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Abstract: This study compared the performance of near-infrared spectroscopy (NIRS) and mid-
infrared spectroscopy (MIRS) for the prediction of moisture, protein, total phenolic content (TPC),
ferric reducing antioxidant potential (FRAP) and total monomeric anthocyanin (TMA) content in
65 samples of Australian wheat flour. Models were constructed on 50 of the wheat samples, with the
15 remaining samples used as a dependent test set. NIRS showed excellent results for the prediction
of protein content (R2

test = 0.991; RMSEP = 0.22% w/v) and acceptable to good results for TPC
(R2

test = 0.83; RMSEP = 3.9 mg GAE/100 g), FRAP (R2
test = 0.92; RMSEP = 5.4 mg TE/100 g) and

moisture content (R2
test = 0.76, RMSEP = 0.62% w/v). Similarly, MIRS showed the best results for

protein prediction (R2
test = 0.93, RMSEP = 0.62% w/v) and acceptable results for moisture content

(R2
test = 0.83, RMSEP = 0.65% w/v), FRAP (R2

test = 0.83, RMSEP = 7.0 mg TE/100 g) and TPC
(R2

test = 0.73, RMSEP = 5.6 mg GAE/100 g). However, the TMA content could not be predicted.
Finally, moving window analysis was conducted to determine the optimum wavelength ranges for
predicting selected analytes. On average, this improved RMSECV values by an average of 18–20%
compared to the corresponding full wavelength models, when using the same component selection
method. The results confirm that infrared spectroscopy may be useful for the real-time quantitation
and/or screening of key quality parameters in wheat, such as protein, TPC and antioxidant capacity.

Keywords: near-infrared spectroscopy (NIRS); mid-infrared spectroscopy (MIRS); Fourier trans-
formed infrared (FTIR) spectroscopy; total phenolic content; antioxidant capacity; Triticum aestivum

1. Introduction

Common or bread wheat (Triticum aestivum L.) is the second-most frequently grown
grain crop worldwide (after corn), with over 760 million tonnes harvested in 2020 [1]. It
is a vital crop for ensuring global food security, supplying approximately 20% of dietary
calorie requirements across the globe [2]. Furthermore, wheat is the largest broadacre crop
in Australia, with 14 million tonnes produced in the 2019–2020 season [3].

Although the health benefits of wheat are generally considered to be lower than those
of pulse crops [4,5], it does contain several potentially health-benefitting compound classes,
including polyphenols, carotenoids, vitamin E and phytosterols [6,7]. Although these
compounds are most abundant in wholegrain products [6], they are also found in refined
wheat products, albeit at lower levels [8]. The major polyphenol compounds previously
identified from wheat include gallic acid, 4-hydroxybenzoic acid, vanillic acid protocate-
chuic acid, syringic acid, ferulic acid, caffeic acid, chlorogenic acid, sinapic acid, p-coumaric
acid, cinnamic acid, rutin, quercetin, kaempferol, vitexin, isovitexin and resveratrol [9,10].
There is also increasing interest in developing wheat lines with elevated phenolic acid
contents [11,12].
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As with other grain crops, infrared (IR) spectroscopy has been widely applied for the
quality assessment of wheat and wheat flour, including the prediction of protein [13], fi-
bre [14], starch [15] and other quality parameters important for bread-making [16]. Infrared
spectroscopy is an analytical technique that uses the characteristic absorption of infrared
light by dipole-active covalent bonds to infer the chemical composition of a sample. In brief,
the full spectrum of IR light is shone onto the sample, where certain bonds will absorb the
IR light at characteristic wavelengths (depending on the bond’s constituent atoms, and to a
lesser degree the surrounding atoms). By measuring the IR light that is not absorbed (either
from reflectance or transmittance measurements), the chemical bonds found in the sample
can be predicted, along with their relative concentrations. More detail on the principles
behind IR spectroscopy can be found in several recent reviews [17–19].

Near-infrared spectroscopy (NIRS) is most commonly used for food analysis, and uses
wavelengths in the near-infrared (750–2500 nm) region. It has the benefit of increased IR
penetration into the sample, which provides results that are more representative of the true
sample composition. However, the absorption is generally less specific, making it more
difficult to detect trace constituents.

The other type of infrared spectroscopy that is applied to food products is mid-
infrared spectroscopy (MIRS), which uses wavelengths between 4000 and 400 cm−1. It
provides increased specificity for the chemical bond type, but decreased sample penetration.
Consequently, more MIR instruments require firm contact between the instrument and the
sample to be analysed, e.g., using an attenuated total reflectance (ATR) platform.

