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Abstract: Vitamin A deficiency (VAD) is a public health issue worldwide. Provitamin A (PVA)
biofortified maize serves as an alternative to help combat VAD. Breeding efforts to develop maize
varieties with high PVA carotenoid content combine molecular and phenotypic selection strategies.
The phenotypic assessment of carotenoids is currently done using liquid chromatography, a precise
but time- and resource-consuming methodology. Using near-infrared spectroscopy (NIRS) could
increase the breeding efficiency. This study used ultra-performance liquid chromatography (UPLC)
data from 1857 tropical maize genotypes as a training set and NIRS data to do an independent test of
a set of 650 genotypes to predict PVA carotenoids using Bayesian and modified partial least square
(MPLS) regression models. Both regression methods produced similar prediction accuracies for
the total carotenoids (r2 = 0.75), lutein (r2 = 0.55), zeaxanthin (r 2= 0.61), β-carotene (r2 = 0.22) and
β-cryptoxanthin (BCX) (r2 = 0.57). These results demonstrate that Bayesian and MPLS regression
of BCX on NIRS data can be used to predict BCX content, the current focus on PVA enhancement,
and thus offers opportunities for high-throughput phenotyping at a low cost, especially in the early
stages of PVA maize breeding pipeline when many genotypes must be screened.

Keywords: Zea mays; maize; biofortification; β-cryptoxanthin; β-carotene; carotenoids; NIRS

1. Introduction

Vitamin A deficiency (VAD) remains a public health problem in many low- and middle-
income countries. Although the global prevalence of VAD in children under the age of
5 years has declined from approximately 39% to 30% over the past two decades, little
progress has been made in South Asia and sub-Saharan Africa, where VAD still affects
44 and 48% of children under 5 years, respectively [1].

Provitamin A (PVA) carotenoids, (e.g., β-cryptoxanthin, α- and β-carotene) are the
precursors of vitamin A, which is an essential nutrient for different systems of the human
body that helps prevent morbidity, mortality from infections, and childhood blindness [2].
These carotenoids are found in many vegetables, fruits, and, albeit in lower concentrations,
in yellow maize. In addition to PVA carotenoids, lutein, and zeaxanthin are the predominant
carotenoids in yellow maize [3,4].

The analysis and quantification of carotenoids can be challenging due to the large
number of naturally occurring carotenoids, the susceptibility of these compounds to degra-
dation, and the wide range of concentrations of carotenoids and their various isomers
found in nature [5]. Several methods have been considered in search of a fast, accurate, and
cheap assay to screen PVA content in maize grain to support PVA maize breeding programs.
Some of the proposed methods have included visual color scoring, the use of colorimetry,
and liquid chromatography [6,7]. Currently, PVA maize breeding pipelines rely mainly on
lab wet chemical techniques based on liquid chromatography and DNA markers to select
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for PVA carotenoids [7,8]. However, due to logistical and technical reasons, DNA markers
may not be a practical option for small breeding programs in develloping countries. Still,
even when DNA markers are used, validation of PVA content with accurate phenotypic
data is necessary.

Ultra-performance liquid chromatography (UPLC) has been an effective method for
generating high-quality PVA data for maize biofortification programs. However, it can
be laborious, expensive, and generates chemical waste [7,9]. Given the chemical structure
and characteristics of the different carotenoids present in maize, visual color determination
and colorimetric tests may help selection in the early stages, but they fail to precisely
discriminate among provitamin A carotenoids. Further, visual color scoring has low
throughput and can be subjective [6,7,10].

Recently, researchers have used low-cost non-destructive tools such as near-infrared
spectroscopy (NIRS) and nuclear magnetic resonance as a high-throughput phenotype
for predicting grain yield and other end quality traits in various crop species [11,12].
NIRS is considered a high-throughput phenotyping tool and is especially suited to the
needs of maize breeding programs because the equipment can be installed on research
plot combiners and information on quality traits and routine yield data can be obtained
simultaneously [9,13,14]. It is fast, simple, and, in some cases, it can be non-destructive;
it also allows for measuring different compounds at the same time. NIRS covers the
range from 780 nm to 2500 nm of the electromagnetic spectrum, and thus it measures
the interactions between electromagnetic radiation and vibrational properties of chemical
bonds [13,15]. For maize breeding programs, NIRS has been successfully used to screen for
protein, oil, starch, kernel density, anthocyanins, tryptophan, lysine, and popping capacity,
among many other traits [14,16–19].

