable to 
calculating difference spectra. When additionally centering the mode-2-centered data in mode 3, the 
level shifts of the profiles are eliminated. In difference spectra (Figure 5.9A) the spectral change 
can be observed and these profiles do not contain spectral background. Centering difference spectra 
in mode 3 can correct for scattering effects (level shifts) (Baum, Hansen, & Mikkelsen, 2016). 
When the mode-3-centered spectra are centered in mode 1 (sample mode) the spectral evolution is 
centered across samples, which is comparable to mean-centering in two-way analysis as the 
resulting scores will be centered around zero. 
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Figure 5.9. A: Three samples with malic acid concentrations c1 < c2 < c3 visualized as difference spectra, mode 3 centered 
and mode 1 and 3 centered. B: The same samples visualized as raw spectra, mode 3 centered and mode 2 and 3 centered. 

Different chemometric methods were used to model the data, including PARAFAC, PARAFAC2, 
Tucker3 and N-PLS. The results of the best models will be presented and they will be evaluated 
according to model quality (loadings, explained variance etc.) and predictive power (calibration, 
accuracy and precision). All models were applied for the wavelength region 2382-2301cm-1 and 
spectra no. 4-117. Since one sample (W3_0_rep2) contained only 117 spectra due to an instrument 
failure (possibly due to air bubbles in the cuvette) the no. of spectra was reduced to 117 (from 120). 
As the IR analysis of this sample was started some seconds later it possibly resulted in a lower CO2 
formation, compared to the other replicates, yet the sample was not removed from the analysis. The 
models were cross-validated using contiguous blocks with 16 splits and block-size 3 (leaving three 
replicates out at the time). The cross-validated error (RMSECV) was calculated using Equation 2.6, 
where the concentrations yi were predicted for the excluded samples. The fit was evaluated as the 
correlation coefficient for the cross-validated calibration (R2 in percent). The precision was 
calculated as the average of the standard deviation across all predictions.  
 
The best PARAFAC model was a two component model with multiway centering of difference 
spectra in mode 3. The model had a core consistency of 100% indicating a superdiagonal core 
tensor with ones and 95.4% explained variance in X with component one explaining 82.1%. 
Together with a low residual sum of squares in all the modes it indicated that the data was well 
described. The results of the model can be seen in Figure 5.10. From the spectral mode loading it 
was clear that the first component described the variance pertaining to CO2 (Figure 5.10D). When 
looking at the loading surface (Figure 5.10E) it can be seen that the second component described 
the spectral background. The scores from the first component clearly correlated with the malic acid 
content of the reference results (Figure 5.10B) (reference results can be seen in Appendix B). The 
cross-validated calibration had an error of 0.0258g/L, a fit of 81.6% and the precision was 0.015g/L 
(Figure 5.10A). From the calibration it can be seen that there were differences between the four 
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wines. Especially wine #1 differed from the rest. This indicated that not all matrix effects were 
eliminated in the sample preparation procedure and that the calibration might therefore be biased. A 
one component model was also calculated, which performed well, yet a bit poorer than the two 
component model. Since the majority of the variation was described by the first component and the 
model performed well, such one-component model could also be used for calibration. 

 
Figure 5.10. PARAFAC results. A: Cross-validated calibration (malic acid (g/L)). B: Scores (comp. 1) vs. actual malic acid 

content (g/L). C: Kinetic mode (mode 2) loading. D: Spectral mode (mode 3) loading. E: Model. Samples are colored 
according to wine. 

As there were slight differences between the kinetic profiles of the samples, PARAFAC2 might be 
an appropriate model for the data. PARAFAC2 can be used if the data deviate from trilinearity 
since it allows one of the modes to be shifting, meaning that individual loadings for each sample are 
fitted to the data in this mode. The best PARAFAC2 model was calculated with one component and 
multiway centering difference spectra in mode 3. The model results are shown in Figure 5.11. The 
explained variance in the samples was 86.5%. The spectral loading captured the variance resulting 
from the CO2 peak and the spectral background (Figure 5.11D). The individual kinetic loadings are 
scaled according to the score values (Figure 5.11C). The profiles represented the kinetic profiles for 
the samples with different malic acid contents resulting in different slopes (reaction rates) for the 
profiles. The scores for component one correlated with the actual malic acid content (measured by 
the reference method) (Figure 5.11B). Some samples were predicted with a negative sign due to the 
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fact that these samples had a negative kinetic loading (in the cross-validated model). This is a 
mathematical artifact, which can occur in multiway models (Bro et al., 2013). It can be corrected for 
by simply changing the sign for the loading array in mind for these samples. The cross-validated 
model can be seen in Figure 5.11A. The model had a fit of 75.3%, an RMSECV of 0.0416g/L and 
the precision was 0.0136g/L. As mentioned for the PARAFAC model, the calibration did seem to 
be biased. This was also seen for the PARAFAC2 model even to a larger extent and this model 
performed worse. 

