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Abstract

Process analytical technologies (PATs) have transformed the beverage production management by providing real-time moni-
toring and control of critical process parameters through non-destructive measurements, such as those obtained with infrared
(IR) spectroscopy and enabling process readjustment if necessary. New requirements in the analysis of beverages call for
new methods, so in this article, we propose a method based on the construction of multivariate statistical process control
(MSPC) charts from a new dissimilarity index (the evolving window dissimilarity index, EWDI) to monitor fermentation
processes. The EWDI was applied to monitor wine alcoholic fermentation, the biochemical transformation of sugars into
ethanol. Small-scale fermentations were carried out and analyzed using a portable mid-infrared spectrometer. In some of
them, process deviations due to nitrogen deficiency or temperature changes were intentionally promoted to evaluate the
performance of the EWDI. The MSPC charts build by using the fermentations carried out under normal operating condi-
tions allowed identifying deviations of the fermentation in its early stages. Furthermore, the shape of the EWDI curve over
time provides insights about the specific type of deviation occurring. These results show the potential of this new approach
to improve the monitoring and control of key process stages in biochemical processes in the food industry, which allows
maximizing quality and minimizing losses.

Keywords Mid-infrared spectroscopy - Wine - Real-time monitoring - Evolving window principal component
analysis (PCA) - Confidence limits - Control chart

Introduction

The beverage industry is a continuously changing sector in
which alcoholic beverages have the largest economic contri-
bution (Food Drink, 2022). This implies that the alcoholic
beverage industry today faces new challenges related to the
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different production processes, among which alcoholic fer-
mentation stands out. Alcoholic fermentation is a complex
biochemical transformation of sugars into ethanol that can
slow down (sluggish fermentation) and even stop (stuck fer-
mentation) for a number of reasons, including inadequate
concentration of nutrients or sudden changes in fermentation
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conditions (Hernandez et al., 2016; Urtubia et al., 2008). The
slow rate of sugar consumption by the yeasts indicates that
their metabolism is not working properly, which can lead to
the synthesis of undesirable molecules. These can negatively
influence the sensory perception of the final product and,
therefore, its quality (Alexandre & Charpentier, 1998).

The possibility of recovering a problematic fermentation
depends on early detection of the problem, which allows pro-
ducers to take corrective measures to minimize the impact
on product quality (Nieto-Ortega et al., 2023; Schorn-Garcia
et al., 2021). This concept perfectly fits with the implemen-
tation of process analytical technologies (PATs). The PAT
approach is based on the idea that final product quality is
achieved through real-time measurements throughout the
process, which allow readjustments while the problem is still
solvable, rather than assessing final product quality when the
process has already been completed (Jenzsch et al., 2018;
Services, U.S. Department of Health and Human, Food and
Drug Administration, 2004). The implementation of PAT
methodologies in the food and beverage industry requires the
acquisition of in- or on-line fast measurements to gather real-
time information about the molecules involved in the pro-
cess. Additionally, the use of non-destructive measurements
is recommended, as they can provide valuable information
without affecting the quality or composition of the process
(Jenzsch et al., 2018). Regarding wine alcoholic fermenta-
tion, vibrational spectroscopy (near infrared, mid-infrared,
or Raman) has proven to be a useful tool for obtaining
process information (Cavaglia et al., 2020a, b; Cozzolino,
2015, 2016, 2022). In these cases, the data being acquired
are multivariate, and, therefore, the use of multivariate sta-
tistical process control (MSPC) techniques is necessary for
fermentation process monitoring and control. Among the
different types of MSPC charts, those based on principal
component analysis (PCA) are widely used because they are
simple and easy to interpret (Nomikos & MacGregor, 1995).
However, other approaches such as the prediction of relevant
parameters (Bao et al., 2014; Ye et al., 2014) or application
of multivariate curve resolution techniques (Grassi et al.,
2014; Nieto-Ortega et al., 2023) have also been proposed.

