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Abstract 1 

This review outlines some of the challenging aspects of applying second-order 2 

data modeling in classification issues analysing selected examples of current 3 

applications. The main analytical platforms used for classification are briefly discussed 4 

from the application point of view, and the utilization of the generated data is illustrated. 5 

After a critical discussion of the advantages concerning the general features of the 6 

available algorithms and their underlying models, one example is presented and 7 

discussed in detail with the purpose of illustrating the high potentiality of second-order 8 

data modeling in the classification field. In addition, advanced data pre-processing tools, 9 

prior to multivariate analysis, are explained, and relevant tools are displayed. Finally, 10 

novelty prospects in multi-way classification area are presented. 11 

 12 

Keywords: Second-order data modeling; Classification; Chromatography; Excitation-13 

emission fluorescence matrix; Three-way 14 
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1. Introduction  21 

Classification has been a challenging analytical problem along the time 22 

addressed to solve endless issues in many research fields. In the last decades, it has 23 

witnessed a progressive increase of data production and storage. In this context, there is 24 

an ever-increasing trend in advanced classification procedures to use more and more 25 

sophisticated analytical platforms, which generate large and complex data, which in turn 26 

require more and more sophisticated data analysis tools for converting data into 27 

information, i.e. analytical problems (and, so, the measurements undergone to address 28 

them) generate large amounts of data which must be handled afterwards by 29 

chemometrics [1].  30 

Diverse available analytical platforms are differing by their sensitivity, 31 

selectivity, and high-throughput capacity, but all of them have often the capability to 32 

generate several thousand variables per sample. Besides, depending on the technique, 33 

the data may have two, three, and more modes (dimensional structure). Therefore, for a 34 

single sample it can be recorded data with a two-dimensional (2D) array, which are 35 

commonly called second-order data denoting the number of modes for the data array [2-36 

3]. 37 

 In multivariate classification setting, second-order data handling is producing a 38 

significant impact on the development of analytical strategies, especially for 39 

determining characteristic patterns of analytes of interest in complex matrices, such as 40 

those found in environmental, biological and food samples, among others [4]. For this 41 

reason, second-order data modeling applications on the classification context are in 42 

growing development. 43 

Although there is a wide variety of analytical techniques that could be used in 44 

order to obtain higher-order data, only some of them have been used with the purpose of 45 
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classification. In fact, modern analytical platforms of separation followed by different 46 

detection techniques, e.g. tandem gas chromatography-mass spectrometry (GC-MS) [5-47 

7], liquid chromatography-mass spectrometry or diode-arrays spectrophotometer (LC-48 

MS [8,9], LC diode-array spectroscopy (LC-DAD) [10,11]), and capillary 49 

electrophoresis (CE) with DAD [12], have been scarcely applied. Conversely, 50 

fluorescence spectroscopy is the direct detection technique that has been mostly 51 

exploited in order to solve classification issues. In fact, this analytical platform is 52 

emerging as a competitive technique in the field of characterization due to its moderate 53 

selectivity and high sensitivity, which has been applied to the detection of a very wide 54 

range of analytes [13]; in addition, it is a relatively fast and inexpensive analytical 55 

technique [14,15].  56 

Regarding the use of second-order data for classification studies, the scientific 57 

community has mainly focused their concern on the development of analytical 58 

methodologies for food authenticity and traceability [4,13]. Some of them have been 59 

applied on various foodstuff such as wines [12,16-23], oils [5,24-30], vinegar [31,32], 60 

mayonnaise [33], orange juice [34] , fish [35], meet [36], tomatoes [8-9], paprika [37], 61 

and honey [38,39] in order to determine characteristic patterns of compounds or 62 

parameters related to a geographical origin, the adulteration of samples or some specific 63 

conditions (e.g. processes, storage, harvest or variety). Other relevant works have been 64 

orientated to more specific research, such as the forensic analysis of textile fibers 65 

[40,41], the characterization of organic constituents of soils [42], discrimination of 66 

geographical origin and detection of adulteration of burdook and kudzu roots [43,44], 67 

and for the identification of biodiesel and petroleum oils with environmental purposes 68 

[7,45,46]. Several recent reviews have been published about this ever increasing 69 

research field where relevant applications can be found [47–53]. 70 
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Independently of the considered sample or faced classification problem, all 71 

applications of second-order classification methods reported in the literature have been 72 

focused and applied as a need to handle a data structure of high complexity, when the 73 

data set was acquired from a modern analytical platform. Apparently, few reports have 74 

motivated their research on the need to increase the data order as a strategy for 75 

enhancing the quality of information for a sample set and, subsequently to solve a 76 

classification problem. In this context, it is very important to stress that the second-order 77 

classification advantage when compared to first-order classification has not been stated 78 

yet as was for the calibration world [3].  79 

Referring to data analysis, a wide assortment of chemometric algorithms has 80 

been thoroughly implemented and compared [4]. In addition, it has been demonstrated 81 

that second-order data modeling can be far more effective when using multi-way 82 

methods compared to unfolding procedures (re-arranging the multi-way data into a two-83 

way matrix structure) [4,24,54,55]. In this context, the concept of second-order 84 

advantage in classification has been introduced by Escandar et al., although it calls for a 85 

more detailed study and discussion [45].  86 

The aim of this review is to provide awareness of the increasing application of 87 

second-order data generation and modeling, and their advantages in the classification 88 

context. First, a study on the data generation, structure and properties is presented. 89 

Then, the most important algorithms for modeling second-order data in classification 90 

are carefully analyzed. Remarkable differences in the screening capability of the 91 

employed algorithms are shown and discussed. Finally, one case study work applying: 92 

a) two-way and b) three-way structured data, is used to show the potentiality of the use 93 

of matrix data with focus on classification ability results [33].  94 

 95 
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2. Second-order data 96 

2.1. Structure and low rank trilinearity property  97 

Samples often belong to complex and heterogeneous systems including mixtures 98 

of different molecular families and therefore complicated analytical platforms are 99 

required, which should be able to detect the wide range of molecules that might be 100 

present at rather different concentration levels [56]. 101 

In this context, second-order data can be recorded in two ways: a) direct 102 

detection techniques using a single instrument, such as a spectrofluorimeter registering 103 

excitation-emission luminescence matrices (EEMs); or b) a separation technique 104 

followed by detection dispositive, as GC–MS or LC-DAD, etc. [2,3,57]. Independently 105 

of the applied technique, a data matrix (second-order data) is attained for each sample. 106 

As can be appreciated in Fig. 1, the data set can be arranged into: (A) a single three-107 

dimensional array or cube, stacking each individual matrix on top of each other 108 

[X(I×J×K)], or (B) ‘unfolding’ or ‘vectorizing’ the original matrices, which indicates 109 

the process of reshaping a matrix in a vector, and is performed by concatenating two-110 

way arrays (matrices). The later process can be performed in six different ways: if I 111 

(samples) matrices have dimension J (first mode: e.g. emission wavelength or time) × K 112 

(second mode: e.g. excitation wavelength), the following two way augmented matrices 113 

can be derived: X(IJ×K), X(JI×K), X(I×KJ), X(I×JK), X(K×IJ) and X(K×JI). 114 

Nevertheless, when dealing with classification issues, it is discernible that the first mode 115 

of the data array (the sample dimension I), should be conserved. Consequently, only two 116 

kinds of augmented matrices can be built: Xc(I×JK) and Xr (I×KJ) as displayed in Fig. 117 

1B. As can be seen, the three-way array is represented by X, using both boldface and 118 

italics, while the matrix is represented by X, using both boldface and normal letter.    119 
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 120 

Figure 1. Several sample matrices (I) recorded for classification purposes, with 121 
dimension (J×K) can be staked in a three-way structure X(I×J×K) (A), or  appended, but 122 

maintaining I and unfolding the first and second instrumental modes in two different 123 
ways: augmented matrices  Xc(I×JK) and Xr (I×KJ) can be built (B). 124 

 125 

When second-order data are processed for a set of samples in the first way 126 

mentioned above (Fig. 1.A), it is important if the three dimensional array built with 127 

these data fulfills or not with the so-called low rank trilinearity condition, i.e. that the 128 

three-way data array built with a set of second-order matrices can be modeled through 129 

Eq. (1): 130 

���� �	∑ ��	
�	��	��� � ����	     (1) 131 

where N is the total number of chemical constituents generating the measured signal, ain 132 

is the relative concentration or score of component n in the i-th sample, and bjn and ckn 133 

are the intensities in the instrumental channels (or data dimensions) j and k, 134 

respectively. The values of Eijk are the elements of the three-dimensional array E, 135 
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representing the residual error, and having the same dimensions as X. The column 136 

vector an (containing the an values of the I samples) is collected in the scores matrix A, 137 

while vectors bn and cn are collected in the loading matrices B and C (usually both 138 

vectors an and bn are normalized to unit length). A three-dimensional array built with 139 

second-order data matrices will be low rank trilinear whether the signal for a given 140 

sample is bilinear and the component profiles are constant across the different samples. 141 

