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The valorization of glycerol wastes through its conversion into high-added value products using biotechnological
processes is very promising due to the high amount of glycerol generated from the bio-diesel industry. In this
sense, it is important to develop rapid, reliable and, if possible, environmentally friendly analytical techniques
for the monitoring of high-added value compounds. With this in mind, Fourier transform near infrared (FT-NIR)
spectroscopy was explored for the assessment of biomass, glycerol, 1-phenylalanine and 2-phenylethanol (2-PE)
parameters during the biotechnological production of 2-PE. A total of 80 samples were collected and analyzed
through FT-NIR spectroscopy. Partial least squares (PLS) regression method was selected for establishing
quantification models. The obtained figures of merit, in terms of, coefficients of determination of prediction
(Rzp), range error-ratios (RER) and residual predictive deviation (RPD) yielded values higher than 0.85, 7.7 and
2.6, respectively, for all the parameters assessed. The obtained results reveal that all the developed PLS models
can be considered as models with a good predictive accuracy and therefore attest the suitability of FT-NIR
spectroscopy for the quantification of these parameters. Concluding, a new rapid, reliable, cost-effective, accu-
rate, multi-parametric and environmentally friendly analytical technique exploring the potential of FT-NIR

spectroscopy was successfully developed.

1. Introduction

The large production of glycerol, a waste from the biodiesel industry,
is a threat to the economy and the environment. As biodiesel production
grows, the environmental and sustainable valorization of crude glycerol
becomes a fundamental task to reduce biodiesel production costs (Kaur
et al., 2020). In this context, one possibility for glycerol valorization is
its use as carbon source for microbial growth in bioprocesses (ex: for the
production of high-added value products). The cosmetics and perfumery
sectors are interested in fragrance compounds produced by biotechno-
logical processes, since they are considered as natural compounds and
accepted by the consumers (Berger, 2015). Worldwide, this industry
generates a value exceeding 90 billion of euros, with a solid expected
annual growth of 4-6 percent for next years (www.statista.com).

2-Phenylethanol (2-PE) is a higher aromatic alcohol with a charac-
teristic aroma of roses. Flavor compounds are widely used in pharma-
ceutical, food, tobacco, perfumery, and cosmetic industries
(Rodriguez-Romero et al., 2020). Moreover, 2-PE is a serious candidate
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for the next-generation of biofuels due to its high energy potential. In
addition, it is also used for the production of derivatives such as styrene,
phenylethyl acetate, and other valuable compounds (Liu et al., 2018).
Flavors produced by biotechnological methods require the use of mi-
croorganisms for their production by de novo synthesis or through the
biotransformation of appropriate precursors (Shaaban et al., 2016). The
microorganisms that can be used to produce 2-PE include Kliryveromyces
marxianus, Kluyveromyces lactis, Pichia fermentans, Pichia anomala,
Schizosaccharomyces pombe, Hansenula anomala (Wang et al., 2019),
Saccharomyces cerevisiae, Escherichia coli (Wang et al., 2019; Braga &
Faria, 2020), Wickerhamomyces anomalus, Candida glabrata, Candida
utilis, Candida parapsilosis (Rodriguez-Romero et al., 2020) and Yarrowia
lipolytica (Gu et al., 2020).

Despite the advantages of using conventional carbon sources, such as
glucose, lactose or sucrose, to allow high cell density cultures in
biotransformation processes, the use of low-cost substrates, such as in-
dustrial by-products, makes the industrial biotechnological production
of flavors economically advantageous and competitive.
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Crude glycerol is the main by-product of biodiesel industry, where
10 kg of biodiesel produced generates 1 kg of glycerol. However, the
generated glycerol is not pure and for that reason its use in traditional
applications is limited (Johnson & Taconi, 2007). In addition, its puri-
fication is not a cost-effective process (Amaral et al., 2009; Wang et al.,
2001). Thus, it becomes necessary to find alternative strategies for the
recovery and valorization of this by-product in its un-purified form
(Amaral et al., 2009; Celik et al., 2008; Johnson & Taconi, 2007). The
biotechnological conversion of crude glycerol by microbial fermentation
into value-added products has been proposed as an interesting alterna-
tive (André et al., 2010; Koutinas et al., 2007). Glycerol can be assimi-
lated as a carbon source by several microorganisms, being metabolized
by the phosphorylation path to produce several compounds (Makri
et al., 2010). The use of glycerol for Y. lipolytica growth and production
of 2-PE from biotransformation of r-phenylalanine (L-Phe) has been
reported by Celiniska and Grajek (2013), with a titer of 1 g L™! of this
phenyl-alcohol. In yeasts, 2-PE can be produced through the Ehrlich
pathway by L-Phe biotransformation.

