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 15 

Abstract  16 

Emmer is a traditional Italian wheat species attracting growing attention for the high-nutritive and 17 

dietary value. The growth of emmer consumption and the recent spreading even in areas where 18 

production was not traditional pose a risk to biodiversity and to the geographical identities. Thus, 19 

the present work aims to develop a non-destructive and routine-compatible method to discriminate 20 

three Italian landraces and lay the basis for a possible authentication method. One-hundred and 21 

forty-seven emmer samples, harvested in 2019 in three traditional production areas (Garfagnana, 22 

Monteleone di Spoleto, Gran Sasso and Monti della Laga National Park), were investigated by Mid-23 

Infrared (MIR) and Near-Infrared (NIR) spectroscopy. Two different approaches of multiclass 24 
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Partial Least Squares-Discriminant Analysis (PLS-DA) were applied on the collected fingerprinting 25 

profiles. Eventually, Data-Fusion strategies have been employed to combine the different 26 

information sources and classify the samples according to the geographical origin. The most 27 

accurate predictions were provided by the Sequential and Orthogonalized-Partial Least Squares-28 

Discriminant Analysis (SO-PLS-DA) model, which misclassified only one test sample over 44 (in 29 

external validation). Finally, a chemical interpretation of the most discriminant variables was 30 

performed. 31 

 32 

Keywords: Emmer; Infrared; Classification; Multi-block; Data Fusion; SO-PLS 33 

 34 

 35 

1 Introduction 36 

Triticum dicoccum (Shubler), commonly known as emmer, is a tetraploid hulled wheat species, 37 

whose cultivation is supposed to date back to the First Agricultural Revolution during the Neolithic 38 

period [1]. The tightly bond glume, covering the “hulled wheats”, helps the grains to retain nutrients 39 

and to be tolerant against abiotic (heat and soil conditions) and biotic (fungal deceases like 40 

Fusarium head blight, powdery mildew, rusts) stresses [2]. At the same time, the thick emmer husk 41 

has to be removed making the grains more laborious to process than modern wheat; regardless, the 42 

very high stem, which characterizes the old wheat, makes it unsuitable for intensive agricultural 43 

practice. The progress in grain production, which has encouraged higher-yielding and free-thrashing 44 

wheat cultivation, has made the old cereals actually a marginal crop [3]. Nowadays, the key 45 

concepts of food sovereignty and agroecology, as an alternative solution to food industry 46 

globalization, are gaining popularity both among consumers and producers [4]. As a result, 47 

alternative foodstuffs with high added-value, as emmer is, have attracted attention meeting the 48 

demand of consumers for social, economic and environmental reasons. Indeed, emmer is considered 49 

a high-nutritive cereal (rich in minerals fiber and antioxidants) showing also some dietary values 50 
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such as high protein digestibility and low glycaemic index [5,6]. Furthermore, emmer is a low-input 51 

plant and, due to the ability in growing even in unfavorable soils and climatic conditions, it is 52 

suitable for organic farming and offers an alternative to common wheat for the requalification of 53 

marginal rural areas. In Italy, the cultivation of emmer represents a long-lasting tradition, proved by 54 

the large use of this ancient wheat by the Etruscan and Roman populations and by the numerous 55 

landraces well-adapted to the typical local production areas [7,8]. Traditional landraces of dicoccum 56 

wheat are still grown in the upland areas located in Tuscany, Abruzzo, Umbria, Lazio and in the 57 

southern regions of Italy. The value of those native populations is recognized and protected by 58 

European and national seals that are linked to biodiversity and geographical identities, such as 59 

“protected geographical indication” (PGI), Traditional Agri-food Products (PAT) and Protected 60 

Designation of Origin (PDO). The growth of emmer consumption and the resulting recent spreading 61 

of the crop, even in not typical and more fruitful areas, are increasing the risk related to the genetic 62 

contamination and to the loss of competitiveness of traditional farmers, a scenario that calls for 63 

increased control and monitoring due to the difficulty to ensure traceability of the production 64 

process and to the higher probability of frauds.  65 

 66 

Therefore, analytical methods aimed at food traceability could play an important role to safeguard 67 

consumers, honest producers and the wealth of the genetic diversity that has been preserved by 68 

farmers over generations. Several analytical techniques combined with chemometrics have proved 69 

to be suitable to distinguish the origin and the cultivar of different wheat species. Head-space solid-70 

phase microextraction coupled with gas chromatography-mass spectrometry (HS ‐ SPME/GC ‐ MS) 71 

and chemometrics, such as Multivariate ANalysis Of Variance (MANOVA), Principal Component 72 

