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A B S T R A C T

Lactic acid is mainly produced during the process of malolactic fermentation and evolution of its concentration is 
associated with the wine stabilization process and the quality of the final product. The quantitative analysis of 
lactic acid is carried out offline in the laboratory using various analytical techniques, the most used being high 
performance liquid chromatography (HPLC). Because of this, there is a clear demand in the winemaking com
munity for analytical tools that allow real-time, fast and inexpensive quantification of lactic acid. An approach 
using Raman spectroscopy has positioned itself as a feasible alternative in this regard. The primary goal of this 
work is therefore to monitor the concentration of lactic acid (which changes rapidly during the malolactic 
fermentation process) in the analysed samples, specifically, Nebbiolo wine samples for making the Barolo wine. 
The collected Raman spectra using a portable Raman apparatus are processed using an algorithm that applies 
Partial Least Squares (PLS) regression to determine the lactic acid concentration for each sample. It proves to be a 
precise and reliable method that leads to the determination of a predictive model characterised by R2 = 0.76 (on 
the validation set), R2░ = ░0.94 (on the test set) and RMSE of the lactic acid concentration predicted by the 
model of 0.22 g/l (on the validation set) and 0.11 g/l (on the test set) respectively. This approach produces 
results comparable to those obtained via HPLC. Moreover, unlike the latter, it allows rapid and easy monitoring 
of the lactic acid concentration during fermentation directly in the winery.

Glossary
BT back-thinned
CCD charge-coupled device
CV cross validation
DSS decision supporting system
HCAs hydroxycinnamic acids
HPLC high performance liquid chromatography
LV latent variable
MIR mid-infrared
ML machine learning
MSC multiplicative scatter correction
MSE mean square error
MST mean total sum

NIR near-infrared
ODR orthogonal distance regression
PCR principal component regression
PLS partial least square
RMSE root mean square error

Introduction

Lactic acid is a useful indicator for monitoring fermentation pro
cesses, and its concentration is closely related to the flavor and texture of 
the final product [1]. It is mainly produced during malolactic fermen
tation, an oenological process (lasting from a few weeks to months) in 
which lactic acid bacteria convert malic acid, with a sour taste, into 
lactic acid and carbon dioxide, with a softer flavor. This transformation 
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contributes to the production of wines characterized by greater balance 
and persistence [2]. This transformation is often intentional (especially 
in red wines) and normally follows the alcoholic fermentation: a process 
by which ethyl alcohol and carbon dioxide are produced from the sugars 
contained in the grape must. Determining the concentration of malic and 
lactic acid allows malolactic fermentation to be monitored; this permits 
the evaluation of the evolution and the end of this transformation and 
the ability to act in favour of the protection of wine against spoilage, 
ensuring that the wine reaches biological stability and high qualitative 
standards.

Traditional methods for determining lactic acid concentration in 
wines include chromatography [3] and colorimetric techniques [4]. The 
former is the most commonly used approach, although it requires 
expensive and time-consuming equipment because the analysis is typi
cally conducted in an outside laboratory. As a result, there is a growing 
need for on-site, real-time monitoring solutions to track lactic acid 
concentration during fermentation. To monitor lactic acid concentration 
and indicatively follow the fermentation process more efficiently, 
real-time and on-site monitoring methods are preferred. In this regard, 
vibrational spectroscopy techniques [5] and biosensor devices [6,7] 
have shown promise as viable alternatives. In particular, modern 
instrumentation using near-infrared (NIR), mid-infrared (MIR) and 
Raman spectroscopy has found wide applications in the food and 
beverage industry, including alcoholic beverage production [8,9]. They 
allow rapid and non-destructive measurements, have high specificity 
and sensitivity, and allow on-site measurements to be performed with 
portable instrumentation.