For analytes found in sufficiently high concentrations, IR spectroscopy can provide
rapid, non-destructive and environmentally friendly method of compositional analysis.
However, its accuracy will almost always be less than that found using traditional analytical
techniques. One major benefit of using infrared spectroscopy for compositional analysis is
that multiple analytes (e.g., protein, moisture, starch content, etc.) can be simultaneously
predicted from a single infrared spectrum. This provides further time savings over ‘wet’
chemical analysis, which is often a ‘serial’ process using multiple analytical instruments.

Recent work has reported the prediction of micro-nutrients (such as phenolics or
antioxidant compounds) in several grain crops, including rice [20], gluten-free grains [21]
and mungbean. However, predicting the levels of micro-nutrients (such as phenolics or
antioxidant compounds) is considered to be more challenging in wheat, as it generally has
much lower phenolic and antioxidant concentrations compared to other grain crops such
as pulses (e.g., faba beans, mungbeans, chickpeas, and lentils) [22].

One recent study by Tian et al. [23] investigated the use of NIRS for the prediction of
TPC in whole wheat flour, reporting a high level of linearity (R2

val = 0.90) and precision
(RMSEV = 7.1 mg GAE/100 g) on a dependent test set. However, the authors did not
consider the prediction of antioxidant capacity in this study. Additionally, there are few
studies investigating the use of MIRS for the quality assessment of wheat.

Consequently, this work investigated and evaluated the performance of NIRS and
MIRS for the prediction of phenolic content, anthocyanin content and antioxidant capacity
in Australian-grown wheat.

2. Materials and Methods

Wheat samples (n = 65) were sourced from the Australian Export Grains Innovation
Centre (AEGIC). In order to provide maximum variability in their anticipated bioactive
contents, these comprised samples sourced from a range of different wheat qualities and
production areas (n = 17 samples), as well as samples from a pearling trial (n = 48 samples
from 3 wheat grades). The latter group of samples had varying levels of bran remaining
on the kernel after the different pearling times, and thus would be expected to contain
significantly different phenolic and antioxidant contents. As commercial Australian wheat
samples are sold by grade rather than variety, each sample likely comprised batches of
wheat from a range of different varieties, rather than being from one pure wheat variety.
Consequently, analysis by wheat variety was not performed here.
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The samples were impact milled to produce whole seed flour (Falling No. grinder,
0.8 mm screen). Moisture content was determined by the American Association of Cereal
Chemists (AACC) International Method 44–15.02; briefly, this involved drying the samples
in a laboratory oven at 130 ◦C for 1 h. All subsequent results are expressed on a dry weight
basis. Protein content was determined by combustion using a LECO TruMac N protein
analyser (LECO, Saint Joseph, MI, USA) with a conversion factor of ×6.25 [24].

Ferric reducing antioxidant potential (FRAP), total phenolic content (TPC) and total
monomeric anthocyanin (TMA) content were determined following previously described
methods [22,25]. Antioxidant compounds were first extracted by combining 0.5 g of sample
(in duplicate) with 7 mL of 90% methanol, followed by end-over-end shaking at 50 rpm
for 60 min. After centrifugation and collecting the supernatant, the pellet was re-extracted
using another 7 mL of 90% methanol and end-over-end shaking for 20 min. The combined
supernatants were made up to 15 mL volume. The FRAP was measured by combining
100 µL of methanol extract with 3 mL of FRAP reagent (comprising 300 mM acetate buffer
at pH 3.56, 20 mM aqueous ferric chloride and 10 mM TPTZ (made in 40 mM HCl) in
the ratio 10:1:1). After vortexing (10 s) and incubation at 37 ◦C for 4 min, the absorbance
was measured at 593 nm. Results are expressed in Trolox equivalents (TE). The TPC was
determined by combining 400 µL of methanol extract with 2 mL of Folin–Ciocalteu reagent
(previously diluted 10× in Milli-Q water), incubating in darkness at room temperature
for 10 min, then adding 2 mL of 7.5% w/v aqueous sodium carbonate. After a further
incubation in a covered waterbath for 30 min at 40 ◦C, the absorbance was measured
at 760 nm. The results are expressed as gallic acid equivalents (GAE). Finally, the TMA
content was measured by combining 400 µL of the methanol extract with 1.6 mL of pH 1
buffer (comprising 0.025 M aqueous KCl and adjusted to pH 1 with HCl). In a separate
vessel, 400 µL of the same methanol extract was combined with 1.6 mL of pH 4.5 buffer
(comprising 00.4 M aqueous sodium acetate and adjusted to pH 4.5 with HCl). After
incubation in darkness at room temperature for 15 min, the absorbance was measured at
510 and 700 nm, with the anthocyanin content calculated using the formula below. Results
are expressed in equivalents of cyanidin-3-glucoside (cyd-3-glu).