Analysis (PCA) and Linear Discriminant Analysis (LDA), was used to assess the influence of the 73 

combined effects of regional provenience and cultivar on the volatile composition of Chinese winter 74 

wheat [9]. Non-targeted Liquid Chromatography coupled to High-Resolution Mass Spectrometry 75 

(LC-HRMS) and chemometrics (PCA and Orthogonal-Partial Least Squares- Discriminant 76 
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Analysis) was used to detect chemical markers able to correctly discriminate Italian, UE and non-77 

UE Durum wheat samples [10]. Several studies of geographical discrimination of wheat and wheat 78 

products have employed Nuclear Magnetic Resonance (NMR), Isotope Ratio Mass Spectrometry 79 

(IRMS), high resolution-inductively coupled plasma-mass spectrometry (HR-ICP-MS) and X-ray 80 

fluorescence (XRF) techniques coupled with multivariate statistical analysis [11–15].  81 

 82 

Among the analytical techniques aimed at food authenticity and traceability, Fourier Transform 83 

infrared (FT-IR) spectroscopy is gaining increasing popularity mainly due to the possibility of 84 

better exploiting the data through chemometric tools [16]. IR spectroscopy-based methods are 85 

suitable for routine quality analysis of agri-food products since they are non-destructive, fast and do 86 

not require complex sample pre-treatments [17]. In this regard, FT-NIR and ATR-FT-MIR were 87 

used and compared to discriminate naturally contaminated wheat samples according to the high or 88 

low Ochratoxin A levels [18], as well as to detect durum wheat pasta adulteration with common 89 

wheat [19] or to determine crude protein and intestinal protein digestibility [20]. NIR spectroscopy 90 

coupled with multivariate calibration techniques has been applied to classify wheat flour samples 91 

according to quality category [21], to predict milling and baking parameters [22] and has been also 92 

widely used as a geographical fingerprinting of very different food matrices[23–26]. In this context, 93 

classification of wheat samples according to the variety [27] or geographic origin [28,29] was 94 

carried out based on NIR spectra coupled to discriminant pattern-recognition methods. To our 95 

knowledge, studies that involve emmer wheat are mainly based on chemical characterization aimed 96 

at valorising and evaluating the nutritional and nutraceutical values of different ancient wheat 97 

species [30] and assessing the possibility to differentiate between Triticum species (monococcum, 98 

dicoccum, spelta and turgidum) [31–34]. Thus, geographical discrimination of emmer is still 99 

undescribed.  100 

 101 
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In the present work, geographical discrimination of three valuable Italian Triticum diccoccum 102 

landraces, coming from Garfagnana (PGI), Monteleone di Spoleto (PDO) and from the Gran Sasso 103 

e monti della Laga National Park (PAT), was attempted through the chemometric elaboration of 104 

their IR spectroscopic data (Fig.1A). In detail, 147 whole kernels were analysed by ATR-FT-MIR 105 

and FT-NIR spectroscopies. Each sample was cut in two exploiting the fragility near the grain 106 

cavity and the derived two cross-sections were further analysed by the above-mentioned techniques. 107 

The spectral information (coming from the outer part and from the endosperm (Fig.1B)) was used to 108 

build PLS-DA models in order to discriminate samples according to the origin. 109 

 110 

-----------------------------------Insert Figure 1 approx. here---------------------------------------------- 111 

 112 

 Two different multiclass approaches, multiclass-probabilistic PLS-DA and “one versus one” PLS-113 

DA, were applied and compared for each dataset [35,36]. Furthermore, an improvement of the 114 

classification ability was attempted by applying low level, parallel and sequential mid-level data 115 

fusion strategies which have already proven to provide better classification performances in similar 116 

agri-food discrimination problems [37–39]. Therefore, the aim of the work is to find the best 117 

chemometric elaboration and combination of the data matrices that better discriminate Italian 118 

emmer produced in relatively close areas, in order to lay the groundwork for a possible fast 119 

methodology to assess compliance of this specific value-added food matrix with the production 120 

specifications.  121 

 122 

2 Experimental  123 

2.1 Emmer samples 124 

Emmer samples were purchased directly from local producers and supermarkets, in which the 125 

traceability and authenticity of the product were ensured. The study focused on three different 126 

landraces harvested in the traditional production areas during 2019. The PGI Emmer “Farro della 127 
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Garfagnana”, hereinafter indicated with the acronym GA, is an autumn variety whose production 128 

has to strictly comply with the regulations. In this regard, the polishing of the husked grain 129 