Prominent among these optical investigation techniques is Raman 
spectroscopy, which, due to the limited interference of water signals, is a 
valuable tool for analysing samples in aqueous environments. It is a 
material analysis technique that exploits the Raman effect in order to 
study the chemical composition of the sample by analysing the light 
beam scattered inelastically from it [10]. To the best of our knowledge, 
this technique has not yet been used to determine the concentration of 
lactic acid during malolactic fermentation in wine, probably due to the 
complexity of analysing the Raman spectra of lactic and malic acid, 
which in fact do not show clearly evident characteristics in the spectra of 
the wine under investigation. However, this difficulty can be curbed by 
integrating spectroscopic analyses with machine learning (ML) and 
multivariate analysis techniques. In fact, as technology has evolved, the 
latter have become increasingly useful tools for analytical science, to 
perform high-yield analyses and measurements of the sample [11,12]. 
By applying such techniques, it is possible to determine the pattern 
followed by a pre-labelled dataset to make predictions on new datasets 
and greatly accelerate experimental analysis and calculation. The use of 
these multivariate and ML methods has effectively contributed to a wide 
range of research, including spectroscopy data processing and its prac
tical applications in the fields of analytical, physical and organic 
chemistry to obtain quantitative and qualitative information on the 
chemical composition of samples of interest. Consequently, there is a 
growing preference for the combined use of standard instrumental 
methods with multivariate and ML methods to determine patterns, 
optimise and automate the analysis of samples. In this study, multivar
iate analysis technique is used to analyse Raman spectra in order to 
identify data correlations and perform pattern recognition [13].

In particular, the aim of this work is to use Raman spectroscopy 
combined with multivariate analysis techniques to determine the con
centration of lactic acid during malolactic fermentation directly in the 
winery. This option is being studied as part of the QualShelL ‘Wine 

Quality and Shelf-Life’ project [14], which involves implementing new 
procedures for assessing grape quality and monitoring oenological 
processes in order to achieve high wine quality standards and to have 
rapid and innovative analytical tools to support decisions on oenological 
interventions in the winery (precision oenology). This study is carried 
out on samples of Nebbiolo wine for making the Barolo wine1 [15] and 
the results obtained are compared with the currently most widely used 
method: high performance liquid chromatography (HPLC) [16].

The study conducted led to the determination of a valid approach for 
the determination of lactic acid concentration in wine samples. This 
method, unlike conventional methodologies, is fast, user-friendly, non- 
destructive and allows on-site measurements to be carried out; it also 
provides results that are consistent with those produced by the meth
odologies currently in use.

Materials and methods

Experimental design

The following experimental design was prepared in order to deter
mine the concentration of lactic acid in wines during malolactic 
fermentation using Raman spectroscopy. 

• Analysis of Nebbiolo wine samples obtained from 4 different 
wineries.

• Acquisition of Raman spectra of samples whose lactic acid content 
changed during malolactic fermentation using portable instrument. 
Measurements were carried out on 13 dates in one and a half months 
(November to December 2022) by taking 3 independent measure
ments for each date and cellar.

• Analysis of 150 Raman spectra2 using multivariate techniques. Cre
ation of a predictive model based on lactic acid concentration ana
lysed through the method currently used (HPLC).

• The model was applied in order to predict the lactic acid concen
tration of 5 unknown Nebbiolo wine samples.

Materials

The samples analysed consist of Nebbiolo wines, collected after the 
alcoholic fermentation, destined to the production of Barolo designated 
wine. They were taken directly from the stainless steel tanks during the 
malolactic fermentation period. The wines under examination came 
from four different wineries, with codes A, B, C and D.

HPLC determination of lactic acid in Nebbiolo wine samples
Each wine sample underwent a preparation step. Specifically, 1 ml of 

sample was taken and then acidified with the same volume of 1 N o- 
phosphoric acid (in order to shift the acid balance towards the non- 
associated form). Subsequently, the sample was passed through a C18 
cartridge to separate the hydrophilic phase (containing the acids) from 
the lipophilic phase (containing the polyphenolic fraction). The first 
phase is then collected in a 10 ml flask (together with the water used in 
the cartridge washing step following the passage of the wine) which is 
brought to volume using 5 ⋅ 10− 3M o-phosphoric acid. Next, the wine 
sample is subjected to filtration (pore diameter 0.2 μm) and collected in 
a 4 ml vial. Finally, to perform the quantitative analysis, the sample 
inside the vial, containing the lactic acid, is injected into the HPLC. The 

1 The samples analysed are wines from Nebbiolo grapes harvested in wineries 
in the Barolo production area. Following a specific period of ageing, this wine is 
defined as ‘Barolo wine’. At the time of analysis, the above-mentioned ageing 
phase has not yet taken place, so we simply define the samples as Nebbiolo 
wines for making the Barolo wine.