The conventional methods applied for the quantification of glycerol
and aromatic compounds are high performance liquid chromatography
(HPLC) and gas chromatography (GC) (Pauls, 2011; Arellano et al.,
2012; Hosseini et al., 2015). However, both methods present several
disadvantages such as the impossibility of being used for real-time
monitoring, they are reagent and time consuming and often it is not
possible to obtain complete chromatographic separation, making it
impossible to quantify the compounds. A faster and more direct method
of analysis would produce more timely process information and better
bioprocess control. Accurate monitoring of a bioprocess for the pro-
duction of aromatic compounds, as 2-PE, is essential to achieve optimal
quality and yield of this rose-like aromatic compound.

FT-NIR spectroscopy is an easy, rapid and nondestructive technique
applied in many areas such as pharmaceutical, chemical, petrochemical,
food and beverage, polymer and agriculture. Recently, developments in
both chemometrics and instrumentation have resulted in rapid methods
relating spectroscopic and multivariate chemical data that allowed to
apply this technique for the monitoring of fermentative/biotransfor-
mation processes (Zimmerleiter et al., 2020). FT-NIR was applied for the
monitoring of biomass, penicillin, and phenoxyacetic acid in a Penicil-
lium chrysogenum fed-batch fermentation process (Zimmerleiter et al.,
2020) and for the quantification of biomass, glucose, ethanol and
glycerine concentrations in an alcoholic fermentation (Nascimento
et al., 2017). The technique was also applied in the biodiesel quality
assessment, through the determination of glycerol and alcohol (Pilar
Dorado et al., 2011), in a rapid intracellular lipid quantification in
oleaginous yeasts (Chmielarz et al., 2019) and, for the monitoring of
2-phenylethanol and L-Phe concentrations in culture medium of Yarro-
wia lipolytica (Quintelas et al., 2019).

In the present work the potential of FT-NIR spectroscopy was
explored for monitoring a biotechnological process for the production of
2-PE measuring not only the precursor, but also the carbon source. In
this process, crude glycerol from the biodiesel industry was used as
carbon source to boost sustainability and economic viability of the
production of biobased flavors. A rapid measurement of parameters as
biomass, glycerol, L-phenylalanine and 2-PE is very important to ensure
a high quality of the product as well as to optimize the quantity pro-
duced. A chemometric approach was essential with that regard, con-
sisting of PLS regression to establish quantification models with the
parameters abovementioned. The developed PLS models were optimized
in terms of spectral regions and pre-processing techniques, regarding
each parameter, and then the respective independent test set was pro-
jected to attest the robustness and accuracy of the PLS model.
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2. Experimental
2.1. Microorganism, media and culture conditions

The microorganism used in this work was Y. lipolytica CH1/5 (iso-
lated from cheeses), that was supplied by Dr. Nguyen and Dr. Szandra
from Szent Istvan University, Budapest (Nagy, 2014; Nagy et al., 2013).

For the bioconversion experiments, Y. lipolytica CH 1/5 cells were
pre-cultivated at 27 °C and 200 rpm for 17 h in 500 mL baffled Erlen-
meyer flasks containing 200 mL of YPG (10 g L™! of yeast extract, 20 g
L7t of peptone and 20 g L7t of glycerol) (Braga & Belo, 2015).
Pre-cultures were centrifuged (8000 rpm, 10 min), washed with a NaCl
solution (9 g L™1) and used to inoculate the bioreactor (RALF PLUS
SOLO, Bioengineering, Wald, Switzerland) with 1.1 L of the biocon-
version of modified cultivation medium (based on Cui et al., 2011),
containing per liter of deionized water: crude glycerol 40 g, KHoPO4 15
g, MgS04.7H50 0.5 g, YNB without amino acids 0.2 g, thiamine 3 mg,
supplemented with L-Phe 4 g. Samples of 5 mL were taken from the
bioreactor three times per day, during 5 days. Bioconversion experi-
ments were performed in duplicate.