Different mathematical methods have been applied to NIRS spectral data to make
predictions on other samples where the response variables were not measured. Partial least
squares (PLS) is a useful multivariate method, it can analyze data with strong collinearity
(correlated), noise, and several X- and Y-variables [20]. The PLS method is a practical
approach for cases where the number of predictors is larger than the number of observations
and has demonstrated better performance than principal component regression. The PLS
approach was originally developed by World-systems analysis and for predicting chemical
variables from spectral data [21,22], where the number of variables is larger than the
number of observations and there is high collinearity among variables. Details of the PLS
theory and its similarities with principal components regression and stepwise multiple
linear regression are described by Aastveit and Martens [23].

Rincent et al. [12] used high-throughput phenotyping for wheat lines and a tree species
(poplar) irradiated with infrared measured absorbance from 400 to 2500 nm. Using the
NIR wavelength data analyzed as NIR Best Linear Unbiased Predictor (NIR BLUP) (NIR
similarity matrix) in grains and leaves, the authors obtained better prediction accuracy than
using GBLUP (genomic similarity matrix). Hayes et al. [11] used a multi-trait approach
incorporating NIR and nuclear magnetic resonance information to the genomic models for
end-use quality traits in wheat. The authors found that genomic predictions ranged from
0.00–0.47, whereas after adding information using NIR and nuclear magnetic resonance,
prediction accuracy increased from 0.00 to 0.69.

Cuevas et al. [24] used a wheat dataset including NIR, genomic information, and
pedigree information. Results from the Bayesian NIR linear regression model (NB) showed
that NIR wavelength alone achieved less prediction accuracy than the genomic informa-
tion alone. Interestingly, pedigree + NIR information achieved slightly lower prediction
accuracy than genomic information + NIR. For fitting the models and making predictions,
Cuevas et al. [24] used the BGGE function from the library of the same name [25].

The main objectives of this study were to: (1) investigate whether NIR can be used
to predict carotenoid content in maize grain samples, and (2) compare the prediction
accuracies for two regression models: Bayesian and PLS. We used data from 1857 samples
as a training set to predict carotenoid content in an independent set of 650 maize samples.
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2. Materials and Methods
2.1. Maize Samples and Sample Preparation

The grain samples used in this study were obtained from the PVA maize breeding
program at the International Maize and Wheat Improvement Center (CIMMYT) and in-
cluded samples from 5 growing seasons (2018 to 2019) and environments in Mexico and
Zimbabwe, as well as from different crop management conditions. We used 3 groups of
datasets. Group 1 included 1857 cultivars that were used to develop the NIRS calibrations
and as training sets and fitting the Bayesian model. Group 2 included 390 cultivars that
were used for prediction, and group 3 included 650 cultivars used for prediction or as
independent validation. Out of those 650 cultivars, only 260 were completely new, since
the remaining 390 were the ones included in group 2. See Data Availability Statement.

A total of 50–100 kernels per sample were milled using a cyclotec mill (FOSS Tecator
1093) with a 0.5 mm sieve. A sub-sample of the obtained flour was used for chemical
carotenoid analysis by UPLC and the remnant flour was stored at−80 ◦C in paper envelopes
until they were scanned to obtain the NIRS spectra. Moisture content in each sample was
between 8–10%.

2.2. Chemicals and Reagents

All chemicals used for UPLC analyses were HPLC-grade and purchased from Millipore-
Sigma. Ultrapure water was used for UPLC and carotenoid extraction. The standards
for β-carotene (BC) were purchased from Millipore-Sigma, while those for lutein (LUT),
zeaxanthin (ZEA), and β-cryptoxanthin (BCX) were purchased from Carotenature.

2.3. Carotenoid Analysis

Carotenoid extraction and quantification were performed as described by Palacios-Rojas [26].
Briefly, 600-mg samples (fine powder of maize kernels) in 6 mL of ethanol (with 0.1% butylated
hydroxytoluene) underwent 5 min precipitation in an 85 ◦C water bath before being subjected
to 10 min saponification with 500 µL of 80% (w/v) KOH in water. After saponification, samples
were immediately placed in ice to which 3 mL of cold deionized water was added. Two hundred
microliters of the internal standard (β-apo-8′-carotenal) were added, and samples were vortexed.
Carotenoids were extracted three times with 3 mL of hexane by centrifugation at 800 g, and
the hexane fraction was extracted. The combined extracted hexane layers were dried under
nitrogen and reconstituted in 500 µL of 50:50 methanol:dichloroethane (v/v). All carotenoid
extraction procedures and analyses were conducted under yellow light. Two microliters of the
sample were injected into Acquity UPLC Water equipment. Separation was performed using
an Acquity UPLC BEH C18 1.7 µm, 2.1 × 100 mm column, and an Acquity column in-line
filter. LUT, ZEA, BCX, and BC were identified based on their characteristic spectra and by
comparing their retention times with known standard solutions. 9-cis-β-Carotene (9-cis-BC) and
13-cis-β-carotene (13-cis-BC) were identified and quantified based on BC standards. PVA was
computed as all-trans-BC + (1/2) (13-cis-BC) + (1/2) (9-cis-BC) + (1/2) (BCX). Total carotenoids
(TC) were computed as all-trans-BC + 9-cis-BC + 13-cis-BC + LUT + ZEA + BCX.