The first condition implies that a single component data matrix can be 142 

decomposed into the product of two vectors, each containing the component profile in 143 

one of the two data dimensions. An excitation-emission fluorescence matrix represents a 144 

well known illustration of bilinear data. It can be decomposed into the excitation and the 145 

emission spectra for a given fluorescent component. By contrast, total synchronous 146 

fluorescence matrix (TSFS) is not low rank bilinear, because each offset of a single 147 

compound has a specific spectrum in the second dimension, making it impossible to 148 

describe the TSFS data in terms of one profile in each dimension.  149 

The second requirement implies that the shape of the profiles in all dimensions 150 

for a given component must be the same, with intensity variations being due only to 151 

different concentrations in different samples.  152 

In those cases in which multi-way data are involved for classification issues, the 153 

choice of the appropriate multi-way approach will be decisive in the validity of the 154 

solution found. In this context, from a practical point of view, it is of paramount concern 155 

whether a three-dimensional data structure X (I×K×J) fulfills the requirements of low 156 

rank trilinearity. The latter can be attained by inspection of the eigenvalues of matrices 157 

Xc (I×JK) and Xr  (I×KJ) obtained from frontal planes of X (I×K×J), as was commented 158 

above and shown in Fig. 1.  159 



M
ANUSCRIP

T

 

ACCEPTE
D

ACCEPTED MANUSCRIPT

9 

If the multi-way structure is in fact low rank trilinear, it is expected to obtain 160 

equal significant amount of eigenvalues in Xc and Xr  after principal component 161 

analysis. This scenario suggests that the same sources of variance are present in both 162 

instrumental modes, and that it maintains the same profile (shape and position) when 163 

changing from sample to sample, varying only in intensity. In Fig. 2, the eigenvalues for 164 

Xr  and Xc obtained for a real case involving the analysis of white wine samples by 165 

using EEMs [16] (Fig. 2A) and capillary electrophoresis with DAD [12] (Fig. 2B) are 166 

shown.  167 

 168 

Figure 2: Eigenvalues for Xc (square-line) and Xr  (circle-line) matrices 169 
corresponding to (A) EEMs and (B) CE-DAD data. 170 

 171 
 172 

As it can be seen in Fig. 2A, the same amount of significant eigenvalues were 173 

necessary to explain most of the variability, corroborating the fact that a three-174 

dimensional array built with EEMs data will result low rank trilinear. On the other hand, 175 

misalignment and deformation of the peaks in the electropherograms make the three-176 

dimensional array built with CE-DAD data non-trilinear, because a different number of 177 
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significant eigenvalues are necessary for matrices Xr  and Xc (Fig. 2B) in order to 178 

explain the same amount of variability.  179 

Interestingly, several issues in the classification world can emerge when the 180 

characteristic functions are seriously overlapped and the decomposition is ambiguous 181 

(nontrilinear data) [58]. Nevertheless, the real problems investigated and used to write 182 

this review present some interesting solutions, showing that in some cases a 183 

compromise can be attained. 184 

 185 

2.2. Luminescence matrix  186 

Fluorescence is characteristically multidimensional. The fluorescence emission 187 

process contains a wealth of independent information related to the fluorophore and its 188 

surroundings. A total fluorescence matrix from a sample is obtained by systematically 189 

varying the excitation and emission wavelengths [16,19,31,32,41,45,59]. Additionally, 190 

the introduction of new commercially available instruments for fluorescence analysis 191 

has allowed inquiring into the use of other alternatives such as synchronous and front-192 

face fluorescence spectroscopy. These new approaches have increased the varieties of 193 

samples that can be analysed by fluorescence [15,60]. 194 

The sampling geometry can have a substantial effect on the obtained 195 

fluorescence signal. In fluorescence spectroscopy (FS), the excitation light travels into 196 

the sample from one side, and the detector is positioned at right angle to the sample 197 

centre. Particularly, front-face fluorescence spectroscopy (FFFS) can be applied when 198 

the substances present large absorbance (exceeding the 0.1 value) and significant 199 

scattering of light. In this situation, the traditional right angle FS technique cannot be 200 

applied due to emission and excitation spectra are both decreased and excitation spectra 201 

are distorted [61, 62]. With the object of minimizing these effects, it is recommended 202 
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not to place the sample with its surface oriented at an angle of 45° to the incident beam, 203 

but rather between 30° or 60° to the light source and the detector [61].  In this context, 204 

several researchers have clashed to analysis of turbid or opaque samples, and to avoid 205 

these problems have used FFFS, since the signal becomes more independent of the 206 

penetration of the light through the sample [20, 26, 33-35, 42]. 207 

Figure 3 shows a typical EEM landscape employed for classification of 208 

Argentinean white wines according to the grape variety [16]. The data set comprised 209 

forty-one EEMs recorded in the excitation range of 245-341 nm each 2 nm and emission 210 

range of 375-500 nm each 5 nm. 211 

 212 

Figure 3. Typical EEM landscape employed for classification of Argentinean white 213 
wines according to the grape variety [16]. 214 

 215 

On the other hand, in synchronous fluorescence spectroscopy (SFS) the 216 

sensitivity associated with fluorescence is maintained while offering a narrowing of 217 

spectral bands and an enhancement in selectivity by spectral simplification in 218 

multicomponent analysis as main advantage [63]. Spectra are obtained by 219 
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simultaneously scanning of both excitation and emission monochromators, keeping a 220 

fixed wavelength interval, named offset between them. Inasmuch as SFS technique can 221 

be developed on both modes, FS or FFFS, it can be applied on an extensive variety of 222 

samples, independently of its environment [36,46]. Therefore, this versatile application 223 

is in a recent growth. Interestingly, a total synchronous fluorescence matrix can be 224 

obtained recording spectra at different offsets [64], which has been shown good results 225 

in classification problems. As was commented above, a three-way array built with these 226 

matrices will not be low rank trilinear. 227 

 228 

2.3. Separation techniques (liquid and gas chromatography/capillary electrophoresis) 229 

coupled to UV-Vis, fluorescence or mass detection 230 

The application of separation techniques with classification purposes has been 231 

increased in the last years. Nowadays, the most commercial analytical techniques are 232 

based on the separation-coupling concept with chromatography or electrophoresis for 233 

the sensitive and selective determination of the non-targeted and/or exhaustive analytes 234 

in a sample.  235 

In classical chromatography/electrophoresis, where complete resolution of 236 

constituent peaks is required, second-order data generation is not fully necessary, 237 

because chromatograms/electropherograms present resolved analyte peak areas. This 238 

approach is no longer useful in complex samples where baseline resolution cannot be 239 

achieved, and multiple constituents overlap in the elution/migration time mode. Here is 240 

when second-order signals generation is needed. However, even when complete 241 

resolution is obtained for a given analytical system, sometimes this is at the expense of 242 

using complex chromatographic conditions (pH and/or solvent gradients) and/or very 243 
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long experimental run times. In these cases, the use of simpler and faster conditions may 244 

lead to unresolved analyte peaks in a reasonably short time 245 

Consequently, hyphenation from separation techniques such as GC, LC or CE 246 

beside spectroscopic techniques such as DAD or, fast scanning fluorescence detection 247 

(FSFD), can provide many possible analytical strategies for classification studies 248 

[12,30,37]. Furthermore, due to advanced technologies in mass detectors, in recent 249 

years, the coupling of LC, GC or CE with MS has been employed in various 250 

classification studies [5–9,65].  251 

Another fact that should be considered when recording and modeling these data, 252 

is that some pretreatments such as baseline, centering and misalignment removal are 253 

applied in the same way, regardless of whether data are unfolded or retained as three-254 

way (see below). 255 

Contrasting with EEM data, separation measurements always involve some lack 256 

of reproducibility in the profiles of the various constituents in the elution time mode. If 257 

for some reason they can be decreased to a point where the data can be reasonably 258 

considered of low rank trilinear, this is important information to be known because the 259 

brand of modeling to be implemented is depending on this property. Usually the 260 

problem increases in the following order: gas chromatography < liquid chromatography 261 

<< capillary electrophoresis. 262 

Figure 4 shows a typical time-wavelength matrix obtained by CE/DAD for a 263 

wine sample, with dimensions of 421 elution times (from 1.17 to 7.39 minutes) × 71 264 

wavelengths (from 227 to 367 nm) [12]. Using these data matrices, it was possible to 265 

discriminate samples of Argentinean white wine by a proper modeling, which allowed 266 

identifying the loading profiles in spectral mode related to different wine samples. 267 



M
ANUSCRIP

T

 