(“brillatura”) has to be mechanical and, in some cases, is still carried out with stone mills [40]. The 130 

PDO “Farro di Monteleone di Spoleto”, which will be named MS, is a spring variety perfectly 131 

adapted to the pedoclimatic conditions of the area located over 700 meters above the sea level. To 132 

study an analogous marketed product, it was decided to purchase the one commercialized as semi-133 

pearled since it is, as required by the product specification, “slightly scratched with a milling 134 

machine to remove the husk” [40]. The last selected landrace was the PAT product known as “Farro 135 

d’Abruzzo”, an autumn variety produced in the Gran Sasso and Monti della Laga National Park that 136 

will be indicated with GS. Although there are no detailed production rules for the “Farro 137 

d’Abruzzo”, the Italian quality mark ensures certain uniformity of the traditional production process 138 

throughout the production area [41]. Also in this case, the selected samples were purchased as 139 

“semi-pearled product” like in the other classes. A total number of 147 whole kernels were sampled 140 

from the collected lots and, of these, 53 belong to the class GA, 53 to the class MS and 41 to GS. 141 

The entire dataset was also properly divided (see section 3.1) in a training set of 103 samples, used 142 

to build the models, and a test set of 44 samples employed for the external validation. 143 

2.2 IR spectroscopic analysis 144 

The samples were analysed using an FT-NIR Nicolet 6700 (Thermo Scientific Inc., Madison, WI) 145 

equipped with a halogen-tungsten lamp. Spectra were acquired in reflectance mode with an indium 146 

gallium arsenide (InGaAs) detector and an integrating sphere working in the range of 4000-10,000 147 

cm
−1

 and with a nominal resolution of 4 cm
-1 

(82 scans). Four NIR analyses were performed on 148 

each grain: two replicates on the outer part, which is the one mechanically processed, and two 149 

obtained by exposing the internal part of each of the two grain sections, which were derived from 150 

the whole kernel fracture. The same sections were further analysed, following the same procedure, 151 

with a PerkinElmer Spectrum Two™ (PerkinElmer, Waltham, MA, USA) FT-IR spectrometer 152 

equipped with a PerkinElmer Universal Attenuated Total Reflectance (uATR) sampling accessory 153 
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and a deuterated triglycine sulphate (DTGS) detector. After air background, the spectra acquisition 154 

was performed from 4000 cm
-1 

to 400 cm
-1 

(instrumental resolution of 4 cm
-1

) and was carried out at 155 

room temperature. A controlled pressure was applied to the sample to make it adhere to the crystal 156 

and increase the signal-to-noise ratio by using an integrated loading monitoring system. All the 157 

spectra (NIR and MIR spectra from the outer and the inner part of each grain) were exported in 158 

MATLAB 2012b (The Mathworks, Natick, MA) and were converted into pseudo-absorbance 159 

(log(1/R)). The two replicates per side were averaged obtaining two MIR (147x1800) data matrices 160 

and two NIR (147x3112) matrices that were subsequently processed and analysed through 161 

chemometrics. 162 

2.3  Partial least squares - discriminant analysis 163 

Partial least squares-discriminant analysis (PLS-DA) is a linear classification method commonly 164 

applied to spectroscopic data since, exploiting the PLS regression algorithm, it is suitable to treat 165 

ill-conditioned matrices [42]. It is actually possible to apply the regression method in classification 166 

problems when the X data matrix is related to a Y dependent binary matrix (NxG) that encodes the 167 

class membership of each of the N objects in the G classes. PLS-DA allows dealing with highly-168 

correlated variables by searching for the orthogonal directions (Latent Variables) of maximum 169 

covariance with the Y-block and while ensuring an explanation of the relevant sources of data 170 

variability [43]. The regression model can be expressed in terms of original X and Y blocks by the 171 

relation: Y= XBPLS. + E, where E is the residual matrix and BPLS is the matrix of the regression 172 

coefficients, estimated for the calibration model, that can be used together with Xnew to predict Ynew 173 