  
Figure 5.11. PARAFAC2 results. A: Cross-validated calibration (malic acid in g/L). B: Scores vs. actual malic acid 

content (g/L). C: Kinetic mode loadings (scaled by scores). D: Spectral mode loading. Samples are colored according to 
wine. 

When data is not truly trilinear, a more appropriate model can sometimes be obtained with Tucker3. 
Tucker3 is a less restricted model than PARAFAC as it allows different number of components in 
each mode. However, for present data the chemical rank is expected to be one (one change 
according to CO2) and a corresponding Tucker3 model with one component in each mode would be 
appropriate. Such model would be somewhat similar to a PARAFAC model since it has no 
rotational ambiguity (it has only one component). The two models would not be exactly similar, as 
the Tucker3 model is less constrained. A Tucker3 model was calculated with one component in 
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each of the modes and mode 3 centering of difference spectra. The results can be seen in Figure 
5.12. Even though, the loadings were negative (Bro et al., 2013), the component (explained variance 
of 86.2%) did explain the formation of CO2 as the spectral loading had a peak at 2340cm-1 and the 
scores were correlated with the malic acid content (Figure 5.12C and D). A plot of the scores 
against the reference values can be seen in Figure 5.12B and the cross-validated calibration can be 
seen in Figure 5.12A. The cross-validated calibration performed well. The fit of the calibration was 
82.4% and thereby slightly better than the PARAFAC calibration. The samples were predicted an 
error of 0.0252g/L (RMSECV) and the calibration did not indicate over-fitting as the RMSEC was 
0.0209g/L. The precision was 0.0135g/L and lower than that found for the PARAFAC model, yet 
still subject for improvement as discussed previously. The Tucker3 model performed slightly better 
than PARAFAC on several points. In the spectral loading for the PARAFAC model there seemed to 
be a slight correlation between the two components as the second component had a small peak at 
2340cm-1 as well. Still, a two component PARAFAC model was appropriate for the data and 
performed well, but the variation arising from the same feature in the data could in Tucker3 be 
modelled by one component describing more variation in total. 

 
Figure 5.12. Tucker3 results. A: Cross-validated calibration (malic acid in g/L). B: Scores vs. actual malic acid content 

(g/L). C: Kinetic mode loading. D: Spectral mode loading. E: Model plot. Samples are colored according to wine. 

Since Tucker3 performed slightly better than PARAFAC it could be an indication that the data were 
not truly trilinear. As discussed previously the kinetic profiles varied across the samples and this 
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could cause a deviation from trilinearity. In such case, a better calibration might be obtained with 
N-PLS. As described in section 2.3.6, N-PLS calibration is a supervised regression analysis based 
on maximizing co-variance between X and y. The best performing N-PLS calibration was obtained 
with two components using mode 1 and 3 centered difference spectra and mean-centered reference 
data. The variance captured in X and y as a function of number of components can be seen in Figure 
5.13A. The variance was explained mostly by the first component, which was describing the CO2 
correlated variance and the kinetic profile as can be seen from the kinetic and spectral loadings plot 
(Figure 5.13C and D). The second component appeared somewhat noisy and only described 10.4% 
and 2.3% in X and y. It described the spectral background as well as the double peak arising from 
CO2 in gas phase. As kinetic loading decreased with time it indicated a type of temporal shift, and 
could possibly be eliminated with an automated procedure or with an optimized sample pre-
treatment, reducing the matrix effects that possibly affect the enzymatic perturbation. The explained 
variance in X and y were 87.7% and 86.5% respectively, with the first component describing the 
most (77.3% and 84.2%). The scores for component one correlated with the malic acid content as 
would be expected since the spectral loading was describing the CO2 evolution (Figure 5.13B). The 
cross-validated calibration can be seen in Figure 5.13E. The fit of the calibration was 82.5% and the 
RMSECV was 0.023g/L, which was a bit lower than for the Tucker3 model. The error was higher 
than that for the reference method (0.0063g/L) and thereby the limiting source of error. The 
precision was 0.011g/L. A plot of RMSEC and RMSECV as a function of component number 
indicated that the model was not over-fitted (plot not shown). However, a one-component model 
performing almost equally well could also be obtained, and for future calibration purposes of larger 
sample sizes this could possibly serve as a more robust and easier interpretable model (Bro, 1996).  
As mentioned, both Tucker3 and N-PLS performed well in the calibrations. However, if the data are 
not trilinear, the dependent variable in N-PLS will stabilize the decomposition and result in a more 
stable prediction model, which is why this model might the better choice (Bro, 1996). There were 
indications that the data were in fact not trilinear as Tucker3 and N-PLS performed better that 
PARAFAC. 
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Figure 5.13. N-PLS results. A: Variance captured in X and Y as a function of component (%). B: Scores (comp. 1) vs. 
malic acid concentration (g/L). C: Kinetic mode loadings for component one and two. D: Spectral mode loadings for 