2.4. NIRS Analysis

The milled material (2–3 g per sample) was scanned by NIRS monochromator model
FOSS 6500 (FOSS NIRSystem, Inc., Silver Spring, MD, USA) using small ring cups (internal
diameter of 35 mm and depth of 8 mm). Spectra of the samples were collected between
400 and 2500 nm at 2 nm intervals, and each spectrum consisted of 32 scans, which were
automatically averaged and saved as absorbance intensity [log (1/R)].

2.5. NIRS Equations

All mathematical procedures on the spectral information and calibration development
using PLS were performed with WinISI III software from Infrasoft International (FOSS
NIRSystems, Inc., Silver Spring, MD, USA). The Bayesian NIR linear regression model was
implemented using R codes [27] (see Appendix A).
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2.6. Partial Least Square Models Using WinISI III Software

The main purpose of PLS modeling is to decompose both the design matrix predictor
(X) and matrix of response (Y) as X = TP′ and Y = UQ′ where T and U are projection
matrices of X and Y scores and P and Q are orthogonal loading matrices. The method will
produce the PLS regression estimates for the response predicted value. In this research,
the coefficients of PLS regression were generated with dataset 1 by using the WinISI III
software (FOSS NIRSystems, Inc., Silver Spring, MD, USA).

Prior to the PLS regression, spectra were pretreated by applying a first-derivative
transformation defined by 1,4,4,1 for ZEA, BCX, 13-cis-BC, BC, PVA, and TC, and 2,4,4,1
for LUT and 9-cis-BC, where the first number is the degree of the derivative, the second
number is the gap between data points for subtraction, and the third and fourth numbers
are the data points used for smoothing. This mathematical pretreatment of the spectral data
eliminates the background of constant correlation due to any existing correlation between
carotenoid content and particle size [28].

The results of the prediction calculations were monitored by checking the t outliers
with t > 2.5; the global neighborhood distances (GH) values which are used to determine
outliers or samples with unique characteristics; and the X outliers (not the usual spectral
data) >10; samples with t > 2.5 were deleted from the sample file. Between 3.61 and 4.79%
of the samples were left out for each carotenoid.

The standard deviation (SD) between NIRS and reference determinations for the
calibration [the standard error of calibration (SEC)] and validation sets [the standard error
of prediction (SEP)] were calculated. We also calculated the coefficient of determination of
calibration (R2c) and the coefficient of determination of validation (R2v) (the fraction of the
variance of the reference values explained by the variance of NIRS determinations) [29].

The ratio of standard deviation (RPD) was calculated as the ratio between the SD of the
reference value and the standard error of cross-validation (SECV). RPD is indicative of the
usefulness of the NIRS calibrations. If this ratio exceeds a value of 3, the prediction accuracy
of the calibration equation is higher compared to ratio values lower than 2. In addition,
we determined the ratio between the SD and the SEP of each trait because the quality
and robustness of a NIRS calibration can also be judged by the SEP and SD/ SEP [19]; an
SD/SEP ratio lower than 2 indicates unsuitable calibrations, while ratios between 2 and
3, 3 and 5, and 5 and 10 indicate calibrations with limited, satisfactory, and good quality,
respectively. Caution is required when interpreting the SD/SEP ratio because it depends
strongly on the distribution and number of reference values. Therefore, the SD/SEP ratio
cannot be regarded as the ultimate criterion for prediction quality. However, in combination
with SEP, the SD/SEP ratio is helpful for judging the predicted values and may prevent
erroneous conclusions concerning the real quality of a calibration model [29].

2.7. Bayesian NIR Linear Regression Model

The Bayesian regression model is represented by:

y = µ1 + ZNIRu + ε (1)

where the response vector y representing the values of PVA measured in n maize genotypes
is explained by an overall mean µ plus a random vector ZNIRu related to the NIR data and
a random error ε.