The application of the PCA-based control chart approach
involves selecting a reference set that defines the normal
operating conditions (NOC) for a particular process, with
its intrinsic variability, and comparing future values with
this set. Thus, a PCA model is built using NOC data, and
future data are projected onto the “NOC” PCA model.
Then, the values of model parameters such as Hotelling’s
7?7 and Q residuals are used to assess whether the new data
are compatible with those recorded in the NOC. These
parameters provide information about how a particular
measurement fits the NOC model. Hotelling’s 7> and Q
residuals control charts have been shown to be effective
in wine alcoholic fermentation to detect lactic acid

bacteria spoilage (Cavaglia et al., 2020a), along with other
monitoring strategies (Cavaglia et al., 2019, 2020b), and
even in the effective discrimination of yeast strains and their
growth phase monitoring through the alcoholic fermentation
process (Puxeu et al., 2015). These approaches can be used
for the assessment of individual time points (a measurement)
and also to assess the quality of a set of measurements. In the
latter case, several PCA models are developed and compared
by using, for example, their loadings.

Since PCA loadings capture the chemical information of
the process, Muncan et al. proposed a dissimilarity index (DI)
to compare loadings of a yogurt fermentation process using a
PCA model (Muncan et al., 2021). In this way, it was possible
to distinguish and visualize three stages of the process related
to the physicochemical properties of the yogurt matrix.

In this work, we present a multivariate statistical process
control (MSPC) new statistic based on a novel dissimilarity
index of NOC fermentations which, for the first time, is pro-
posed to early detect process deviations. This variant of the
DI consists of using an evolving window approach, which
has been developed as a tool to monitor the progression of a
biotechnological process. A portable attenuated total reflec-
tance-Fourier transform infrared (ATR-FTIR) spectrometer
was used to perform at-line and non-destructive measure-
ments throughout the process. Three different scenarios that
can lead to a deviation in the fermentations were tested: sud-
den changes in temperature, nitrogen deficiency at the start
of fermentation, and a combination of both.

Materials and Methods
Samples and Fermentation Characteristics

The samples were obtained from small-scale alcoholic fer-
mentations (microfermentations) of grape must carried out
under different conditions. Specifically, a commercial and
concentrated white grape must (Juan Soler S.A., Cuenca,
Spain) was diluted with Milli-Q water to a final sugar con-
centration of 200 g-L_l, and, for each microfermentation,
1.5 L of diluted must was transferred into 2 L glass vessels
for fermentation. Then, to start the alcoholic fermentation
process, each must sample was inoculated randomly with
3-10° CFU-mL™! of Saccharomyces cerevisiae Viniferm
Revelaciéon (Agrovin S.A., Ciudad Real, Spain), follow-
ing the manufacturer instructions for rehydration of the dry
yeast. Different fermentation conditions regarding the initial
yeast assimilable nitrogen (YAN) concentration and temper-
ature during the process were applied and are summarized
in Table 1 (together with the abbreviations used in the text).

YAN was adjusted for NOC, TEM1, and TEM2
fermentations using Actimax Bio* (Agrovin, Ciudad
Real, Spain) and ENOVIT® (SPINDAL S.A.R.L. Gretz
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Table 1 Experimental conditions for the different types of fermenta-
tion carried out

Type of fermentation Addition Temperature

of N at the

beginning
NOC Yes Constant at 20 °C
Normal operation condition
NDef No Constant at 20 °C
Nitrogen deficit
TEM1 Yes Gradient (Fig. 1a)
Applied temperature gradient 1
TEM2 Yes Gradient (Fig. 1b)
Applied temperature gradient 2
NDT No Gradient (Fig. 1b)

Nitrogen deficit and applied
temperature gradient 2

Armainvilliers, France) at a dosage of 0.3 g-L~! each, to
ensure proper fermentation performance. The initial YAN
concentration was 120 mg-L_l, and after the adjustment,
YAN increased to 232 mg-L~".

NOC and NDef fermentations were kept at a constant
temperature of 20 °C throughout alcoholic fermentation.
Two temperature gradients, shown in Fig. 1, were applied
to TEM1, and TEM2 and NDT fermentations, respectively.

Two experimental plans were carried out (fermenting in
different conditions at the same moment (diagram in Figure S1
and Table 2)): the first consisting in 6 NOC, 4 NDef, and 4
TEMI1 fermentations and the second consisting in 6 NOC, 4
TEM2, and 4 NDT fermentations. All fermentations belong-
ing to the same set were done at the same moment, but each
fermentation was prepared randomly within each set.