Anthocyanin content (mg cyd-3-glu L−1) = (A × 449.38 × DF × 1000)/(26,900 × 1)

where DF = dilution factor (i.e., 5 for this study), and A = (pH1: Absorbance510 nm −
Absorbance700 nm) − (pH4.5: Absorbance510 nm − Absorbance700 nm)

Mid-infrared spectra were collected using from the wheat flour using a Bruker Alpha
FTIR (Fourier transformed infrared) spectrophotometer (Bruker Optics Gmbh, Ettlingen,
Germany) operating between 4000 and 400 cm−1 [22]. Five spectra were collected from
each sample, with the mean of these replicate scans used in subsequent analysis.

Near-infrared spectra were collected using a Thermo Scientific Antaris II FT-NIR
Analyzer operating in reflectance mode, using an integrating sphere with a rotating sample
cup (30 mm diameter). The spectra were measured between 1000 and 2500 nm (10,000 and
4000 cm−1), as the mean of 32 scans (8 cm−1 resolution). Spectra were collected from each
flour sample in triplicate, repacking the cup with fresh sample each time.

Partial least squares regression (PLSR) analysis of the spectra was conducted in R
Studio running R 4.0.5 [26], using the spectrolab and prospectr packages. Spectra were
pre-processed using combinations of the standard normal variate (SNV) and the 1st or
2nd derivative, using the Savitzky-Golay algorithm with varying numbers of smoothing
points [27]. In order to determine the optimum pre-processing method and number of
components to use, the model performance of the calibration set was evaluated through
full cross-validation (leave-one-out (LOO) method).

To create the calibration set, 50 of the samples (~75% of the total) were selected from
the dataset using the Kennard–Stone algorithm, using the Mahalanobis distance across
the first two 2 principal components. The remaining 15 samples (~25%) were used as a
dependent test set to assess the performance of the optimised models. No outliers were
removed from the dataset. The full range of wavelengths was used in the PLS regressions.
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Finally, a moving window analysis was performed on the best-performing NIRS and
MIRS models, following the method described in Johnson et al. [28]. In short, individual
PLSR models were created for each possible wavelength range at 10 nm or 10 cm−1 intervals.
For example, for NIRS models, PLSR models were created between 1000 and 1010, 1000
and 1020. . . 1000 and 2500, 1010 and 1020, 1010 and 1030. . . 1010–2500 nm, and so forth.
The R2 and RMSECV values from the moving window PLSR models were then compared
to determine the optimum wavelength. This process provides further insight into the key
wavelengths required for the accurate prediction of each analyte.

3. Results
3.1. Descriptive Statistics

The descriptive statistics for the calibration and test sets are provided in Table 1. The
range, mean and standard deviation were comparable between the calibration and test
sets for most analytes, indicating that the Kennard–Stone algorithm did an adequate job of
partitioning the spectra between these groups. The moisture and protein content showed a
reasonably high degree of variation between samples, with a moderate amount of variation
also found in the FRAP content. However, the variation in the total phenolic (TP) content
was much lower, suggesting that it would be more difficult to create an accurate model for
this analyte.

Table 1. Descriptive statistics for the parameters measured in this study, for both the calibration and
test sets.

Calibration Set (n = 50) Test Set (n = 15)

Parameter Range Mean ± SD
(Median) Range Mean ± SD

(Median)

Moisture (%) 10.1–14.5 11.90 ± 1.39
(11.40) 8.7–14.0 11.70 ± 1.30

(11.30)

Protein (%) 10.66–17.46 14.16 ± 1.98
(13.84) 11.43–16.84 13.97 ± 2.25

(14.19)

FRAP (mg TE/100 g) 14.4–64.0 32.8 ± 16.4
(24.6) 19.4–53.5 25.3 ± 8.5

(23.4)

TPC (mg GAE/100 g) 129.7–179.8 149.5 ± 11.3
(151.9) 139.0–167.6 151.9 ± 9.7

(146.4)
TMA (mg

cyd-3-glu/100 g) 0.0–10.0 2.5 ± 2.2
(2.2) 0.0–3.9 2.0 ± 1.1

(2.6)
cyd-3-glu = cyanidin-3-glucoside equivalents; FRAP = ferric reducing antioxidant potential; GAE = gallic acid
equivalents SD = standard deviation; TE = Trolox equivalents; TMA = total monomeric anthocyanin content;
TPC = total phenolic content.