component one and two. E: Cross-validated calibration. 

In  Figure 5.14 the predicted and actual malic acid content is plotted for each wine. For wine two, 
three and four the predicted malic acid content was higher than the actual measured by the reference 
method. 

 
Figure 5.14. Malic acid content of the four wines predicted by N-PLS calibration and actual content measured by 

reference method (in [g/L]). Average of three replicates with the error given as pooled standard deviation of all samples 
within the group. 

To evaluate the improvement from the current calibration model at FOSS A/S and to compare with 
other analyses, the detection limit was estimated. It was calculated using the standard error of the 
cross-validated N-PLS calibration and the slope of the calibration. 
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𝐿𝑂𝐷 = 3	×	
𝑆𝐸𝐶𝑉
𝑠ijk

= 3	×	
0.0232
0.8517

= 0.0817𝑔/𝐿 = 81.7𝑚𝑔/𝐿 

Considering the need of the winemaker for detection of malic acid down to or below 30mg/L as a 
consequence of the microbial safety among other things of the wine, the method developed will not 
be satisfactory. Some winemakers might expect the malolactic fermentation to be done when the 
malic acid content is below 100mg/L and in such cases the analysis will be of use (Jackson, 2014b). 
The calibration is an improvement compared to the current calibration performance of the 
Winescan™ at FOSS A/S. The malic acid content of the four wines tested in this study was in the 
range 38.9-82.8mg/L, and in this case there was no need for the method to measure contents below 
30mg/L. Therefore, one can possibly in many cases accept a LOD just below 100mg/L, but it will 
indeed depend on the purpose of the analysis. As FTIR is a rapid method it is often used for routine 
analysis and can provide results for fast decision-making during production (Cozzolino, 2015). It is 
thereby a readily available and practical tool for winemakers interested in checking if a large range 
of parameters are within acceptable limits, for example when deciding if the wine is ready for 
bottling or not. If the enzymatic perturbation is incorporated into the Winescan™ as an automated 
analysis, it can serve as an all-round analytical tool supporting all steps of the wine-production. 
 
As could be seen from the N-PLS calibration there was a tendency of wine two and three to have 
higher predictions of malic acid compared to wine one and four. These differences were in fact also 
seen for Tucker3 and PARAFAC. Therefore, two local N-PLS models were build using wine one 
and four for the first and wine two and three for the second (Figure 5.15). The models were well 
described with one component and mode 1 and 3 centering as well as mean-centered reference data. 
The loadings were describing the CO2 formation (loading plots not shown). The calibration 
performance was improved for the local model with wine two and three (Shiraz, Australia and 
Merlot, France) compared to the global model. The calibration performance of the model for wine 
one and four (Malbec, Argentina and Cabernet Sauvignon, USA) was slightly lower compared to 
the global model. The fact that the local model for wine two and three had improved calibration 
performance may indicate that there were matrix effects in the wines affecting the calibration 
performance. Since the local model was an improvement compared to the global model it gives an 
indication that the calibration was biased, as the slopes of the individual calibrations were different 
from one another. As mentioned previously, the nature of the tannins is of great importance because 
of their ability to precipitate protein (Cosme et al., 2009). Therefore, the properties of the protein 
used as precipitating agent is also important (Cosme et al., 2007). These factors will determine the 
effectiveness of the precipitation. The precipitation procedure was not optimized and no analyses 
for measuring the actual tannin/phenolic content of the wine after pre-treatment were done. For the 
future, such analyses can reveal the effect of the sample pre-treatment and can therefore act as 
guideline for further optimization, which might improve the calibration performance. When 
considering the grape varieties of the four wines, the effectiveness of tannin precipitation could be 
the reason for the differences between the wines. Wine two and three consisted of the grape 
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varieties Shiraz and Merlot, generally having a medium tannin level, and wine one and four were 
made on the grape varieties Malbec and Cabernet Sauvignon generally characterized by high tannin 
content. Since the medium tannin wines performed better in the calibration, it could be an indication 
that not all tannins were removed in wines one and four causing the calibration to be biased. This is, 
however, difficult to conclude based on the small dataset. 