2 For one winery, the Raman spectra of the last two dates are missing (i.e.: 6 
acquisitions in total). Therefore, the total of 156 spectra is reduced to 150.
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quantitative determination of lactic acid is carried out by comparison 
with an external standard and construction of a calibration line, with 
four concentration points equal to 0.7–1.3–2.0–2.7 g/L of lactic acid. 
Each of the four points was prepared and injected three times [17]. The 
chromatographic conditions and acquisition parameters of the instru
mental apparatus used are given below. 

• Eluent: phosphoric acid (5⋅10− 3M);
• flow rate: 0.6 ml/min;
• volume injected: 20 μl;
• HPLC column: RP C18, 4 mm × 250 mm;
• UV–Vis detector at 210 nm.

The output is a chromatogram for each injected sample (i.e. for each 
sampling point and winery) from which the mass concentration of lactic 
acid can be determined.

Raman spectrum acquisition of Nebbiolo wine samples
Measurement in three replicates (spectra) for each sampling point 

and winery were acquired in order to obtain repeated measurements for 
each population element. The three measurements were carried out 
considering a different portion of the sample each time. They can 
therefore be considered independent measurements.

To perform the Raman analysis, 3 ml of sample were taken and 
placed into a quartz cuvette. Then, using a customised portable Raman 
apparatus (using an optical fibre for illumination and collection), the 
Raman spectrum of the sample under investigation is acquired. The 
acquisition parameters used to obtain the spectra are given below. 

• Spectrometer: Exemplar Pro (B&W Tek, Plainsboro, NJ, USA) 
featuring a highly sensitive deep cooled (− 25 ◦C) back-thinned (BT) 
CCD detector, a spectral range of 190 − 1100 nm and a spectral 
resolution of 0.6 nm;

• laser: BRM-785E (B&W Tek, Plainsboro, NJ, USA) characterised by a 
power output of 300 mW and a wavelength of 785 nm;

• optical fiber coupled Raman Trigger Probe BAC102 (B&W Tek, 
Plainsboro, NJ, USA): the probe is characterised by a working dis
tance of 5.5 mm and the fibre has a numerical aperture of 0.22;

• acquired range of Raman shift: [50, 3400] cm− 1;
• exposure time: 10 s;
• number of scans: 3;
• average spectral resolution: 11 cm− 1;
• edge filter characterised by a Raman cut-off at 150 cm− 1

Data preprocessing

Before analysing the data, it is necessary to preprocess the acquired 
spectra in order to correct and transform them to be suitable for the 
statistical elaboration.

First, the tail of the Rayleigh peak was removed because it contained 
no information about the samples and was influenced by both elastically 
scattered photons and the absorption of the edge filter in the spec
trometer; the noise was then reduced using the Savitzky-Golay 
smoothing algorithm implemented with the SciPy library [18] (using a 
number of points in the window equal to 9 and a polynomial of order 2). 
Multiplicative scatter correction (MSC), a data transformation technique 
used to compensate for additive and/or multiplicative effects, was then 
applied. Through this technique, the signal dispersion for each pixel can 
be reduced by correcting the data using a reference spectrum (the mean 
of all spectra) [19]. Next, the baseline, given by the fluorescence phe
nomenon, was removed by an iterative process using a polynomial of 
order seven and a tolerance factor of 10− 4. Finally, an L2 normalization 
was applied to the intensities of each spectrum; this step rescales these to 
have unit norm. In this way the spectra have the same scale and the data 
are comparable to each other. Hence, we obtain the pre-processed 
Raman spectra.

PLS regression application

After the data have been processed, it is possible to proceed to the 
dataset creation phase. The dataset consists of an X matrix and a Y 
column vector: 

• The X matrix contains the intensity of each Raman spectrum. It is an 
M ×N matrix where M is equal to the number of total spectra and N is 
equal to the number of RS acquired for each spectrum; in this case: 
150 × 1545. So, for example, the first row of X matrix contains the 
intensities of the first Raman spectrum acquired.

• Y is a vector of length M (with M equal to the number of spectra 
acquired). The elements of this vector are the lactic acid concentra
tions (g/l) determined using HPLC. For example, the first element of 
Y is the lactic acid concentration associated with the first acquired 
spectrum.3

In order to study the data, PLS regression was applied to the dataset 
(this technique was implemented using Python’s scikit-learn library 
[20]). It is a statistical method that, starting from the input data, iden
tifies a linear regression model [21]. This chemometric regression 
technique was chosen because it is one of the best multivariate methods 
suitable for handling datasets in collinear situations [22].