The crude glycerol was supplied by Prio Energy - Prio Bio-
combustiveis, SA and has the following composition (w/w), according to
the supplier: 82% glycerol, 11.8% water, 4.7% NacCl, less than 0.01%
methanol, 0.5% organic matter (which is not glycerol) and less that 1%
of other impurities.

A total of 80 samples were collected and analyzed by HPLC and FT-
NIR. More details about the number of samples used for each chemo-
metric model can be seen in Table 1.

2.2. Biomass, glycerol, 2-PE and L-Phe analysis

During the bioconversion experiments, samples were taken to
determine biomass concentration, glycerol and L-Phe consumption and
2-PE production.

Cell concentration was determined by measuring the optical density
(OD) at a wavelength of 600 nm. The OD values obtained were con-
verted into dry cell weight (g L™1) using a calibration curve previously
obtained. The value of R? for the calibration was 0.999 and the limit of
detection was 0.55 g L1,

The concentration of glycerol was determined by HPLC accordingly
to Ferreira et al. (2016). The value of R? and limit of detection for the
calibration were 0.9998 and 0.1 g L%, respectively.

The 2-PE and L-Phe concentrations were determined accordingly to
Quintelas et al. (2019).

2.3. Near infrared scanning

FT-NIR spectra were recorded on a Fourier-transform near infrared
spectrometer (FTLA 2000, ABB, Thermo Electron Corporation) equipped
with an indium-gallium-arsenide (InGaAs) detector, from 14000 to 200
em™}, in transmittance mode using a flow cell with a 0.7 mm path
length. For each sample, 64 scans were obtained with a spectral reso-
lution of 8 cm™! and then averaged. Samples were temperature equili-
brated at 23 °C (approximately 3 min) within the spectrometer before
scanning. The integration time was adjusted until the peaks at
1100-1200 nm for FT-NIR were close to 60,000 intensity units. Grams/
Al software (Thermo Electron Corporation) was used for spectrometer
configuration, control, and data acquisition. Distilled water was used as
background.

2.4. Chemometrics analysis

Two chemometric tools, namely principal component analysis (PCA)
(Jolliffe, 2002) and partial least squares (PLS) regression (Geladi &
Kowalski, 1986), were used for the multivariate data analysis. The PCA
tool was applied to check the presence of outliers and to detect common
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Table 1
Statistics for the chemical parameters evaluated obtained by reference analysis.
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Parameter Calibration set Validation set

N Minimum Maximum Mean N Minimum Maximum Mean
Glycerol (g/L) 54 0.00632 48.1 19.40 23 0.0633 47.8 12.70
2-phenylethanol (g/L) 51 0.0255 0.428 0.18 22 0.0256 0.419 0.17
L-phenylalamine (g/L) 21 0.0332 4.91 2.57 9 0.134 4.58 2.78
Biomass (g/L) 56 0.446 29.2 14.00 24 0.487 27.9 11.20

tendencies. No outliers were detected, neither common tendencies. The
PLS tool was applied for the quantification of glycerol, biomass, 2-PE
and r-phenylalanine, using the PLS-1 algorithm. The spectra were pre-
viously mean centered before the application of PCA and PLS using
Matlab R2014a version 8.3 (MathWorks, Natick, USA) using PLS
Toolbox version 8.2.1 (Eigenvector Research Inc., Wenatchee, USA).

The sample set was initially divided into two data sets, one for
calibration with 70% of the samples and the other set for validation with
the rest of the samples (30%), using the Kennard-Stone algorithm. The
division was made randomly but guaranteeing that the concentration of
all the parameters in validation set were within the concentration values
of the calibration set. Different spectral regions and pre-processing
techniques were tested individually and in all possible combinations
to verify which spectral region(s) and pre-processing techniques yielded
the best results using only the calibration set. The spectral regions
studied were the following: spectral region 1 from 5400 to 216 cm ™ ?,
spectral region 2 from 6426 to 5404 cm™*, spectral region 3 from 7217
to 6430 cm ™! and spectral region 4 from 13960 to 7221 cm ™. The pre-
processing techniques studied included standard normal variate (SNV)
and Savitzky-Golay filter (tested with the first and second derivative,
second polynomial order and different filter widths). The estimation of
the optimal number of latent variables to prevent model overfitting was
performed using leave-one-sample-out cross-validation method and the
selection was based on the lowest root mean square error of cross-
validation (RMSECV). The root mean square error of calibration
(RMSEC), RMSECV, and root mean square error of prediction (RMSEP)
were calculated according to the following formula:

