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Abstract

Hydrocolloids such as natural gums and carrageenans are used extensively in

the food industry in various mixtures that are difficult to be characterised due

to their similar chemical structure. The aim of this study was to develop an an-

alytical framework for the identification and quantification of these compounds

in complex mixtures using Near-infrared (NIR) spectroscopy and chemomet-

rics. Partial Least Squares (PLS) regression accompanied by Continuous Local-

ity Preserving Projections (CLPP) dimensionality reduction technique is pro-

posed as chemometric framework. Four different analytical models based on this

framework are developed and compared for the analysis of spectral fingerprints

of food hydrocolloids mixtures. Classification results showed that this method

allowed the discrimination of hydrocolloids in blends with a 100% of correct

classification. The same scheme also allows the quantitative determination of

the different types of food hydrocolloids (3 types) and/or their individual com-
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pounds (8 different compounds) with a relative low root mean square error of

prediction (RMSEP) of 0.028 and 0.038 respectively.

Keywords: Food hydrocolloids, Characterisation, NIR spectroscopy, CLPP,

PLS

1. Introduction1

Food hydrocolloids are hydrophilic polymers, mainly polysaccharides and2

proteins, which have the ability to change the food properties when dispersed3

in water [1, 2]. They are commonly used in the food industry as processing4

additives and more specifically as thickening (e.g. tara, guar, locust bean gum5

(LBG)) and gelling (e.g. carrageenan) agents due to their functional properties6

[3, 4]. The individual hydrocolloids are usually prepared in blends for the cre-7

ation of new food textures [1]. The hydrocolloids are included in the legislation8

of the European Commission of approved food additives, and as a consequence,9

they need to be clearly labelled and distinguished when used in a product for10

quality control and/or labelling purposes [5]. With this aim in mind, a food11

company needs to certify that the pure products they received correspond to12

the specifications and there were not changes in the production line at the sup-13

plier factory from batch to batch. On the other hand, when producing blends at14

the very own company, they can have errors due to manipulation, labelling etc.15

so they need criteria to certify that the blend contains what is expected (from16

the company’s specifications) and adhere to regulations. However, the different17

types of hydrocolloids share a common chemical structure which results in dif-18

ficulties in characterising mixtures in the factory. This is coupled with the fact19

that they come usually in blends with or without excipients and added in small20

quantities in the final product formulation (<2%) which all make their iden-21

tification, and even more their quantification, very challenging [6]. Therefore,22

there is an increasing demand for rapid on-site characterisation of hydrocolloids23

as part of the quality control in the food industry.24

The characterisation of the various hydrocolloids in a food industrial envi-25
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ronment is mainly currently based on the measurement of different chemical26

parameters and physical parameters, such as viscosity, and the correlation of27

their values with the concentration of each compound [7]. Different traditional28

physical, chemical and chromatographic analytical techniques have been used29

for the estimation of these parameters of hydrocolloids [3, 6, 8, 9]. Despite30

their accurate performance, these methods are time-consuming, destructive and31

demand expensive equipment and highly-skilled personnel which prevent its ap-32

plication to real-time and on-line screening of processes. Moreover, in these33

techniques, only specific compounds of interest are studied based on specific34

peaks in the instrumental responses (targeted analysis). In general, rapid, easy,35

non-destructive, multi-component and cost-effective analysis with minimal or36

none sample preparation can be rendered by infrared spectroscopy [10, 11].37

However, the intrinsic nature of infrared spectroscopic techniques, combined38

with the fact that spectral overlapping usually occurs, can prevent the accu-39

rate quantification of different compounds [12, 13]. Thus, smart chemometric40

tools are demanded to enable the spectral characterisation of hydrocolloids in a41

hydrocolloid mixture.42

Only a few papers have targeted the differentiation and quantification of43

gums [14, 15] and carrageenans [16, 7] using infrared spectroscopy in combi-44

nation with chemometrics. Prado et al. [15] managed to differentiate car-45

bohydrate gums, such as guar gum, locust bean gum and xanthan gum, and46

gum mixtures using diffuse reflectance (DRIFT) FT-MIR spectra coupled with47

Canonical variate analysis (CVA) with 100% accuracy. Moreover, they accom-48

plished quantitative analysis of guar gum in locust bean gum using partial least49

squares (PLS) with a root mean square error of prediction (RMSEP) of 3.31.50

In another study, the discrimination of Acacia gum samples (Acacia senegal51

and Acacia seyal gums) was performed in the Principal Component Analysis52

(PCA) space after the application of extended multiplicative scatter correction53

(EMSC) pre-treatment to NIR spectra [14]. Here again, PLS was used to estab-54

lish a quantitative model for the analysis of Acacia senegal/Acacia seyal gum55

mixtures and the prediction of Acacia senegal in combination with interval PLS56
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(iPLS) variable selection yielding a root mean square error of cross validation57