The component ZNIRu that explains the variation in PVA due to NIR comprises
the incidence matrix ZNIR that joins the NIR to the observations of PVA of the maize
genotypes; also, u is a random vector with normal distribution N(0, σ2

uK), where the
variance-covariance K is a positive semidefinite matrix previously constructed with the
NIR data. In addition, ε is the vector of random errors with normal distribution with
mean zero and constant variance σ2

e . For simplicity, we denote matrix X as the matrix of
the first or second derivative of the NIRs. Thus, K models the relationships between the
NIRs and is a function of X, and when K models the linear relationship between NIRs, it
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could be named NIRS BLUP (NB) and is computed as K = NB = XX′
p , where p represents

the number of columns of X and the NB establishes the NIR similarity between maize lines,
that is, how each cultivar is related to the others based on the electromagnetic spectrum.

With the first and second derivatives of the NIR, we formed matrices NIR BLUP, NB1,
and NB2, respectively, for the linear NIRs relationship. For the first and second derivatives
of the matrix of NIRs, we used the Savitzky Golay function from the prospectr package [30]
in R software (R Core Team, 2021). For fitting the models and making predictions, we used
the BGGE function from the BGGE library [25]. As mentioned in Granato et al., 2018, the
BGGE is an algorithm constructed to fit models within a Bayesian framework that uses the
Gibbs sampler for the Monte Carlo Markov Chain (MCMC), which allows convergence to a
posterior predictive distribution that provides the predictive values. The R codes used to
analyze the data can be found in the Appendix A.

The model was fit to the training dataset of 1857 genotypes and 1050 NIRS data
ranging in wavelength from 400 nm to 2498 nm (see Table 1). Therefore, the training dataset
was a matrix of order 1857 × 1050. The software ‘prospectr’ [30] was used to compute the
first and second derivative of the NIRs (X) using the Savitzky–Golay method, to better the
noise from the NIR evaluation process.

Table 1. Average Pearson predictive correlation PVA, BCX, and BC. Standard deviations (in parenthe-
ses). Methods representing the NB = NIR BLUP for NIR1 and NIR2.

NB Dataset 1
Model Fitting

NB Dataset 1
50 Random Samples
70–30% (TRN-TST)

NB Dataset 1
50 Random Samples
60–40% (TRN-TST)

NB Dataset 1 and 2
50 Random Samples
Group 1 Data + 2%

Group 2 Data (TRN)

PVA_NIR1
(first derivative) 0.905 0.882

(0.009)
0.878

(0.008)
0.381

(0.016)
PVA_NIR2

(second derivative) 0.903 0.867
(0.01)

0.865
(0.009)

0.317
(0.029)

BCX_NIR1
(first derivative) 0.865 0.834

(0.012)
0.829

(0.009)
0.753
0.008

BCX_NIR2
(second derivative) 0.867 0.825

(0.011)
0.821

(0.009)
0.754

(0.006)
BC_NIR1

(first derivative) 0.865 0.864
(0.011)

0.861
(0.009)

0.395
0.022

BC_NIR2
(second derivative) 0.891 0.851

(0.012)
0.847

(0.010)
0.326

(0.031)

To evaluate the model with dataset of group 1 (1857 cultivars), we formed 50 random
partitions, and in each partition, we randomly selected 70% of the data to form the training
set and 30% of the data for the testing set. Additionally, we formed 50 random partitions,
and, in each one, we randomly selected 60% of the data to form the training set and 40%
of the data for the testing set. For both random partitions, we computed the Pearson
correlations between the observed values versus the predicted ones. The average Pearson
correlation across all partitions and their associated standard deviations are presented in
Table 1.

We performed the prediction of the 650 cultivars of group 3 (testing set) using as the
training set the 1857 cultivars from group 1. The prediction accuracy (correlation between
observed and predictive values) for each trait can be observed on the last column of Table 2.
The second validation was performed forming 50 random samples where for each sample
the training set is formed with 1857 cultivars from dataset group 1 and 8 (2%) randomly
selected cultivars from group 2. Thus, the testing set comprises the 382 remaining cultivars
from group 2 (382). Results of this validation are presented in the last column of Table 1.
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Table 2. Reference values and external validations statistics of the NIRS calibrations for carotenoid
contents in maize using Bayesian NIR linear regression and MPLS methods. A total of 1857 maize
lines were used as training (TRN) and 650 maize lines were used as testing (TST) (unobserved).