[16]. Since the computed or predicted responses are not binary but continuous real values, a class-174 

assignment criterion must be adopted. In this work, a classification rule based on the Bayesian 175 

theorem was chosen [44]. In this phase, according to the binary multiclass approach, two  Gaussian 176 

distributions (one for the in-class samples and the other for all the not-in-class ones) were built from 177 

the continuous Y-values and for each column of the predicted Y-block (NxG). This allows 178 

calculating the probability to observe a Y-value for a given sample that belongs to the G-th class or 179 
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that does not belong to it. A probabilistic threshold for each class can be pinpointed at the 180 

intersection of the curves that, due to the normalization step, corresponds to an a posteriori 181 

probability of 0.5 [35]. In discrimination problems, where a single class assignment is required, the 182 

probabilistic criterion may result in a univocal assignation when the objects are attributed to the 183 

class with the higher a posteriori probability. The results obtained with the above-mentioned 184 

approach were compared with those derived from the “one versus one” strategy proposed by Pérez 185 

et al. [36]. According to this method, G(G-1)/2 binary models were built, thus, as explained above, 186 

the two normal class distributions were computed for each model involving only two classes. The 187 

strategy permits overcoming limitations that could arise when different classes, which may be 188 

incompatible, are grouped together also producing unbalanced categories. Based on the Y-values 189 

computed by the optimal binary models, G-1 Probability Density Functions (PDFs) were estimated 190 

for each class. Therefore, to classify an unknown object, a combination of the predicted 191 

probabilities was carried out according to the procedure described in ref. [36]. Eventually, the class 192 

assignment was performed according to the highest combined probability. 193 

2.4 Data fusion strategy 194 

Data Fusion (DF) represents a typical and interdisciplinary tool useful for handling data of different 195 

nature (acquired by different modalities) but that share a common mode [45]. The goal of the 196 

integration of datasets from multiple-sources is to build a more informative and better-quality 197 

model that is achieved by assessing the common or complemental information and data-block 198 

interactions [39]. Depending on the level at which the fusion takes place, it is possible to categorize 199 

the strategy as a low level, mid-level and, finally, high-level data fusion, which was not performed 200 

in the present work. In the low-level DF, the original datasets are concatenated according to the 201 

shared mode, which is commonly the sample mode [46]. In the present work, raw data as well as 202 

the block-scaled ones were concatenated sample-wise and processed according to the two multiclass 203 

pattern recognition methods described above. Mid-level DF consists of extracting the relevant 204 

features from each data block and of concatenating them into a single matrix, which is further 205 
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elaborated. In this case, the feature extraction may be performed independently for each block 206 

(Multi-Block mid-level DF), thus the blocks are exchangeable. Otherwise, it can be performed 207 

sequentially; in the latter case, the model will depend on the specific order of the data blocks [47]. 208 

Attempting the sequential methodology, Sequential and Orthogonalized-Partial Least Squares-209 

Discriminant Analysis (SO-PLS-DA) algorithm, described in refs. [48,49], was used.  210 

 211 

--------------------------------Insert Fig. 2 approx. here-------------------------------------------- 212 

 213 

The SO-PLS-DA’s algorithm for two data blocks (schematized in Fig. 2) proceeds by regressing the 214 

responses on the first data block (X) by PLS algorithm (1
st
 step) and by searching for improvement 215 

of predictions using additional and orthogonal information provided by the second matrix (Zorth).  216 

The 2
nd

 regression consists of fitting the Y-residuals of the first PLS regression to the Z matrix, 217 

which has been orthogonalized with respect to the X-score matrix of the 1
st
 step. Y is computed 218 

summing up the predictions of the two individual regressions as follows: Y =XB + ZC + E, where 219 

X (N x J)  and Z (N x L) are predictor blocks, Y (N x G) is the response matrix, B (J x G) and C (L 220 

x G) are the regression coefficients and E (N x G) the residual matrix. The real-valued Y, which 221 

was computed or predicted by the method, was used to perform the classification based on the 222 

probabilistic approaches described above. 223 

 224 

3 Results and discussion 225 

3.1 Exploratory analysis 226 

As mentioned, NIR and MIR spectra, collected analysing the outer processed part and the 227 

endosperm of each grain, were used to evaluate the ability of each technique and their combination 228 

to differentiate three traditional emmer landraces. 229 

 230 
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--------------------------------Insert Fig. 3 approx. here-------------------------------------------- 231 