The input data are the observed variables (matrix X) and the pre
dicted variables (vector Y). To identify the pattern that follows the data, 
PLS regression determines the multidimensional direction in X-space 
that explains the maximum multidimensional variance in Y-space. This 
technique projects the input data, using an appropriate transformation, 
into a new space with the objective of maximising the covariance be
tween the X matrix and the Y vector defined in the new space. A new 
representation of the data is then obtained, defined with new variables 
called latent variables (LVs), in which dimensionality reduction can be 
applied and the intrinsic properties of the data can be highlighted [23].

This technique is particularly advantageous in this case as the sample 
matrix is complex and contains chemical compounds with similar atoms 
and molecular structures that have similar relevant RS windows. This 
similarity of output signal is also present in the analysis carried out using 
traditional methodology. However, applying PLS Regression further 
improves the discrimination of the compounds under investigation (as 
the resolution of the hand-held Raman instrument is not sufficient for 
the analysis of individual peaks for this particular application), leading 
to a better analysis of the compounds under investigation present in the 
sample.

Before applying PLS regression, the dataset (containing 150 Raman 
spectra corresponding to 50 samples) was divided into training, vali
dation and test sets to implement the homologous phases. The training 
and validation phase was implemented using k-fold group cross- 
validation (CV) [24]. This is a statistical technique used to evaluate 
how the results of an analysis generalize to a dataset independent of the 
one used to build the model. It is a resampling method that uses different 
parts of the data to validate and train the generic model used over 
different iterations and works as shown below.

The dataset (which includes both the training and validation sets) is 
divided into k subgroups called Folds. Making use of a cycle we have 
that, at each iteration, one subgroup is used as the validation set and the 
remainder as the training set. The cycle ends when each subgroup has 

3 Lactic acid concentrations were determined by HPLC, used as a reference 
method, by taking a single measurement for each of the 50 wine samples, as this 
is an established technique with high precision and repeatability. In contrast, 
three Raman measurements were taken on different portions of each sample in 
order to account for intra-sample variability. Therefore, in order to construct 
the reference vector Y (for the calibration of the PLS model) the concentration 
obtained from the HPLC was repeated three times, assigning it to each of the 
corresponding Raman replicates, for a total of 150 measurements.
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been used as a validation set; and finally the performance measure of the 
model is given as the average of the values calculated at each iteration.

This method provides information regarding how well the model 
generalizes and makes predictions on an independent and unknown 
dataset.

In this study, k-fold group CV was implemented using k=5, thus 
dividing the dataset into an 76 % training set and a 24 % validation set 
(excluding five data samples, corresponding to 15 Raman spectra, used 
for the testing phase).

Optimal PLS regression model and performance evaluation

The parameter R2 and RMSE are used to determine the model that 
best describes the data (in the optimal case R2 = 1 and RMSE = 0). The 
former is the coefficient of determination indicating the link between 
the variability of the data and the correctness of the statistical model 
used, the latter defines the quality of the predictions.

R2 is defined by the equation given below [25]: 

R2 = 1 −
MSE
MST

(1) 

where MSE is the mean square error and MST is the mean total sum of 
squares, in particular: 

MSE =

∑n
i=1(yi − ŷi)

2

n

MST =
∑n

i=1
(yi − y)2

(2) 

where: yi are the measurements for each sample, ŷj are the expected 
value for each, y is the average of all measurements and n is equal to the 
number of measurements.

Instead, the RMSE is the square root of the MSE and is the metric 
commonly used to assess the accuracy of a forecast model.

From the graphs of R2 and RMSE as a function of the number of latent 
variables for the training and validation set, it is possible to determine 
the best model and thus the optimal number of latent variables. The 
latter corresponds to the abscissa of the minimum RMSE on the valida
tion set (considering a value of R2 that is sufficiently high).