3.2. Near-Infrared Spectra

Figure 1 shows the mean raw and SNV-processed NIR spectra of all 65 wheat flour
samples. The NIR spectra showed major peaks at 1467 nm and 1934 nm, corresponding to
the second and first overtones of the OH bond (from moisture in the sample or other R-OH
bonds), respectively [29]. Other smaller peaks included 1205 nm (CH second overtone
from lipids and structural carbohydrates), 2107 nm (amide bond from protein), broad
peaks between 1680–1850 nm (CH first overtone stretch) and 2260–2370 nm (CH stretching
deformation of CH2 and CH3 bonds), and shoulders at 1360 nm (second overtone of CH3 or
ArOH) and 1580 nm (tentatively assigned to CH3/ArCH first overtone from starch) [30,31].
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Figure 1. The raw NIR spectra (A) and SNV-processed spectra (B) of the wheat flour samples.

The PLSR models with the optimised spectral pre-processing methods for each analyte
are detailed in Table 2. The best-performing model was that for protein content (Figure 2),
which showed an R2

test of 0.991 and RMSEP of 0.22%. Furthermore, the model showed
minimal bias and the slope and intercept were extremely close to their ideal values of 1 and
0, respectively (Table 2). Examination of the loadings plot for the protein prediction model
(Figure 3) showed predominant contributions in the N-H asymmetric stretch and amide
II region (1928–1941 nm), as anticipated [32]. Other minor contributions were at 2226 nm
(potentially corresponding to the amide I and III region) and 1732 nm (which may be due
to CH first overtones in gluten, the major protein found in wheat) [32].

Table 2. Optimum PLSR models found for the prediction of the specified analytes using near-infrared
spectroscopy (NIRS), using separate calibration and dependent test sets.

Parameter Spectral
Pre-Processing Components R2

cv RMSECV RPD R2
test RMSEP Bias Slope Intercept

Moisture SNV + 1d15 6 0.84 0.56 2.49 0.76 0.62 −0.04 0.966 0.35
Protein SNV 5 0.974 0.32 6.25 0.991 0.22 −0.06 0.998 −0.03
FRAP SNV 6 0.88 5.6 2.95 0.917 5.4 −0.64 0.620 9.2
TPC SNV + 1d21 5 0.61 7.0 1.62 0.83 3.9 −0.10 0.907 14.1
TMA 1d11 4 0.05 2.1 1.03 0.00 1.9 −0.63 0.02 1.98

FRAP = ferric reducing antioxidant potential; TPC = total phenolic content; TMA = total monomeric anthocyanin
content; RMSECV = root mean square error of cross-validation; RPD = ratio of performance to deviation;
RMSEP = root mean square error of prediction.
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Figure 3. Loadings plot for the NIRS prediction of protein content in wheat flour. Note that “comp”
stands for the number of principal components in the model.

The model for moisture content performed acceptably, with acceptable linearity, very
low bias, and a slope close to 1. However, the ratio of performance to deviation (RPD) was
considerably lower than that for protein, indicating relatively higher error associated with
the moisture model. This was also evidenced in the higher RMSEP for the prediction of
moisture in the samples from the test set. Most likely, this is due to small changes in the
moisture content of the wheat samples between when the moisture analysis was conducted,
and when the samples were subjected to NIR and MIR analysis. The predominant loading
for the moisture content model was at 1900, corresponding to the first overtone of the OH
bond [29], with more minor contributions at 1949 and 2156 nm.

In contrast to the results for protein and moisture, the model for TMA content showed
no predictive power, likely due to the very low concentrations of this analyte.

The NIRS model for FRAP content also performed well, although it should be cau-
tioned that there were no samples with intermediate FRAP values (Figure 4). For example,
in the test set, only one sample had a high FRAP value, which was underpredicted by the
model. When the outlier point was removed, the R2

test fell significantly to 0.46, although
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the RMSEP improved to 2.9 mg TE/100 g. Nevertheless, most of the other sample points
fell very close to the regression line (Figure 4B). The main loadings for the FRAP model
(Figure 5) showed a negative peak at 1934 nm (the N-H asymmetric stretch and amide II
region) and a positive peak at 2102 nm (potentially resulting from the combination bands
of ROH groups). Thus, it appears that the antioxidant capacities of the samples were
negatively correlated with their protein contents and positively associated with their levels
of phenolic compounds (containing ROH groups).
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Figure 5. Loadings plot for the NIRS prediction of ferric reducing antioxidant potential (FRAP) in
wheat flour. Note that “comp” stands for the number of principal components in the model.