Trait N a Range Mean b SD c SEP d SD/SEP
MPLS with WinISI Bayesian NIR Linear

Regression with BGGE

R2v e Pearson f R2v e Pearson f

LUT 650 0.05–8.83 2.24 1.43 0.25 5.64 0.55 0.74 0.55 0.74
ZEA 650 0.17–27.97 5.64 3.98 0.68 5.88 0.61 0.78 0.59 0.77
BCX 650 0.10–9.64 3.19 1.80 0.36 5.02 0.57 0.76 0.54 0.74

13-cis-BC 650 0.18–2.13 0.87 0.34 0.13 2.69 0.13 0.36 0.09 0.31
BC 650 0.20–10.46 2.76 1.39 0.55 2.52 0.22 0.47 0.15 0.38

9-cis-BC 650 0.19–2.37 1.05 0.38 0.10 3.64 0.12 0.35 0.09 0.3
PVA 650 0.62–15.71 6.29 2.22 0.81 2.76 0.16 0.39 0.13 0.36
TC 650 0.89–43.49 15.75 6.27 1.49 4.21 0.75 0.87 0.71 0.84

a N = Samples used to validate the model. b Expressed in mg kg−1. c SD = standard deviation. d SEP = standard
error of prediction. e R2

v = coefficient of determination in validation. f Pearson correlation coefficient between the
observed values of 1857 maize lines to predict 650 unobserved maize lines.

3. Results
3.1. Carotenoid Concentration in Maize Kernels

The summary statistics for each carotenoid of all the genotypes used in the calibration
of the models are shown in Table 3. A wide range was observed for all carotenoids, which
was expected due to the genotypic differences and environmental effects resulting from
the use of samples from different environments. As expected, ZEA and LUT were the pre-
dominant carotenoids (about 42.7% of the TC; with values up to 29.06 and 10.88 mg kg−1,
respectively). Some high levels of BC were also observed (values up to 20.93 mg kg−1,
25.2% of the TC). BCX values up to 19.16 mg kg−1 (18.59% of the TC) were found in this
germplasm, most likely due to recent breeding efforts to increase BCX in the PVA biofor-
tified germplasm at CIMMYT. Breeding for increased BCX is justified by the increasing
evidence indicating that BCX is more stable and bioaccessible than BC [31–34]. Thus, the
BCX concentration in this set of samples is higher compared to other reports in temperate
and tropical germplasm [32,35,36]. The data ranges for BC and PVA content are similar
to those previously reported in maize [3,36]. A wide range of variation in the carotenoid
content ensures that NIR calibration models are robust. When the PVA breeding program
was started, variation for PVA carotenoids was limited, and, as a result, many attempts to
develop NIR models were not successful [3].

Table 3. Reference values for NIRS calibration, and cross-validation statistics in the calibration set of
the maize lines.

Trait N a Range (µg g−1 DW) Mean b SD c R2
C

d SEC e R2
cv

f SECV g % Outliers RPD h

LUT 1778 0.10–10.88 2.22 1.60 0.81 0.69 0.79 0.73 4.25 2.20
ZEA 1779 0.15–29.06 5.25 4.44 0.81 1.92 0.80 1.96 4.20 2.26
BCX 1779 0.04–19.16 3.20 2.77 0.72 1.46 0.70 1.51 4.20 1.84

13-cis-BC 1790 0–4.47 1.24 0.73 0.77 0.35 0.75 0.36 3.61 2.02
BC 1787 0.09–20.93 4.52 3.48 0.79 1.61 0.77 1.68 3.77 2.07

9-cis-BC 1781 0–4.55 1.15 0.50 0.70 0.27 0.65 0.29 4.09 1.69
PVA 1768 0.11–27.31 8.61 4.92 0.81 2.12 0.80 2.19 3.72 2.24
TC 1788 1.77–57.95 17.73 9.33 0.93 2.43 0.93 2.53 4.79 3.69

a N = Samples used to develop the model. b Expressed in mg kg−1. c SD = standard deviation. d R2
C = coefficient

of determination in calibration. e SEC = standard error or calibration. f R2
cv = coefficient of determination in

cross-validation. g SECV = standard error of cross-validation. h RPD = ratio of performance deviation.

As expected, high and positive correlation coefficients between 13-cis-BC, BC, and 9-cis-BC
with PVA were observed, because these parameters are used to calculate PVA carotenoids
(Table 4). LUT and ZEA contents are correlated with each other (R2 = 0.89) and they are
also highly correlated with total carotenoids (TC) (R2 = 0.614 and 0.719, respectively); this is
because LUT and ZEA are the two major carotenoid compounds present in maize. Similar



Agronomy 2022, 12, 1027 7 of 13

correlations were reported by Sutko et al. [37] between LUT and ZEA with TC (r = 0.69 and
0.81, respectively). BC did not significantly relate to TC (R2 = 0.189), possibly because it is an
intermediate compound in the carotenoid biosynthesis pathway, whereas LUT and ZEA are
final products [37,38].

Table 4. Correlation coefficients between concentrations of individual carotenoid fractions in maize
(N = 1857) samples determined by Ultra performance liquid chromatography (UPLC).

