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Abstract  13 

In this work, apple juice samples from different farming and production processes (direct and 14 

concentrated juices; organic and conventional juices) were analyzed by ultra-high performance liquid 15 

chromatography coupled to high resolution mass spectrometry (UHPLC-HRMS). A workflow was 16 

developed and implemented for data processing using the Workflow4Metabolomics (W4M) 17 

platform. First, features were detected using XCMS, and next data filtration steps were applied 18 

leading to the removal of nearly 50% of the detected features. Intra- and inter-batch correction was 19 

then performed, followed by chemometric tools (PCA, PLS-DA, OPLS-DA, ANOVA). The developed 20 

approach successfully discriminated apple juice samples in two distinct scenarios simultaneously 21 

(direct vs. concentrated juices and organic vs. conventional juices). PCA highlighted the 22 

reproducibility of the method and confirmed the efficiency of batch corrections. OPLS-DA models 23 

showed good quality metrics, particularly after feature selection for organic vs. conventional juices 24 

discrimination (almost 80% of predictive ability). Based on ANOVA and OPLS-DA results, 24 features 25 

were retained as significantly discriminant. Among them, some compounds were identified as amino-26 

acids and derivatives, using additional MS/MS experiments and online databases. An independent 27 

data set was used to evaluate their potential as marker compounds, with promising results obtained. 28 

Further investigation is needed to validate such an untargeted method and its routine application to 29 

detect apple juice adulteration and confirm its authenticity. 30 

 31 

Keywords 32 

Food authenticity, High resolution mass spectrometry, Liquid chromatography, Metabolomics, PCA, 33 

PLS-DA, OPLS-DA  34 

 35 

Highlights  36 

o Development of an UHPLC-HRMS metabolomics approach with great potential in juice 37 

authentication 38 

o Discrimination between sample groups in two distinct authentication applications 39 

o Relevant markers selected by OPLS-DA and ANOVA were tentatively identified 40 

o Main discriminant compounds were identified as amino-acids and derivatives 41 

 42 

1. Introduction 43 

Food fraud is a worldwide issue, and recent crises (like the horse meat scandal in 2013) have sparked 44 

interest on food authentication among consumers and food industries [Brooks et al., 2017]. 45 

Concerning food fraud and Economically Motivated Adulteration between 1980 and 2010, fruit juices 46 

are one of the top ten products most at risk, particularly apple and orange juices [Moore et al., 47 

2012]. Typical frauds on fruit juices include (1) dilution with water, (2) addition of sugars or organic 48 

acids, (3) addition of foreign fruits (mostly cheaper ones) and (4) false labeling of the product 49 

(cultivar or geographical origin, as well as production mode such as organic) [Vaclavik et al., 2011]. 50 

To facilitate the detection of food fraud, the Codex Alimentarius, the Association of the Industry of 51 

Juices and Nectars of the European Union (AIJN) and the European Commission have established 52 

guidelines and standards to define permitted practices and evaluate the quality and authenticity of 53 

juices [Directive 2012/12/EC; CODEX STAN 247-2005; AIJN Code of practice]. However, fruit juices 54 
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authentication may be challenging due to their complex chemical composition influenced by several 55 

factors such as variety, geographical origin, stage of maturity, storage conditions and processing 56 

techniques [Jandric et al., 2014; Cubero-Leon et al., 2018; Dasenaki et al., 2019].  57 

Juice authentication is routinely performed by conventional analytical methods (called targeted 58 

methods) that are usually described and validated by the IFU (International Fruit and Vegetable Juice 59 

Association) [IFU website]. For example, sugars, organic acids, minerals, phenolic compounds and 60 

several volatile compounds are analyzed to authenticate direct apple juice samples [AIJN Code of 61 

practice, Wolter et al., 2008]. These methods are sensitive and usually provide low limits of detection 62 

and quantification as they have been developed to detect specific compounds or classes of 63 

compounds (e.g., molecular markers of foreign fruits or low fruit content). However, these targeted 64 

approaches generally focus on a specific fraud and may fail to reveal more sophisticated frauds such 65 

as false organic claims [Knolhoff and Croley, 2016; Dasenaki et al., 2019]. The illegal addition of 66 

vegetable water (such as water obtained during the grape juice concentration process) to orange 67 

juice concentrate, with the false claim of “orange juice not from concentrate”, is another illustrative 68 

example since conventional 18O/16O isotope ratio analysis fails to detect this fraud; in that case, there 69 

is an additional health concern related to the presence of allergenic sulphur dioxide [Rinke and 70 

Jamin, 2018]. 71 

Therefore, it is important to move toward untargeted methods to detect adulteration and confirm 72 

authenticity [Dasenaki et al., 2019; Rinke, 2016]. Untargeted methods allow to have an overview of 73 

the sample, also called a fingerprint [Medina et al., 2019]. Thousands of compounds can be detected, 74 

making them more holistic than the conventional methods [Dasenaki et al., 2019]. These untargeted 75 

methods have emerged with the improvements of analytical techniques (e.g., the development of 76 

high resolution mass spectrometers) and the use of advanced statistical methods. Nuclear magnetic 77 

resonance (NMR) and mass spectrometry (MS) are widely used in the assessment of food 78 

authentication using untargeted methodology, in particular liquid chromatography coupled to high 79 

resolution mass spectrometry (LC-HRMS) [Cubero-Leon et al., 2014; Sobolev et al., 2019; Esteki et al., 80 

2018; Danezis et al., 2016].   81 

Metabolomics-based approaches using LC-HRMS have already been used in food safety assessment 82 