The TP content of the samples was more evenly distributed compared to the FRAP (for
both the calibration and test sets), containing samples of a range of TP contents throughout
the calibration range (Figure 6). Although the linearity was lower compared to the FRAP
model (R2

test = 0.73), the RMSEP was better, at just 3.9 mg GAE/100 g. This was evidenced
in that most of the test set samples were very close to their true values across the entire
calibration range (Figure 6B). The loadings plot for the TP model (Figure 7) appeared
visually different to the FRAP model due to the use of the first derivative of the spectra in
the former. However, the main influential wavelengths were quite similar, being centred at
approximately 1930 nm and 2110 nm. Again, these are likely to correspond to amide and
R-OH bonds.
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3.3. Mid-Infrared Spectra

The MIR spectra of the wheat samples are shown in Figure 8A. As can be seen from
this figure, there was considerable variation in the amplitude of the MIR signal, resulting
from the difficulty of applying each of the samples to the attenuated total reflectance
(ATR) crystal with a consistent pressure. However, application of the SNV pre-processing
algorithm removed most of this variation (Figure 8A).
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Compared to the NIRS results, the MIRS PLSR models showed lower R2
test and higher

RMSEP values for all analytes (Table 3), although the magnitude of this difference was not
very high for most of them. For example, the RMSEP values for FRAP and TP were only
slightly higher, while the RMSEP for moisture content was almost the same.

Table 3. Optimum PLSR models found for the prediction of the specified analytes using mid-infrared
spectroscopy (MIRS), using separate calibration and dependent test sets.

Parameter Spectral
Pre-Processing Components R2

cv RMSECV RPD R2
test RMSEP Bias Slope Intercept

Moisture 1d21 4 0.86 0.52 2.65 0.83 0.65 0.08 1.45 −5.10
Protein SNV + 2d15 6 0.92 0.55 3.65 0.93 0.62 −0.10 0.89 1.40
FRAP SNV + 1d15 6 0.88 5.2 2.93 0.83 7.0 1.56 1.20 −4.21
TPC SNV 5 0.51 7.8 1.45 0.73 5.6 −1.53 0.76 33.8
TMA None 1 −0.04 2.1 0.99 0.02 1.6 0.54 −1.25 5.55

FRAP = ferric reducing antioxidant potential; TPC = total phenolic content; TMA = total monomeric anthocyanin
content; RMSECV = root mean square error of cross-validation; RPD = ratio of performance to deviation;
RMSEP = root mean square error of prediction.

However, the MIRS results for the prediction of protein were less than half as ac-
curate compared to NIRS (Figure 9). The loadings for the protein model (Figure 10)
showed that the primary influences were from regions corresponding to CH stretching
(~3050–2870 cm−1), amide I and II bands (1760–1400 cm−1), and aromatic groups from
cellulose (~970 cm−1) [33].
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stands for the number of principal components in the model.

Again, the wheat samples included in this study displayed only low or high FRAP
values (with no samples of intermediate values), while the TP contents of the samples were
distributed roughly equally throughout the calibration range. Consequently, the prediction
accuracy of the FRAP model (Figure 11) would likely be improved through inclusion of
samples of intermediate values. The loadings for this model (Figure 12) were somewhat
similar to those of the protein content model, but with the strongest influences from the CH
stretch (~3000 cm−1) and cellulose bond (~1000 cm−1) regions, with moderate influence
from the carbonyl (~1700 cm−1) and amide regions (1600–1400 cm−1).



Appl. Sci. 2023, 13, 8989 11 of 20Appl. Sci. 2023, 13, x FOR PEER REVIEW 11 of 20 
 

 
Figure 11. Actual vs. MIRS-predicted ferric reducing antioxidant potential (FRAP) values for the 
calibration (A) and test (B) samples, using 6 components. 

 
Figure 12. Loadings plot for the MIRS prediction of ferric reducing antioxidant potential (FRAP) in 
wheat flour. Note that “comp” stands for the number of principal components in the model. 

Similarly, the prediction accuracy of the MIRS model for TP content (Figure 13) was 
somewhat poorer than that of the NIRS model for this analyte (cf. Figure 6); however, 
MIRS still appeared suitable for the estimation (although not exact quantification) of TP 
content. 

In contrast to the FRAP loadings, the loadings plot for the TP prediction model 
showed influences from the OH (~3400 cm−1), carbonyl (~1700 cm−1) and cellulose (~1000 
cm−1) regions (Figure 14). 

Figure 11. Actual vs. MIRS-predicted ferric reducing antioxidant potential (FRAP) values for the
calibration (A) and test (B) samples, using 6 components.

Appl. Sci. 2023, 13, x FOR PEER REVIEW 11 of 20 
 

 
Figure 11. Actual vs. MIRS-predicted ferric reducing antioxidant potential (FRAP) values for the 
calibration (A) and test (B) samples, using 6 components. 

 
Figure 12. Loadings plot for the MIRS prediction of ferric reducing antioxidant potential (FRAP) in 
wheat flour. Note that “comp” stands for the number of principal components in the model. 