LUT ZEA BCX 13-cis-BC BC 9-cis-BC TC PVA

LUT 1 0.890 0.394 0.008 0.012 0.000 0.614 0.010
ZEA 1 0.452 0.001 0.002 0.003 0.719 0.031
BCX 1 0.000 0.001 0.007 0.550 0.085

13-cis-BC 1 0.968 0.723 0.205 0.900
BC 1 0.622 0.189 0.890

9-cis-BC 1 0.213 0.686
TC 1 0.431

PVA 1

3.2. Partial Least Squares PVA NIRS Models Using WinISI III Software

NIRS calibration equations had high coefficients of determination (R2
C = 0.70–0.93)

and slightly lower coefficients of determination for cross-validations (R2
Cv = 0.65–0.93)

(Table 3), indicating that the calibrations were homogeneous. Based on the RPD values
(above 1.5), all calibrations can provide meaningful estimates of each carotenoid [13,19]
and therefore they can be very useful for PVA biofortification breeding programs.

The results of the independent validation for the different carotenoids, including
standard errors of prediction (SEP) and R2 values for each trait, are summarized in Table 2.
The SEP obtained in the validation were lower than their respective SD, indicating that
NIRS models can predict carotenoid content in maize flour [28]. In addition, the SD/SEP
ratio for all calibrations was between 2.52–5.88 (Table 2), suggesting that the calibrations
were of good quality. However, the coefficients of determination were low for BC, 9-cis-BC,
13-cis-BC, and PVA (R2v = 0.12–0.22) and moderate to high for BCX, ZEA, LUT, and TC
(R2v = 0.55–0.75). According to Martínez-Valdivieso et al. [28], R2 values above 0.50 would
indicate that over 50% of the variation in predicted values (carotenoid content) would be
attributable to variation in NIRS data, allowing for discrimination between genotypes with
high carotenoid concentration and genotypes with low carotenoid concentration. Previous
studies have shown that models with an R2 of 0.60–0.82 can be used for screening and
approximate quantitative carotenoid predictions [13,28].

Pearson’s correlations were calculated between observed and predicted values, and
for BCX, ZEA, LUT, and TC they were between 0.74 and 0.87. The data suggest that these
carotenoids could be adequately predicted with NIR spectroscopy data.

3.3. NIRS Using Statistical Bayesian Linear Regression Model with R

The package R BGGE [25] with 30,000 iterations was used for fitting the model in
Equation (1). First, we fitted dataset 1 with 1857 maize samples (without discriminating for
outliers). In addition to predicting all 650 maize lines (TST) using all the training sets of
1857 maize lines (TRN) (as shown in Table 2), we performed a random cross-validations
study considering dataset 1, dataset 2, and both (as explained above). The results of
the Bayesian prediction models are shown in Table 1. Using NIR1 BLUP, the correlation
between the fitted values and the observed values for PVA was 0.91, whereas this correlation
when using NIR2 BLUP was 0.90; both results are like those obtained with PLS.

Table 1 shows results for PVA, BCX, and BC from the random cross-validation of
dataset 1 considering 50 random samples each with a sample size of 70% for training (TRN)
and sample size of 30% for testing (TST). The mean NIR1 BLUP prediction accuracy for
50 random samples (70% training and 30% testing) measured by the correlations between
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the observed and the predicted values was 0.88 and 0.834 for PVA and BCX, respectively,
and 0.87, 0.825, and 0.825 for NIR2. Furthermore, when 50 random samples (60% training
and 40% testing) were taken from the data training dataset of the 1847 genotypes for PVA,
but with a TRN set of 60% and a TST set of 40%, the mean correlation between the observed
and predicted values was 0.878 for NIR1 and 0.865 for NIR2. For BCX, the mean correlation
was 0.829 and 0.821 for NIR1 and NIR2, respectively.

The NIR prediction accuracy for 10 random samples using as TRN all data from dataset
1 (1857 maize lines) plus 8 randomly selected from the 392 maize lines (from dataset 2),
with the rest of the 384 lines from dataset 2 comprising the TST, is also included in Table 1.
The PVA mean correlations between the observed and the predicted value were 0.38 for
NIR1 BLUP versus 0.32 for NIR2 BLUP. For BCX, the predicted value was 0.753 and 0.754
for NIR1 BLUP and NIR2 BLUP, respectively. Based on these results, the rest of the analyses
were done using the NIR1 model.

For BC, the accuracy of the NIR predictions NIR accuracy was very similar to those
obtained for BCX except for the last case of NIR prediction using 10 random samples where
the mean correlations between the observed and the predicted value were 0.395 and 0.326
for NIR1 BLUP and NIR2 BLUP, respectively.