ACCEPTE
D

ACCEPTED MANUSCRIPT

14 

However, it is relevant to consider that, due to instrumental imperfections, a 268 

specific analyte may not elute at the same time in all samples; moreover, when for 269 

example MS detection is used, the mass spectrum obtained at this time each fragment 270 

can appear at different position (m/z) [66]. For that, a non-trilinear structure is obtained 271 

(see above). Taking into account that the subsequent data modeling is highly dependent 272 

on their structure, depending on the algorithm to be applied, implementing an adequate 273 

data pre-processing is often mandatory before the modeling. 274 

 275 

Figure 4. Typical time-wavelength matrix landscape obtained by CE/DAD for a wine 276 
sample, with dimensions of 421 elution times (from 1.17 to 7.39 minutes) × 71 277 

wavelengths (from 227 to 367 nm) [12]. 278 
 279 

 280 

3. Data pre-processing 281 

3.1. Scattering correction in luminescence matrices 282 

Several phenomena related to the nature of the sample as well as the 283 

concentration and the molecular environment of the natural fluorophores could affect 284 

the fluorescence intensity. The effect of quenching, the concentration, and the molecular 285 
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environment of fluorophores plus scattering phenomena have been described in detail in 286 

the literature [61,62,67]. 287 

One important aspect to be taken into account previous to analyze EEM data is 288 

the handling of Rayleigh and Raman scattering [68]. Although, these effects do not own 289 

any chemical information about the fluorophores in the solution, they can have a 290 

substantial effect on the obtained fluorescence signal and disturb the mathematical 291 

modeling of the chemical compounds of interest. Naturally, the fluorophores signal 292 

follows a low rank trilinear structure that is scrambled by this phenomenon, generating 293 

specific zones where changes in the scattering peaks shape and position by excitation 294 

wavelength are produced. For this reason, the scattering peaks do not present a trilinear 295 

behavior [68, 69].  296 

Generally, three-way arrays built with EEM data present ideal trilinear structure, 297 

which makes such data properly compatible with the parallel factor analysis 298 

(PARAFAC) model (Eq. 1). However, when the ideal trilinear structure of EEM data is 299 

broken by scattering signal, the PARAFAC model cannot be described by a few factors. 300 

Alternatively, it is advisable to remove the scattering before modeling. For that, several 301 

established ways to deal scattering effects in relationship to PARAFAC modeling have 302 

been proposed in the literature, but only some of them have been applied on the 303 

classification field [68, 69]. 304 

Accordingly, the simplest implemented strategies, when the affected areas do 305 

not contain relevant information, are reducing the areas of analysis, previously to the 306 

measurements, selecting the wavelength range from which the scattering effects are not 307 

produced [40,41]. However, important information about some sample fluorophores can 308 

be lost [41].  309 
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Notwithstanding, when the fluorophore signal is interfered for Rayleigh and/or 310 

Raman scattering, other perspectives have been proposed in order to conserve the 311 

original information, in addition to the removing of the affected areas (Fig. 5-A/B). One 312 

of them is inserting missing values inside the scattering areas [17,24,31] (Fig. 5-C); 313 

another is replacing the subtracted areas with interpolated values [32, 33]. The 314 

interpolation purpose is to replace the data in the affected areas with new data consistent 315 

with the data in the remaining parts of the EEM. A critical comparison of how missing 316 

or interpolated data can affect the PARAFAC modeling of EEMs has been worthily 317 

developed concluding that only interpolated values to remove scattering areas helps 318 

PARAFAC to converge faster preventing additionally the convergence to local minima 319 

[69]. In fact, both alternatives could be implemented after suitable scattering signal 320 

analysis.  321 

 322 

Figure 5. (A) EEM registered with Rayleigh scattering (first and second harmonic). (B) 323 
Zoom of the zone marked in Fig. 4(A) in which an area was selected with the object of 324 

eliminating the scattering effect. (C) Inserting missing values inside the scattering areas. 325 
(D) Replacing the subtracted scattering area with interpolated values. 326 

 327 
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3.2. Corrections applied in separation techniques  328 

Data acquired using hyphenated separation techniques (see above) possess 329 

artificial variation related to the noise and other non-sample related variations. 330 

Chemometric data analysis methods are sensitive to this type of variations that might 331 

hide the true information and lead to misinterpretations. For this reason, it is highly 332 

advisable to carry out a data pre-processing prior to application of any classification 333 

algorithm. The task of any pre-processing method is to make samples as similar as 334 

possible in order to transform the instrumental output into analysable and comparable 335 

information for the analytes [70, 71]. 336 

In order to attend these aims, a group of methods such as baseline correction, 337 

peak alignment, warping, smoothing (noise reduction), scaling, normalization, etc., can 338 

be applied as data pre-processing. The most widely implemented strategies, focusing 339 

classification analysis, are commented in the following. 340 

 341 

3.2.1 Baseline correction 342 

This pre-processing is implemented to reduce the negative influence of a 343 

background in a chromatogram, the baseline subtraction can remove systematic artifacts 344 

produced by the column or matrix material. Accordingly, to find better estimate of the 345 

baseline, numerous algorithms have been discussed in the literature [72-74]. Eilers et al. 346 

[72] have introduced an algorithm for baseline elimination based on asymmetric least 347 

squares spline regression (AsLSSR) approach, in which the following cost function is 348 

minimized: 349 

 � � ∑ ��(�� − ��	� )� � �	∑ (Δ�	��	� )�     (2) 350 

where y is the experimental signal, f is a smooth approximation of baseline trend (y), ∆ 351 

is the derivative of f, i denotes successive values of the signal, the positive parameter λ 352 
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is a regularization parameter that weighs the second term, and �  is weight. The 353 

positive deviations from the estimated baseline (peaks) have low υ values, whereas the 354 

negative deviations (baseline) obtain high υ values. In the multidimensional extension 355 

of baseline correction method, Eilers et al. proposed the splines-based approach for 356 

smoothing instrumental signal [the penalty term in Equation (2)]. Details of the 357 

implementation of the mentioned method can be found in the literature [72]. As an 358 

illustrative example, Fig. 6 shows how the baseline is computed with the described 359 

algorithm and subtracted [75]. 360 

 361 

Figure 6. LC–DAD original chromatogram (blue line), its computed baseline (green 362 
line) and the corrected chromatogram obtained by subtracting the background matrix 363 

(red line), all of them plotted at 200 nm [75].  364 
 365 

 366 

3.2.2. Peak alignment and warping 367 

Variations presented in chromatographic/electrophoretic data in 368 

retention/migration times should be corrected in some specific cases for developing 369 

appropriate multivariate modeling. In order to ensure that the same analyte is correctly 370 
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assigned across samples in time and/or to achieve the data low rank trilinearity, these 371 

unwanted peak shifts can be corrected using algorithms for retention time alignment.  372 

Numerous methodologies are able to warp the chromatograms by shifting, 373 

compressing and/or stretching them along the time axis, varying peak positions and 374 

shapes. Several algorithms of this type have been reported in the literature; deserving 375 

special attention the following ones: parametric time warping (PTW) [76], peak 376 

alignment by means of a genetic algorithm (PAGA) [77], interval correlation optimized 377 

shifting (ICOSHIFT) [78], correlation optimized warping (COW) [79], and dynamic 378 

time warping (DTW) [79]. 379 

The algorithm most used as data preprocessing in order to correct these 380 

variations has been COW. This algorithm is based on a piecewise or segmented data 381 

preprocessing technique where alignment of a sample chromatogram toward a reference 382 

chromatogram is performed by allowing small changes in segment lengths on the 383 

sample chromatogram [80]. As an illustrative example, Fig. 7 shows a chromatogram 384 

before (A) and after shift correction with COW (B) [81]. 385 
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 386 

Figure 7. Chromatogram before (A) and after COW alignment (B) [81]. 387 
   388 
 389 
 390 

3.2.4. Normalization 391 

Usually, normalization is necessary for efficient application of multivariate data 392 

analysis methods when different samples are compared. This pre-processing technique 393 

corrects the systematic variation occurring among spectra, due to differences in the 394 

analyte concentration in the samples, added to variation in the instrument detector 395 

sensitivity [82]. Thus, from qualitative data it is possible to extract patterns (relative 396 

metabolite intensities) that are found in different classes of samples. Then, for the 397 

correction of the overall concentration variations among samples, a scaling factor based 398 

normalization method can be performed dividing each analyte in a sample by a factor, 399 
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such as unit norm, total area, and total sum of intensities, calculated for a sample 400 