After determining the optimal model, it can be applied to calculate 
the lactic acid concentration of new samples. In order to determine the 
accuracy of the model prediction on these new data, that is, the agree

ment between the measurements made and the predicted values, the 
RMSE (defined above) can be used, but also the Precision and Bias pa
rameters (whose theoretical minimum value is 0 for both) can be 
considered. They are defined as follows: 

Precision =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

i=1(yi − yi)
2

n − 1

√

Bias =

∑m
j=1

⃒
⃒
⃒yi − ŷj

⃒
⃒
⃒

m

(3) 

where: yi are the measurements for each sample in the test set, yi is their 
mean and ŷj are the expected value for each sample under examination. 
Additionally, n is equal to the number of replicates of each element of 
the test set and m is equal to the number of test samples. It is important 
to note that the second member of the first equation providing the 
precision is the average ( − ) calculated on the m samples of the test set.

Results and discussion

Analysis of Nebbiolo wine Raman spectrum and preprocessing

The Raman spectra acquired are shown in Fig. 1. From an initial 
analysis of the graphs, it can be seen that the spectra are characterised by 
a baseline given by the fluorescence phenomenon that will need to be 
corrected. These spectra are then preprocessed in order to transform and 
correct them appropriately before applying PLS regression, following 
the steps described in subsection “Data preprocessing”. The pre
processed spectra are shown in Fig. 2, where the characteristic peaks of 
the sample matrix are highlighted.

The peaks present in the Raman shift window [2600 - 3100] cm− 1 are 
due to CHx stretching, while the intensity peak observed around 880 
cm− 1 probably originates from CC stretching of ethanol. The bands 
around 450 cm− 1 and 1250 cm− 1 can be associated with OCC and HCC 
stretching, respectively. Other peaks of weak intensity can be observed 
in the [1050–1450] cm− 1 window and are presumably originated by 
hydroxycinnamic acids (HCAs). Finally, Raman scattering around 1000 
cm− 1 and 1600 cm− 1 could be associated with the presence of phenolic 
compounds [26].

A comparison of the Raman spectra of pure lactic acid and pure malic 
acid (Figure S1 of the Supplementary Information) with the Nebbiolo 
wine spectrum (Fig. 2) shows that the characteristic peaks of the acid are 

Fig. 1. Complete dataset of Raman spectra of Nebbiolo wine samples.
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obscured by various compounds present in the wine matrix under ex
amination. For this reason, multivariate approach is necessary to find 
the correlation between the wine Raman spectra and the concentration 
of lactic acid analysed by HPLC.

PLS regression model

Following the preprocessing of the data, PLS regression is applied to 
the training set in order to determine the pattern followed by the data. 
First, a new representation of the data (which makes use of LVs) can be 
determined, which makes it possible to reduce the dimensionality of the 
data and highlight their intrinsic properties. For instance, Fig. 3 shows 
the scores plot of the first two LVs (in the model used in this study, a 
larger number of latent variables will be used, as explained below), from 
which it can be seen that: 

• The dimensionality of the dataset was reduced; in fact, each spec
trum is defined by one point in the scores plot, therefore by only two 
variables (LV1 and LV2). In contrast, before the application of this 

technique, each spectrum was defined by each row of the X matrix 
(1545 variables).

• The graph highlights the similarities and differences in the dataset. In 
fact, by colouring each point (Raman spectrum) with a colour scale 
proportional to the concentration of lactic acid in the associated 
sample, a specific trend followed by the data can be observed. Spe
cifically, lactic acid concentration decreases in the LV1 direction and 
increases with LV2.

To determine the optimal number of latent variables, RMSE and R2 

are plotted as a function of the number of latent variables (for the 
training set and for the validation set) and the abscissa of the minimum 
RMSE on the validation set is determined; considering a sufficiently high 
R2 (Fig. 4). This represents the optimal number of LVs and corresponds 
to the optimal PLS model describing the data, in this case: 

• RMSE = 0.22 g/l and R2 = 0.76 (on the validation set);
• number of LVs equal to 7.

In order to visually assess the performance of the model, the model’s 

Fig. 2. Pre-processed Raman spectra highlighting the characteristic peaks of the sample under investigation.