@

where, n is the number of samples, c; is the experimental measurement
for sample i and ¢; is the corresponding value obtained for calibration
(RMSECQ), cross-validation (RMSECV) and prediction set (RMSEP).

The best PLS calibration model, for each parameter, was selected
based on the lowest RMSEC and RMSECV and on the highest R%; and
Rcy.

Then, after this optimization, the independent validation set was
projected onto the PLS calibration models to assess their accuracy. The
RMSEP, coefficient of determination of prediction (R?p), range error-
ratio (RER) and residual predictive deviation (RPD) parameters were
used to estimate the accuracy of the developed models. The RER and
RPD parameters were calculated using the following formulas:

(Yoax = Youin)
RER= ~————~ 2
RMSEP 2
RPD— Standard deviation of reference data 3)

SEP

In eq. (3), SEP stands for standard error of prediction (SEP) which
was calculated using the following formula:

C)

where, ¢; is the experimental results for sample i, ¢; is the value obtained

with the validation and n is the total number of samples used in the
validation.

3. Results and discussion
3.1. Statistics for the chemical parameters evaluated

The PCA analysis did not reveal the formation of clusters or the
presence of outliers (through the analysis of on Hotelling’s T? and
squared residuals statistics). Thus, all the available data were considered
for further analysis and divided into two groups, one for calibration
(70%) and the other for validation (30%). The minimum, maximum, and
mean values of the calibration and validation sets for each parameter are
shown in Table 1.

The number of samples available for each parameter evaluated is
unequal because some samples yielded concentration values below the
detection limit of the respective reference procedures used and for that
reason were excluded. As can be seen, the values of the validation set are
within the values of the calibration set.

3.2. Optimization of the PLS models

The optimization of the PLS calibration models was performed using
only the calibration set. The models were optimized in terms of spectral
regions and pre-processing techniques were used. As referred in section
2.4 Chemometric analysis, the spectra were divided in 4 spectral re-
gions. These regions were tested individually and in all possible com-
binations (a total of 15 possible combinations) using different pre-
processing techniques. The obtained results for the calibration models
considering each chemical parameter individually are shown in Table 2.
Note that only the application of Savitzky-Golay filter with 15 points of
filter width and also the best spectral regions (spectral regions R2 and
R4) are shown as the obtained results with other filter widths and
spectral regions did not yield better results.

The obtained results (in terms of RMSEC, RMSECV, R%: and R%qy)
helped to reveal the best spectral region and pre-processing technique
for all the chemical parameters assessed. In terms of spectral regions, the
best results considering the parameters abovementioned were obtained
through the combination of spectral regions 2 and 4, which makes sense
since these were the most informative spectral regions. Regarding the
best pre-processing technique and considering all the parameters, the
application of Savitzky-Golay filter with 15 points of filter width, second
polynomial order and first derivative yielded the best results.

3.3. Validation of the PLS models

After the optimization of the PLS models using only the calibration
set, the validation set was projected to test the accuracy of the developed
models. Table 3 and Fig. 1 presents the obtained results.

As can be seen in Table 3, the obtained R% was higher than 0.85 for
all the compounds assessed, and for the quantification of glycerol and
biomass it was even higher than 0.95. Following the same tendency, the
RER parameter was higher than 7.7 for all the parameters and close to 15
for glycerol and biomass. Therefore, these PLS models can be considered
very good models for research quantification (Rambo et al., 2013).
Regarding the RPD values, all the developed models yielded values
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Table 2
PLS calibration models results.

