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4. EXECUTIVE SUMMARY

Objectives & Rationale
Practically speaking, scanning a sample takes less time (higher throughput) and is more efficient
than classical YAN measurements. From one scan, if the instrument is calibrated, various
measurements can be done – glucose, fructose, malic acid, TA, pH, VA, etc. We propose to add
YAN to this extremely relevant list (ammonia and FAN separately, and even individual or groups of
amino acids) to decrease the time and the cost for these measurements in the future.

Methods
YAN, FAN, and ammonia were measured with a reference method. Amino acids were determined
by derivatization with AccQ-Tag followed by HPLC separation and UV-Vis detection. All the
samples were also scanned with FOSS, Alpha, and MPA.

Key Results
PLS models were built based on calibration/prediction sets of 66/34 and 50/50. Additional tasks
were given to be able to test the robustness of the models. FOSS generally outperformed the other
two instruments, but all three gave acceptable results in terms of statistical parameters tested. This
means that all three instruments can be used to
measure YAN, FAN, and ammonia.

Discussion and Conclusion
The results obtained in this study show that it is indeed possible to calibrate IR spectroscopic
instruments for the accurate measurement of YAN, FAN, and ammonia concentrations.
Transmission FT-IR (FOSS and MPA) spectroscopy was, however, observed to show the most
promising results; however, FT-NIR spectroscopy (FOSS) also produced models capable of good
to excellent quantification, primarily for YAN and FAN. Furthermore, both of these instruments
showed sufficient robustness against samples originating from different varieties, growing
conditions, and vintages, addressing the concerns of applying this technology to the agricultural
industry. Therefore, applying this rapid, cost-effective, and environmentally friendly method in an
industrial setup is a plausible option, despite the inherent variability and complexity of the grape
juice matrix. Moreover, the possibility of measuring the YAN status of samples from a new vintage
are one of the most important findings in this study as it demonstrates the feasibility of this
technology in an industrial set-up. This is because calibrations will most likely be based on samples
originating from previous vintages and used for analysis of subsequent vintages.

Recommendation to Industry / Key take-home message

5. PROBLEM IDENTIFICATION AND MOTIVATION

Problem Identification

The aim of the project we propose is to set up a statistical model (a calibration) that correlates the
information we have from two data sets: YAN measurements and spectral information. In the context, the
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spectral data will be mined for information that will be correlated to YAN values (possibly FAN and
ammonia separately) creating a calibration for the IR, which, in turn, will be used to measure YAN for
future samples. Additionally, amino acid results from HPLC measurements will be (tentatively) correlated
to the same spectral information, offering the possibility for direct measurement of individual amino acids
or classes relevant for wine (precursors of aroma compounds).

Motivation
In this day and age, the technology we use should be reliable and information-rich. This translates into the
demand, on one hand, for robust methods that can be done anywhere anytime (preferably at low cost)
and, on the other hand, for complex measurements that can be mined for additional information that gives
the measurement more value. That’s why people tend to use nowadays techniques such as IR and
UV/Vis spectroscopy, which are both robust and information-rich. The issue at this point is to be able to
exploit the information such techniques offer and to implement the results.

6. ACCUMULATED OBJECTIVES TABLE

Performance chart
Objectives Milestones Original Target Date Date achieved

O1. Data acquisition M1.1 Sampling a
representative number of
samples
M1.2 Analysis using a
reference method
(YAN/FAN/ammonia)
M1.3 Analysis using a HPLC
method (amino acids)
M1.4 IR Spectral acquisition

2016,2017 2016, 2017

O2. Data modelling M2.1 Build, validate statistical
model for YAN/FAN/ammonia
M2.2 Build, validate statistical
model for amino acids

04/2018

05/2018

06/2018

12/2018

O3. Additional data M3.1 Collection of limited no
of samples
M3.2 Analysis with reference
methods and spectral
acquisition
M3.3 Model update and
testing

harvest 2018
06/2018

06/2018

03/2018

06/2018

07/2018

O4.Implementation M4.1 Models (calibrations)
set up on the instruments
that generated the data