[Knolhoff et al., 2016; Delaporte et al., 2019] and revealed their potential. In the field of food 83 

authentication, untargeted LC-HRMS analysis coupled to chemometrics has been used to attest the 84 

geographical origin of saffron (100% of the investigated samples were correctly classified) [Rubert et 85 

al., 2016]. Using a similar methodology, Cavanna and co-workers have assessed the authentication of 86 

durum wheat based on geographical origin, with approximately 90% of samples correctly classified 87 

[Cavanna et al., 2020]. Moreover, metabolomics-based methodology using LC-HRMS has already 88 

been successfully implemented for juice authentication regarding geographical origin [Diaz et al., 89 

2014] or for adulteration detection and classification of juices types and varieties [Vaclavik et al., 90 

2012; Jandric et al., 2014; Jandric et al., 2017]. Similarly, Dubin et al. used this methodology to 91 

authenticate blackcurrant, specifically to detect adulteration with aronia, with a detection limit of 5% 92 

aronia concentrate in blackcurrant concentrate [Dubin et al., 2017]. Furthermore, the untargeted 93 

methodology was also used for pomegranate juice authentication allowing detection of 1% 94 

adulteration [Dasenaki et al., 2019]. 95 

Thereby, the metabolomics-based methodology appears to be a method of choice for juice 96 

authentication. However, this trend deserves confirmation and further methodological development. 97 

In particular, studies with large data sets and/or with models that offer broad applicability are 98 

needed to validate the potential of this methodology for food authentication [Cubero-Leon et al., 99 

2018]. Moreover, the authentication of organic food also requires further work due to limited 100 
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number of studies regarding this topic, especially in the juice sector [Cuevas et al., 2017; Mihailova et 101 

al., 2021], and the lack of reliable analytical techniques to confirm the organic production of a sample 102 

[Cuevas et al., 2019]. 103 

In this work, apple juice samples from different farming and production processes (organic and 104 

conventional, direct and from concentrate juices) were analyzed using untargeted UHPLC-HRMS 105 

analysis. A data processing workflow was developed to select relevant features after peak detection. 106 

Based on these features, models were built for sample groups discrimination using chemometric 107 

tools in two distinct scenarios (direct juice vs. concentrated juice, and organic juice vs. conventional 108 

juice). Chemical markers allowing the discrimination were then tentatively identified, using online 109 

and in-house databases as well as UHPLC-HRMS/MS analyses. The discriminant potential of these 110 

marker compounds was evaluated using an independent set of samples. 111 

2.  Materials and methods 112 

2.1. Reagents and chemicals 113 

Methanol (MeOH), water and formic acid (FA), all LC-MS grade, were purchased from Fisher 114 

Scientific.  115 

Some compounds known to be present in apple juice, and routinely analyzed by targeted methods, 116 

were purchased from Sigma-Aldrich: alpha-terpineol (purity: >99%), hexyl acetate (purity: 99%), ethyl 117 

2-methylbutyrate (purity: > 98%), limonene (purity: 97%), phloridzin (purity: > 99%) and 2-118 

methylbutyl acetate (purity: > 99%). Hydroxymethylfurfural (purity: 100%) was purchased from 119 

ACROS. These commercial standards were considered to assess the ability of our untargeted method 120 

to detect them. In addition, they may be considered as possible candidates for markers responsible 121 

of the discrimination between our sample groups. With the aim to develop a real untargeted 122 

method, these target compounds were not included in our inclusion list in our MS/MS experiments. 123 

Individual standard solutions were prepared in methanol with a concentration of 0.2 mg/L for most 124 

compounds, and of 0.5 mg/L for hydroxymethylfurfural and phloridzin. These solutions were 125 

analyzed using the UHPLC-HRMS analytical conditions described in section 2.3, in order to determine 126 

the m/z and retention time (RT) of the compounds which will be used to highlight their potential 127 

presence in the analyzed samples. 128 

2.2. Samples description and preparation  129 

One hundred and ten apple juice samples from several geographical origins and farming processes 130 

were collected (organic and non-organic juices; direct juices, concentrated juices and juices from 131 

concentrate). Samples were stored in the freezer until analysis. After thawing, aliquots (5 ml) of 132 

samples were centrifuged for 10 min at 4,500 rpm. The supernatant was collected and diluted with 133 

water directly into a vial before analysis. Three replicates per sample were prepared. Sample vials 134 

were randomized in the analytical sequence. Quality Control (QC) samples (pool of apple juice 135 

samples) and diluted QC samples were also prepared and analyzed every 10 injections. The repeated 136 

injections of QC samples were used to evaluate analytical performance. Also, analytical blanks were 137 

analyzed regularly to check for carry over (every 20 samples). Moreover, these blanks were useful to 138 

detect residual peaks corresponding to the mobile phases used. 139 

Samples were analyzed in different batches. The first one contained 24 samples (12 organic and 12 140 

conventional apple juices). The second batch contained 30 samples (15 direct apple juices and 15 141 

concentrated apple juices). The third batch contained 26 samples including organic and conventional 142 

juices as well as direct and concentrated juices. Another set of samples coming from a different 143 

harvest year was also analyzed in a fourth batch in which MS/MS acquisition was performed; this 144 
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batch contained 30 samples (10 concentrated juice samples, 10 conventional direct juice samples 145 

and 10 organic direct juice samples). A detailed list of the samples is presented in Table A.1 146 

(Supplementary material). 147 

2.3. Analytical method 148 

Analyses were performed on a ThermoFisher® Vanquish Flex UHPLC system, composed of a binary 149 

pump, refrigerated sampler and column oven, connected to a ThermoFisher® QExactive Plus 150 

Orbitrap® high resolution mass spectrometer (version 2.9) with a heated electrospray ion source 151 