 232 

Fig.3 shows the four spectra (NIRin NIRout MIRin MIRout) obtained by averaging the signals for 233 

each given class (GA MS and GS).  The exploratory analysis was conducted on raw spectra; the 234 

portion of the spectrum, which was worked on, was reduced to the range from 850 to 4000 cm
-1

 for 235 

MIR spectra and to the interval from 4000 to 9000 cm
-1

 for NIR spectra since the removed regions 236 

were noisy and strongly influenced by the light scattering compared to the information provided by 237 

the signals. Since it was decided to apply a multi-block strategy, some preliminary decisions had to 238 

be taken. Firstly, the complementarity of the information sources was verified; in detail, the 239 

available datasets were divided according to the sample membership and PCA models were built, 240 

for each class, concatenating variable-wise the matrices resulting from the same instrumental 241 

technique. The outcomes of the MIR-PCA models reveal a systematic differentiation between the 242 

samples analysed from the outer and from the inner part, supporting the decision to consider MIRin 243 

and MIRout as two different blocks providing complemental information. The same procedure 244 

applied to NIRin and NIRout data did instead not show a substantial difference between the two 245 

analyses, which could be related to a greater penetration depth of the more energetic wavelengths. 246 

Based on this evidence NIRin and NIRout were averaged and treated as a single information source, 247 

thereafter indicated as NIRin/out. To externally validate the classification models, a data splitting 248 

procedure that would guarantee a good representation of both the three categories under study and 249 

of the variability in all the considered data-blocks was proposed by Biancolillo et al. [50]. The 250 

procedure consists of applying the Kennard-Stone duplex algorithm [51], separately for each class, 251 

on the row-augmented matrices obtained by concatenating the significant principal components 252 

extracted from all the three data-blocks (MIRin MIRout NIRin/out). Eventually, all the single-class 253 

subsets were collected resulting in a training set of 103 samples and in a test set of 44 samples. 254 

After the splitting procedure, single-block PLS-DA models were built to determine the best data 255 
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pre-treatment and to assess the best technique that could be able to discriminate the samples 256 

according to their geographical origin.  257 

3.2 Single-block PLS-DA 258 

First and second derivatives, calculated using the Savitzky–Golay approach (19 points window and 259 

third-order interpolating polynomial)[52], Standard Normal Variate (SNV) and their combinations 260 

were tested to find the most suitable data pre-treatment; in all cases, mean-centering was further 261 

applied before building the classifier. A 10-fold cross-validation procedure was applied to establish 262 

the optimal data pre-processing and complexity (number of latent variables) of each model, which 263 

was subsequently validated on the test set. Table 1 shows the chosen data pre-treatment, the 264 

classification rate in cross-validation and the related prediction ability. It can be deduced, by the 265 

correct classification rate both in internal and external validation, that MIRout and NIRin/out 266 

provided promising results with a correct classification rate (CCR) of 86.8% (in cross-validation) 267 

and 92.3% (on the test set) and a CCR of 89.3% (internal cross-validation) and 86.8% (in external 268 

validation), respectively. On the basis of the outcomes of the MIRin model (81.6% in cross-269 

validation, 86.8% on the external set), which was produced analysing the fractured samples, it could 270 

be deduced that the benefits when considering this data-block are not enough compared to the 271 

drawback of having a slower and destructive method. Nevertheless, the possibility of improving the 272 

classification ability by a DF strategy using all the three data-blocks was attempted (method 273 

described in the dedicated section 3.4). Fig.4A and B graphically display the probabilistic criterion 274 

through which the class attribution took place, in the representative case of the PLS-DA model on 275 

MIRout data. In particular, Fig.4A shows the target class distribution intersecting the Probability 276 

Density Function (PDF) which results from all the samples not belonging to the class. The reported 277 

PDFs were estimated from the computed Ŷ of the training set and were for each pair (class/not-278 

class) normalized. Fig.4B, in which the confused samples are highlighted, shows the normalized 279 

probabilities and the posterior probability values attributed to the samples by interpolation of the Ŷ 280 

with the PDFs. 281 
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--------------------------------Insert Fig. 4 approx. here-------------------------------------------- 282 

 283 

3.3 “one against one” approach 284 

The “one against one” binarization method was employed to evaluate the possible problems that 285 

could have arisen by using a criterion that is binary by construction in a multi-class setting. The 286 

approach was tested for all the single blocks and even for the fused matrices ( the “1vs1” mid-level 287 