Similarly, the prediction accuracy of the MIRS model for TP content (Figure 13) was 
somewhat poorer than that of the NIRS model for this analyte (cf. Figure 6); however, 
MIRS still appeared suitable for the estimation (although not exact quantification) of TP 
content. 

In contrast to the FRAP loadings, the loadings plot for the TP prediction model 
showed influences from the OH (~3400 cm−1), carbonyl (~1700 cm−1) and cellulose (~1000 
cm−1) regions (Figure 14). 

Figure 12. Loadings plot for the MIRS prediction of ferric reducing antioxidant potential (FRAP) in
wheat flour. Note that “comp” stands for the number of principal components in the model.

Similarly, the prediction accuracy of the MIRS model for TP content (Figure 13) was
somewhat poorer than that of the NIRS model for this analyte (cf. Figure 6); however, MIRS
still appeared suitable for the estimation (although not exact quantification) of TP content.

In contrast to the FRAP loadings, the loadings plot for the TP prediction model showed
influences from the OH (~3400 cm−1), carbonyl (~1700 cm−1) and cellulose (~1000 cm−1)
regions (Figure 14).

3.4. Moving Window Analysis

Finally, moving window analysis was performed for the best-performing analytes
(protein, FRAP, TPC), using both the NIR and MIR spectra. The optimum pre-processing
method was determined using regular PLSR (Tables 2 and 3).



Appl. Sci. 2023, 13, 8989 12 of 20Appl. Sci. 2023, 13, x FOR PEER REVIEW 12 of 20 
 

 
Figure 13. Actual vs. MIRS-predicted TP values for the calibration (A) and test (B) samples, using 5 
components. 

 
Figure 14. Loadings plot for the MIRS prediction of total phenolic content in wheat flour. Note that 
“comp” stands for the number of principal components in the model. 

3.4. Moving Window Analysis 
Finally, moving window analysis was performed for the best-performing analytes 

(protein, FRAP, TPC), using both the NIR and MIR spectra. The optimum pre-processing 
method was determined using regular PLSR (Tables 2 and 3). 

As shown in Figure 15, most wavelength ranges gave reasonably good PLSR models 
for the prediction of protein from the NIR spectra. However, it was evident that wave-
lengths below approximately 1400 nm did not provide any useful information for this 
analyte. As shown by the darker blue stripe across the top of Figure 15, the inclusion of 
wavelengths between approximately 2150 and 2500 nm appeared to be quite important 
for the prediction of protein. The optimum PLSR model was found to be between 1210 
and 2340 nm, which included the most important wavelengths previously seen in the 
loadings plot for this analyte (Figure 3). The model created on the optimised wavelengths 

Figure 13. Actual vs. MIRS-predicted TP values for the calibration (A) and test (B) samples, using
5 components.

Appl. Sci. 2023, 13, x FOR PEER REVIEW 12 of 20 
 

 
Figure 13. Actual vs. MIRS-predicted TP values for the calibration (A) and test (B) samples, using 5 
components. 

 
Figure 14. Loadings plot for the MIRS prediction of total phenolic content in wheat flour. Note that 
“comp” stands for the number of principal components in the model. 

3.4. Moving Window Analysis 
Finally, moving window analysis was performed for the best-performing analytes 

(protein, FRAP, TPC), using both the NIR and MIR spectra. The optimum pre-processing 
method was determined using regular PLSR (Tables 2 and 3). 

As shown in Figure 15, most wavelength ranges gave reasonably good PLSR models 
for the prediction of protein from the NIR spectra. However, it was evident that wave-
lengths below approximately 1400 nm did not provide any useful information for this 
analyte. As shown by the darker blue stripe across the top of Figure 15, the inclusion of 
wavelengths between approximately 2150 and 2500 nm appeared to be quite important 
for the prediction of protein. The optimum PLSR model was found to be between 1210 
and 2340 nm, which included the most important wavelengths previously seen in the 
loadings plot for this analyte (Figure 3). The model created on the optimised wavelengths 

Figure 14. Loadings plot for the MIRS prediction of total phenolic content in wheat flour. Note that
“comp” stands for the number of principal components in the model.

As shown in Figure 15, most wavelength ranges gave reasonably good PLSR models for
the prediction of protein from the NIR spectra. However, it was evident that wavelengths
below approximately 1400 nm did not provide any useful information for this analyte. As
shown by the darker blue stripe across the top of Figure 15, the inclusion of wavelengths
between approximately 2150 and 2500 nm appeared to be quite important for the prediction
of protein. The optimum PLSR model was found to be between 1210 and 2340 nm, which
included the most important wavelengths previously seen in the loadings plot for this
analyte (Figure 3). The model created on the optimised wavelengths showed a moderate
improvement in R2

cv and RMSECV values compared to the full-wavelength model (Table 4).
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Table 4. Comparison of PLSR models created using the full wavelength range, and the optimised
wavelength range found through moving window PLSR optimisation, for selected analytes using
both NIRS and MIRS. Note that the RMSECV and R2

cv values may vary from those reported in
Tables 2 and 3, as the optimum number of components was selected using an algorithm for the
moving window comparison, rather than manually selected.