To follow the evolution of the different alcoholic fermen-
tations, each of the samples were randomly and periodically
monitored (exact times are specified in Sect. 2.2) by meas-
uring their density and pH, using a portable electronic den-
simeter (Densito2Go, Mettler Toledo, USA) and a portable

Fig. 1 Temperature gradient a) 45
applied to a TEM1 fermenta- 1
tions and b TEM2 and NDT .

fermentations

- 2 oc_h-1

Temperature (°C)

1°C-h

pH-meter with a 201 T electrode (7 + series portable pH-
meter, XS Instruments, Italy), respectively. Both instruments
were calibrated daily using reference standards. Alcoholic
fermentation was considered finished when density was less
than 0.995 g-L~!. This value was reached between 7 and
9 days depending on the type of fermentation.

Spectroscopic Measurements

Infrared spectra were acquired according to a previously
established methodology (Schorn-Garcia et al., 2021),
using a portable 4100 ExoScan FTIR spectrometer (Agilent,
California, USA) equipped with a spherical ATR sampling
interface with a diamond crystal window. The spectroscopic
range covered from 4000 to 850 cm~!, and spectra were
recorded at a resolution of 8 cm™! and 32 scans, implying
the measurement of the signal at 845 wavenumbers. To
eliminate the interference due to variations in environmental
conditions, an air-background spectrum was collected before
each sample measurement. Before the sampling of each of
the fermentations, these were homogenized by gentle orbital
stirring of the containers. After that, a sample of 1.5 mL
was randomly collected and centrifuged at 10,000 rpm for
10 min to avoid the scattering effect in the spectroscopic
measurements due to the presence of microorganisms. Each
sample was analyzed in triplicate by placing successively
three different drops of the sample on the crystal and record-
ing the spectrum. The spectra were collected using Microlab
PC software (Agilent, California, USA) and saved as.spc
files. The average of the three measurements was used for
further data analysis. The spectra were collected at the same
times of the day, covering 12 daily hours of the process and
sampling every 4 h (see, e.g., in Fig. S2). However, to better
characterize the applied temperature gradients, one sample
per hour was taken in NOC, TEM1, TEM2, and NDT. The
details of the sampling points and matrix dimensions are
shown in Table 2.

; 5°C-h"

0 20 40 60

Time (hours)
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'I"able 2 ngr vi‘ew of replicates, Type of Number of Sampling 3D matrix dimension Unfolded matrix
SamPhnS pomtﬁs, and data fermentation replicates points (replicates x samplings x
matrix dimensions wavenumbers)

NOC 12 42 12x42 %845 504 x 845

NDef 4 34 4x34x845 136x 845

TEM1 4 42 4x42x845 168 x 845

TEM2 4 42 4x42x845 168 x 845

NDT 4 42 4x42x845 168 % 845

To maximize information and enhance small peaks, spec-
tra were preprocessed using Savitzky-Golay second deriva-
tive (15 points and 2 order polynomial) and standard normal
variate. Finally, spectra were mean centered.

Multivariate Statistical Process Control

A preliminary PCA model was built using the NOC spectra,
in order to model spectroscopic information of the alcoholic
fermentation. Next, three multivariate statistical process
control approaches were tested: T2, O residuals, and score
charts. The capability of the PCA model to detect devia-
tions during the process using the defined reduced space
was evaluated in each approach by projecting the different
deviated fermentations. For 72 and Q residuals, a 95% upper
confidence limit was calculated using the NOC spectra, as
defined in Cavaglia et al. (2020a). In the case of scores,
an acceptance interval (upper and lower limits) was built
as+2.201 standard deviations of the scores of the first prin-
cipal component (Student's ¢ for 11 degrees of freedom and
95% confidence level).

Dissimilarity Index

The dissimilarity index (Eq. 1) proposed by Muncan et al.
(2021) is based on the absolute value of the inner product
between the first loading of each model and the first loading
of the initial model (Muncan et al., 2021).

A;=1-p, py| )

where A, is the dissimilarity index for model i, and |p;"py|
is the inner product (in absolute value) of the transposed
loading of the first principal component for model i and a
reference loading (previous time model or model 0). This
dimensionless parameter ranges from zero to one, with zero
indicating that the loadings are identical and one indicating
that they are orthogonal.