Glycerol
Pre-processing Without SNV SG(15,2,1)+SNV SG(15,2,2)+SNV SG(15,2,1) SG(15,2,2)
technique
Spectral regions 2 4 2+4 2 4 2+4 2 4 2+4 2 4 2+4 2 4 2+4 2 4 2+4
RMSEC 1.72 2.08 1.84 394 355 314 472 409 343 2.14  5.07 2.15 1.73 170 127 230 479 1.40
RMSECV 3.02 3.53 2.95 6.38 6.77 4.43 6.86 6.31 5.78 3.50 10.81 4.03 2.93 3.59 2.74 3.00 8.19 3.05
R% 095 094 0.94 095 096 0.97 093 095 0.96 0.94 0.92 0.94 0.99 0.99 0.99 096 091 0.97
Ry 093 091 0.92 0.88 0.86 0.94 0.86 0.87 0.90 091 0.64 0.91 0.97 096 0.98 095 0.78 0.95
2-phenyethanol
Pre-processing Without SNV SG(15,2,1)+SNV SG(15,2,2)+SNV SG(15,2,1) SG(15,2,2)

technique
Spectral regions 2 4 2+4 2 4 2+4 2 4 2+4 2 4 2+4 2 4 2+4 2 4 2+4
RMSEC 0.04 0.03 0.03 0.05 0.05 0.04 0.05 0.04 0.05 0.03  0.08 0.04 0.04 0.04 0.03 0.03 0.04 0.03
RMSECV 0.05 0.05 0.05 0.06 0.07 0.05 0.06 0.05 0.05 0.05  0.09 0.06 0.05 0.05 0.05 0.05 0.07 0.07
R% 092 094 0.93 0.87 0.85 0.89 0.84 092 0.87 093 0.61 0.94 0.94 0.90 0.94 093 093 0.93
Ry 0.86 0.82 0.85 0.77 071 0.83 079 0.84 0.83 0.84  0.50 0.81 0.87 0.84 0.87 0.84 070 0.85
L-phenylalanine
Pre-processing Without SNV SG(15,2,1)+SNV SG(15,2,2)+SNV $G(15,2,1) $G(15,2,2)

technique
Spectral regions 2 4 2+4 2 4 2+4 2 4 24+4 2 4 2+4 2 4 2+4 2 4 2+4
RMSEC 0.85 0.76 0.54 0.70 0.72 0.78 0.75 0.13 0.71 0.23 0.12 0.20 0.61 0.55 0.57 0.24 0.01 0.05
RMSECV 098 1.17 1.24 1.06 119 0.91 1.42 158 1.35 1.97 255 1.87 098 1.23 1.16 190 166 177
R% 079 0.82 0.89 0.83 0.82 0.80 0.89 0.89 0.88 0.88  0.89 0.88 0.86 0.89 0.88 0.88 0.89 0.89
RZCV 0.66 0.55 0.49 0.60 0.53 0.72 0.78 0.76 0.80 0.59 0.13 0.57 0.86 0.85 0.86 0.70 0.11 0.57
Biomass
Pre-processing Without SNV $G(15,2,1)+SNV SG(15,2,2)+SNV SG(15,2,1) SG(15,2,2)

technique
Spectral regions 2 4 2+4 2 4 2+4 2 4 2+4 2 4 2+4 2 4 2+4 2 4 2+4
RMSEC 1.83 205 197 273 267 203 251 262 226 234 194 1.87 1.83 172 1.82 1.79 189 1.89
RMSECV 235 248 247 3.24 345 298 417 423 3.64 2.80 3.75 2.87 214 233 217 232 356 251
R% 094 091 091 0.89 090 091 091 090 0091 091 0.94 0.93 0.95 0.99 0.95 092 094 0.92
R2CV 0.89 0.89 0.87 0.85 0.83 0.87 0.77 0.76 0.82 0.89 0.80 0.88 0.91 0.92 0.93 0.90 0.81 0.89

Legend: SNV - standard normal variate; SG (x,y,z) — Savitzky-Golay (filter width points, polynomial order, derivative); RMSEC — root mean square error of calibration;
RMSECV - root mean square error of cross-validation; R2c - coefficient of determination for the calibration; R%cv — coefficient of determination for the cross-validation.

Table 3
PLS results of the quantification of glycerol, 2-phenylethanol, 1-phenylalamine
and biomass when using the validation set.