08/2018 12/2018

O5.Final report M5.1 Final report 02/2019 current

O6.Articles M6.1 Scientific articles
M6.2 Popular article
M6.3 MSc thesis

2019
2019
2018

in progress
published
done
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7. WORKPLAN (MATERIALS AND METHODS)
For a workflow of the project, please see Fig.1.
W1. Data acquisition: Most of the data necessary for setting up the statistical model has been acquired
during a previous project (Status of yeast assimilable nitrogen (YAN) in South African grape musts. Impact
of cultivar and area (WW ASB 16.02) 2016-2017). Data sets (YAN measurements and spectral data) were
recorded for 2016 and 2017 harvest, covering a representative number of white and red juices, cultivars,
and areas. The data was put in a format adequate for the next step. Amino acid analysis was performed
by HPLC on all samples from 2016 and 2017.
W2. Data modelling: With the help of appropriate statistical software (OPUS), the two data sets (reference
and spectral) were used to build and validate the model that made the correlation between IR spectra and
YAN, FAN. and ammonia values and between IR spectra and amino acid concentration.
W3.  Additional data: In 2018 we collected a limited but relevant number of samples (approx. 90), which
were analysed by IR and the YAN/FAN/ammonia/amino acids levels predicted with the help of the model.
All samples were analysed with the reference method, too. The new samples were included in the models
to update them and strengthen their robustness.
W4. Implementation: the calibrations are set up on the spectroscopy instruments that assisted in
generating the data in the DVO labs and have already been used during the 2019 harvest.

Figure 1. Workflow of the project, with details regarding the materials and methods used for each step.

8. RESULTS AND DISCUSSION
Calibration models and model accuracy were evaluated using OPUS software (OPUS v. 7.2 for Microsoft,
Bruker Optics, Ettlingen, Germany). This software correlates the reference values to the spectra through
the use of the partial least-squares regression (PLS) algorithm.
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The following strategy was employed during the modelling process: For each instrument, the spectra from
all three vintages (which included all the different varieties and origins of grape juice samples) were
uploaded to the OPUS software with their corresponding reference values for either YAN, FAN, or
ammonia. The sample set was divided into a 66/34 calibration to validation set using the Kennard-Stone
algorithm for random selection by selecting the “automatic selection of test samples” feature. Thus, an
external validation set was used to validate the models (in other words, a part of the samples was used to
create the models and other samples, not included in the initial model, were used to test the models).
Furthermore, pre-processing techniques such as smoothing, standardization, transformation, and
normalization were used for model optimization (Fig 2).

Once the optimum regions were identified for a specific instrument and sample parameter, a subsequent
model was built using these settings, but instead the sample set was divided into a 50/50 ratio of
calibration/test. The models including samples from all the different varieties, origins and vintages will from
hereon be referred to as global models and differentiated based on their calibration to validation ratio
(66/34 or 50/50).

Figure 2. Modelling strategy and tasks for the evaluation of the models generated for YAN, FAN, and
ammonia.

The accuracy and reliability of the models were assessed based on a set of performance evaluation
indices which included the correlation coefficient of calibration and validation (R2CALand R2VAL), the
root-mean square error of calibration (RMSEC) and validation (RMSEP) as well as the RPD in calibration
and validation (RPDCAL and RPDVAL).

The correlation coefficient, R2CAL and R2VAL, is a measure of how well the variation observed in the
predictor variables can be explained by the response variables in the calibration and validation set,
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respectively. This value ranges between 0 and 1, where 0 explains none of the variation and 1 the total
amount of variation present. Thus, the closer the R2-value is to 1, the more variation can be explained
and accounted for by the model.

Furthermore, the RMSEC and RMSEP measure the mean difference between the concentration values
obtained from the reference method and the values predicted by the model in the calibration and
validation steps, respectively. In other words, this value represents the average uncertainty that is
anticipated for the prediction of new samples
The RPD of a model indicates the ratio of the standard deviation of either the calibration or validation set
to the corresponding error in prediction (RMSEC or RMSEP) (RPD = SD/RMSE).
Thus, the more variability accounted for by the model (SD) and the lower the error in prediction (RMSEP),
the higher the RPD will be, and subsequently, the more reliable the model is. RPD values ranging
between 1.5 and 2 are considered only sufficient to discriminate high values from low, whereas values
between 2 and 2.5 allows for coarse quantification. A value above 2.5 indicates a good level of
quantification, however, values above 3 are preferred. When RPD values reach 5 or above, these models
are thought to be viable for quality control.