DF outcome, which does not differ from the one obtained with the Mid-Level Multi-Block-PLS-DA 288 

approach, is reported in Tab.1). Even if the binarization method has led to a partial redistribution of 289 

the classification errors, whose outcomes in external validation are reported in Tab.1 (cross-290 

validation results are not reported to keep the table readable), the total classification rates remain 291 

almost unchanged compared to the multi-class probabilistic PLS-DA models. It can therefore be 292 

assessed that no real problems related to unbalanced or incompatible groups have occurred when, 293 

for the estimation of the class probability, a super-class (which is the grouping of all the not-in-class 294 

samples) is considered. 295 

--------------------------------Insert Tab.1 approx. here-------------------------------------------- 296 

 297 

3.4 Data-Fusion approach 298 

Low-Level DF was applied by concatenating sample-wise the matrices that were pre-processed 299 

according to the optimal pre-treatment identified during the optimization of the single-block PLS-300 

DA models. Before building the Low-Level PLS-DA model, the fused matrix was block-scaled and 301 

mean-centered. The Frobenius’ norm (total sum of squares of each matrix) was used as a block-302 

scaling factor to make the blocks comparable and to avoid the model being driven only by the 303 

blocks with the greater number of variables. The best Low-Level DF classification ability was 304 

achieved by involving all the three blocks (MIRout, NIRin/out and MIRin) and 12 Latent Variables 305 

but satisfactory results, compared to the ones obtained by single-block models, were not reached 306 

(see Tab.1). Eventually, to test the Mid-Level DF strategy, the scores of the LVs separately 307 
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extracted in the optimal single-block PLS-DA models were concatenated row-wise and a multi-308 

block PLS-DA model was developed using the fused matrix (103x21). Excellent results were 309 

obtained using only the MIRout and NIRin/out matrices with an optimal complexity of 3 Latent 310 

Variables. Although in the Mid-Level DF an additional optimization step is required, a more 311 

balanced representation of the information carried by each block is ensured, which is a relevant 312 

factor especially when blocks containing a large number of variables are fused.  313 

 314 

Besides, a sequential Mid-Level DF was applied and compared to the above-described method. SO-315 

PLS-DA has several advantages compared to the Multi-Block PLS-DA method; indeed, although it 316 

requires a greater computational effort, it potentially involves only one optimization step. As 317 

described in section 2.4, SO-PLS-DA sequentially extracts the information from the blocks defining 318 

an optimal complexity for each dataset; thus, it permits the independent evaluation of the 319 

information sources and the removal of redundancy among them. Furthermore, a direct 320 

identification of significant variables and recognition of complemental information may be 321 

performed through the VIP (Variable Importance in Projection) analysis leading, in this case, to a 322 

direct chemical interpretation [53]. Fig.5A shows a 3D plot of the Ŷ in calibration (full symbols) 323 

and in validation (empty symbols) resulting from the SO-PLS-DA model. The three class-324 

distributions are well distinguished as well as the incorrect attribution that the model makes in the 325 

external validation (one GS sample confused with GA). Moreover, the external samples proved to 326 

be representative of the class they belong to and they fall relatively close to the training samples. 327 

MS is the most sensible and specific class, correctly recognizing all the compliant samples and 328 

rejecting all the samples that do not belong to the class. ŶGA and ŶGS appear more dispersed than 329 

ŶMS but, despite this, the SO-PLS-DA model achieved sensitivities of 100% and 91.7% with a 330 

complexity of 9 LVs for the MIRout block and 6 LVs for the NIRin/out. GS is the class showing 331 

the highest confusion, both for GA and MS. This could be explained considering the concurrence of 332 

different factors such as the analogy in the variety, which is autumnal in the case of GA and GS 333 
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categories, but also the actual proximity of the production areas of GS and MS (Gran Sasso e Monti 334 

della Laga National Park and Monteleone di Spoleto respectively) (Fig.1A). In the present work, 335 

High-Level data fusion was not tested since, taking place at the decision level, the evaluation of the 336 

complementarity of the blocks results troublesome. Moreover, the SO-PLS-DA model produced 337 

satisfactory results without compromising the chemical interpretability in the discrimination 338 

process. 339 

--------------------------------Insert Fig. 5 approx. here-------------------------------------------- 340 