Glycerol 2-phenylethanol L-phenylalanine Biomass
LV 4 5 5 5
RMSEC (g/L) 1.27 0.0301 0.570 1.82
RMSECV (g/L) 2.74 0.0463 1.16 2.17
RMSEP (g/L) 2.72 0.0473 0.575 1.88
R% 0.994 0.944 0.877 0.951
Ry 0.975 0.870 0.860 0.931
R% 0.969 0.850 0.876 0.958
RER 17.6 8.4 7.7 14.6
RPD 5.7 3.0 2.6 4.3

Legend: LV - latent variables; RMSEC - root mean square error of calibration;
RMSECV - root mean square error of cross-validation; RMSEP — root mean
square error of prediction; R%c — coefficient of determination for the calibration;
RZ2cv - coefficient of determination for the cross-validation; R%p — coefficient of
determination for the prediction; RER - range error-ratio; RPD — residual pre-
dictive deviation.

higher than 2.6 which indicates that all the models can be considered
with a good predictive accuracy and the models with an RPD higher than
3.0 can be considered with an excellent accuracy according to (Nicolai
et al., 2007).

From all the PLS models developed, the quantification of -phenyl-
alanine was the one that produced the worst results which can be
attributed to the low number of samples. Therefore, further studies
including a higher number of samples are needed to attest the reliability
of the model. Nonetheless, the developed PLS model for 1-phenylalanine
quantification can be considered with good predictive accuracy as the

obtained RPD value was higher than 2 (Nicolai et al., 2007).

Globally, the obtained results point to the fact that is possible to
accurately quantify these parameters in biotechnological processes,
namely fermentations, using the NIR spectra.

3.4. Analysis of regression coefficient vectors

With the objective of analyzing the most important wavenumbers for
each of the developed PLS models, the regression coefficient vectors
were depicted (Fig. 2).

The analysis of the regression coefficient vectors revealed that the
most important wavenumbers for each of PLS model were very similar.
For glycerol, the wavenumbers located within 7400-7260 and 6400 -
5400 cm ™! were the most important, being the wavenumbers around
5900 cm™! the most important ones. The wavenumbers within
7400-7260 cm™! can be attributed to G-H stretching on combination
bands region while the wavenumbers within 6400-5400 cm ™! can be
associated with C-H stretching on the first overtone region (Shenk et al.,
2008). The main spectral differences found between samples of biodiesel
with and without contamination of glycerol were located at 5814 and
5714 em~! (Dorado et al, 2011) which reinforces these findings.
Moreover, the O-H stretching of alcohols can be found around 6300
em! (Sieslet et al., 2008).

For 2-phenylethanol and r-phenylalanine, the more relevant wave-
numbers were located within 6400-5400 cm™!. Again, these spectral
regions can be connected with C-H stretching on the first overtone re-
gion (Shenk et al., 2008) and the O-H stretching of alcohols around
6300 cm ™ (Sieslet et al., 2008).

In relation to biomass, the wavenumbers within 7370-7260 and
6400 - 5400 cm ™! were the most important. Theses wavenumbers can be
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Fig. 1. Experimental values versus the cross-validation (@) and validation (m) values obtained for (A) glycerol, (B) 2-phenylethanol, (C) r-phenylalanine and

(D) biomass.

connected with C-H stretching on combination bands regions and first

Fig. 2.
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Regression coefficients vectors of the PLS models built for glycerol, 2-phenylethanol, L-phenylalanine and biomass.

3.5. Remarks and perspective

overtone region, respectively (Shenk et al., 2008).

In our opinion, the most important wavenumbers found for each PLS
model make sense as the chemical bonds that were previously referred,
are present in each evaluated parameter.