The optimum number of latent variables (i.e. rank) to avoid overfitting of the model was algorithmically
determined. Rank was, however, not used as a criteria to compare the reliability of the models in this
study. Instead, a provision was made which allowed for a maximum of 20 latent variables to be
considered during model optimization. This number was considered to be low enough to avoid overfitting
of the models as YAN is a minor component, producing a rather weak signal in a highly complex matrix.
Moreover, the chances of overfitting were further decreased by external validation strategies in addition to
the large number of samples that were gathered from a variety of different cultivars, vintages and origins –
ensuring that both calibration and validation sets would be representative of the population.

To assess the robustness of the models, it was tested to see whether the YAN, FAN, and ammonia
concentrations from samples from a new vintage (2018) could be accurately predicted by a calibration
model built based on samples from the previous two vintages (2016 and 2017). In other words, 2016 and
2017 grape juice samples were used as the calibration set to train the model, while 2018 was used as an
independent test set. Furthermore, it was tested to see how accurately the nitrogen status of red grape
varieties could be predicted based on a calibration model built from white grape varieties, and vice versa.
These calibration models included samples from all three vintages, origins, and the respective red or
white varieties.

Based on these criteria, we could evaluate the various models generated during the project for YAN, FAN
and amoonia.

Overall, for each instrument, total YAN predictions were observed to be more accurate than measuring the
components separately. This was shown through the higher RPD values obtained for YAN than for FAN
and ammonia separately, as well as the lower error in prediction (RMSEP) found for YAN compared to the
sum of the errors obtained for FAN and ammonia. Furthermore, for all tasks (global, vintage and red vs.
white models) FT-IR was able to predict total YAN and ammonia more effectively than FAN, whereas
FT-NIR and ATR-MIR was able to predict total YAN and FAN more effectively than ammonia.

Taken together, FT-IR (WineScan™ FT120) outperformed both other instruments for the measurement of
all three of the investigated parameters, throughout all the given tasks. This is because consistently higher
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RPDVAL as well as lower RMSEP were observed for this instrument compared to the other
spectroscopies. However, the MPA, measuring in the NIR range in transmission mode, also produced
models capable of accurate quantification, although the validation statistics were slightly less optimal than
what was found for FT-IR. It would, however, be advisable to rather use FT-IR for the quantification of
ammonia compared to FT-NIR as FT-IR obtained RPDVAL > 4 compared to < 3 for FT-NIR.

ATR-MIR was, however, not comparable to either FT-IR or FT-NIR spectroscopy for any of the parameters
or tasks assigned. This is due to the consistently lower RPDVAL and higher RMSEP obtained throughout.
Thus, this instrument is only suitable for screening purposes and not for the accurate quantification of any
of the parameters tested. However, the regions that were selected for the optimization of the models for
the FT-IR models primarily fell within the mid-infrared range. Thus, it is hypothesised that the mode that
the spectra was collected in (reflectance vs. transmission) also played a major role in the difference in
performance obtained between the instruments and thus, transmission was found to be more suitable
than reflectance for this application.

In summary, we would like to draw attention to the following:

- R2 for both calibration and validation sets are good (over 0.9 in most cases)

- there was a very small number of outliers removed (2-3%)

- all models performed well under the testing conditions (global model and tasks)

- RPD values (the most important indicator on how well a calibration can be used) of 2.5-3 and higher
indicate that the calibrations can be used for quantification and over 5 for QC!