[65,71]. 401 

 402 

4. Algorithms and data modeling 403 

As was commented in Fig. 1, the set of matrices attained each one for each 404 

single sample can be arranged in a cube (X) or in an augmented matrix (Xc or Xr ), i.e. 405 

unfolding of original matrices. The kind of arrangement and the algorithm to be applied 406 

will depend on the kind of data and their inherent properties. For instance, it is not the 407 

same building the data set structure with EEMs or GC-MS data, which, as was 408 

commented above, bear different properties. 409 

 410 

4.1. Unfolding of second-order data followed by traditional two-way algorithms 411 

application  412 

It should be important to remark that the unfolding strategy originates loss of the 413 

so-called second-order advantage in the calibration world, although it can be say that the 414 

advantage of unfolding is that it allows for employing all the many classification 415 

methods available for two-way data.  416 

On the other hand, unfolding the array can present some disadvantages: a very 417 

large data matrix is often obtained upon unfolding (the matrix will have I objects or 418 

samples by JK variables). Therefore, the number of irrelevant variables becomes larger 419 

than the really meaningful ones, originating numerical problems in the computation of 420 

the models. Additionally, interpretation of the results in terms of the more relevant 421 

variables in the definition of the classification model can result difficult, and sometimes, 422 

impossible. 423 
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Nevertheless, once the unfolding step is performed, the matrices can be 424 

processed by the standard two-way classification methods. Following, the most 425 

important of them will be briefly described: a) soft independent modeling of class 426 

analogies (SIMCA), b) unfolding partial least squares-discriminant analysis (U-PLS-427 

DA) and c) linear discriminant analysis (LDA). 428 

 429 

4.1.1. SIMCA 430 

This method is based in that the similarity between samples belonging to a class 431 

can be caught by a principal component model of proper dimensionality. Thus, the 432 

verification of whether a sample is accepted or rejected by the class model reduces to 433 

outlier detection according to some kind of distance to the latent variable model [4]. In 434 

order to build the model of a particular category (class A), a principal component 435 

analysis (PCA) model is computed based on the data collected on the training samples 436 

coming from that class, XA, according to Equation (3): 437 

 XA = TA PA
T + EA       (3) 438 

 439 

where TA and PA are the scores and loading matrices for class A, respectively, and EA 440 

contains the residuals, i.e. the portion of the total variability in XA not accounted for by 441 

the PC model. Once the PCA is carried out, it is possible to define the distance of the 442 

kth sample to the model of the class, dk,A as: 443 

dk,A = ��OD�, !� � �SD�, !�     (4) 444 

where ODk,A and SDk,A represent the orthogonal and the score distances of the individual 445 

to the model of class A, respectively. The first is a measure of the distance of a sample 446 

to the PC subspace and is connected to the extent of the residuals. The second specifies 447 
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how far the object is from the training samples of the class in the PC space, and is 448 

connected to the value of the score vector.  449 

Two statistics are computed: T and Q, which represent the squared Mahalanobis 450 

distance of a sample to the center of the score space and the sum of the squared 451 

residuals, respectively. They are used to explain for the score and orthogonal distance 452 

terms in Equation (4). The distance of the kth sample to the model of the class is 453 

expressed as: 454 

dk,A = ��#�$%&�, !� � ���$%&�, !�     (5) 455 

where the subscript ‘red’ indicates that the variables are normalized by diving each term 456 

for the 95th percentile of the corresponding distribution under the null hypothesis. By 457 

definition, since each of the two terms in Equation (5) is divided by the corresponding 458 

critical limit, a threshold of √2	is normally chosen to assess whether a sample is 459 

accepted by the class or not. Indeed, if dk,A ≤ 2, then the sample k is accepted by the 460 

model of class A; otherwise it is rejected. It is important to remark that Equation (5) 461 

shows one of the possible implementation of SIMCA classification rule. 462 

 463 

4.1.2. U-PLS-DA 464 

The theory of PLS is well known [83].U-PLS-DA models multidimensional data 465 

which data structure is lost by unfolding as was shown in Fig. 1B. It involves a training 466 

step in which the relation between the variables and sample codes is estimated from a 467 

set of training samples. Then, a prediction step in which the training parameters are used 468 

to estimate the codes for unknown samples. 469 

Training provides a loading Q and a weight loading matrix W (both of size 470 

JK×M, where M is the number of latent factors) and regression coefficients v (size 471 

M×1). The model is given by Eq. (6): 472 
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 )�* � ∑ +�,	,,� -*,	 +.�*      (6) 473 

where pil is the signal measured for sample i and l runs from 1 to (JK), M is the number 474 

of latent variables, tim is an element of the score matrix T, qlm is an element of the 475 

loading matrix Q, and eil is a residue not fitted by the model. Prediction of the coded 476 

class for an unknown sample (cu) can be made according to Eq. (7): 477 

cu = tu
T v         (7) 478 

where tu is the test sample score, obtained by projecting the vectorized data for the test 479 

sample [vec(Xu), where vec(∙) implies the vectorization operator] onto the space of the 480 

M latent factors: 481 

tu = (WT Q)-1 WT vec(Xu)       (8) 482 

As an example, let us show the work presented by Escandar et al. [45] in which 483 

crude oils obtained from different sources of similar geographic origin, as well as light 484 

and heavy lubricating oils, were analyzed. Room-temperature phosphorescence matrix 485 

signals were recorded and processed by applying discriminant both unfolded and 486 

discriminant multidimensional partial least-squares, among other algorithms [45]. U-487 

PLS-DA was applied on a training set with 20 EEMs of oil denominated types 0, 1, 2, 488 

and 3. Figure 8 shows predicted vs. nominal coded values for training and test samples. 489 

The confidence interval for each category was estimated as the product of the calculated 490 

standard deviations of the results for the training samples (0.18, 0.09, 0.17, and 0.19 for 491 

María Inés, Medanito, and light lubricating and heavy lubricating oils, respectively) and 492 

the Student t-value with n–1 degrees of freedom (t(4,0.05 ) = 2.78). As can be clearly seen, 493 

the prediction ability of U-PLS-DA algorithm is poor, with a significant overlapping 494 

between the crude oil populations. As will be shown below, a better performance of the 495 

algorithm maintaining the cube structure is attained in this particular case. 496 

 497 
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 498 

Figure 8. Plot of the U-PLS-DA predicted vs nominal coded values for test samples: 499 
María Inés (blue crosses) and Medanito (green crosses) crude oils, and light (red 500 

crosses) and heavy (black crosses) lubricants. The geometrical symbols to the right of 501 
each group indicate the values of the corresponding training samples and were shifted 502 

for clarity. The gray regions indicate the confidence interval for each oil class (see text) 503 
[45]. 504 

 505 

4.1.3. LDA 506 

This is a well-known algorithm, which calculates a surface separating the sample 507 

groups by establishing a linear discriminant function that maximizes the ratio of the 508 

between class and the within-class variances [84]. Categories are supposed to follow a 509 

multivariate normal distribution and be linearly separated. With the A(I×JK) (or I×KJ) 510 

variable matrix and the dummy matrix Y (I×g) of binary digits representing the group 511 

assignments (g is the number of categories), the best representation is obtained if the 512 

ratio of the between-class variance Bc matrix and the within-class variance Wc matrix 513 

is maximized. Suitable expressions for the matrices Bc and Wc are: 514 

Bc = (g - 1)-1 AT Y(YT Y)-1YTA      (9) 515 

Wc = (I - g)-1 [ATA - (g - 1) Bc]      (10) 516 

It can be shown that the canonical variate (CV) scores contain the successively 517 

maximized between-groups variance/within groups variance. They are obtained by 518 
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principal component analysis of the matrix (Wc-1Bc) and projection of the data matrix 519 

A onto the first loadings. The samples are then plotted on a two or three-dimensional 520 

space defined by the first CV scores for each sample. It is important to note that the A 521 

dimension is I×JK; thus, selection of variables, or as will be shown below, data 522 

compression and use of scores should be carried out before applying LDA because it 523 

should be satisfied that I > JK. 524 

 525 

4.2. Three-way algorithms for compression followed by two-way algorithms application 526 

The first step is applying an algorithm for data compression. The most popular 527 

algorithms are PARAFAC [16], multivariate curve resolution alternating least squares 528 

(MCR-ALS) [85], Tucker3 [86], independent component analysis (ICA) [87], among 529 

others [88]. However, owing that they are not classifiers, the ultimate goal is reached 530 

using a first order classifier (see above) on the output data of the multi-way model.  531 

The first step is to choose the method that can be applied to model the input data 532 

tha can be arranged in: a) a three dimensional array, or b) an augmented matrix, as was 533 

explained in Fig. 1. This step should take into account the data characteristics, for 534 

example it should be considered if the three-way array X (I×J×K) fulfils the low rank 535 

trilinarity property [89]. After that, the second step is to estimate the rank of the data, 536 

i.e. to choose the appropriate number of factors from the multi-way model.  537 

Afterward, the matrix of scores can be used to assess similarities and 538 

dissimilarities between samples and to build supervised classification models. In this 539 

case it is necessary to take into account, that the input data are scores of the multi-way 540 

model. 541 

Finally, it should be considered that the validation phase (both internal, e.g. by 542 

cross-validation, or external, e.g. by a test set) is a two-steps process as well, first 543 
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projecting test (or left out) samples on the compression model to get the scores and then 544 

to feed this to the classification model for prediction. In fact, compressing the whole 545 

data set at once (especially in the case of internal validation) is a most frequent 546 

encountered mistake. 547 

 548 

4.2.1. Principal component analysis on multi-way data set 549 

Principal component analysis (PCA) is one of the most used algorithm for 550 

previous data analysis in order to evaluate their discriminative power [90]. From PCA, 551 

similarities and differences between samples on the bi- or three-dimensional space can 552 

be visualized. In addition, the existence of outliers can be also evidenced [91]. 553 