Fig. 3. New data representation. Each point defines a Raman spectrum of Nebbiolo wine sample; it is also coloured following a colour code according to the 
concentration of lactic acid in the sample.
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predicted lactic acid concentrations on the calibration set (considering 
the entire dataset excluding the test set) as a function of those provided 
by the reference method (HPLC) can be represented in a cartesian graph 
(Fig. 5). The blue points represent the spectra from the calibration set 
(training and validation set), whose coordinates are the model-predicted 
and reference lactic acid concentrations; while the purple curve is the 
linear fit of these points. The green curve representing the bisector of the 
first quadrant; indicates the expected trend where the concentrations 
determined by the two techniques are equal. The linear fit of the cali
bration set data points was calculated by applying orthogonal distance 

regression (ODR), a regression technique that considers the uncertainty 
of both the independent and dependent variable [27]. In this specific 
case, the uncertainty of the independent variable is the mean uncer
tainty of the HPLC measurements (equal to 0.09 g/l), while the uncer
tainty of the dependent variable is the root mean square error (RMSE) of 
the lactic acid concentration predicted by the model on the calibration 
set (equal to 0.10 g/l).

The following table shows the fitting parameters, Z-score and p-value 
(Table 1):

Plotting the graph loadings as a function of Raman shift (Figure S2 of 

Fig. 4. R2 and RMSE as a function of the number of latent variables, for the training and validation set.

Fig. 5. Lactic acid concentration predicted by the model from Raman spectra as a function of that measured by HPLC for the training set.
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the Supplementary Information) it shows the loadings plot of the first 
latent variable. This graph shows the Raman shift most relevant for the 
determination of the model; these are those referring to the greater or
dinates (in modulus). In this specific case, the most relevant Raman shift 
is the peak at about 800 cm− 1 of the ethanol CC stretching and the peak 
of the CHx stretching around 3000 cm− 1 These peaks are among the most 
intense in the Raman spectrum of lactic acid (Figure S1 of the supple
mentary information), we therefore have confirmation that the most 
relevant RS windows in the determination of the pattern are precisely 
those referring to the most intense peaks in the spectrum of the acid 
under investigation.

Finally, the histograms of the latent variables (Figure S3 of the 
Supplementary Information) show the explained variance of X (Raman 
spectra) and of Y (lactic acid concentration). By summing up the 
explained variance of all LVs used in the model (in this case 7) it is 
possible to know the percent information maintained despite the data 
transformation. In the new data representation, the retained information 
contained in X is equal to 70 %, while for Y is equal to 95 %.

Testing new data

The model was applied to predict the lactic acid concentration of five 
new Nebbiolo wine samples randomly extracted from the dataset (cor
responding to 15 Raman spectra and thus 10 % of the total dataset). 
Taking into consideration the graph in Fig. 5, but considering the spectra 
of test set (red dots) instead of those of the calibration set; the plot shown 
in Fig. 6 is obtained. Furthermore, this graph shows the error bars 
considering the uncertainty associated with the values predicted by the 
lactic acid concentration model, equal to the sample standard deviation 
(σ), and the confidence interval of (1.96⋅σ); determined considering a 5 
% significance level.

Using RMSE, it is possible to determine the accuracy of the model’s 
prediction on the test set, i.e., the agreement between the measurements 
made and the expected values. It is defined as explained in the 

subsection ‘Optimal PLS regression model and performance evaluation’; 
the RMSE value for the test set is given in the equation below: 

RMSE = 0.11 g/l (4) 

In addition, the Precision and Bias parameters (also defined in the 
subsection ‘Optimal PLS regression model and performance evaluation’) 
were used to evaluate the performance of the model by considering a 
number of replicates for each test set element (n) equal to 3 and a 
number of test samples (m) equal to 5. The calculated parameters for the 
five unknown samples are shown below: 

Precision = 0.07 g/l
Bias = 0.07 g/l (5) 

The theoretical minimum value of these parameters is zero, so the 
model is able to predict the lactic acid concentration in unknown sam
ples with high accuracy.

Comparison of HPLC and Raman spectroscopy

Finally, a comparison between the lactic acid concentration pre
dicted by the model and that provided by the HPLC for the five unknown 
samples is reported. For each of these, three spectra were acquired, 
therefore the measurement of lactic acid concentration associated with 
each sample is the average of the concentrations referred to the three 

Table 1 
Fit parameters and statistical test.

Fit parameters Measurements Expected values Z-score p-value

m 0.97 ± 0.02 1 − 1.47 0.14
q 0.01 ± 0.01 g/l 0 g/l 1.01 0.31

Fig. 6. Lactic acid concentration predicted by the model from Raman spectra as a function of that measured by HPLC for the test set.