The same type of calibrations (PLS) were attempted for some of the most important amino acids. Models
were optimized for the major amino acids arginine (Arg) and proline (Pro) as well as for the sum of the
branched chain amino acids (BCAA) and the aromatic amino acids (AromaticAA). Spectra was measured
using the same instruments as for YAN: a near-infrared device in transmission mode (FT-NIR MPA), a
mid-infrared instrument in reflexion mode (ATR-MIR ALPHA) and finally using a FOSS instrument in the
infrared region. The modelling included the testing of a number of spectral pre-processing options and
also a wave number selection strategy. The objective of the spectral pre-processing is to enhance those
chemical signals than can potentially be used to predict the amino acid content in juice samples. The
spectral region selection is performed with the objective of excluding regions in the spectra that contain
non-predictive information (noise or regions that correspond to other juice components) and negatively
influence model performance. In addition, and based on the information obtained from the modelling of
YAN, FAN and ammonia, models with selected regions were also attempted.

The validation statistics showed RPD values almost always lower than 2 and the models should not be
used for quantification purposes (Figure 3 as example and Table 1 for results). The RPD indicates the
accuracy of the model to predict the amino acid content of new samples. The higher the RPD the higher
the accuracy of the models to predict new samples. RPD higher than 2.5-3 are considered good enough
for prediction purposes. Only for the cases on proline in both FT-NIT and FT-IR the values were over 2.
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Figure 4 shows the example for proline for FT-IR (FOSS).

Figure 3. Predicted versus true validation values for the brain chain amino acid (mg/L) using the MPA
FT-NIR instrument

Figure 4. Predicted versus true validation values for the amino acid proline (mg/L) using the FOSS FT-IR
instrument
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Table 1. Validation statistics for the different amino acids and instruments evaluated

Validation results

Samples R2 RMSEP RPD

FT-NIR

Arginine 718 0.66 116 1.72

Proline 739 0.78 238 2.22

BCAA 723 0.45 19 1.37

Aromatic AA 711 0.41 49.6 1.39

ATR-MIR

Arginine 729 0.37 151 1.3

Proline 725 0.66 261 1.74

BCAA 7.21 0.51 18 1.43

Aromatic AA 700 0.35 55.2 1.38

FT-IR

Arginine 725 0.51 129 1.43

Proline 726 0.77 259 2.2

BCAA 730 0.49 18.1 1.41

Aromatic AA 721 0.37 57.3 1.35

Please indicate YES or NO if a PROJECT EXTENSION is required (if YES, contact Winetech)
___NO____

9. CONCLUSIONS AND RECOMMENDATIONS
In light of this, using FT-IR (FOSS), or even FT-NIR spectroscopy (MPA) would be more beneficial than
ATR-MIR (Alpha) as there are lower RMSEP and higher RPDVAL values. High RPD values are important
as the RPD of a model is an indicator of how reliable the model is i.e. it indicates how reliable the RMSEP
of the model is. Furthermore, the RMSEP reported for these two instruments are low enough in the
context of the YAN status of grape must to allow for optimal and precise nitrogen supplementation. The
work showed that it is indeed possible to build robust quantitative models for the rapid and cost-effective
measurement of YAN, FAN and ammonia, and that FOSS and MPA were found to outcompete Alpha.
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10. ACCUMULATED OUTPUTS

a) TECHNOLOGY DEVELOPMENT, PRODUCTS AND PATENTS
Indicate the commercial potential of this project, e.g. Intellectual property rights or commercial product(s).
If nothing, type NONE TO DATE.
2018. FOSS, Alpha and MPA calibration models for YAN, ammonia and FAN have been developed and
tested and are ready and implemented in 2019.

b) SUGGESTIONS FOR TECHNOLOGY TRANSFER
A series of popular articles have already been submitted to WineLand and published. YAN, FAN and
ammonia calibrations are set up in the CA Lab at DVO and can be used by the industry.

c) HUMAN RESOURCES DEVELOPMENT/ TRAINING (STUDENTS)
Student Name and
Surname

Student Nationality Degree (eg MSc
Agric, MComm)

Level of studies in
final year of project

Total cost to industry
throughout the
project

Honours

Masters

Gabriella Petrovic SA MSc Msc 0

PhD

Postdocs

d) PUBLICATIONS (POPULAR, PRESS RELEASES, SCIENTIFIC)
Peer reviewed:

Petrovic G, Aleixandre, JL & Buica, A 2019 InfraRed spectroscopy-based modelling for the prediction of
grape must nitrogen composition, submitted to Talanta May 2019.