(HESI). The UHPLC separation was achieved using a C18 Hypersil Gold column (150 x 2.1 mm, 1.9 µm) 152 

at a 0.3 mL/min flow-rate. The column temperature was set to 30°C. The mobile phases were water 153 

acidified with 0.1% FA (A), and MeOH acidified with 0.1% FA (B), with the following linear gradient 154 

elution: 0-2 min, B: 3%; 2-20 min, B: 3-98%; 20-24 min: B: 98%; 24-24.1 min, B: 98-3%; 24.1-32 min, 155 

B: 3%. The injection volume was 1 µL. 156 

Raw data were acquired using TraceFinder software (version 3.1, ThermoFisher®). MS data were 157 

acquired in positive ion mode (ESI+) with a mass range set at m/z 120-1000 in full scan mode and 158 

with a resolution of 70,000. The parameters applied on the electrospray ion source are presented in 159 

Table A.2 (Supplementary material); MS data was acquired in centroid mode. The MS detector was 160 

weekly calibrated using the Pierce™ positive and negative ion calibration solution purchased from 161 

Thermo Fisher Scientific. 162 

For MS/MS acquisition, full scan data-dependent analyses were carried out using an inclusion list. 163 

This inclusion list was established after the data processing of the first three batches where several 164 

features were identified as discriminant (24 features for both studies). The resolution was set at 165 

17,500. An isolation window of ± 1 uma was used to select the m/z of interest at the expected 166 

retention time of the features (± 1 min). Three normalized collision energies were applied (10; 30 and 167 

60 eV) for the MS/MS spectrum acquisition. 168 

2.4. Data processing 169 

Raw data files were analyzed using the Workflow4Metabolomics (W4M) platform (version 3.0) 170 

[Giacomoni et al., 2015] after conversion of the data files to mzXML format using ProteoWizard 171 

[Chambers et al., 2012]. The main steps of data processing are: (1) peak detection; (2) retention time 172 

alignment; (3) peaks grouping; (4) peak annotation; (5) data filtration and normalization, and (6) 173 

chemometric analysis. The first four steps were performed using functions of the XCMS (an acronym 174 

for various forms (X) of chromatography mass spectrometry) package [Smith et al., 2006] on the 175 

W4M platform as illustrated in Fig. 1. 176 

The features, defined by their m/z and retention time, and their intensities in different samples were 177 

used for the statistical analysis as commonly reported [Cavanna et al., 2018]. The chemometric 178 

methods used were principal component analysis (PCA) for exploratory purpose, as well as partial 179 

least squares - discriminant analysis (PLS-DA), and orthogonal partial least squares - discriminant 180 

analysis (OPLS-DA) in order to build models for discrimination and classification of samples groups. 181 

Also, analysis of variance (ANOVA) and biosigner were used to reduce the number of features 182 

selected for models building, which may improve models quality. 183 

2.4.1. Peak detection and alignment (XCMS) 184 

All the data from the first three analytical batches were processed simultaneously as illustrated in 185 

Fig. 1. The XCMS phase includes the following steps. First, the peak detection and extraction is 186 

achieved using the “findChromPeaks” function with the centWave method [Tautenhahn et al., 2008]. 187 
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During this step, the chromatograms are described as a 2D-matrix where each peak is described by a 188 

combination of its m/z value and retention time (RT), called “feature”. The selected retention time 189 

for each peak is the time corresponding to its apex of the intensity value. Then, the 190 

“groupChromPeaks” function is used to group the extracted peaks across all the samples. This step is 191 

applied to group ions with close RT between the samples. After this step, m/z and RT values are 192 

averaged in the data matrix. The peaks are next aligned using the “adjustRtime” function to correct 193 

the RT across the samples and then grouped again. Finally, the “fillChromPeaks” function is used to 194 

identify features where there is no intensity value for some samples and the signal is integrated in 195 

the region of the determined feature to avoid missing values. The XCMS parameters for each step 196 

were optimized from the QC samples and are presented in Table A.3 (Supplementary material). A 197 

data matrix is then generated, giving the area of each peak for each feature and for each sample. 198 

Thus, the features are the variables of the models presented in this study. 199 

2.4.2.  Data filtration and batch correction 200 

To perform the subsequent data filtration step, the data matrix was split in three distinct data 201 

matrices, as shown in Fig. 1, corresponding to the three initial analytical batches, in order to perform 202 

filtration steps within each analytical batch. These filtration steps were needed to remove irrelevant 203 

information as the number of features detected by XCMS was very high (about 20,000). 204 

First, all peaks corresponding to the dead volume and the column flush were excluded, which means 205 

that all the features with a retention time lower than 1.7 min were removed from the data matrix. 206 

Then, features that mainly result from blank analyses were removed by calculating the fold change in 207 

blanks and samples analyses. For a feature, when the ratio of samples fold change over blanks fold 208 

change is lower than 4, this feature is deleted. In this way, between 15% and 20% of the detected 209 

features were removed. Finally, features showing a poor stability (relative standard deviation (RSD) 210 

higher than 30%) according to QC analyses were also excluded. Similarly, features for which the ratio 211 

of RSD pool over RSD sample is higher than 1.25 were deleted. At the end of this step, about 10,000 212 

features remained. Analytical signal drift within the analytical batch was corrected using a LOESS 213 

regression model using the QC sample injections, employing the Batch Correction module on the 214 

W4M platform.  215 

Then, the three data matrices corresponding to the three sample batches were merged (see Fig. 1) 216 

and a second batch correction was applied to correct analytical signal drift between analytical 217 

batches by the use of the QC sample injections. 218 

The data matrix was then normalized using the Probabilistic Quotient Normalization method (PQN) 219 