The DI was originally proposed using a moving-window
approach, allowing to compare each part of the process
with the preceding one in such a way that three process

stages of the yogurt fermentation were distinguished. In
the proposed index, five process times are selected, and
the loading is compared with that of five previous process
times, so that the comparison between the loading and the
reference loading moves along the process until the whole
process is considered.

Evolving Window Dissimilarity Index

The first step of the proposed approach involved the study
of NOC fermentations. NOC alcoholic fermentations were
monitored using evolving window principal component anal-
ysis (EWPCA) (Fig. 2). This method calculates PCA models
in increasing time intervals, allowing including the entire
evolution of the process up to a specific sampling time and
giving equal weight to each part of the process, in contrast to
the moving window approach, which only takes into account
local parts of the process (de Oliveira et al., 2017). The first
loading of each model was extracted and used to calculate
the evolving window dissimilarity index (EWDI) along the
fermentation process (Eq. 2).

DIt =1- ’(pModel n)T ' (pModel O) 2

In Fig. 2, model 0 represents the start of fermentation,
while model k represents the model spanning the entire
fermentation. The initial window (i.e., the time window of
model 0) was optimized, using different initial time gaps
(the considered intervals, O to n, were between 0 and 24 h
and 0 and 36 h). The loading extracted from model 0 was
then used as the reference loading for NOC fermentations
(PModel o 1N Eq. 2) and the evolving window dissimilarity
index was calculated for all NOC fermentations (each time
interval is considered in pyjge ). The NOC dissimilarity
curves were used to build acceptance interval calculated as
the +2.201 standard deviations (Student's ¢ for 11 degrees
of freedom and 95% confidence level). Student’s r was used
since normal distribution of the EWDI was assumed.

After optimization of model 0 for NOC fermentations, the
EWDI was calculated for all the other fermentations devi-
ated from normal conditions (NDef, TEM1, TEM2, and
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Fig.2 Scheme of the evolving

approach used to calculate the L W g g g g g
evolving window dissimilarity ajlajala
index, from time O to time k / % % % % &

t=n A/

t=n+1

t=n+2

t=n+3 -

t=k|

NDT). The loading extracted from model 0 of NOC fer-
mentations was also used as the reference loading (Pyjoger o IN
Eq. 2) for all other fermentations that were to be compared.

ANOVA-simultaneous Component Analysis (ASCA)

Analysis of variance (ANOVA)-simultaneous component
analysis (ASCA) was used to decompose the sources of
variability influencing the data. ASCA is a multivariate
extension of ANOVA, which decomposes the variation in
the data into the main effects and their binary combinations
according to a predefined experimental design (Smilde et al.,
2005). In this study, three variability factors were consid-
ered: (1) to which set of batches the fermentation belonged
(experiment factor), (2) whether or not fermentation was
subjected to a temperature gradient, and (3) whether or not
the fermentation had sufficient YAN at the beginning of
alcoholic fermentation; and the interactions between them.
ASCA was applied to the EWDI curves, obtaining as many
EWDI curves as fermentation batches used (28 fermenta-
tions and 34 EWDI values each, to use the common times
between them).

Results and Discussion

Control Charts Based on PCA

Classical MSPC approaches were tested and used as ref-
erence for EWDI performance evaluation. Q residuals
and Hotelling 72 charts were not useful to detect sluggish
fermentations as they were not detected as outliers at any
moment of the process. This may be due to the fact that the
deviations caused in the process are related to the kinet-
ics of the fermentation (Urtubia et al., 2008), which causes
the NOC and deviated samples have similar spectroscopic
features but are not temporarily aligned. In the case of the
score control chart approach, all sluggish fermentations were
successfully detected as deviated at different time intervals.
NDef scores were significantly different from NOC scores
from 56 to 168 h, as NDef fermentations evolve slower
than NOC fermentations (see, e.g., for NDef in Fig. 3). For
the deviations related to temperature gradients, TEM1 and
TEM?2, they were detected as outliers from 56 to 80 h and
from 52 to 176 h, respectively. Finally, NDT fermentation
was detected as outlier from 60 h onwards.