 
Figure 5.15. N-PLS cross-validated calibrations for local models. The first with wine one and four (Malbec, Argentina 

and Cabernet Sauvignon, USA) and the second with wine two and three (Shiraz, Australia and Merlot, France). 

IR analysis is a fast method normally used as a tool for rapid analysis. But the developed procedure 
in this project had an analysis time of approximately 30 min. By reducing the tensor thickness 
stepwise (along the temporal mode) and calculating a model for each tensor thickness, the error 
(RMSE) can be used to optimize the time of analysis. In Figure 5.16, the calibration performance of 
PARAFAC, Tucker3 and N-PLS can be seen as a function of tensor thickness. PARAFAC was not 
able to calibrate on malic acid using few spectra, but a good calibration could be obtained using an 
analysis time of about 15 min and with an indication of the optimum at approx. 18 min. The 
Tucker3 models failed earlier, at analysis times below 20 min. N-PLS performed better as the error 
started to increase at low analysis times. The difference between RMSEC and RMSECV did not 
increase significantly indicating that the models were not overfitted. A good N-PLS calibration 
could be obtained after 10 min. The maximization of the covariance between X and y therefore 
helped stabilize the calibration when the tensor thickness was reduced. Compared to a single 
spectrum acquisition with FTIR an analysis time of 10 min is long. It is, however, a shorter analysis 
time than for many chromatographic methods, which additionally holds the disadvantages described 
in 2.1.3 (Cozzolino, 2015). Additionally, other initiatives can be taken in order to reduce analysis 
time. The reaction rate can be increased by finding the pH optimum of the reaction and by 
increasing the enzyme activity (amount). 
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Figure 5.16. Calibration performance as RMSEC and RMSECV [g/L] for PARAFAC, Tucker3 and N-PLS as a function 
of tensor thickness (analysis time [min]). 

U-PLS (unfold PLS) was applied to the data in order to compare the calibration performances of 
multiway and two-way PLS. The tensor was unfolded according to the sample mode yielding a 
𝐼×𝐽𝐾 matrix (see section 2.3.2), which was analyzed with bi-linear PLS regression. Compared to U-
PLS, N-PLS is a simpler model (fewer parameters) and the loadings are readily interpretable. N-
PLS will be less prone to noise because the information across all modes are used for 
decomposition and the second order advantage is fulfilled. Where a N-PLS model would have 𝐽 + 𝐾 
parameters, a U-PLS model would have 𝐽×𝐾 parameters (i.e. 𝑡𝑖𝑚𝑒	×	𝑤𝑎𝑣𝑒𝑛𝑢𝑚𝑏𝑒𝑟), which in turn 
may lead to over-fitting. To compare the two methods a calibration and a cross-validated calibration 
were calculated for each tensor thickness (no. of spectra/analysis time) and the error as a function of 
analysis time was used to evaluate the performance of the two methods (Figure 5.17). In fact, U-
PLS performed slightly better than N-PLS. The U-PLS models generally had a slightly lower error 
and did not indicate over-fitting since the difference between RMSEC and RMSECV was small 
(Baum, Hansen, Sørensen, et al., 2016). The optimal U-PLS model was obtained for an analysis 
time of approx. 14 min, where an optimal N-PLS model was obtained at approx. 15 min though 
with a higher error. For data, where the noise level is low and the number of samples in relation to 
number of components is high, U-PLS can sometimes perform equally well as N-PLS (Bro, 1996). 
In addition, U-PLS fits individual kinetic and/or spectral loadings to the data, which can 
compensate for shifts in these modes. Though, U-PLS has the drawback of non readily interpretable 
loadings. 
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Figure 5.17. Comparison of the performance of N-PLS and U-PLS by RMSEC and RMSECV as a function of tensor 

thickness (analysis time). 