Parameter Method Wavelength Range R2
cv RMSECV

NIRS (nm)

Protein Full range 1000–2500 0.976 0.302
Protein Optimised 1210–2340 0.987 0.225
FRAP Full range 1000–2500 0.891 5.36
FRAP Optimised 1600–2310 0.918 4.66
TPC Full range 1000–2500 0.521 7.78
TPC Optimised 1200–2100 0.664 6.51

MIRS (cm−1)

Protein Full range 4000–400 0.841 0.803
Protein Optimised 1515–1315 0.916 0.584
FRAP Full range 4000–400 0.750 7.56
FRAP Optimised 920–800 0.846 5.92
TPC Full range 4000–400 0.306 9.06
TPC Optimised 410–1760 0.452 8.05

The FRAP moving window analysis showed a smaller number of high-performing
wavelength ranges (Figure 16). Again, the inclusion of wavelengths between approximately
2300–2450 nm were important for high-accuracy models. The optimal wavelength range
for the prediction of FRAP was between 1600–2310 nm (Table 4). Again, this generally
agreed with the loadings plot for this analyte (Figure 5).
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The final NIRS moving window analysis was performed for TPC. It showed a much
lower number of high-performing PLSR models, with nearly all of the best models begin-
ning at a wavelength of 1000–1400 nm and ending between 2050 and 2450 nm (Figure 17).
The optimal model was found to be between 1200 and 2100 nm (Table 4). Interestingly, this
excluded several of the prominent peaks seen above 2100 nm in the loadings plot for TPC
(Figure 7), suggesting that these peaks may not be specific to TPC.

Interestingly, the moving window analysis for protein using the MIR spectra showed
that the inclusion of wavenumbers below 1000 cm−1 provided reasonably accurate model
results (blue band on the left of Figure 18). This contrasted somewhat with the loadings
plot for the full-wavenumber PLSR analysis (Figure 9), which showed strong contributions
between ~1800 and 1400 cm−1. Nevertheless, the optimum window was found to be
between 1515 and 1315 cm−1 (Table 4), which included the region of the Amide II band.

In contrast, the optimum window for FRAP prediction was a very narrow window of
920–800 cm−1 (Figure 19), which did not feature heavily in the full-wavenumber loadings
plot (Figure 12). Further investigation would be required to determine the reason for
this anomaly.

Finally, the moving window analysis for TPC showed that wavelengths below 1500 cm−1

played an important role in creating an accurate PLSR model (Figure 20), with an optimum
wavenumber window of 410–1760 cm−1. This may be linked to the peaks seen around
1000 cm−1 (attributed to cellulose) in the TPC loadings plot previously reported (Figure 14);
the range also includes the carbonyl bond seen around 1700 cm−1.
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4. Discussion

Overall, the NIRS results showed promise for the rapid, non-invasive prediction of
most of the analytes investigated in the wheat samples, including proximate analytes
(protein and moisture) and bioactive components (FRAP and TP). The best-performing
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NIRS model was found to be that for protein content (R2
test = 0.991; RMSEP = 0.22%).

This model showed ideal statistics, with minimal bias, a slope close to 1, and an inter-
cept close to 0. Furthermore, the RPD of the test set (RPDtest) was 10.23, well above the
threshold indicating an excellent prediction model (RPD of 3) [34]. The model devel-
oped here was more accurate than NIRS models previously reported for Turkish wheat
(R2

test = 0.97, RMSEP = 0.38%; dependent test set) [35] and triticale, a hybrid cross of wheat
and rye (R2

test = 0.96, RMSEP = 0.32%; test set from a different growing season) [36]. How-
ever, it was not quite as accurate as the model reported by Ye et al. [13] (R2

test = 0.999,
RMSEP = 0.05%; dependent test set), likely due to the smaller calibration sample size used
in this study. Nevertheless, the protein model’s accuracy would appear to place it among
the best performing models reported in the literature.

Although the model linearity was somewhat lower for the prediction of TPC (R2
test = 0.83),

the RMSEP for this analyte was exceptionally low, at just 3.9 mg GAE/100 g. This corresponds
to an RPDtest of 2.49, corresponding to a good prediction accuracy [34]. The only previous
study found using NIRS for the prediction of TPC in wheat flour was performed by Tian
et al. [23], who reported a higher R2 value (R2

val = 0.90), but lower precision (RMSEV = 7.1 mg
GAE/100 g) on a dependent test set.