Petrovic, G., Kidd, M. & Buica, A., 2019. A statistical exploration of data to identify the role of cultivar and
origin in the concentration and composition of yeast assimilable nitrogen. Food Chemistry. 276 (October
2018), 528–37.

Petrovic, G, Aleixandre-Tudo, JL & Buica, A, 2019. Grape must profiling and cultivar discrimination based
on amino acid composition and general discriminant analysis with best subset. SAJEV 40(2) DOI:
https://doi.org/10.21548/40-2-3373

Petrovic, G, Aleixandre-Tudo, JL & Buica, A, 2019. Unravelling the Complexities of Wine: A Big Data
Approach to Yeast Assimilable Nitrogen. OenoOne 53(2): 107–27. DOI:
https://doi.org/10.20870/oeno-one.2019.53.2.2371
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Popular articles:

Big Data and YAN Analysis: New Developments in South African Context. Astrid Buica, Gabriella Petrovic,
Jose-Luis Aleixandre-Tudo – WineLand February 2019

Amino Acids in South African Grape Musts. Part I: Composition and Profiles. Astrid Buica, Gabriella
Petrovic, Jose-Luis Aleixandre-Tudo – WineLand March 2019

Amino Acids in South African Grape Musts. Part Ii: Cultivar Classification. Astrid Buica, Gabriella Petrovic,
Jose-Luis Aleixandre-Tudo – Wineland April 2019

Rapid and Cost Effective Quantification of YAN Concentration and Composition: Vintage Effect and
Cultivar Effect. Astrid Buica, Gabriella Petrovic, Jose-Luis Aleixandre-Tudo – Wineland May 2019

e) PRESENTATIONS/PAPERS THAT COULD BE DELIVERED
“Rapid and cost effective quantification of YAN concentration and composition” G Petrovic, JL
Aleixandre-Tudo, A Buica, poster and flash presentation at SASEV-WINETECH 41st International
Conference, Somerset West, South Africa

“Predicting YAN level of minor grape cultivars using a major cultivar-based model: comparison of IR
spectral instruments”, G Petrovic, J-L Aleixandre-Tudo, A Buica, lecture presented at VitiNord 2018,
Malmo, Sweden/Copenhagen, Denmark

11. PROJECT OUTCOME AND IMPACT

New Knowledge Benefits Supply Chain Direct Grower
Application

Direct Packhouse/
Winery /  Cellar

Application
Other

x x x

Other is:
Increased the method portfolio for the CA Lab and is accessible to industry.

The Value of the project to industry
FOSS-type of instruments can be used for rapid and accurate quantification of YAN, FAN and ammonia.

12. PERSONS PARTICIPATING IN THE PROJECT
Initials & Surname Highest

Qualif
Race (B, W) Gender (M,

F)
Institution &
Department

Position Cost to Project

AS Buica PhD W F DVO, SU PL 0

JL Aleixandre-Tudo PhD W M DVO, SU PL 0

M Kidd PhD W M CSC, SU Coll

M Taylor MSc W M CAF, SU TA 0
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** (Only applicable to persons who participate as Consultants or on Contract)

(3)Position Co = Co-worker ( other researcher at your institution)
Coll = Collaborator ( participating researcher that does not receive funding for this project from

industry)
PF = Post-doctoral fellow
PL = Project leader
RA = Research assistant/ student
TA = Technical assistant/ technician

13. BUDGET

TOTAL COST SUMMARY OF THE ENTIRE PROJECT
TOTAL
ANNUAL
COSTS
(ALL
YEARS)

CFPA RAISIN
SA

SAAPPA-
SASPA

SATI Winetech ARC THRIP OTHER TOTAL

TOTALS 0 0 0 0 200000 0 0 90000 290000

2016 0

2017 0

2018 200000 90000 290000

2019 0

2020 0

2021 0

2022 0

2023 0

2024 0

2025 0

2026 0

TOTAL 290000
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