B NOC === NOC statistical limits (95%)
a) 4 b) C) o 15-
?6 " s\i 15
S . &
2 )
= g
N N
N —
72}
2 &)
< =%
2 .
d.m) = R % 17
S Uit 0 31 2
O _15-famc Pt
0+ T T 0+ T T 3 r T
0 50 100 150 200 0 50 100 150 200 0 50 100 150 200

Time (hours)

Time (hours)

Time (hours)

Fig.3 a Q residuals, b Hotelling 72, and ¢ scores of the first principal component versus time. Red dots represent fermentations under normal
operating conditions (NOCs), the black dots represent the fermentations that started with a nitrogen deficit (NDef), and the red dashed lines are

the statistical limits for each of the monitoring metrics
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Optimization of the Evolving Window
Dissimilarity Index

The moving-window approach proposed to monitor yogurt
fermentation (Muncan et al., 2021) did not perform well in
the case of wine alcoholic fermentation. An erratic evolution
(between 0 and 1) due to small differences between con-
secutive time intervals did not allow capturing all the useful
information about the process. Thus, an evolving window
approach was tried with good results after optimization. The
optimization of the EWDI was performed by calculating the
EWDI values of NOC spectra. The EWDI was calculated
using the first PC loading, since in the PCA of the data of
alcoholic wine fermentation the first PC collects the main
information of the process (see Fig. S3 and (Schorn-Garcia
et al., 2021)). Furthermore, a different initial number of sam-
pling points included in the reference PCA (model 0) was
tested (5 to 8 sampling points, which include spectra from 0
to 24, 28, 32, or 36 h). An overview of the different EWDI
evolutions based on the number of sampling points included
in model 0 is shown in Fig. 4.

The EWDI evolution over time when considering 24
(Fig. 4a) and 28 (Fig. 4b) h in model 0 was not useful due
to a great increase in the EWDI value for the first sampling
points, followed by a stabilization of the value. This behav-
ior did not allow studying the fermentation process, since
after a certain point no significant differences were found
between the EWDI values. However, the evolution over time
of the EWDI considering 32 (Fig. 4c) or 36 (Fig. 4d) h in the
model 0 showed better results, probably due to the inclusion

o
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of the early stages of tumultuous fermentation (phase of the
process with the highest sugar-to-ethanol transformation
ratio). Thus, the 36-h model O showed a better evolution in
terms of sensitivity for the first sampling points, so this time
was chosen to obtain the reference loading. By taking a wide
enough window at the beginning of the process, small differ-
ences caused by microorganisms are minimized.

Regarding the loadings of model O (Fig. 4e and f), they
showed that the important regions were between 3000 and
3500 cm™!, which could be attributed to the O-H stretch-
ing vibrations of water and ethanol, and between 1000 and
1800 cm™!, corresponding to the fingerprint region of the
alcoholic fermentation (Bureau et al., 2019; Cozzolino,
2015). However, when more sampling points were con-
sidered (Fig. 4g and h) in model O, the calculated loading
underweighted the region between 3000 and 3500 cm™!
and incorporated a signal from 2300 to 2400 cm™!, which
could be attributed to O =C = O stretching, as carbon
dioxide is released during alcoholic fermentation (Urtubia
et al., 2008). This allowed us to focus on the alcoholic fer-
mentation process in terms of the biochemical conversion
of sugars into ethanol and also carbon dioxide.

Evolution of the Process and Deviations

The evolving window dissimilarity index of each sampling
time was calculated for each fermentation type by grouping
the spectra from each batch from the beginning to that sam-
pling time and comparing the loadings of the first compo-
nent with the loadings of the first component of model O for

C) 32 hours d)
0.8 0.8

36 hours

0.6 esee 0200 000 0.6
-
&
0.4 / 0.4 o
L)
0.2 0.2 /
L]

T T 1 0.0 T T T 1
50 100 150 200 50 100 150 200

-

Time (hours) Time (hours)
0.3 0.3
0.1 0.1
-0.1 0.1
4000 3000 2000 1000 4000 3000 2000 1000
Wavenumber (cm™) Wavenumber (cm™)

Fig.4 a—-d Evolving window dissimilarity index (EWDI) based on loading variation of NOC wine alcoholic fermentation, considering different
time gaps for the reference loading (from O to 24 (a), 28 (b), 32 (¢), or 36 (d) h). X-axis indicates the last sampling point included in the evolving
window. e-h Reference loading used to calculate the EWDI, depending on the time gaps considered (from 0 to 24 (e), 28 (f), 32 (g), or 36 (h) h)