[Dieterle et al., 2006] using the QC samples. Its purpose is to limit potential dilution effects that can 220 

affect restricted regions of the data. First, the median of each feature in QC samples is calculated, 221 

providing a reference vector. Then, the values for each ion in samples are divided by this reference 222 

vector. A median of the ratios for each sample is generated. Finally, initial values of each sample are 223 

divided by the ratios median. 224 

Prior to chemometrics analysis, the data matrix was Pareto scaled. Then, the data matrix was split to 225 

create two distinct authentication studies: the first one contained samples from batches 2 and 3 to 226 

evaluate the discrimination between pure and concentrated juice samples (58 samples in the data 227 

set); the second study contained samples from batches 1 and 3 to evaluate the discrimination 228 

between organic and conventional juice samples (54 samples in the data set). 229 

2.4.3. Chemometrics 230 
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Multivariate statistical analyses were performed on the W4M platform using unsupervised and 231 

supervised techniques. PCA was first performed to have an initial visualization of the data sets and to 232 

detect outliers. In order to evaluate the ability of this methodology to discriminate the apple juice 233 

samples, PLS-DA and OPLS-DA were used. These models were built using a 7-fold cross validation; by 234 

this way, each data set was divided into 7 different parts. Each model was next built using 6 parts 235 

(train set) and tested using the 7th part (test set); this step was then iterated until all the parts were 236 

used as test set. The cross validation procedure permitted to determine the optimal number of latent 237 

variables (LV) to build the PLS-DA and OPLS-DA models [Ballabio and Consonni, 2013; Wold et al., 238 

2001]. A new LV was added if the Q2Y obtained with this LV was greater than 0.01. Indeed, the Q2Y 239 

was calculated from the ratio of PRESS (predictive residual sum of squares) including the new LV over 240 

RSS (residual sum of squares) calculated from the model with the previous LV [Wold et al., 2001].  241 

The quality of the built models was assessed by the goodness of fit (R2X), the proportion of the 242 

response matrix variance explained by the model (R2Y) and the predictive performance of the model 243 

(Q2Y). These three metrics have values between 0 and 1. The higher they are, the better the 244 

performance of the model. The Q2Y metric is particularly important here, as it represents the 245 

prediction efficiency of the model. An empirical value of 0.4 for Q2Y has been previously established 246 

to judge the quality of the model [Worley and Powers, 2012]. 247 

An analysis of variance (ANOVA) was also performed to select significant features between the two 248 

studied groups (pure vs concentrated juices and organic vs conventional juices); a maximum 249 

accepted p-value of 0.01 was chosen in order to select significant features. The features identified by 250 

the ANOVA were used to build new PLS-DA and OPLS-DA models to compare models quality with 251 

lower features. 252 

The biosigner tool [Rinaudo et al., 2016] present on the W4M platform was also used for feature 253 

selection. Briefly, this algorithm allows to obtain the smallest number of features which have the 254 

most significant contribution in models performance (this module performed PLS-DA, Random Forest 255 

(RF) and Support Vector Machine (SVM) models) after performing several iterations. The iterations 256 

stop when the number of significant features remains equal to that of the previous iteration. Again, 257 

the features selected by biosigner were used to build new PLS-DA and OPLS-DA models. 258 

2.4.4.  Annotation 259 

Significant features were selected based on their results after the chemometric tools used, 260 

particularly OPLS-DA and ANOVA results. After having investigated the MS spectra of those 261 

discriminant features, the adduct type of the observed m/z was identified which permitted to 262 

determine the exact mass of the compound and consequently to suggest molecular formulas. In 263 

order to tentatively annotate these features that discriminate the samples, the online databases 264 

HMDB [Wishart et al., 2018] and FooDB [FooDB, 2021] (as we are studying apple juice samples) were 265 

used. Moreover, the obtained MS/MS spectra were used to confirm the annotation by comparing 266 

them to two spectral databases: mzCloud and MassBank. In addition, some commercial compounds 267 

known to be present in apple juices were analyzed thanks to available standards as detailed in 268 

section 2.1, enabling to build an in-house database. 269 

3. Results and discussion 270 

3.1. Study 1: Authentication of pure apple juices 271 

3.1.1. Principal component analysis 272 

PCA is the most common unsupervised multivariate statistical technique [Medina et al., 2019b; 273 

Oliveri and Simonetti, 2016] used for exploratory purposes. It was used here to evaluate the 274 
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reproducibility of three replicates of the same sample. For this study, 58 samples were considered 275 

with three replicates per sample (resulting in a total of 174 samples). PCA was applied on two distinct 276 

data matrices, containing either all values (i.e., including separate triplicate values) or only a single 277 

value (being the mean of the three replicates) for each sample. In both cases, no outlier was 278 

observed on the PCA score plots, so that we considered the three replicates to be reproducible. 279 

Consequently, only the average of sample triplicates was considered for the following statistical 280 

analyses.  281 

As shown in Fig. A.1 (Supplementary material), the first three principal components explained about 282 

50% of the variance (PC1: 27%; PC2: 14%; PC3: 8%). The replicates of the QC samples were fairly 283 

close on the PCA scores plot, showing a good system stability during the analysis. A slight dispersion 284 

was noticed in Fig A.1a, with two subsequent groups for the QC samples, in line with the two distinct 285 

analytical batches; this observation highlights an analytical drift not completely corrected. 286 

Interestingly, a trend seemed to appear for the discrimination between the two groups of samples 287 