The low chemical reagent input in IR analysis ensures that the cost per analysis is low compared to 
other analyses. In the developed procedure chemical reagents are required both for the enzymatic 
reaction and the sample clean-up, which increases the cost per analysis. The cost for one analysis 
was estimated to be 59DKK. The high cost is a result of expensive reagents (especially NADP+) 
and the use of disposable PVP cartridges. The assay was designed to have excess amounts of 
enzyme and NADP+ (approximately 10-fold) and the amounts of these could therefore be decreased 
significantly, which would reduce analysis cost. Dilution of the wine would also require a lower 
input of enzyme and NADP+. It is possible to add PVP directly into the wine and after some 
minutes filtrating it through a filter paper. This is a common practice used in enzymatic assays for 
removing colored compounds prior to spectrophotometric analysis. PVP is a readily available 
compound for wine producers already used as clarifying and decolorizing agent. The estimated 
analysis cost could be reduced with approx. 55 % if disposable PVP cartridges were not applied. 

5.2.3 Summary	Part	II	

A cross-validated N-PLS calibration was build that was able to predict the malic acid content in the 
wine from measured CO2. The model had a good predictive performance with a low error 0.023g/L. 
The precision was estimated to be 0.011g/L and could possible be improved with an automated 
setup reducing the between sample variation due to the manual handling towards which the time-
resolved data is sensitive. Building two local models using two sets of wines improved the 
calibration performance in one of the models, indicating that there were matrix effects in the wines 
biasing the calibration performance. The matrix effects were possibly due to the sample preparation 
procedure of removing the tannins. Tannins were shown to reduce enzyme activity in the analysis. 
The sample preparation was not optimized and could mean that the tannin content and structure 
differed between the wines. The limit of detection of the method was estimated to be 81.7mg/L, 
which is an improvement compared to the current calibration of the Winescan™ and holds potential 
compared to other analyses. The potential for reducing the analysis time of the method was 
examined by reducing the tensor thickness stepwise (along the temporal mode) and evaluating the 
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error of the models at each tensor thickness (analysis time). The N-PLS calibration showed 
potential for reducing the analysis time down to approximately 10 minutes. In general, the method 
was showed great potential as an analysis for determining the malic acid content in wine below a 
content of 100mg/L, for which many winemakers consider the malolactic fermentation to be done. 
The aim of the study was to examine the theoretical and practical foundation for the principle, 
which has been done. The method can be further improved by optimization studies regarding 
several parts of the analysis including the sample preparation and enzymatic assay, together with 
development of the implementation and automation, which is the next step. 
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6 CONCLUSION	

The aim of this project was to develop a method for an enzymatic perturbation of L-malic acid in 
wine, monitoring the evolution of CO2 formed in the reaction by FTIR and subsequent calibration 
modeling with multiway chemometrics. An enzymatic assay was developed based on a standard 
solution of L-malic acid and modeling with PARAFAC showed that it was possible to quantify 
malic acid with an accuracy of 0.0085g/L and the limit of detection was estimated to be 28.9mg/L. 
 
The assay was applied to wine samples and it was found that neutralization of the wine was needed 
in order to overcome the inherent buffer capacity of the wine. Tannins were proven to reduce 
enzyme activity, most likely by precipitating the enzyme. A sample preparation procedure was 
developed in order to remove tannins from the wine. The procedure involved precipitation of 
tannins with a protein fining agent and removal of phenolic compounds by polyvinylpyrrolidone 
(PVP) solid phase extraction. 
 
With the developed procedure, a set of four different wines and standard addition of malic acid was 
used to build a calibration set eligible for multiway modeling. Successful multiway modeling was 
achieved with PARAFAC, PARFAC2, Tucker3 and N-PLS. Applying multiway centering in the 
spectral mode of the tensor improved the performance of the models. The models were able to 
decompose the three-way data and model the evolution of CO2 and the kinetic profile of the 
enzymatic reaction. The best predictive performance was achieved with Multilinear Partial Least 
Squares regression (N-PLS), which had a low error of 0.023g/L and a good fit. The limit of 
detection of the method was estimated to be 81.7mg/L, which is an improvement compared to the 
current method used at FOSS A/S and could be of practical importance for the winemaker. From all 
the models, a difference between the wines could be seen, which indicated that the calibrations were 
biased and that matrix effects in the wine was interfering with the analysis. This was supported as 
one of two local models had improved predictive performance. The local model with improved 
performance contained the two wines with the lowest expected tannin content, indicating that the 
tannin removal had been insufficient. The potential for reducing the analysis time of the method 
was examined by reducing the tensor thickness stepwise (along the temporal mode) and evaluating 
the error of the models at each tensor thickness (analysis time). The N-PLS calibration showed 
potential for reducing the analysis time down to approximately 10 minutes. 
  