@ Springer



2788

Food and Bioprocess Technology (2024) 17:2782-2792

NOC samples. For example, there were 12 NOC fermenta-
tions, so for hour 48 (first EWDI value in Fig. 5) the loading
of the first PC of the PCA model obtained with a matrix of
size 108 X 845 (9 sampling times X 12 microfermentations
batches x 845 wavenumbers) was compared to the loading
of the first PC of model O of dimension 96 X 845 (8 sampling
times X 12 microfermentations batches x 845 wavenumbers).
The EWDI evolution over time for each fermentation type
is shown in Fig. 5.

In all types of fermentation, a noticeable increase of the
EWDI was observed between 48 and 100 h. This time frame
coincided with the tumultuous phase of fermentation, dur-
ing which the rate of glucose consumption was the highest.
When sugars are converted to ethanol at the maximum rate,
EWDI values also increase rapidly. After 100 h, the increase
in EWDI slowed down and continued with a slight increase
until the end of fermentation, which occurred around 200 h
(when all types of fermentation finished). In general, the
evolution of EWDI during fermentation provided valuable
insights into the progress of the process, making it a useful
tool for monitoring fermentation. Using the loading of the first
principal component, related to the conversion of sugars into
ethanol, allowed the monitoring of the kinetics of the process.

The fermentation types that underwent a temperature
change (TEM1, TEM2, and NDT), showed a similar upward
trend between 48 and 60 h, when the temperature gradi-
ent was applied. This trend could be explained as yeasts
have their optimal temperature range between 16 and 30 °C
(Ribereau-Gayon et al., 2006). At the beginning of the tem-
perature gradient, yeasts had a more optimal temperature

larity Index

issimi

.

Evolving Window

D

T
50 100 150 200

Time (hours)

Fig.5 Evolving window dissimilarity index based on loading vari-
ation of wine alcoholic fermentation with different characteristics
(blue circles, normal operation conditions (NOCs); red squares, fer-
mentations that suffered a temperature gradient depicted in Fig. la
(TEM1); green triangles, fermentations that started with a nitrogen
deficit (NDef); purple inverted triangles, fermentations that started
with a nitrogen deficit and suffered a temperature gradient depicted in
Fig. 1b (NDT); orange rhombi, fermentations that suffered a tempera-
ture gradient depicted in Fig. 1b (TEM2)). X-axis indicates the last
sampling point included in the evolving window

@ Springer

(closer to 30 °C), which allows them to increase their meta-
bolic activity. Afterwards, the upper limit in their optimal
temperature was surpassed affecting their metabolism. This
explains the slower EWDI evolution after the temperature
gradient. NDef showed a slower evolution over time; how-
ever, NDef and NDT ended the fermentation with a higher
EWDI compared to NOC fermentation. The slower fer-
mentation rate at the beginning would be explained by the
lower amount of YAN available to carry out yeast metabo-
lism properly (Martinez-Moreno et al., 2012). NDT showed
an intermediate behavior of TEM2 and NDef, which may
explain its EWDI evolution over time.

3.4. Evolving Window Dissimilarity Index Control
Chart

As discussed above, the NOC spectra of the first 36 h was
used to obtain the reference loading (first loading of model
0), calculated as the loading of the first PC (shown in Fig. 4h).
The NOC EWDI curves were used to calculate 95% accept-
ance interval (average of 12 EWDI NOC curves +2.201
standard deviations) (red dotted lines in Fig. 6).

The NOC EWDI upper and lower acceptance intervals
showed a greater difference up to 100 h due to the great
fermentation activity during this period. In fact, from 48
to 100 h, the alcoholic fermentation process had the maxi-
mum rate of sugar consumption, and even slight differences
between NOC batches resulted in increased acceptance inter-
val. Then, from 100 h to the end of the process, the accept-
ance interval was much tighter as the fermentation process
decreases in intensity. EWDI acceptance interval were vali-
dated with other NOC fermentation evolutions, showing
the ability of this parameter to be used for monitoring this
bioprocess. In each case, the EWDI was calculated and its
value remained within the acceptance interval throughout
the entire fermentation process. It is worth noting that, con-
trary to what other MSPC strategies may require, there is
no requirement for process alignment because the EWDI
comparison is carried out by using the model loadings.