Table 2 
Comparison of the lactic acid concentration predicted by the model and pro
vided by HPLC for the five unknown samples.

Sample Lactic acid 
concentration by 
HPLC (g/l)

Lactic acid concentration 
by Raman Spectroscopy 
(g/l)

Z-score 
on test 
set

P- 
value

1 0.06 ± 0.05 0.05 ± 0.04 − 0.18 0.86
2 0.19 ± 0.06 0.04 ± 0.10 − 1.55 0.121

3 0.36 ± 0.07 0.38 ± 0.08 0.29 0.77
4 0.89 ± 0.10 0.90 ± 0.2 − 0.14 0.89
5 1.2 ± 0.1 1.13 ± 0.04 − 0.95 0.34

1 The discrepancy in sample 2 is because the samples analysed are real sam
ples of a complex nature (we are in fact going to determine the concentration of a 
particular acid in a matrix rich in other chemical compounds). Sample 2 satisfies 
the Z-test and has a p-value greater than 0.05. It is therefore a statistically sig
nificant sample.
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spectra. The uncertainty, however, is equal to the sample standard de
viation. Table 2 shows the values of lactic acid concentration measured 
by the two techniques, the Z-score and the p-value. The z-score was 
calculated as the distance in standard deviations between the observed 
measure and the population mean. From this, the p-value was then 
calculated using a normal distribution table for a two-tailed test. With a 
significance level set at 5 %, if the resulting p-value is greater than 0.05, 
this implies that the difference between the observed measure and the 
expected value is not statistically significant, indicating that the mea
sures are compatible with the expected value.

From the values in Table 2, it can be observed that the results ob
tained by Raman spectroscopy are consistent with those obtained by 
HPLC. Performing a Z-test on the results of the unknown samples yields a 
p-value greater than 0.05 for all samples; we can therefore conclude that 
the concentrations provided by the model are not statistically signifi
cantly different from the values measured by HPLC.

Therefore, the predictions on the test samples are comparable with 
the expected values, and are accurate and precise; in fact, bias and 
precision are both equal to 0.07 g/l and R2 = 0.94 (on the test set).

Conclusions

This work is part of a line of research aimed at developing precision 
oenology through the study and development of analytical methods 
capable of collecting real-time information on wine composition. These 
methods make it possible to monitor the evolution of wines during the 
vinification and ageing process and provide information to support de
cisions on the oenological practices to be carried out in the cellar (DSS 
decision supporting system). In this specific case, the study used Raman 
spectroscopy, machine learning techniques and multivariate modelling 
methods to quantify the concentration of lactic acid in Nebbiolo wine 
samples in order to indicatively monitor the phenomenon of malolactic 
fermentation. This new methodology is easy and user-friendly; in fact, 
the procedure followed to analyse the chemical compound under 
investigation consists of just two basic steps: acquisition of the sample’s 
Raman spectrum and sending it to the multivariate regression algorithm. 
Finally, the latter will return the absolute concentration of lactic acid in 
the sample (in g/l). This methodology, unlike the conventionally used 
methods, e.g. HPLC, can allow on-site measurements (using portable 
Raman equipment). Furthermore, it is a non-destructive and fast tech
nique (no sample preparation step required). Finally, it can be noted that 
the study is aimed at Nebbiolo wine samples for the production of Barolo 
wine. However, by modifying the pre-processing step of the spectra and 
re-training the model, it is possible to generalise the model to other wine 
types of similar or higher malic and lactic acid concentration.

The constructed PLS regression model showed good repeatability 
and robustness (bias and precision both 0.07 g/l) and is characterised by 
R2 = 0.76 (on the validation set) and R2 = 0.94 (on the test set) for 
concentrations in the range [0, 1.6] g/l. Moreover, the RMSE of lactic 
acid concentration predicted by the model is 0.22 g/l (on the validation 
set) and 0.11 g/l (on the test set). In conclusion, the results obtained 
show that the Raman-PLS approach can be successfully used to deter
mine the concentration of lactic acid during malolactic fermentation 
(directly in the winery) with a high accuracy and repeatability compa
rable to currently used methodologies such as HPLC.
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[6] P. Giménez-Gómez, M. Gutiérrez-Capitán, F. Capdevila, A. Puig-Pujol, 
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