The method was concluded to have great potential as an analysis for determining the malic acid 
content in wine below a content of 100mg/L, for which many winemakers consider the malolactic 
fermentation to be ended. 	
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7 PERSPECTIVES	

The results of this study proved that an enzymatic perturbation of malic acid in wine with 
monitoring of CO2 by FTIR could improve the detection limit as it was possible to detect malic acid 
below 100mg/L, which has practical importance for the winemaker. The study aimed at examining 
the theoretical and practical foundation of the principle and method, which could be used for 
implementation and automation later on. The study showed that further studies on optimization is 
needed. Optimum conditions regarding pH, buffer system and concentrations of reagents is of 
importance. Examining the robustness of the analysis towards e.g. addition of D-malic acid, ethanol 
or sulfites would be interesting and be of importance, as there was seen an indication that the 
analysis was affected by sulfites. Studying the effect of the sample preparation, including 
concentrations of albumin and PVP, with regards to tannin/phenolic content could also serve as a 
guideline for optimization of this step. Though the method is subject for further studies, the 
calibration performance and the detection limit is likely to be improved. 
 
As discussed in the report, the developed procedure, as it stands, is expensive compared to a 
standard IR analysis. The cost per analysis was estimated to be 59DKK with a potential to reduce 
the cost by a minimum of 55% by modifying the analysis. Even with the reduced cost, the analysis 
is still costly compared to similar analyses such as enzymatic analyses by Megazyme. Such 
analyses have a cost of approx. 15DKK per analysis, though with the drawbacks of a high workload 
and poor reproducibility. 
 
The proof of concept that the project provided has the potential to serve as innovation of current 
spectroscopic techniques in liquid food analysis today. The developed method can be applied as an 
add-on to infrared spectrometers, which makes it simple to implement. The principle is simple but 
this project also showed that food matrices can lead to complications in the analysis, which means 
that previous knowledge of the product is needed in order to successfully apply and control the 
method. The method can improve detection limits of compounds by monitoring spectral changes 
thereby reducing the impact of interferences, and the initial concentrations of the perturbed 
compounds can be deduced. This, in theory, makes the method applicable for any compound, which 
can be perturbed by an enzymatic reaction. In wine, the detection limit of other compounds such as 
glucose, fructose and other organic acids are subject for improvement. With the sample preparation 
developed, an optimized method should be readily applicable to other enzymatic perturbations in 
wine. However, as enzymes have different optimum conditions, the application of new enzymes 
require studies of the reaction in order to determine optima. The principle of enzymatic perturbation 
with FTIR monitoring can be applied to a wide range of applications. It has proved useful for 
protein calibration in milk samples and could potentially be applied in other IR analyses of liquid 
foods. Further studies and investigation of the principle in the future will reveal the true potential of 
the method for different applications.   
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APPENDIX	A		–		sample	facts	and	assay	

Basic	facts	of	the	wine	samples	
A list with information of the wine samples used in Part II experiments can be seen below. 

	 Producer	 Country	 Grape	variety	 Year	 Alcohol	(%)	
W1	 Santa	Ana,	Homage	 Argentina	 Malbec	 2014	 12.5	
W2	 Hardy's,	Nottage	Hill	 Australia	 Shiraz	 2014	 14.5	
W3	 Domaine	de	la	Baume	 France	 Merlot	 2014	 14.5	
W4	 Geyser	Peak	 USA	 Cabernet	Sauvignon	 2012	 13.5	

 

 
 
Assay	for	L-malic	acid	standard	solution	and	wine		
The assay used in Part I and Part II experiments respectively can be seen in the two tables below. 
 

Solution	 Volume	(mL)	
Deionized	water	(X1	<1.04)	 X1	
L-malic	acid	standard	(X2	<1.04)	 X2	
Buffer	(50mM)	 0.10	
NADP+	(50mM)	 0.05	
MnCl2	(10mM)	 0.10	
Enzyme	 0.01	
Total	volume	 1.30	

 

Deionized water (X1) and L-malic acid standard solution (X2) were mixed to yield different 
concentrations. The solutions marked in red were mixed and pre-heated. 
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Solution	 Volume	(mL)	
Wine	 0.90	
Buffer	(50mM)(X1	<0.1)	 X1	
L-malic	acid	standard	(X2	<0.1)	 X2	
Buffer	(50mM)	 0.10	
NADP+	(50mM)	 0.05	
MnCl2	(10mM)	 0.10	
Enzyme	 0.02	
Total	volume	 1.27	

 

Buffer (X1) and L-malic acid standard solution (X2) were mixed to yield different spiking 
concentrations (an example can be seen in the next section). The wine was pre-heated. 
 