(single strength vs. both concentrated juices and juices from concentrate) on the PC3 axis, even 288 

though no clear separation could be achieved. 289 

Conversely, group separation of fruit juices based on the type of fruit were already reported using 290 

PCA on UHPLC-HRMS data, with a distinct cluster for apple juices [Vaclavik et al., 2012]. Guo et al. 291 

also reported group separation of fresh squeezed apple juices based on varieties by performing a 292 

PCA on their concentrations in 23 polyphenols [Guo et al., 2013].  Therefore, it can be assumed that 293 

the apple juice production method has fewer differences in the UHPLC-HRMS fingerprint, which 294 

explains why no group separation was observed in our PCA. 295 

3.1.2. Classification and prediction models: PLS-DA and OPLS-DA 296 

PLS-DA and OPLS-DA models were built using the features left after the between batch correction 297 

(9,234 features) and from the 58 samples. 298 

PLS-DA models were already reported for classification purpose of orange juices, with a satisfactory 299 

classification rate of samples regarding geographical origin (after cross-validation, the model showed 300 

a 100% classification capacity) [Diaz et al., 2014]; unfortunately, in our study PLS-DA model remained 301 

unsatisfactory (data not shown). The obtained model was built using two latent variables and had a 302 

goodness of prediction of 0.37 and a goodness of fit of 0.27. OPLS-DA models were previously found 303 

interesting for discrimination of Saffron sample origins [Rubert et al., 2016]; results from our data 304 

also showed samples discrimination between single strength and both concentrated juices and juices 305 

from concentrate, as presented in Fig. 2.  306 

The model metrics indicated that the OPLS-DA model was quite satisfactory (as shown in Fig. 2) with 307 

a goodness of fit of about 50% and a prediction capacity of about 60%. This OPLS-DA model was built 308 

using 9,236 features, so that these metrics might be improved with fewer features. In their study on 309 

Saffron, Rubert and co-workers reported that the best OPLS-DA model was obtained using 8 features 310 

(of about 5,000 features detected) with 85% of prediction capacity and 97% of goodness of fit 311 

[Rubert et al., 2016]. Nevertheless, on Fig. 2 it can be observed that one concentrated juice sample 312 

was really close to the direct juice samples group. This observation can lead to incorrect classification 313 

or prediction of samples. Consequently, further data processing was tested to improve the modeling. 314 

Moreover, the high number of features used for building our OPLS-DA model may have induced 315 

overfitting. It was thus important to reduce the number of features used for this model. 316 

3.1.3. Feature selection using ANOVA before PLS-DA and OPLS-DA 317 
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Selection was needed to reduce as much as possible the number of features to be compare with 318 

other analytical batches. This is necessary if we want to implement this methodology as a routine 319 

analysis method for apple juice authentication assessment. ANOVA and similar t-test have already 320 

been used to identify and select significantly different features between groups of samples [Llano et 321 

al., 2018; Bat et al., 2018]. 322 

Performing an ANOVA proved to be greatly helpful: from the about 10,000 features obtained at the 323 

end of the filtration steps, the ANOVA identified almost 2,000 significantly different features 324 

between the two sample groups. Again, the PLS-DA model gave unsatisfactory results (data not 325 

shown). The model was built using two latent variables and had a predictive ability of 0.58. In the 326 

score plot, the two sample groups were not differentiated. Conversely, the OPLS-DA model obtained 327 

with these identified features was again quite satisfactory (based on the metrics values), with more 328 

variance being explained by the first latent variable (30% instead of 13% previously). However, the 329 

separation of the two groups was not improved, being even quite worse (Fig. A.2a of Supplementary 330 

material). 331 

3.1.4. Feature selection using biosigner before PLS-DA and OPLS-DA 332 

The biosigner module present on the W4M platform was also tested for features selection since it 333 

allows selecting the fewest number of features to build discrimination models. Accordingly, only 20 334 

features were identified by this tool here. Unfortunately, with these 20 features, the resulting OPLS-335 

DA model showed a worse discrimination of the two groups, even though the direct juice samples 336 

stayed close together (Fig. A.2b of Supplementary material). The metrics of the model clearly 337 

decreased, confirming the low quality of this model. The PLS-DA model obtained was also 338 

unsatisfactory (data not shown). One latent variable was used to build this model and a predictive 339 

ability of 0.27 was obtained. 340 

Almost all features selected by the biosigner tool were also selected by the ANOVA (90%). The 20 341 

features seemed thus to be discriminant, but it can be emphasized that as the number of samples 342 

was quite low (58 samples), the features selected were not sufficiently discriminant to improve the 343 

OPLS-DA model quality. A larger set of reference samples would be required to establish a robust 344 

routine model. 345 

3.2. Study 2: authentication of organic apple juices 346 

3.2.1. Principal component analysis 347 

In this study, 54 samples were used to build the PCA. As in the previous study, the reproducibility of 348 

the triplicates was evaluated using the PCA scores plots. As the replicates showed to be reproducible, 349 

the average of the three replicates per samples was used for the next chemometric analysis. PCA 350 

scores plots of the filtered data using the mean of the triplicates are shown in Fig. A.3 of 351 

Supplementary material. A good system stability was also observed for this study since the replicates 352 

of the QC sample were clustered on the PCA scores plot. As in the previous study, two groups of QC 353 

samples could be distinguished, showing that the analytical drift was not completely corrected. 354 

However, the correction seemed to be better than in the first study because the QC replicates were 355 

less dispersed.  356 

Group separation between organic and conventional juice samples was not achieved by PCA. Using 357 

the first three principal components, about 60% of the variance was explained (PC1: 32%; PC2: 15% 358 

and PC3: 8%). Cuevas and coworkers also reported previously that PCA did not allow to separate 359 

organic from conventional orange juices using UHPLC-HRMS analysis [Cuevas et al., 2017].  360 
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3.2.2. Classification and prediction models: PLS-DA and OPLS-DA 361 