The simplest approach for three-way PCA consists on the reduction to 554 

conventional PCA, i.e. unfolding of the data array by combining two modes to a single 555 

one. Such a procedure seems reasonable in some specific situations like multivariate 556 

image analysis, but in general, combined modes do not meet the aim of data reduction. 557 

A more advanced way of unfolding which yields separate component matrices for each 558 

mode is the Tucker 1 method [90]. 559 

PCA multi-way models can be obtained as indicated in Fig. 9A. According to 560 

the pictorial description, the three-way array, X (I×J×K), is unfolded in a lager matrix X 561 

(I×JK), which is decomposed by traditional PCA. The loading vector, sized (JK×1), for 562 

each principal component is refolded generating a matrix of loadings (J×K). Note that 563 

each score interacts with JK combination of loadings. Dissimilar to Tucker3-based 564 

models (see below), this multi-way PCA approach does not allow cross interaction 565 

between the factors [92]. 566 
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 567 

Figure 9. Pictorial representation of PCA multi-way (A), Tucker3 (B) and PARAFAC 568 
models (C). 569 

 570 

4.2.2. Tucker 3 571 

In the multi-way universe, the Tucker3 method is presented as a generalization 572 

of PCA [93]. A pictorial representation of Tucker3 is displayed in Fig. 9B. Tucker3 573 

algorithm can be expressed by Eq. (11): 574 

0��� � ∑ ∑ ∑ ��1	
�2 	��$ 	312$ �	.���4$�52�61�      (11) 575 

According to Eq.11, each element (xijk) of the three-way array (X) corresponds to 576 

the multiplication of four values (a, b, c and g) and a small non-modeled part (eijk), the 577 
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noise. The values a, stores in A matrix, are related to the samples (equivalent to two-578 

dimensional PCA scores), are the scores Tucker3 model. On the other hand, b and c, 579 

stored in B and C matrices, respectively, are the loadings including the model 580 

qualitative information. Unlike PCA (see Fig. 9B), Tucker3 models allow different 581 

amounts of factors in each mode (i.e., P ≠ Q ≠ R). A useful method to select the number 582 

of factors in Tucker3 is based on eigenvalues inspection of the matrices XA (I×JK), XB 583 

(J×IK) and XC (K×IJ), which are obtained with frontal planes of X (I×J×K). 584 

The fourth value in Eq. 11 (g) corresponds to the loadings of interactions 585 

between the factors. Cross-interactions between factors are indicated by the presence of 586 

nonzero elements outside the G hyper diagonal (see Fig. 9B). This Tucker3 models 587 

characteristic makes it especially useful in the analysis of complex data [12].  588 

 589 

4.2.3. PARAFAC 590 

 This model is based on the principle of ‘parallel proportional profiles’, i.e. that a 591 

set of common factors can be used to describe simultaneously the variation occurring in 592 

several matrices although with different weighting coefficients for each matrix.  593 

The PARAFAC model assumes that the data array can be approximated by the 594 

low rank trilinear structure defined in Eq. (1). Therefore, the three-way array can be 595 

decomposed as a sum of triple outer product of vectors called loadings, which are not 596 

orthogonal (displayed in Fig. 9C). Interestingly enough, if the data follow this model, it 597 

uniquely reveals the underlying components, meaning that if data follow Beers law, 598 

then a PARAFAC model will retrieve the pure spectra even if the three-dimensional 599 

structure corresponds to a mixture of substances. 600 

An interesting application of PARAFAC followed of LDA was presented by 601 

Muñoz de la Peña and co-workers [40] in a study to explore the potentiality of EEM 602 
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microscopy combined with multi-way chemometric analysis for the nondestructive 603 

forensic analysis of pairs of visually indistinguishable textile fibers. Figure 10 shows the 604 

excellent pairwise discrimination for AY17 and AY23 dyes on nylon-361 fibers. To 605 

facilitate the visualization of pairwise comparison, each plot includes the projections of 606 

the 95% confidence ellipses over the three planes defined by their corresponding axes. 607 

The prediction interval for the multivariate normal distribution yielded an ellipse 608 

consisting of x vectors satisfying the following equation: 609 

(7 − μ)9∑:�(7 − μ) ≤ 	 χ��())                                                                         (12) 610 

where µ is the mean,  ∑ is the covariance matrix and  χ��())  is the quantile function for 611 

probability p of the chi-squared distribution with k degrees of freedom, where k is the 612 

dimension of the data. The axes are defined by the eigenvectors of the covariance 613 

matrix and the radius of each axis is equal to 2.796 times the square root of the 614 

corresponding eigenvalue. The value 2.796 is obtained from the square root of the Chi-615 

Square distribution with three degrees of freedom and 95% confidence interval [94]. 616 

 617 

 618 

 619 
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 620 

Figure 10. LDA CV scores for a three-components PARAFAC model, for 40 samples 621 
of the dyes AY17 and AY23 on nylon-361 fibers. The three dimensional projection of 622 
the 95% confidence ellipse of the data collected from each type of fiber is included to 623 

facilitate visualization of the obtained results [40]. 624 
  625 

4.2.4. MCR-ALS 626 

 Multivariate curve resolution-alternative least squares (MCR-ALS) is a bilinear 627 

decomposition method in compliance with a Beer’s law, especially useful for resolution 628 

of unknown unresolved mixture data, such as those obtained in separative techniques 629 

[95,96]. Data recorded with the latter for a single sample are generally low rank 630 

bilinear. However, a three-way structure built with these matrices will be hardly low 631 

rank trilinear due to shift and warping of peaks. In this scene, the great advantage of 632 

MCR, especially to address classification problems, is the option of handling multiple 633 

data matrices simultaneously by building augmented matrices. An augmented matrix 634 

(Daug) is generated by arranging the instrumental response matrices in following ways: 635 

a) row-wise direction: one matrix below the other, or b) column-wise direction: one 636 

matrix next to the other. The direction of the augmentation must considerate the 637 
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instrumental mode which breaks the low rank trilinearity. For a single instrumental 638 

matrix D (K×J), MCR can be mathematically expressed as: 639 

D = C ST + E         (13)  640 

where, C(K×A) and ST(A×J) are related to the concentration and spectral profiles 641 

respectively, and E (K×J) is the fraction of the data not modeled by A factors. From a 642 

practical point of view, the inspection of the eigenvalues of matrix D is the most popular 643 

way to obtain the A value. 644 

For an augmented matrix Daug, Eq. 13 assumes new dimensions, according to the 645 

direction of the augmentation. For example, Fig. 11 shows three instrumental matrices 646 

of unresolved mixtures of three components (A = 3) arranged in column-wise direction. 647 

The dimensions are the following: Daug (IJ×K) (for I = 3 samples), Caug (IJ×3), ST
 (3×K) 648 

and Eaug (IJ×K).   649 

 650 

 651 

Figure 11: A pictorial representation of the MCR decomposition. 652 

 653 
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 An interesting literature example is the metabonomic study carried out for rambo 654 

and raf tomatoes cultivars treated with carbofuran pesticide [9]. The authors applied 655 

MCR-ALS to second-order data sets obtained by LC–MS. Samples were picked up 656 

during a 21 days period after treatment and analyzed by LC–MS in scan mode, along 657 

with the corresponding blank samples. Then, the data sets were modeled using column 658 

wise augmented matrices, and the evolutionary profiles as a function of the time after 659 

treatment were estimated for the metabolites present in both cultivars, as well as their 660 

corresponding pure spectra estimations. Using the areas under the evolutionary profiles 661 

(see Fig. 12), PLS-DA was used to check if it would be possible to classify samples by 662 

using the metabolites MCR estimations. Results showed that PLS-DA models for 663 

classification of treated or non-treated (blank) samples were the best ones obtained 664 

(98.44% of correct classifications for the validation set). 665 

 666 

Figure 12. Evolutionary profiles of four components (one per region in which 667 
the chromatogram was divided for easy interpretation) through the eight sampling days 668 
in rambo treated (–––), raf treated (–––) and their respective non treated samples, rambo 669 

(----) and raf (----) [9]. 670 
 671 

 672 
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4.3. Three-way algorithms  673 