 341 

3.5 VIP analysis and chemical interpretation 342 

Fig. 1(B) shows the structure of the cereal caryopsis and the rough chemical composition 343 

concerning the different seed tissue. Proteins are mainly concentrated in the cells of the aleurone 344 

layer, which is rich in albumins and globulins and characterized by a higher content of essential 345 

amino acids and lysine [54]. Galterio et al. [55] quantified the protein percentage in three Italian 346 

landraces (Garfagnana, Leonessa and Trivento) and found values not greater than 10%. However, 347 

the high variability of this value was confirmed in the literature demonstrating the strong influence 348 

of the growing conditions and the genetic background on the protein content that also has proved to 349 

be higher in spring emmer than in the autumn or winter varieties [56]. The amide I (~1650 cm
-1

) 350 

and amide II (~1550 cm
-1

) bands, which arise from specific stretching and bending vibrations of the 351 

protein backbone [57], are clearly distinguishable in the MIRout spectrum demonstrating a 352 

significant contribution of the aleurone layer to the signals. The pericarp as well as the seed coat 353 

and, to a lesser extent, the aleurone layer, are also characterized by structural carbohydrates, such as 354 

cellulose or hemicellulose, and by lignin, whose characteristic signals can be found in the MIRout 355 

spectrum (~1240 for the cellulosic material and the shoulders at ~1600 and ~1515, not present in 356 

the MIRin spectrum, indicative of the aromatic character of the lignin). Starch is the main storage 357 

carbohydrate in emmer kernels, accounting for 61 – 68% of the grain; MIRin shows a greater 358 

influence of starch typical bands, such as the α-1,4 Glycosidic bonds skeleton vibration at ~ 930 cm
-359 
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1
, demonstrating the higher starch amount in the endosperm [58]. Finally, the lipids, which are the 360 

minor constituents (2% of the emmer kernel), are mainly concentrated in the germ and pericarp. 361 

Lipid signals are found in the region 2800–3000 cm
-1

. The signals are predominantly asymmetric 362 

and symmetric stretching vibrations (~2922 and ~2852 cm
-1

) of the CH2 groups of the acyl chains. 363 

In addition, the band at ~1736 cm
-1

, which arises from a stretching vibration of the carboxyl group 364 

C=O in the lipid ester linkage, is higher in the MIRout spectrum [59]. The highest intensity could 365 

demonstrate the seed coat and the pericarp highest lipids amount. The VIP analysis was performed 366 

for the SO-PLS-DA model in order to identify the variables giving the highest contribution in 367 

discriminating emmer landraces. VIP coefficients express the importance of each variable in 368 

defining the LVs subspace; a VIP index equal to 1, which is the average of the square values, is 369 

assumed as a cut-off to define which spectral variables are the most significant. Fig.5B reports a 370 

graphical representation of VIP analysis: the red points correspond to the spectral variables having 371 

VIP scores higher than one, while the black line is the sample mean spectrum. The CH2 symmetric 372 

and asymmetric stretching (~2922 cm
-1

and ~2856 cm
-1

), as well as the CH bending at 1469 cm-1, 373 

are selected. Variables related to the amide I and II signals and to the C=O stretching vibration 374 

show VIP scores higher than 1. Finally, the region of the spectrum from 1180 cm
-1

 to 950 cm
-1

 375 

related to the CO stretching in structural and not structural carbohydrates is highlighted as 376 

significant, as well as the starch characteristic band at  ~930 cm
-1 

 and the signal detected at ~1235 377 

cm
-1 

that is due to coupled OH bending and CO stretching vibrations. The selected NIRin/out 378 

features are shown in Fig. 5B and were selected considering the information already explained by 379 

the first block (MIRout). In particular, the variables in the range of ~5000 and ~5500 cm
-1

  are 380 

highlighted as relevant predictors and associated to the combination bands of the NH, OH and C=O 381 

bonds [21]. VIP indexes higher than 1 are shown by variables in the spectral range ~7000 to ~7200 382 

cm
-1

, an area associable to the presence of carbohydrates, or to the absorption of non-bonded O-H 383 

groups in fatty acids [60]. Finally, a limited number of variables is selected between ~8000 and 384 

~8900 cm
-1

 and 4100- 4600cm
-1

 probably due to the correlated information already took into 385 
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account in the MIRout block and linked to the second overtone and combination bands of C-H bond 386 