Several reports described the use of FT-NIR spectroscopy for moni-
toring different fermentation processes. To improve the yield of an in-
dustrial fermentation, Wang et al. (2017) applied a method based on
Fourier-transform near-infrared spectroscopy (FT-NIR) to predict the
growth of the yeast. These authors developed a model based on gaussian
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mixture regression (GMR) and obtained a coefficient of determination
R,? of 0.98 for yeast quantification, that is similar to the one obtained in
the present report. Grassi et al. (2014) tested the application FT-NIR for
the quantification of biomass (yeasts) in a beer fermentation using PLS
regression and locally weighted regression. The sz ranged between
0.829 and 0.852. The quantitative monitoring of substrate consumption,
namely glucose, was also successfully accomplished through FT-NIR
(Nascimento et al. (2017) and Tamburini et al. (2014)). Morita et al.
(2011) analyzed the glucose and xylose consumption in a fermentation
process aiming to produce ethanol, glycerol, and xylitol. The authors
developed robust PLS regression models for all the compounds, with a
high prediction accuracy (standard error of prediction values in the
range 0.21-1.49 g L™Y). The quantification of glycerol by FT-NIR spec-
troscopy was mainly applied to the production/analysis of biodiesel
(Gelinski et al., 2018; Furtado et al., 2021). Dorado et al. (2011)
developed a methodology based in FT-NIR spectroscopy for the quan-
tification of methanol and glycerol and achieved a R%cy of 0.99 and 0.81,
for methanol and glycerol, respectively. Taking into consideration that
the current study obtained an Rp? value of 0.97 for glycerol determi-
nation, — higher than that obtained by the previous authors — this re-
inforces the higher performance of the developed methodology. The
quantification of 2-PE and L-Phe by FT-NIR, in fermentative processes, is
not usual, and this technique is mainly applied to the quantification of
2-PE in wines and for the quantification of amino acids, as L- Phe, in food
products. Studies developed by Lorenzo et al. (2009) and Ye et al. (2016)
tested the quantification of 2-PE in wines, red wines and apple wines,
respectively. The first authors obtained a Rp? of 0.36 and the second
authors obtained a Rp? of 0.84 for 2-PE estimation. Again, the developed
work shows a higher performance over the cited methodologies. In fact,
an Rp? value of 0.88 was obtained, which compares quite favorably with
the 0.36 value of Lorenzo et al. (2009) and 0.84 value of Ye et al. (2016).
The quantification of L-Phe using FT-NIR spectroscopy was tested by
Escuredo et al. (2014) that analyzed the presence of this amino acid plus
other eleven amino acids in quinoa and by Shen et al. (2010) that
evaluated the amino acids content, including L- Phe, in Chinese rice
wine. The first authors obtained a coefficient of determination (R?) of
0.78, for L- Phe and the second authors found an R? of 0.89 for L-Phe
determination. Taking into consideration that the current study ob-
tained an Rp? value of 0.88 for L-Phe determination, which is higher
than the obtained by Escudero et al. and similar to the obtained by Shen
et al.,, this attests again the high performance of the developed
methodology.

It is important to highlight that the obtained concentrations for the
production of 2-PE using glycerol as carbon source are similar with the
ones obtained with glucose, which reinforces the possibility of using this
waste, crude glycerol, to produce value added products (Braga et al.,
2018; Ferreira et al., 2016, 2018, pp. 41-42). The transformation of
waste or by-products from different industries into add-value products
for a circular economy and the fast and reliable determination of the
parameters associated to the process is extremely important. It should be
emphasized that this methodology presents several advantages over
classical analytical techniques, offering a practical alternative to
time-consuming methods such as liquid or gas chromatographic
techniques.

4. Conclusions

The monitoring of biotechnological processes demands the use of
rapid, reliable and, if possible, environmentally friendly analytical
techniques. In this sense, this work describes a rapid, reliable, cost-
effective, accurate, multi-parametric and environmentally friendly
analytical technique exploring the potential of FT-NIR spectroscopy for
the assessment of biomass, glycerol, L.-phenyalanine and 2-PE during a
biotechnological process for the production of 2-PE.

The determination of these parameters was achieved though PLS
regression. The PLS calibration models were optimized in terms of
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spectral regions and pre-processing techniques. The combination of
spectral regions 2 (6426-5404 em™) and 4 (13960-7221 ecm ™) with
the spectra pre-processed using Savitzky-Golay filter (with 15 points of
filter width, second polynomial order and first derivative) yielded the
best results. After the optimization, the models were validated using an
independent test set and the obtained results in terms of Rzp, RER and
RPD were higher than 0.85, 7.7 and 2.6, respectively, for all the pa-
rameters assessed. These results reveal that all the developed PLS models
can be considered as models with a good predictive accuracy and as so
attest the suitability of FT-NIR spectroscopy for the quantification of
these parameters. The most important wavenumbers, analyzed through
the respective regression coefficient vectors, pointed to chemical bonds
that are present in each of the evaluated parameters.
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