The figure below gives an overview of the experimental procedure developed for the wine assay. 
The procedure involved precipitation of tannins, neutralization, sample clean-up with PVP 
cartridges, addition of buffer, NADP+, Mn2+ and enzyme and finally injection into the FT2 with a 
syringe and the injection device seen in the photographs below. 
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Neutralization	data	for	wine	samples	
The neutralization data for the wine samples and an example of the wine assay respectively can be 
seen in the tables below. 
 

Neutralization	 Wine	#1	 Wine	#2	 Wine	#3	 Wine	#4	
pH	(initial)	 3.77	 3.68 3.75 3.66 
pH	(final)	 7.10	 7.1	 7.13	 7.11	
Vol.	Wine	 80	 80 80 80 
Vol.	NaOH	 10.50	 11.15 9.00 10.35 
%	v/v	 13.1	 13.9	 11.3	 12.9	

 
Volume	(mL)	 W1_0	 W1_1	 W1_3	 W1_5	
Wine	 0.900	 0.900	 0.900	 0.900	
Buffer	(50mM)	 0.100	 0.0875	 0.0625	 0.0375	
L-malic	acid	standard	 0.000	 0.0125	 0.0375	 0.0625	
Buffer	(50mM)	 0.100	 0.100	 0.100	 0.100	
NADP+	(50mM)	 0.050	 0.050	 0.050	 0.050	
MnCl2	(10mM)	 0.100	 0.100	 0.100	 0.100	
Malic	enzyme	 0.020	 0.020	 0.020	 0.020	
Total	volume	 1.270	 1.270	 1.270	 1.270	
Conc.	malic	acid	 0.000	 0.025	 0.075	 0.125	
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APPENDIX	B		–		reference	results	

Reference	results	
The reference results from the ion chromatography analysis can be seen below. The results are 
calculated by using the peak areas from the chromatographs and an external standard calibration 
curve of L-malic acid. The results are shown here as g/L. Each wine is measured in duplicates and 
the average is used for calibration. The error is calculated as pooled standard deviation with the 
equation below. 
 

Wine	 Malic	acid	[g/L]	 Average	[g/L]	 SSD	(Sum	of	Squares)	

#5*	
0,1121	

0,1033	 0,0001577	
0,0944	

#4	
0,0568	

0,0576	 1,4112E-06	0,0584	

#3	
0,0388	

0,0389	 7,2E-09	
0,0389	

#2	
0,0625	

0,0630	 4,05E-07	
0,0634	

#1	
0,0830	

0,0828	 1,152E-07	
0,0826	

		 	 Sum	of	SSD	 0,000160	
		 		 spooled	 0,0063	

* Wine used for development of the assay (Jordan, Stellenbosch, South Africa. Cabernet 
Sauvignon, 2012. 

𝑠���k�� =
𝑆𝑆𝐷I

(𝑟I − 1)
 

Where 𝑆𝑆𝐷I is the sum of squares of the deviation from the mean of the 𝑖th sample, 𝑟I is the number 
of repeated measurements of the 𝑖th sample. 
 
The final concentrations of malic acid in the samples used in the experimental design can be seen in 
the table below. 
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Sample	name	 Spike	conc.	
(g/L)	

Final	conc.	
(g/L)	

	 Sample	name	 Spike	conc.	
(g/L)	

Final	conc.	
(g/L)	

W1_0_rep1	 0,000	 0,083	 	 W2_0_rep1	 0,000	 0,063	
W1_0_rep2	 0,000	 0,083	 	 W2_0_rep2	 0,000	 0,063	
W1_0_rep3	 0,000	 0,083	 	 W2_0_rep3	 0,000	 0,063	
W1_1_rep1	 0,025	 0,108	 	 W2_2_rep1	 0,050	 0,113	
W1_1_rep2	 0,025	 0,108	 	 W2_2_rep2	 0,050	 0,113	
W1_1_rep3	 0,025	 0,108	 	 W2_2_rep3	 0,050	 0,113	
W1_3_rep1	 0,075	 0,158	 	 W2_4_rep1	 0,100	 0,163	
W1_3_rep2	 0,075	 0,158	 	 W2_4_rep2	 0,100	 0,163	
W1_3_rep3	 0,075	 0,158	 	 W2_4_rep3	 0,100	 0,163	
W1_5_rep1	 0,125	 0,208	 	 W2_6_rep1	 0,150	 0,213	
W1_5_rep2	 0,125	 0,208	 	 W2_6_rep2	 0,150	 0,213	
W1_5_rep3	 0,125	 0,208	 	 W2_6_rep3	 0,150	 0,213	