However, despite the wider acceptance interval at the
beginning, the proposed MSPC chart was able to detect slug-
gish fermentations. Figure 6a shows the evolution of EWDI
for TEM1, where the control chart was able to detect all the
batches outside the acceptance interval from 60 to 76 h. In
this type of fermentation, the EWDI showed out-of-control
values shortly after the temperature rise reached its maxi-
mum at some later sampling points. However, from 80 h
onwards, TEM1 had a EWDI considered under control, and
this behavior can also be observed in Fig. 4, where TEM1
had EWDI values similar to NOC at the end of the process.
The time interval considered as out-of-control (60 to 76 h)
for TEM1 was relatively short, with only three sampling
points being affected.
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Fig.6 Evolving window dissimilarity index (EWDI) control charts based on loading variation of wine alcoholic fermentation. Red lines repre-
sent mean EWDI values for NOC fermentation and red dotted lines represent 95% acceptance intervals calculated based on EWDI curves of the
twelve NOC fermentations (average +2.201 standard deviation). The different charts represent the values of EWDI curves for different types of
fermentation: a fermentations that suffered a temperature gradient depicted in Fig. 1a (TEM1); b fermentations that started with a nitrogen defi-
cit (NDef); ¢ fermentations that suffered a temperature gradient depicted in Fig. 1b (TEM?2); d fermentations that started with a nitrogen deficit
and suffered a temperature gradient depicted in Fig. 1b (NDT). X-axis indicates the last sampling point included in the evolving window

In the case of NDef (shown in Fig. 6b), the control chart
was able to detect all out-of-control batches starting at 53 h.
This sluggish fermentation was intentionally induced by
creating a nitrogen deficit, which can cause a malfunction
in the metabolism of yeast (Martinez-Moreno et al., 2012).
Figure 6¢ shows the evolution of EWDI for TEM2. In this
case, each batch was detected as out-of-control starting
at 53 h, with the exception of one particular time period
where the EWDI values “crossed” the acceptance interval.
The temperature variation applied between 48 to 60 h was
detected 5 h after its beginning, indicating the effectiveness
of the MSPC chart in detecting process deviations at an
early stage. NDT fermentations (shown in Fig. 6d) were a
combination of nitrogen deficit and temperature gradient,
resulting in intermediate behavior compared to sluggish
fermentations caused by each factor separately. The

evolution of NDT EWDI showed that these fermentation
batches were identified as out-of-control later than the other
deviations studied, due to the slow progress caused by the
nitrogen deficit, which was compensated by an increase in
temperature that allowed an increase in yeast metabolism.
However, after 72 h, this type of sluggish fermentation
remained out-of-control.

All deviations resulted in distinctive spectroscopic pro-
files in the final wines. This feature is particularly advanta-
geous for assessing these deviations at any stage of the fer-
mentation process, even when real-time process monitoring
is not feasible. This is relevant for the monitoring alcoholic
fermentation, because the effects of the corrective measures
take time to manifest themselves in the behavior of the pro-
cess, due to the prolonged nature of the fermentation process
which spans several days.
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Table 3 ASCA results for the EWDI curves, showing the percentage
of variance (% effect) for each factor and the p value resulting of the
permutation test. A p-value <0.05 means the factor is significant

Factor % Effect p-value

Temperature gradient 23.97 0.0001

Nitrogen deficit 61.06 0.0001

Temperature gradient X nitrogen 7.05 0.0004
deficit

Residual 7.92

Study of the Variability of Sluggish Fermentation

To study the influence of the different problems that cause
sluggish alcoholic fermentations and weight their contribu-
tion, an ASCA model was built. Since two groups of fer-
mentations were performed (described in “Samples and
Fermentation Characteristics” section), this factor (group)
was evaluated in a previous model showing that it is not
significant, and there are no differences between sets of
experiments (data not shown). To build the ASCA model,
all EWDI curves over time were used, i.e., 32 curves. Two
factors were considered: the sudden change in temperature
(“temperature gradient” factor) and the nitrogen deficit at
the beginning of the fermentation (“nitrogen deficit” factor).
The results of the ASCA model are summarized in Table 3.