3.4. Comparison of Bayesian and Least Squares Linear Regression Models

The correlations between observed and predicted values for both MPLS and Bayesian
NIR linear regression models are shown in Table 2. The differences between R2 and Pearson
correlation coefficients are because the WinISI software discarded outliers, whereas the
codes used for fitting the Bayesian NIR linear regression used all the data. In general,
the MPLS gave a slight increase in prediction accuracy when predicting the traits of the
650 lines as compared to the results obtained by the Bayesian NIR linear regression.

4. Discussion

In a previous study, Brenna and Berardo [39] developed PLS predictions models by
NIRS, for LUT, ZEA, BCX, BC, and TC content using 61 varieties of Italian yellow maize
(82 samples for calibration and cross-validation and 40 samples to test the goodness of
fit of the developed equations). They obtained high values for both R2

C (0.82–0.97) and
R2

v (0.64–0.95). As the first step in our efforts to apply NIR in the breeding program for PVA
biofortified maize, the reported parameters and models were used in tropical germplasm.
Although the R2

C values for LUT, ZEA, BCX, BC and TC were between 0.68 and 0.9, the
R2v were lower: LUT (0.44), ZEA (0.5), BCX (0.48), BC (0.06) and TC (0.73). Thus, we
tested alternative parameters and models and obtained higher R2v (Table 2) than when
using the parameters described by Brenna and Berardo [37]. The poor fit of the Brenna
and Berardo NIR models to the tropical germplasm dataset used in this study could be,
as they pointed out, due to scarce genetic and agronomic diversity in the sample set used
to develop the models. In this study, we used grain samples from a diverse set of tropical
PVA genotypes from varying agronomic management practices, over 2 years. In contrast,
Brenna and Berardo [39] used 61 Italian maize genotypes with narrow variation for BC
(0–2.8 mg kg−1) and BCX (0–6.1 mg kg−1), compared to the ranges in the PVA samples
used in this study (BC, 0.09–20.93 mg kg−1 and BCX, 0.04–19.16 mg kg−1). It is also worth
noting that the percentage of outliers eliminated to calibrate in Brenna and Berardo [39]
was 10 to 22%, except for LUT (1.3%), while in this research the percentage of eliminated
outliers was between 3.61 and 4.79%.

Recently, Kahrıman et al. [40] developed NIRS models for carotenoid content in yellow
maize using 250 samples of landraces and breeding material improved for higher total
carotenoid content (200 samples for calibration and 50 samples for validation). However,
the R2v for both PVA carotenoids was low (0.233 for BC and 0.161 for BCX). Differences
in the scanning interval (1200–2400 nm), and the range of concentrations for TC, BC, BCX,
and ZEA could explain the differences in the results obtained in this study.
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Similar R2
v values obtained for LUT (0.55), ZEA (0.61) and BCX (0.57) were reported

for LUT, violaxanthin and BC in potato flour (0.60) and for LUT in banana flour (0.56) [41,42].
For potatoes, Bonierbale et al. [42] indicated that the developed calibrations can be used at
least to differentiate samples with high, medium, and low concentrations of carotenoids. On
the other hand, Davey et al. [41] mentioned that their model was unsuitable for measuring
lutein content, but this was because the RPD value was <1.5.

As mentioned above, for PVA breeding purposes, currently the focus is on the selection
of high BCX germplasm. Using the PLS NIR model described here and selecting the top 20%
BCX values resulted in the selection of more than 75% of the high BCX values according to
the reference method. Such percentages increase to more than 87% if only the top 10% BCX
values are selected. Thus, the prediction model can increase the efficiency and throughput
of phenotypic selection in the breeding program.

To meet current and future maize and other crops production challenges there is a need
to increase breeding efficiency. Advances in high-throughput genotyping are providing fast
and inexpensive genomic information. However, molecular breeding strategies, such as
marker-assisted recurrent selection (MARS) and genomic selection still require phenotypic
data [43]. Maize breeding programs focused on increasing carotenoid content around the
world require robust, fast, and inexpensive methods to screen large numbers of genotypes.
Liquid chromatography (HPLC or UPLC) can accurately identify and quantify carotenoids.
However, this technique is slow, labor-intensive, and expensive [6,19,39]. In comparison
to NIRS methodology, UPLC requires extensive sample preparation, long analysis time
(24 to 26 h per sample, compared to 7 to 10 min by NIR per sample), experienced tech-
nicians, and expensive equipment and chemical reagents. NIRS offers a fast and simple
screening option, with the capability to measure multiple traits at the same time. Based on
estimates of our laboratory costs, the NIR analysis cost is approximately 10 times cheaper
(US 4.8 per sample) compared with US 48 per sample by UPLC.