Up to day, there are not too much reports based on applications of strictly multi-674 

way classification algorithms. Three methods can be mentioned as the most applied: a) 675 

multi-way soft independent modeling of class analogies (N-way SIMCA), b) partial 676 

least squares discriminant analysis (N-PLS-DA), and c) two-dimensional linear 677 

discriminant analysis (2D-LDA). They will be described below. 678 

 679 

4.3.1. N-way SIMCA 680 

The first application of a SIMCA-based approach with data decomposition using 681 

multi-way algorithms (Tucker3 in this case) was reported by Flåten and co-authors [97] 682 

for quantification of pollution levels. On the other hand, a complete characterization 683 

from the statistical point of view of SIMCA methodologies for multi-way data has been 684 

introduced by Cocchi et al.[98]. Multi-way data can be decomposed by Tucker3 or 685 

PARAFAC, as shown in Fig. 9, for each target class of the training data. The choice to 686 

use PARAFAC or Tucker3 is made considering whether the data are low rank trilinear 687 

or not (see above suggested ways to determinate this condition). The best number of 688 

factors in each class can be accessed by sensitivity (SEN) and specificity (SPE) values 689 

attained for each model varying the number of factors from 1 to the highest number. 690 

After selecting the proper factor number for each class, classification rules are defined 691 

[99]. In Section 5, the mentioned figures of merit are commented. 692 

Contrasting with other works, this approach is fully devoted to classification 693 

problems. A routine and user manual are available in 694 

http://www.models.life.ku.dk/nsimca. This strategy is of great importance for case 695 

studies involving adulteration, allowing the development of multi-way one-class 696 

models. 697 
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 698 

4.3.2. N-PLS-DA 699 

The use of partial least squares for classification purposes (PLS-DA) has been 700 

well characterized by Barker and Rayens [100] and most recently by Brereton [101]. As 701 

was commented before, the basic idea consists in a training step in which the relation 702 

between the variables and sample codes is estimated from a set of training samples. 703 

Then, a prediction step in which the training parameters are used to estimate the codes 704 

for unknown samples. PLS-DA for first order data has been applied in several 705 

classification approaches in chemistry as well as other fields [102].  706 

A relevant work detailing the theoretical aspects of the use of N-PLS-DA was 707 

presented by Ouertain et al [103] demonstrating a compact formulation of N-PLS, 708 

computational aspects about the calculation of scores, loadings and convergence of the 709 

algorithm in the discriminant analysis context. The N-PLS-DA model is given by the 710 

following equation: 711 

)��� � ∑ +�,=�,>?,� =�,@ � .���    (14) 712 

where pijk is the signal measured for sample i at emission sensors j and k, =�,>  and =�,@  713 

are elements of two W loading matrices, and eijk is a residue not fitted by the model. 714 

The model finds the scores producing maximum covariance with the sample coded class 715 

(dependent variable), in a three-dimensional sense. Subsequently, the sample scores are 716 

used in a similar manner to Eq. (7) to predict unknown sample codes. The advantage of 717 

using N-PLS-DA over bidimensional regression is a stabilization of the decomposition 718 

involved in Eq. (14), which potentially gives increased interpretability and improved 719 

predictions. 720 

Interestingly, Arancibia et al. introduced the idea of second-order advantage in 721 

classification problems by means of residual bilinarization (RBL). The presence of an 722 
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unexpected constituent in a test sample is detected by comparing the residual of this 723 

sample to the typical instrumental noise, estimated for the samples of the calibration set. 724 

Then, the scores of the test sample are modified so that the sample is allocated in its 725 

correct class [45]. In the later work, N-PLS-DA was applied training with the 20 same 726 

EEMs of oil denominated types 0, 1, 2, and 3 than those used for PLS-DA (see Fig. 11). 727 

Figure 13 shows the confidence intervals (computed in same way than for U-PLS-DA) 728 

for the oil classes and the predicted test samples. The comparison of the results obtained 729 

from the unfolded and the multidimensional PLS algorithms demonstrates the 730 

importance of maintaining the tridimensional structure of the data for the sample cluster 731 

resolution. Although the EEMs for the different oil types are very similar, the results 732 

reveal that that these data carry enough information to perform a successful supervised 733 

classification of samples [45]. 734 

 735 

Figure 13. Plot of the DN-PLS predicted vs nominal coded values for test samples: 736 
María Inés (blue crosses) and Medanito (green crosses) crude oils, and light (red 737 

crosses) and heavy (black crosses) lubricants. The geometrical symbols to the right of 738 
each group indicate the values of the corresponding training samples and were shifted 739 
for clarity. The gray regions indicate the confidence interval for each oil class [45]. 740 

 741 

4.3.3. Two-dimensional linear discriminant analysis 742 
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Two-dimensional linear discriminant analysis (2D-LDA) is an algorithm 743 

developed by Li and Yuan [104] for image feature extraction for classification issues.  744 

Recently, it has been implemented by Silva and co-authors for modeling chemical 745 

information in classification problems involving three-way spectral data [105]. The 746 

main difference between LDA and 2D-LDA is that the latter operates on matrices 747 

instead of vectors. A set of X (J×K) sample matrices corresponding to the training set 748 

must be arranged to generate an augmented matrix A of dimension (IJ × K) or (IK × J) 749 

(see Fig.14).  Then, the matrix of feature information P is obtained as: 750 

P = A Z            (15) 751 

The P matrix contains the canonical variate (CV) scores. In addition, Z 752 

corresponds to the first A loadings of the matrix (Wc-1Bc) obtained by PCA 753 

decomposition, in compliance with LDA. Bc and Wc matrices are in line with equations 754 

9 and 10.  A pictorial representation for 2D-LDA is shown in Fig. 14. 755 

 756 

Figure 14. Pictorial representation of training step in 2D-LDA for two target 757 
classes and a prediction of a single unknown sample. In this illustrative case A = 3. 758 

 759 
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Unlike LDA, in 2D-LDA the matrix A is sized (IJ×K or IK×J), thus IJ > K or IK 760 

> J, avoiding previous steps of variables selection or data compression by PCA. In the 761 

prediction step, samples are assigned to a target class based on the similarity index, 762 

defined as the lowest mean Euclidean distance of the test sample from the training set. 763 

This stage is not present in the LDA, in which the samples are classified on the basis of 764 

a position with respect to the class boundary in CV scores space.  765 

It should be indicated that unfolding, in any case IJ×K and IK×J would give 766 

different results when modeling chemical information. Thus, an alternative would be to 767 

choose the most discriminating mode as a practical solution to the problem. 768 

 769 

 770 

5. Assessing the classification models 771 

5.1. Confusion matrix 772 

Classification results can be represented in a so-called confusion matrix, which is a 773 

square matrix with dimensions (G×G), containing information about actual and 774 

predicted classifications done by a classifier that only assigns each sample to a single 775 

one of the available classes. A general representation of a confusion matrix is given in 776 

Fig. 15. In this table, G is the number of classes, each element nGk represents the number 777 

of samples belonging to class G and assigned to class k. The diagonal values (for 778 

example nGG) correspond to the number of correct predictions, whereas the values 779 

outside the diagonal resemble misclassified samples. Thus, the classification 780 

performance can be assessed from the samples information contained in this confusion 781 

matrix. 782 
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 783 

Figure 15. Confusion matrix for a dataset with G classes. 784 

 785 

5.2. Figures of merit 786 

In order to estimate the model fit, the well-known cross-validation procedure, 787 

also called internal validation, i the method commonly employed [106]. Otherwise, the 788 

performance or predictive ability of the model can be evaluated analyzing some figures 789 

of merit, which can be obtained by an external validation using an independent test set 790 

and building the confusion matrix.  791 

In this context, the most common figures of merit for a classification model are: 792 

accuracy (AC), precision (P), sensitivity (S) and specificity (SP), which are of great 793 

usefulness for comparison of different models [107].  794 

 Each sample corresponding to internal and external validation sets is assigned to 795 

a default class. Then, it can be classified as true positive (TP), true negative (TN), false 796 

positive (FP) or false negative (FN). Being TP the number of positive samples that are 797 

correctly identified as positive samples, FN the number of positive samples that are 798 
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misclassified as negative samples, FP the number of negative samples that are 799 

incorrectly identified as positive samples, and TN the number of negative samples that 800 

are correctly identified as negative samples. Therefore, the figures of merit for a 801 

classifier using these parameters can be mathematically defined as it is shown in Table 802 

1. Thus, S is the proportion of positives that are correctly identified; SP is the proportion 803 

of negatives that are correctly identified; AC characterizes the correct classification rate, 804 

i.e. the percentage of samples correctly classified; and P is the ratio between the number 805 

of samples correctly accepted and the total number of samples accepted by the same 806 

model [108, 109]. 807 

 808 

5.3. Area under ROC (Receiver Operating Characteristics) curves 809 

On the other hand, a highly useful tool for evaluating model efficiency and 810 

making decisions about optimum models is the so-called Receiver Operating 811 

Characteristics (ROC) curves. They are usually obtained by plotting the sensitivity 812 

values against (1 – specificity) following alterations in the width of model boundaries 813 