In order to build models for sample classification, PLS-DA and OPLS-DA analysis were performed (Fig. 362 

A.4. of Supplementary material).  PLS-DA and OPLS-DA models were both built using a 7-fold cross 363 

validation on the 54 samples of the study. OPLS-DA enabled a clear separation between the two 364 

groups. This is in line with another study where organic and conventional juices were discriminated 365 

using an OPLS-DA model, with a specificity and sensitivity of nearly 90% for both sample classes after 366 

cross-validation [Cuevas et al., 2017]. OPLS-DA models satisfactorily discriminated organic and 367 

conventional carrot samples analyzed by UHPLC-HRMS, with a classification rate of about 80% using 368 

a validation data set [Cubero-Leon et al., 2018]. 369 

The predictive ability of the OPLS-DA model was good (Q2Y: 0.746). As this model was obtained with 370 

a high number of features (near 8400 features), it could be hypothesized that it could be improved 371 

with a reduced number of features. Further works should focus on the external assessment of the 372 

models performance, which was not allowed by the number of samples in this study. 373 

3.2.3. Feature selection using ANOVA before PLS-DA and OPLS-DA 374 

In this study, the ANOVA found 1,422 significantly different features between the organic and 375 

conventional juice samples (from almost 10,000 features detected). PLS-DA and OPLS-DA models 376 

obtained from these features are presented in Fig. 3.  377 

The new models obtained with a reduced number of features showed similar metrics compared to 378 

the previously obtained models (Fig. A.4 of Supplementary material). The discrimination between the 379 

two sample groups was still not observed using PLS-DA model. On the contrary, OPLS-DA model 380 

showed a clear separation. The predictive ability of this model indicated that it had a good 381 

performance (Q2Y: 0.785) and it was slightly better than the OPLS-DA obtained with all the features. 382 

The percentage of variance explained by the first LV had increased to 24% with the feature selection. 383 

3.2.4. Feature selection using biosigner before PLS-DA and OPLS-DA 384 

Again, the biosigner tool was used to find the smallest number of most significant features. This 385 

module found 48 features. To evaluate whether these selected features were the most significant, 386 

PLS-DA and OPLS-DA models were built using a 7-fold cross-validation. In contrast to the results 387 

obtained from the feature selection using ANOVA, the obtained PLS-DA and OPLS-DA models were 388 

not improved. The metrics showed that models were quite worse than with all the features (Fig. A.5 389 

of Supplementary material).  390 

Only 14 of the 48 features selected by the biosigner tool were also selected by the ANOVA. Most of 391 

the features selected by this module were chosen based on their performance using SVM models. 392 

SVM models can perform very well but they require lots of data (ideally thousands of samples). In 393 

this study, there were only 54 samples, so the features selected using SVM models were not 394 

discriminant enough to increase the PLS-DA and OPLS-DA model metrics. 395 

3.3. Tentative identification of discriminant features in both studies 396 

The number of features remained high, even after selection with ANOVA (about 1,500 features). To 397 

reduce this number while keeping the most discriminant features, it was decided to filter them 398 

according to their VIP (Variable Importance on Projection) value calculated during the construction of 399 

the PLS-DA and OPLS-DA models. The VIP value of a feature indicates its importance on the model 400 

building: the higher VIP value, the more discriminating the feature is [Wold et al., 2001]. In a previous 401 

study, filtration based on the VIP value successfully selected 8 features out of about 5,000 features 402 
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detected [Rubert et al., 2016]. Other authors reported the use of VIP values to select discriminant 403 

features by retaining 25 features (out of about 5,000 features detected) that were further tentatively 404 

identified [Cavanna et al., 2020]. Cubero-Leon and colleagues also used a similar criterion (VIP 405 

greater than 1) applied to remove features contributing to other variability (year of harvest); they 406 

were able to build successful OPLS-DA models to discriminate between organic and conventional 407 

carrot samples [Cubero-Leon et al., 2018]. In the literature, different VIP values between 1 and 2 408 

have been used as a filtration criterion. In this work, a filter was applied to keep features having a VIP 409 

value greater than 1, as proposed in different articles [Gorrochategui et al., 2016; Pezzati et al., 410 

2020]. After this filtration, about 150 features remained for both authentication applications 411 

considered in our work.  412 

To reduce the number of features to be identified, both results from ANOVA and from OPLS-DA were 413 

used. We focused on the features with the highest VIP and the lowest p-value, and attempted to 414 

identify them using online databases (HMDB and FooDB). Based on this strategy, less than 15 415 

features were selected in each study for further identification, as indicated in Table 1 and Table A.4 416 

(Supplementary material). Few of these features were also selected by the biosigner tool. Examples 417 

of chromatograms for one feature identified as discriminating for each study are shown in Fig. 4 and 418 

Fig. A.6 (Supplementary material). 419 

 420 

Some features had the same retention time, being either coeluted chromatographic peaks or 421 

fragments and/or adducts of a unique compound. The observation of the MS spectra permitted to 422 

identify features which correspond to a same molecule (Table 1); in particular, the presence of 423 

certain adducts such as [M+NH4]+ and [M+K]+ allowed to attribute the adduct type of the observed 424 

m/z. This was mostly the case for the features identified in the second study. As presented in Table 1 425 

and Table A.4, a majority of features were still unknown as no matches were obtained on the online 426 

databases used. For some features, several compounds matched the exact mass defined. It is 427 

interesting to observe that results from HMDB and FooDB were really close, being a good starting 428 

point to annotate features but still insufficient: the compounds of interest may not be present on 429 

these databases. 430 

In order to improve the annotation of these discriminant features, MS/MS acquisitions were 431 

performed on a new set of samples (30 samples containing concentrated juice samples, conventional 432 

direct juice samples and organic direct juice samples). Only few results were obtained from the 433 

databases search, either with the monoisotopic mass or with the proposed molecular formula. 434 