The most relevant factor was whether or not the fermen-
tation started with the adequate nitrogen content, as almost
-thirds of the variance (61.06%) was attributed to the “nitro-
gen deficit” factor. The shape of the EWDI evolution curve
was found to be more similar to the NDef than to the TEM2
deviations, which is in an indication of the importance of
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the factor. For this reason, it is necessary to guarantee the
concentration of nitrogen (the minimum limit would depend
on the concentration of sugar in the must) to ensure the end
of fermentation and avoid the production of unwanted mol-
ecules (Lleixa et al., 2019; Torrea et al., 2011). These ASCA
results highlighted the importance of measuring YAN to
ensure a correct development of the alcoholic fermentation
by yeast from the beginning of the process. The “tempera-
ture gradient” factor also showed a significant impact in the
process evolution, with a % effect close to 24%. This prob-
lem can be associated with inadequate temperature control,
malfunctioning cooling jackets or high external temperatures
that could cause sudden temperature increases. Furthermore,
given that alcoholic fermentation is an exothermic process,
even in the absence of external factors, the process itself can
cause the temperature to rise if not properly controlled. This
can have a negative effect on the development of the fermen-
tation and on the quality of the final product, due to the loss
of aromas as a consequence of the increased volatilization
of volatile compounds, as well as by the stress of the yeasts,
which could synthesize unwanted molecules (Torija et al.,
2003; Woo et al., 2014).

ASCA results for each factor are depicted in Fig. 7, which
displays the scores of the first simultaneous component. Fig-
ure 7a shows the score values of the “temperature gradient”
submodel for each sample. The scores are colored according
to the temperature gradient applied to the process (blue cir-
cles for a constant temperature along the process, red squares
for processes that suffered a temperature gradient as depicted
in Fig. 1a, and green triangles for processes that suffered
a temperature gradient as depicted in Fig. 1b). Two main
groups can be seen in the first simultaneous component:
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Fig.7 ASCA results on the EWDI curves. a Scores of the first and second simultaneous component of the temperature gradient factor submodel
and b score of the first simultaneous component of the nitrogen deficit factor submodel, where the samples are ordered by the levels of each fac-

tor. Dotted lines are used to visualize the center of each PC
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NOC, TEMI1, and NDef have positive values in this com-
ponent, while TEM?2 and NDT have negative values. This
could be explained because TEM1 showed, based on the
results of the “Evolution of the Process and Deviations™ and
“Optimization of the Evolving Window Dissimilarity Index”
sections, similar behavior to NOC in terms of EWDI evolu-
tion, and that the second temperature gradient had a greater
impact on the course of alcoholic fermentation and therefore
in the evolution of EWDI over time.

Figure 7b shows the score value of the “nitrogen deficit”
submodel for each sample, colored according to whether or
not the process had a nitrogen deficit at the beginning of
fermentation (an adequate nitrogen content in green and a
deficit of nitrogen in orange). In the first simultaneous com-
ponent, two main groups can be observed. NOC, TEM1, and
TEM?2 fermentations had positive values, while the NDef
and NDT fermentations had negative values. The % effect
of nitrogen deficit revealed by ASCA highlighted the impor-
tance of an adequate nitrogen content and resulted in a clear
separation of score values between the groups.

Conclusions

The dissimilarity index (DI) is a process control parameter
that can accurately describe the progression of fermenta-
tion in real time. In this study, a modified DI was pro-
posed, the EWDI, and used to examine sluggish alcoholic
fermentations and observe their development. The results
have shown that the EWDI can be used to create a con-
trol chart based on data from normal operating conditions.
Furthermore, the confidence limits of the control chart can
be used to detect sluggish fermentations, related to the
kinetics of the fermentation, at an early stage. This is par-
ticularly important because early detection allows timely
intervention to resolve any issues that may arise and there-
fore increases the chances of maintaining product quality.

In conclusion, the EWDI appears to be an effective tool
for process control, allowing real-time monitoring and
early detection of potential deviations. Additionally, the
effect of different unwanted conditions affecting process
kinetics have been studied and decomposed showing that
EWDI evolution over time could indicate which kind of
deviation is taking place and the importance of nitrogen
supplementation at the beginning of the process. Further
research would be developed to investigate the recovery
of deviation using EWDI control charts.
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