(i.e. the confidence level). A diagonal line from the lower left corner to the upper right 814 

corner represents models that provide a random assignment of samples, while curves 815 

that lie above that line and tend towards the upper left corner indicate efficient models 816 

(Fig. 16). Such curves can be used both to compare different models and to identify the 817 

optimal compromise between sensitivity and specificity for a given model. The area 818 

under the curve (AUC) is often taken as a comprehensive scalar indicator of model 819 

performance. AUC = 0.5 means a poorly performing model with random sample 820 

assignation, while AUC = 1 indicates a model of maximum efficiency. Some caution 821 

has to be observed when ROC analysis is employed to evaluate model performances 822 
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under varying class distributions, since the outcomes depend on variations of true-823 

positive and false-positive rates [110]. 824 

 825 

Figure 16. Graphical representation of ROC curves indicating the model performance 826 
presenting A) maximum (AUC = 1) B) medium (0.5>AUC < 1) and C) poor (AUC = 827 

0.5) efficiency. 828 
 829 

6. Illustrative example 830 

A current application will be explained and illustrated to furnish guidelines for 831 

the different steps in building multi-way classification models, including data 832 

pretreatments, and model validation. Previously described methods were applied on two 833 

data sets consisting in first-order and second-order fluorescence data with the aim of 834 

monitoring spoilage on mayonnaise as a quality control strategy [33].  835 

The obtained models from these data sets were compared and an unswerving 836 

discussion concerning three-way method application advantages is performed. 837 

Consequently, this approach may be useful in cases where the information provided by 838 

first-order data is unsatisfactory and/or inadequate to achieve a good classification.  839 

 840 

6.1. Data sets 841 

Both data sets refer to storage time identification of homemade and commercial 842 

mayonnaise samples maintained at 37 ºC in the following time range: A (0-15 h), B (16-843 

39 h), C (40-63 h), D (64-87 h), and E (88 h-112 h). Occurred spectral changes on a 844 
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homemade mayonnaise samples during storage can be observed by visual inspection of 845 

EEMs in Fig. 17. It can be clearly appreciated the variations evidenced by mayonnaise 846 

components over the time. These assessments can be valued since fluorescence spectra 847 

provide information about the fluorescent molecules environment.  848 

 849 

Figure 17. Contour plots of EEMs from homemade mayonnaise sample stored at 37 850 
°C at the first minute of analysis, after 24, 48, and 87 h, respectively. Second-order (up) 851 

and first-order (bottom) fluorescence data (registered at maximum excitation 852 
wavelength of 295 in the range 300 to 600 nm) [33]. 853 

 854 
Mayonnaise sample description and the conditions under which the samples were 855 

collected are specified in [33]. In this case, only the lot stored at 37 °C containing 80 856 

samples was analyzed. Then, the samples were grouped taking in account two different 857 

time periods for each range. 858 

Fluorescence excitation spectra were recorded between 230 and 400 nm 859 

(increment 5 nm), and emission wavelengths from 300 to 600 nm, spaced by 0.5 nm 860 

interval in the emission domain. Thus, collected fluorescence matrices were combined 861 

in a three-dimensional array (80 samples × 302 emission wavelengths × 35 excitation 862 

wavelengths).  863 

On the other hand, in order to obtain fluorescence first-order data, a vector was 864 

extracted of each data matrix from a slice of the three-way array X at maximum 865 
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excitation wavelength of 295 nm. Therefore, extracted fluorescence vectors were 866 

grouped in a two-dimensional array (80 samples × 302 emission wavelengths). 867 

Characteristic first- and second-order data signals of the mayonnaise samples are 868 

displayed in Fig. 18. 869 

870 
Figure 18. Characteristic mayonnaise fluorescence signal (A) EEM obtained from a 871 

single sample (B) emission at 295 nm acquired from a sample set. 872 

In order to build classification models, the data set was partitioned into two 873 

samples groups employing the Kennard–Stone algorithm, which is a random selection 874 

approach for dataset splitting. This algorithm is aimed at covering the multidimensional 875 

space in a uniform manner by maximizing the Euclidean distances between the 876 

instrumental response vectors of the selected samples [111,112]. Thus, complete data 877 

set (n = 80) was split into training (n = 60, twelve of each class) and prediction (n = 20, 878 

four of each class) subsets, respectively. The training sample set was used for data 879 

modeling and internal validation procedure. The prediction sample set, which 880 

constitutes an independent set, was used to test the predictive ability of the models.  881 

 882 

6.2. Preprocessing 883 
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EEM landscapes bears affected areas by first- and second-order Rayleigh scatter. The 884 

latter are artifacts of higher value than chemical signals and sometimes affect key part 885 

of them, regarding chemical information (see Section 3.1. Scattering correction in 886 

luminescence matrices). Thus, it is of paramount importance considering a 887 

preprocessing strategy in order to preserve the chemical information. For this reason, 888 

with the object of reducing the scattering effects, the EEMs were preprocessed replacing 889 

scattering areas with interpolated data [68]. Afterward, areas were cut and subsequently, 890 

replaced with interpolated values, as shown in Fig. 19. 891 

 892 

Figure 19. An example of the EEM of one mayonnaise sample landscape: (A) EEM 893 
after scattering areas has been set to missing. (B) The same EEM after interpolation. 894 

 895 

6.3. Data analysis: a comparative study between first and second-order data 896 

In order to further assess the ability of both data sets (first- and second-order), 897 

supervised models were built from individual training sets employing partial least 898 

squares discriminant algorithms for first- (PLS-DA) and second-order data (N-PLS-899 

DA), respectively. Taking into account the multiclass approach, the models were 900 

calculated applying PLS2 algorithm considering as many Y-variables as categories. 901 
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Thus, the samples were split into five classes (A, B, C, D and E), being each sample 902 

assigned to the class corresponding to the predicted Y column. The optimal latent 903 

variables (LV) number model was selected considering the minimum values of the 904 

classification error in cross-validation (using venetian-blind cross-validation). Thus, the 905 

optimal LVs for both models were fourteen and three for first and second-order data, 906 

respectively.  907 

Afterward, data order (first and second) influence onto resulting models was 908 

evaluated, making a comparison of their discriminative ability. The obtained confusion 909 

matrix from attained fitting models according to the five different classes, are presented 910 

in Table 2. As it can be clearly observed, the multi-way approach leads to excellent 911 

classification rates in the training stage (almost 100 %), conversely to first-order data 912 

from which a bad classification has been achieved (lesser than 50 %). Based on these 913 

outcomes, it can be concluded that first-order data seem to be inappropriate to solve the 914 

proposed complex classification problem. In general terms, all the classes exhibited 915 

large error rates. Remarkably, for class B (range 40-63 h), not a single sample has been 916 

correctly assigned. 917 

Subsequently, the achieved models were used to predict the independent four 918 

samples five test sets. The estimation of the classification performances for each class of 919 

both data sets are reported in Table 3. In addition, the attained global classification rates 920 

(AC) were 97, 91 and 100 for second-order data, for training set (Train), cross-921 

validation (CV) and test set (Pred), respectively. On the other hand, for first-order data, 922 

the AC obtained were 48, 52 and 35. 923 

As a conclusion, models built using second-order data and maintaining the three-924 

way structure result highly specific and sensitive than those built with firs-order data. 925 

Moreover, the N-PLS-DA method is more parsimonious since less number of LV were 926 
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necessary (3 against 14) to explain data variability, i.e. a large amount of PLS-DA LVs 927 

cannot accomplish a good mayonnaise samples classification. Besides, all samples were 928 

correctly assigned when analysing independent test sets with N-PLS-DA. Obviously, 929 

the obtained high error rate and poor figures of merit for PLS-DA model from samples 930 

prediction are expected insomuch as the first-order data analysis furnished a dreadful 931 

calibration stage. 932 

The scores plots projecting training and prediction samples for the first three 933 

PLS factors of PLS-DA and N-PLS-DA models are displayed in Fig. 20A-B. As can be 934 

clearly seen, in the PLS-DA model all five classes are superimposed (fig. 20A). On the 935 

contrary, the N-PLS-DA model (Fig. 20B) shows a larger contribution of the three 936 

factors for discriminating the mayonnaise samples with respect to storage time variation 937 

is observed. 938 

 939 
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 940 

Figure 20. Projections of training and prediction samples scores on the models 941 
(A) PLS-DA, and (B) N-PLS-DA, depicting the first three PLS factors in                 942 

three-dimensional score plots. Blue (class A), red (class B), green (class C), yellow 943 
(class D) and magenta (class E). The three dimensional projection of the 95% 944 
confidence ellipse of the data collected from each class is included to facilitate 945 

visualization of the obtained results. 946 

 947 

Accordingly, comparing the intrinsic information that can provide both data sets 948 