Taking the general PVA breeding scheme used at CIMMYT (Figure 1), the cost of
screening 1550 samples with NIR and 120 samples with UPLC would be US 7440. If
the same number of samples is screened with UPLC alone, the cost would be US 80,160.
Thus, the development and use of the proposed NIR models presented here may help
breeding programs reduce phenotyping costs and increase throughput, especially when
NIRS equipment is installed on research plot combines.
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tion; TC: test cross; GLS: Gray leaf spot; TLB: Turcicum leaf bright; QA/QC: quality assurance/quality
control; UPLC: Ultra performance liquid chromatography.
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5. Conclusions

High-throughput phenotyping helps breeders to quickly make evaluations and timely
select the desired genotypes in the breeding populations. Although molecular tools accel-
erate and facilitate this process, phenotypic data are very relevant, especially in complex
traits. However, phenotyping can increase the breeding process and, in some cases, could
also slow down the breeding process as data can be obtained at the end of the growing cycle
or just before the next planting season. NIR technology is a powerful high-throughput tech-
nology that meets the demand of plant breeding for large-scale evaluation of seed and grain
composition in short periods of time. It can provide several compounds simultaneously.

Using a large and diverse set of data, it was possible to develop NIR calibration models
by two methods: by using the software provided by NIR suppliers and by developing the
equations independently using Bayesian models developed in R.

With the NIRS models developed here, it is possible to differentiate samples with high,
medium, and low concentrations of LUT and BCX. During validation, it was possible to
demonstrate the selection of more than 80% of BCX genotypes with concentrations higher
than 3 mg kg−1, which is very relevant for PVA breeding programs. For ZEA and TC,
NIRS models can be used for approximate quantitative predictions. In the case of BC,
13-cis-BC, and 9-cis-BC, the coefficient of determination in calibration and the RPD suggest
that prediction models have the potential to be useful but must be improved.

Using NIR models will greatly decrease the breeding cost and enhance the efficiency
of the program. Nevertheless, for the final stage of breeding and before varietal registration,
wet chemistry analysis is always recommended for more precise and accurate data.
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Appendix A

R code for the Bayesian NIR linear regression using BGGE library.
###Clear work space
rm(list=ls())
### Install BGGE and prospectr packages for only one time
install.packages(“BGGE”)
install.packages(“prospectr”)
### load BGGE and prospectr packages

https://hdl.handle.net/11529/10548607
https://hdl.handle.net/11529/10548607
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library(BGGE)
library(prospectr)
############################# Fitted Dataset 1 #############
##########Load data Data_set_1
setwd(“~/Directory”)
Datos1<-read.csv(file=“Data_set_1.csv”,header=T)
Y1<-as.matrix(Datos1[,6:13]) #Traits
Y<-Y1
N1<-Datos1[,14:ncol(Datos1)] #NIRS
############### First derivative and NB
NIR1<-savitzkyGolay(N1,m=1,p=2,w=11)
X<-scale(NIR1)
NB<-tcrossprod(X)/ncol(X)
### Fitted with BGGE
Fitted<-matrix(0,nrow=1857,ncol=ncol(Y))
COR<-numeric(ncol(Y))
for(i in 1:ncol(Y)){
y<-Y[,i]
K0<-list(list(Kernel=NB,Type=“D”))
fit<-BGGE(y=y,K=K0,ne=1,ite=30000,burn=5000,thin=2)
Fitted[,i]<-fit$yHat
COR[i]<-cor(fit$yHat,y,use=“pairwise.complete.obs”)
}
## save in Rdata
save(Fitted,COR,file=“Fitted_1857_NB.RData”)
############ Prediction traits Dataset 2 #####
##########Load data Dataset 3
Datos3<-read.csv(file=“Data_set_3.csv”,header=T)
Y3<-as.matrix(Datos3[,2:9]) #Traits
N3<-Datos3[,10:ncol(Datos3)] #NIRS
Y<-rbind(Y1,Y3)
############ First derivative
NIR<-rbind(N1,N3)
NIR1<-savitzkyGolay(NIR,m=1,p=1,w=11) #First derivative
X<-scale(NIR1)
NB<-tcrossprod(X)/ncol(X)
Pred<-matrix(0,nrow=650,ncol=ncol(Y))
for(i in 1:ncol(Y)){
y<-Y[,i]
yna<-y
test<-1858:nrow(Y)
yna[test]<-NA
K0<-list(list(Kernel=NB,Type=“D”))
fit<-BGGE(y=yna,K=K0,ne=1,ite=30000,burn=5000,thin=2)
Pred[,i]<-fit$yHat[test]
COR[i]<- COR[i]<-cor(fit$yHat[test],y[test],use=“pairwise.complete.obs”)
}
save(COR,Pred,file=“Pred_650.RData”)
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