Interestingly, two amino acids (methionine and isoleucine or norleucine) could be proposed as 435 

discriminant markers between organic and conventional apple juice (Table 1); this result seems 436 

realistic since those compounds were already reported in apple juice samples [Ma et al., 2018]. In 437 

particular a biosynthesis pathway leading to isoleucine formation in ripening apple fruit has been 438 

recently reported (Sugimoto et al., 2021). The same methodology was applied for the features 439 

identified in the authentication of pure apple juices with N-(1-deoxy-1-fructosyl)phenylalanine 440 

proposed as a marker (Table A.4. of Supplementary material). Xu et al. also reported an amino-acid 441 

(L-glutamine) to discriminate from concentrate and not from concentrate orange juices [Xu et al., 442 

2020]. Further investigation is needed to improve the annotation of the identified discriminant 443 

features, probably by using other online databases or building in-house database. 444 

During the MS/MS experiments, a full scan analysis was also acquired. It was thus possible to use 445 

these independent acquisitions to evaluate the potential of the discriminant features to serve as 446 

marker compounds. It is noteworthy that the previously selected features were successfully 447 
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observed on this fourth analytical batch (only one feature was missing because it has a low intensity); 448 

nevertheless, only a few of them still showed a trend in the discrimination of sample groups. In 449 

particular, for the authentication of direct apple juices, 5 features still showed a difference in 450 

intensity between the two sample groups; these features might be used as markers compounds for 451 

the concentrated juice characteristic. On the other hand, for the authentication of organic apple 452 

juices, no trend was observed for the discrimination of the two samples groups by observing the 453 

intensity of the features between the two sample groups. 454 

It can be emphasized that these independent acquisitions permitted to highlight some marker 455 

compounds as they were characteristic of the process type used (juice concentration). For the 456 

organic juice characteristic, these new samples came from a different harvest year, which may 457 

explain that the discriminant features found previously may fail to discriminate these new 458 

acquisitions. Cubero-Leon and co-workers reported that the harvest year was one of the most 459 

important variabilities in their studied samples [Cubero-Leon et al., 2018]. On the contrary, Diaz et al. 460 

identified a biomarker for orange origin which seems to be independent from the harvest year [Diaz 461 

et al., 2014].  Further investigation is thus needed to find reliable features for the authentication of 462 

organic apple juice samples and to confirm the use of the 5 features for the authentication of direct 463 

apple juice samples. 464 

Based on the analysis of standards, two detected features might be assigned to phloridzin (p-value: 465 

5.83 E-03) and alpha-terpineol (p-value: 1.08 E-04) according to their m/z and retention time; 466 

unfortunately, these two features were outside the list of Table 1. It is not surprising that phloridzin 467 

was not a discriminant compound as it is a naturally present molecule in apples, with varying 468 

concentrations depending on different factors such as variety or processing technology used [Spinelli 469 

et al., 2016]. The remaining standards were not detected in our samples, possibly because they were 470 

not concentrated enough to be observed, while the other one (hydroxymethylfurfural) routinely 471 

analyzed by LC-UV may not be present in the juice samples analyzed. 472 

4. Conclusions 473 

This work presents a methodology combining untargeted LC-HRMS analysis and chemometric tools 474 

to authenticate apple juice samples. The OPLS-DA models showed good performance in sample 475 

classification, especially for the discrimination between organic and conventional sample juices 476 

(nearly 80% of predictive ability). To confirm their classification and prediction performance, further 477 

validation of these models using an external data set is required.  478 

Coupling the results of ANOVA and OPLS-DA seems to be an interesting methodology to determine 479 

the discriminant features as it permitted to reduce the number of detected features (from almost 480 

10,000 features detected to about 150 features) while keeping significant and discriminant features. 481 

According to the chemometric tools used (OPLS-DA and ANOVA) about 20 features have been 482 

identified as significantly discriminant and tentatively identified for the first time. Some compounds 483 

were tentatively annotated as amino-acids and derivatives, and a few markers were confirmed by 484 

MS/MS experiments. Interestingly, application of our analytical method to a new set of samples 485 

showed that some features retained a tendency to discriminate between the two groups of samples, 486 

mainly for authentication of direct apple juices. 487 

The main additional research concerns the annotation workflow, which is the most time-consuming 488 

part of this methodology. By building an in-house database, the identification of marker compounds 489 

can be faster as the obtained mass spectra will be better compared than by using an online database, 490 

the same instrument being used. By identifying the compounds responsible for the discrimination, 491 
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they could be analyzed in a routine analysis for apple juice authentication. Further investigation is 492 

needed to correctly identify the compounds by the analysis of standards. 493 

The proposed analytical methodology enabled, for the very first time, the authentication of apple 494 

juice samples in two distinct scenarios using a single analysis (organic vs. conventional samples and 495 

single strength juice vs. both concentrated juice and juice from concentrate samples). Other 496 

chemometric models could be developed to implement juice discrimination based on variety and/or 497 

geographical origin, in addition to the scenarios presented here.  498 
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Figure Captions 668 