(first- and second-order data), the emission spectra recorded from mayonnaise samples 949 

at a single excitation wavelength would not afford a complete characterization of the 950 

fluorescent compounds present in the samples owing to the chemical compounds 951 

fluoresce at different excitation wavelengths [67]. In this case, the second-order data 952 

modeled with a multi-way structure show an improvement in the classification quality, 953 
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which can be attributed to an increase of amount of provided data containing more 954 

information that leads to better samples characterization.  955 

The later observation agree with Salvatore et al. who highlighted how beneficial 956 

it is to take into account the multi-way nature of the data array. In their practical and 957 

interesting work about classification methods of multi-way arrays, the authors focused 958 

and compared meticulously several applications of the different methods that can be 959 

applied to second-order data, and how they can impact in extracting the relevant 960 

information to model the class feature, distorting, compressing or losing information in 961 

the final outcomes [4].  962 

 963 

7. Conclusion  964 

Classification has been a challenging analytical concern along the time, 965 

addressed to solve a large number of discrimination issues in a wide variety of fields. In 966 

this context, application of second-order data modeling could supply interesting 967 

improvements as regards results attained when extremely complex systems should be 968 

classified (such as those found for instance in environmental, biological and food 969 

samples). Interestingly, until now, most of the literature reports have been focused in 970 

modeling a second-order data acquired from modern analytical techniques. It seems to 971 

be that few reports have been motivated their research on the need to increase the data 972 

order as a strategy for enhancing the quality of information extracted, and, 973 

consequently, to better solve a classification problem.  974 

In this review, some of the challenging aspects of second-order data applied to 975 

classification problems have been outlined, discussing the main analytical platforms 976 

used for classification. One illustrative example allowed us to show how the ability in 977 

terms of discrimination power, in this particular case, can be improved by using second-978 
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order data arranged in a three-way structure vs. first-order data. Finally, it should be 979 

commented that some of the presented methods, such as N-way SIMCA and N-PLS-DA 980 

are not limited to second order and can be applied to data array of any order. 981 
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Figure captions  

 

Figure 1. Several sample matrices (I) recorded for classification purposes, with 

dimension (J×K) can be staked in a three-way structure X(I×J×K) (A), or  appended, but 

maintaining I and unfolding the first and second instrumental modes in two different 

ways: augmented matrices  Xc(I×JK) and Xr (I×KJ) can be built (B). 

Figure 2: Eigenvalues for Xc (square-line) and Xr  (circle-line) matrices corresponding 

to (A) EEMs and (B) CE-DAD data. 

Figure 3. Typical EEM landscape employed for classification of Argentinean white 

wines according to the grape variety [16]. 

Figure 4. Typical time-wavelength matrix landscape obtained by CE/DAD for a wine 

sample, with dimensions of 421 elution times (from 1.17 to 7.39 minutes) × 71 

wavelengths (from 227 to 367 nm) [12]. 

Figure 5. (A) EEM registered with Rayleigh scattering (first and second harmonic). (B) 

Zoom of the zone marked in Fig. 4(A) in which an area was selected with the object of 

eliminating the scattering effect. (C) Inserting missing values inside the scattering areas. 

(D) Replacing the subtracted scattering area with interpolated values. 

Figure 6. LC–DAD original chromatogram (blue line), its computed baseline (green 
line) and the corrected chromatogram obtained by subtracting the background matrix 
(red line), all of them plotted at 200 nm [74]. 

Figure 7. Chromatogram before (A) and after COW alignment (B) [80]. 

Figure 8. Plot of the U-PLS-DA predicted vs nominal coded values for test samples: 
María Inés (blue crosses) and Medanito (green crosses) crude oils, and light (red 
crosses) and heavy (black crosses) lubricants. The geometrical symbols to the right of 
each group indicate the values of the corresponding training samples and were shifted 
for clarity. The gray regions indicate the confidence interval for each oil class (see text) 
[45]. 

Figure 9. Pictorial representation of PCA multi-way (A), Tucker3 (B) and PARAFAC 
models (C). 

Figure 10. LDA CV scores (3 components PARAFAC model) for 40 samples of the 
dyes AY17 and AY23 on nylon-361 fibers. The three dimensional projection of the 95% 
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confidence ellipse of the data collected from each type of fiber is included to facilitate 
visualization of the obtained results [40]. 

Figure 11: A pictorial representation of the MCR decomposition. 

Figure 12. Evolutionary profiles of four components (one per region in which the 
chromatogram was divided for easy interpretation) through the eight sampling days in 
rambo treated (–––), raf treated (–––) and their respective non treated samples, rambo (-
---) and raf (----) [9]. 

Figure 13. Plot of the DN-PLS predicted vs nominal coded values for test samples: 
María Inés (blue crosses) and Medanito (green crosses) crude oils, and light (red 
crosses) and heavy (black crosses) lubricants. The geometrical symbols to the right of 
each group indicate the values of the corresponding training samples and were shifted 
for clarity. The gray regions indicate the confidence interval for each oil class [45]. 

Figure 14. Pictorial representation of training step in 2D-LDA for two target classes 
and a prediction of a single unknown sample. In this illustrative case A = 3. 

Figure 15. Confusion matrix for a dataset with G classes. 

Figure 16. Graphical representation of ROC curves indicating the model performance 
presenting A) maximum (AUC = 1) B) medium (0.5>AUC < 1) and C) poor (AUC = 
0.5) efficiency. 

Figure 17. Contour plots of EEMs from homemade mayonnaise sample stored at 37 °C 
at the first minute of analysis, after 24, 48, and 87 h, respectively. Second-order (up) 
and first-order (bottom) fluorescence data (registered at maximum excitation 
wavelength of 295 in the range 300 to 600 nm) [33]. 

Figure 18. Characteristic mayonnaise fluorescence signal (A) EEM obtained from a 
single sample (B) emission at 295 nm acquired from a sample set. 

Figure 19. An example of the EEM of one mayonnaise sample landscape: (A) EEM 
after scattering areas has been set to missing. (B) The same EEM after interpolation. 

Figure 20. Projections of training and prediction samples scores on the models (A) 
PLS-DA, and (B) N-PLS-DA, depicting the first three PLS factors in  three-dimensional 
score plots. Blue (class A), red (class B), green (class C), yellow (class D) and magenta 
(class E). The three dimensional projection of the 95% confidence ellipse of the data 
collected from each class is included to facilitate visualization of the obtained results. 
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Table 1. Figures of merit applied in the classification model validation 

Figures of merit Equationa Definition 

  . 

Accuracy (AC) AC = (TP+TN)/( TP+TN+ 
FP + FN) 

Percentage of samples 
correctly classified. 

Precision (P) P= TP/(TP+FP) Probability that a positive 
decision will be correct. 

Sensitivity (S) S = TP/(TP+FN) Samples correctly 
classified within the class. 

Specificity (SP) SP= TN/(TN+FP) Samples correctly 
classified that do not 
belong to the class. 

a TP: true positive, TN: true negative, FP: false positive, FN: false negative. 

 

 

Table 2. Confusion matrices corresponding to N-PLS-DA and PLS-DA mayonnaise 
classification results from training set. 

 
Predicted by N-PLS-DAa 

   
Class A B C D E 

A 12 0 0 0 0 
B 2 10 0 0 0 
C 0 0 12 0 0 
D 0 0 0 12 0 
E 0 0 0 0 12 

 
Predicted by PLS-DAa 

 
A 7 3 1 1 0 
B 0 8 0 3 1 
C 1 7 0 2 2 
D 0 0 0 7 5 
E 0 0 0 5 7 

a Number of samples predicted in each class of a set of  12 by cross-validation.  
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Table 3. Figures of merit of the individual models in training (Train) and prediction 
(Pred) stages, as a function of the fluorescence data order implemented. 

Class A B C D E 

  Train Pred   Train Pred   Train Pred   Train Pred   Train Pred 

N-PLS-DA 

SP 96 100 100 100 100 100 100 100 100 100 

S 100 100 83 100 100 100 100 100 100 100 

P 86 100 100 100 100 100 100 100 100 100 

PLS-DA 

SP 90 100 79 75 98 94 77 88 83 63 

S 58 25 67 50 0 0 58 50 58 50 

P 88 100 44 33 0 0 39 50 47 25 

 
Specificity (SP), sensitivity (S) and precision (P) of the individual class models. 
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1) Challenging aspects of applying second-order data modelling in classification issues. 

2) The main analytical platforms used for classification are briefly discussed. 

3) Critical discussion of the advantages concerning the available algorithms. 

4) One example to illustrate the high potentiality of higher-order modelling. 