No previous studies were found using infrared spectroscopy for the prediction of
antioxidant capacity in wheat flour, although several studies have attempted this in other
crops such as maize [37], rice [20], and gluten-free grains [21]. Although the FRAP predic-
tion model developed here showed high linearity and a relatively low RMSEP, it should
be cautioned that there were relatively few points with higher FRAP values included in
the calibration and test sets. Consequently, this model had a slope that deviated from
1, indicating relative under-prediction of the highest-content sample. Nevertheless, the
similar wavelength loadings between the TPC and FRAP models support the observation
that this model was looking at the “correct” wavelengths to measure compounds with
antioxidant activity. While it is likely that analysis of a larger number of wheat samples
containing a broader array of FRAP values would be required to create a robust NIRS
model for the prediction of this analyte, the current model appeared suitable for the rough
estimation (not exact quantification) of FRAP values. Its RPDcal was 2.95, although this
fell to an RPDtest of 1.57 for the dependent test set, indicating that it is most suitable for
screening purposes only [34]. However, with a larger sample size covering the full range
of FRAP values found in wheat, it is possible that these statistics could be improved to
provide more accurate prediction of antioxidant capacity.

Neither NIRS nor MIRS were able to predict the total monomeric anthocyanin content.
This result was not unexpected, due to the very low concentration of this compound
(mean content of just 2.5 mg cyd-3-glu/100 g in the calibration set). Work on other grain
crops (faba beans, chickpeas, and mungbeans) has also failed to produce accurate NIRS
or MIRS models for TMA content [38], confirming that this challenge is not unique to the
wheat matrix.

In general, the MIRS models performed more poorly compared to the NIRS models
in both the calibration and test sets. The only exception to this trend was for the predic-
tion of moisture content, which showed a higher R2

test and similar RMSEP in the MIRS
model. MIRS was able to predict the protein content of wheat with acceptable accuracy
(R2

test = 0.93; RMSEP = 0.62%). However, its accuracy was approximately three times lower
compared to the use of NIRS for the same analyte (R2

test = 0.991; RMSEP = 0.22%), reflecting
the challenge in obtaining reproducible spectra when using MIRS instruments with an
attenuated total reflectance sampling module.

Similarly, the linearity (R2) and RMSEP were slightly poorer for the MIRS prediction
of TPC and FRAP compared to their respective NIRS models. However, the slope of the
FRAP MIRS model (1.20) was closer to the ideal value of 1. In contrast to the similar
loadings seen in the NIRS models for TPC and FRAP prediction, the MIRS models for these
analytes were noticeably different in their loadings. While both included the carbonyl
region (~1700 cm−1), the OH (~3400 cm−1) and cellulose (~1000 cm−1) regions showed
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greater influence in the TPC model, while the FRAP model included more influence from
the CH stretch (~3000 cm−1) and amide regions (1600–1400 cm−1). This indicated that
the FRAP model was relatively specific for the prediction of antioxidant compounds
(potentially including other non-phenolic antioxidant compounds such as tocopherols and
or carotenoids), rather than just relying on the correlation between FRAP and TPC values
to predict the former analyte.

On average, wavelength optimisation via moving window analysis improved the
RMSECV values by 18 ± 6% for NIRS, and by 20 ± 8% for MIRS. Consequently, moving
window PLSR appears to be an easy and readily implementable method for improving
model performance via wavelength selection, although it can be computationally expensive
for large datasets.

5. Conclusions

The models developed here showed a high level of accuracy for the prediction of
protein and considerable promise for the estimation of TPC and FRAP, particularly using the
NIR spectra. This is beneficial for the potential uptake of this application, as NIRS is already
more commonly used for the analysis of other nutritional components in the grains sector.
On the other hand, MIRS is generally a slower process, as each sample must be manually
positioned on the ATR module, and the correct amount of pressure applied. Furthermore,
there can be difficulty in obtaining reproducible spectra, due to differing amounts of
pressure applied to the ATR module. However, the loadings plots for FRAP suggested
that the MIRS model was more specific to antioxidant compounds, while the NIRS FRAP
model loadings were very similar to the TPC model loadings. Consequently, users may
have to determine the compromise required between better accuracy and better specificity.
It is possible that concatenation of NIR and MIR spectra would provide improved model
performance. Future studies should incorporate a larger sample set split into calibration
and independent test sets, in order to confirm the true accuracy of NIRS for these analytes.
Finally, it was shown that moving window PLSR is a viable and easy method for removing
non-informative wavelengths from PLSR models, thus providing moderate improvements
in R2 and RMSECV values.
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