	       
W3_0_rep1	 0,000	 0,039	 	 W4_0_rep1	 0,000	 0,058	
W3_0_rep2	 0,000	 0,039	 	 W4_0_rep2	 0,000	 0,058	
W3_0_rep3	 0,000	 0,039	 	 W4_0_rep3	 0,000	 0,058	
W3_2_rep1	 0,050	 0,089	 	 W4_1_rep1	 0,025	 0,083	
W3_2_rep2	 0,050	 0,089	 	 W4_1_rep2	 0,025	 0,083	
W3_2_rep3	 0,050	 0,089	 	 W4_1_rep3	 0,025	 0,083	
W3_4_rep1	 0,100	 0,139	 	 W4_3_rep1	 0,075	 0,133	
W3_4_rep2	 0,100	 0,139	 	 W4_3_rep2	 0,075	 0,133	
W3_4_rep3	 0,100	 0,139	 	 W4_3_rep3	 0,075	 0,133	
W3_5_rep1	 0,125	 0,164	 	 W4_6_rep1	 0,150	 0,208	
W3_5_rep2	 0,125	 0,164	 	 W4_6_rep2	 0,150	 0,208	
W3_5_rep3	 0,125	 0,164	 	 W4_6_rep3	 0,150	 0,208	
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APPENDIX	C		–		Part	II	preliminary	results	

Results	for	preliminary	experiments	of	Part	II	
Below, evolution profiles for the tannic acid addition in a model wine system can be seen. Model 
wines were made with following tannic acid concentrations: 0mg/L, 50mg/L, 100mg/L and 
250mg/L. The model wine was neutralized with 0.5 M NaOH before analysis. In this certain 
experiment a Tris/HCl buffer of pH 7 was used. Evolution profiles were measured over 33 min. 

 
The phenolic content of the wines used for development of the procedure was estimated using 
spectra recorded on FT2 Milkoscan and a calibration from the Winescan™. Even though the two 
instruments have different cuvette path lengths the results give an indication of the phenolic content 
and thereby the tannin content of the wines. 
 

Sample	 Folin	C	[mg/l]*	
Riesling	 11.78	
Chardonnay	 17.39	
Cabernet	Sauvignon		 72.36	

*Gallic acid equivalents (mg/L) 
 
Different proteins were used for the precipitation procedure. Six evolution profiles with different 
proteins and concentrations can be seen below. 
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BSA: 3mL of wine was mixed with 3 mL of BSA solution (1.5mg/mL) in a 15mL centrifuge tube. 
It was left to settle for 15 min, then centrifuged for 15 min at 4000 rpm (4 °C). The supernatant 
(2,9mL) was neutralized with 5M NaOH. Evolution profile measured for 22 min. 
 
Casein: 7 mL of wine was mixed with 0.4 mL of casein solution (20mg/mL) in a 15mL centrifuge 
tube. Centrifuged for 15 min at 4000 rpm (4 °C). The supernatant was neutralized with 0.4M 
NaOH. Evolution profile measured for 33 min. 
 
Gelatin: 7 mL of wine was mixed with 0.56mL of gelatin solution (3mg/mL) in 15mL centrifuge 
tubes. The sample was centrifuged for 15 min at 4000 rpm (4 °C). The supernatant was neutralized 
with 0.5M NaOH. 
 
Casein + BSA + Gelatin: 7mL of wine was mixed with 0.5mL casein, 0.5mL BSA and 0.5mL 
gelatin solution in a 15mL centrifuge tube. The sample was centrifuged two times at 4000 rpm for 
15 min and 4 °C. The supernatant was neutralized with 0.5M NaOH. 
 
Albumin: 7mL of wine was mixed with 0.28mL of albumin solution (15mg/mL) in 15mL a 
centrifuge tube. After 15 min of settling, the sample was centrifuged for 15 min at 4000 rpm (4 °C). 
The supernatant was mixed with another 0.28mL albumin solution and the centrifugation repeated. 
For the high albumin concentration sample an albumin solution of 30mg/L was used. 
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APPENDIX	D		–		Part	I	main	results	

Results	for	main	experiments	of	Part	II	
IR spectra of the four wines used for the calibration can be seen below (no spiking, spectrum 
no.120). 

 

 
The evolution profiles for all replicates for wine 1, 2 and 4 can be seen below. 
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