Fig. 1. Workflow of the data treatment using W4M* (RSD: relative standard deviation) * text in italic 669 

refers to W4M functions.  670 

Fig. 2. Scores plot for OPLS-DA obtained with cross-validation (blue circles, concentrated juices and 671 

juices from concentrate; red crosses, direct juices). The black ellipse represents 95% of the variability, 672 

the blue and red ellipses represent 95% of the multivariate distributions of the sample groups. 673 

Fig. 3. (a) Scores plot of PLS-DA and (b) scores plot of OPLS-DA obtained after features selection using 674 

ANOVA (blue circles: organic juice samples; red crosses, conventional juice samples). The black 675 

ellipse represents 95% of the variability, the blue and red ellipses represent 95% of the multivariate 676 

distributions for each sample groups. 677 

Fig. 4. Chromatogram of feature 13 for authentication of organic apple juices (black, organic juice 678 

samples; red, conventional juice samples) 679 
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Table 1: Discriminant features for authentication of organic apple juices (compounds confirmed based on MS/MS data are indicated in bold characters). 

# 
Compound 

# 
Feature 

Detected 
m/z 

Adduct 
type 

RT 
(min) 

p-value VIP Characteristic 
Monoisotopic 

mass 

Proposed 
molecular 
formula 

Proposed compounds 
(FooDB) 

Proposed compounds 
(HMDB) 

1 

1* 132.1019 [M+H]+ 3.32 1.0E-05 10.7 

Conv > Org 131.0947 C6H13NO2 

Leucine, Isoleucine, 
6-Deoxyfagomine, 

Alloleucine, Norleucine, 
Aminocaproic acid, 

Alanine betaine 

Leucine, Isoleucine, 
6-Deoxyfagomine, 

Alloleucine, Norleucine, 
Aminocaproic acid, 

Methylvaline, 
N-(2-Hydroxyethyl)-

morpholine 

3 133.1052 M+1 3.32 1.0E-05 2.8 

2 2* 133.0317 [M+H]+ 1.95 4.4E-08 4.0 Conv > Org 132.0245 

C3H2F2N4 n.a. n.a. 

C8H3FN n.a. n.a. 

C8H4O2 2,4,6-Octatriynoic acid n.a. 

C5H8O2S n.a. 3-Methyl sulfolene 

3 

4* 150.0583 [M+H]+ 1.95 3.8E-08 10.9 

Conv > Org 149.0510 

C3H5F2N5 n.a. n.a. 

5* 151.0616 M+1 1.95 3.2E-08 2.5 C8H6FN2 n.a. n.a. 

6* 152.0541 M+2 1.95 3.4E-08 2.2 C5H11NO2S Methionine Methionine, Penicillamine 

4 
7 245.0767 [M+H]+ 2.47 5.6E-05 3.6 

Conv > Org 244.0693 
C9H12N2O6 Pseudouridine, Uridine** Pseudouridine, Uridine** 

8 267.0585 [M+Na]+ 2.47 6.5E-05 2.8 C6H4N12 n.a. n.a. 

5 9 271.1149 [M+H]+ 6.93 4.5E-06 2.2 Conv > Org 270.1077 

C9H14N6O4 n.a. n.a. 

C10H10N10 n.a. n.a. 

C11H16N3O5 n.a. n.a. 

6 10 331.1724 [M+H]+ 12.98 1.3E-05 3.8 Conv > Org 330.1652 

C12H22N6O5 n.a. n.a. 

C13H18N10O n.a. n.a. 

C14H24N3O6 n.a. n.a. 

C11H26N2O9 n.a. n.a. 

7 11 433.2040 [M+H]+ 13.86 1.8E-05 3.4 Conv > Org 432.1968 

C16H28N6O8 n.a. n.a. 

C17H24N10O4 n.a. n.a. 

C18H30N3O9 n.a. n.a. 
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C24H32O5S S-Furanopetasitin S-Furanopetasitin 

8 12 495.1744 [M+H]+ 13.86 2.5E-06 2.2 Conv > Org 494.1671 

C24H24N5O7 n.a. n.a. 

C23H28NO11 n.a. n.a. 

C22H22N8O6 n.a. n.a. 

C21H26N4O10 n.a. n.a. 

9 13 591.1677 [M+H]+ 9.58 9.8E-06 3.4 Org > Conv 590.1606 

C24H26N6O12 n.a. n.a. 

C25H22N10O8 n.a. n.a. 

C28H30O14 Maysin 3'-methyl ether n.a. 

 

n.a.: not applicable 

* These features were detected using biosigner 

** invalid based on MS/MS data 
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Fig. 1. Workflow of the data treatment using W4M* (RSD: relative standard deviation) * text in italic refers to 

W4M functions. 
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Fig. 2. Scores plot for OPLS-DA obtained with cross-validation (blue circles, both concentrated juices and juices 

from concentrate; red crosses, direct juices). The black ellipse represents 95% of the variability, the blue and 

red ellipse are the Mahalanobis ellipse of the sample groups. 
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Fig. 3. (a) Scores plot of PLS-DA and (b) scores plot of OPLS-DA obtained after features selection using ANOVA 

(blue circles: organic juice samples; red crosses, conventional juice samples). The black ellipse represents 95% 

of the variability, the blue and red ellipses represent 95% of the multivariate distributions for each sample 

groups. 
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Fig. 4. Chromatogram of feature 13 for authentication of organic apple juices (black, organic juice samples; 

red, conventional juice samples) 
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Highlights  

o Development of an UHPLC-HRMS metabolomics approach with great potential in juice authentication 

o Discrimination between sample groups in two distinct authentication applications 

o Relevant markers selected by OPLS-DA and ANOVA were tentatively identified 

o Main discriminant compounds were identified as amino-acids and derivatives 
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