[29].  387 

4 Conclusion 388 

Promising results were obtained in the first part of the study by applying the multiclass PLS-DA 389 

approaches to the individual data blocks. The Data-Fusion strategy was applied to handle the multi-390 

block dataset leading to comparable or better results than single-block models. The best outcome 391 

was obtained with MIRout and NIRin/out matrices elaborated through the SO-PLS-DA method 392 

(97.2% of total correct classification rate). The satisfactory results confirm that MIR and NIR 393 

spectroscopic techniques could be used to analyse the whole emmer grain and to provide 394 

information that could be combined to assess the geographical origin of Italian emmer. The 395 

proposed methodology could also encourage the development of a similar approach aimed at 396 

emmer authentication.  397 
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Figure captions 596 

Fig.1: (A) Geographical origin of the Italian emmer samples. (B) Structure of emmer caryopsis and 597 

chemical composition of the different seed tissues 598 

Fig.2: Scheme of the SO-PLS-DA algorithm for two predictor blocks 599 

Fig.3: NIR and MIR mean spectra of emmer samples averaged according to the class membership 600 

and collected analysing both the external (MIRout, NIRout) and the internal part (MIRin, NIRin) 601 

Fig.4: Probability Density Functions (PDFs) of the classes estimated from the Ŷ continuous values 602 

in calibration (A). Normalized Probability and posterior probability values of the training (full 603 

symbols) and the external (empty symbols) samples (B) 604 

Fig.5: (A) 3D plot of the Ŷ of each class of the training set (full symbols) and the test set (empty 605 

symbols). (B) VIP analysis of MIRout and NIRin/out spectra for the SO-PLS-DA model (9LVs for 606 

MIRout and 6LVs for NIRin/out): the black line is the average spectrum; thick red trait points the 607 

variables with VIP > 1.   608 
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Table 609 

  Cross-validation 

Pre-processing LVs GA MS GS Total CCR 

MIROUT SNV-1
st
 derivative 11 91.9 89.2 79.3 86.8 

MIRIN SNV-1
st
 derivative 13 91.9 83.8 69.0 81.6 

NIRIN/OUT 1
st
 derivative 10 94.6 100.0 73.3 89.3 

L.L. (MIROUT NIRIN/OUT MIRIN) Optimal pre-proscessing 12 94.6 86.5 79.3 86.8 

M.L. (MIROUT NIRIN/OUT) autoscaling 2 100.0 100.0 100.0 100.0 

SO-PLS-DA (MIROUT NIRIN/OUT) Optimal pre-proscessing 9-6 100.0 100.0 100.0 100.0 

 External valiation 

GA MS GS Total CCR 

1 VS1 MIROUT 93.7 93.7 91.7 93.0 

MIROUT 93.7 100.0 83.3 92.3 

1VS 1  MIRIN 81.2 93.7 83.3 86.1 

MIRIN 81.2 87.5 91.7 86.8 

1 VS 1 NIRIN/OUT 100.0 81.2 75.0 85.4 

NIRIN/OUT 100.0 93.7 66.7 86.8 

L.L. (MIROUT NIRIN/OUT MIRIN) 100.0 87.5 75.0 87.5 

1 VS 1 M.L (MIROUT NIRIN/OUT) 100.0 100.0 83.3 94.4 

M.L. (MIROUT NIRIN/OUT) 100.0 100.0 83.3 94.4 

SO-PLS-DA (MIROUT NIRIN/OUT) 100.0 100.0 91.7 97.2 

 610 

Tab.1: Correct Classification Rate (CCR) in cross- and external validation, related complexity 611 

(LVs) and optimal pre-processing for the single-block PLS-DA models, for the related “one against 612 

one” approach (1VS1) and for the multi-block PLS-DA models: Low- Level Data Fusion (L.L.), 613 

Mid-Level Data Fusion (M.L.) and Sequential and Orthogonalized-Partial Least Squares-614 

Discriminant Analysis (SO-PLS-DA) 615 
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Highlights 

 

 Geographical discrimination study for the traceability of traditional Italian emmer 

 

 Characterization of emmer by means of Middle and Near Infrared spectroscopy 

 

 

 Single- and multi-block chemometric elaboration of the spectroscopic profiles 

 

 

 Development of non-distructive method to asses geographical origin of Italian emmer 

 

 

 Mid-level data fusion approach achieved an external prediction ability of 97.2% 
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