(RMSECV) of 0.053. Nevertheless, the mixtures investigated in the two afore-58

mentioned studies were only binary mixtures, i.e. with two types of gum. Re-59

garding carrageenans, Prado-Fernández et al. [7] combined FTIR spectroscopy60

with PLS showing cross validation standard prediction errors (SEP) of 0.033,61

0.033 and 0.042 for estimation of concentration levels of lambda, kappa and iota62

carrageenans respectively, in ternary standard carrageenan mixtures. RMSEP63

errors of about 0.04, 0.03 and 0.04 were obtained using a test set (half of the64

laboratory-prepared mixtures). Commercial carrageenans were characterised65

using single-reflection ATR FT-MIR spectrometer and principal component re-66

gression (PCR) by predicting the total carrageenan content and the molar ratio67

of kappa and iota carrageenans with SEP of 5.6 g/100 g and 6.1 and 6.6 mol68

%, respectively [16]. As it can be noticed, in most of these works, PLS was ap-69

plied [14, 15, 7]. However, no research endeavours have been reported for both70

detecting and quantifying simultaneously many compounds in a food hydrocol-71

loid system such as gums, carrageenans and excipients due to the increasing72

complexity.73

Recently, Continuous Locality Preserving Projections (CLPP) [17] has been74

introduced as a novel linear dimensionality reduction method that finds appli-75

cation in food analytical problems defined by continuous spectral data. This76

continuous modelling of the data allows CLPP to accurately represent mixtures77

and adulterations of food compounds by enhancing their interpretation, analy-78

sis, visualisation and classification. For this purpose, a systematic design of the79

training sample set (e.g. admixtures in a few concentration levels) is necessary80

to generate the desired continuity in the produced CLPP space.81

The combination of CLPP with PLS has revealed an improvement in the82

performance of the simple PLS for the rapid detection of the adulteration of83

extra virgin olive oil with hazelnut oil [17]. However, no other analytical prob-84

lem has been addressed with this innovative approach including the problem85

addressed in this paper.86

Addressing a real need in the food production sector, the primary aim of87
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Fig. 1: Graphical representation of the food hydrocolloids in training dataset. LBG, Locust

bean gum; KCl, Potassium chloride; MD: Maltodextrin.

this work is to characterise complex food systems which contain blends of hy-88

drocolloids (carageenans and gums) and excipients. To reach this aim, both89

NIR spectroscopy and CLPP together with PLS are combined in our frame-90

work. The main contribution of this paper is the use of CLPP in combination91

with the hierarchical PLS models for the fine grain quantification, quantification92

of subcategories belonging to the same basic category, in food mixtures that are93

structurally complex.94
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2. Materials and methods95

2.1. Samples96

Pure gums (tara, guar, locust bean gum (LBG)), pure excipients (Potassium97

chloride (KCl), maltodextrin (MD)) and standardised carrageenans with KCl98

(kappa, iota, semi-refined) from different manufacturers were supplied by Blend-99

hub. All these samples were characterised (purity, expiry date, etc.) and used100

for the preparation of carrageenan admixtures (kappa+iota and kappa+semi-101

refined), carrageenans+gums and carrageenans+gums+excipients admixtures102

using several different batches, suppliers and certified blending protocols.103

Specifically 29 samples (batch 1) were employed for the training of the104

chemometric models (see Table 1). Fig. 1 shows the structure of the avail-105

able food hydrocolloids in the training dataset. The classification ability of the106

classification models was assessed by an additional dataset (batch 2) of 73 car-107

raggeenan+gums+excipients admixtures (see Table A.1 in Appendix A). These108

samples were also especially prepared and supplied from Blendhub for this study109

and they were as realistic representatives of the admixtures used in the factory110

for food production (real-world samples). These testing samples were only ad-111

mixtures and included from four to eight individual compounds (Carrageenans:112

46%-69%, gums: 20%-35% and excipients: 10%-21.1%, see Table A.1 in Ap-113

pendix A). The admixture percentages were intentionally chosen to be different114

from training percentages to highlight the potential in realistic testing and di-115

minish the effect of overfitting to the specific training combinations.116

2.2. Data acquisition117

Spectra were recorded using two different NIR spectroscopic instruments.118

A NIR spectrometer model Foss XDS in the CRA-W laboratory was used for119

the spectral acquisition of training samples. The NIR spectra were recorded in120

the wavelength region of 400 - 2498 nm with a resolution of 2 nm resulting in121

1050 variables. For each sample two ring cups have been filled with the sample122

and measured in order to obtain two replicates per sample. Both replicates123
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Table 1: Composition of the food hydrocolloid samples that have been used in training stage

of the study (batch1).

CARRAGEENANS (%) GUMS (%) EXCIPIENTS (%)

Sample Kappa Iota Semi-

refined

Tara Guar LBG KCl MD

1 100 0 0 0 0 0 0 0

2 0 100 0 0 0 0 0 0

3 0 0 100 0 0 0 0 0

4 0 0 0 100 0 0 0 0

5 0 0 0 0 100 0 0 0

6 0 0 0 0 0 100 0 0

7 0 0 0 0 0 0 100 0

8 0 0 0 0 0 0 0 100

9 80 20 0 0 0 0 0 0

10 60 0 40 0 0 0 0 0

11 85 0 0 5 5 5 0 0

12 0 85 0 5 5 5 0 0

13 80 0 0 20 0 0 0 0

14 80 0 0 0 20 0 0 0

15 80 0 0 0 0 20 0 0

16 70 0 0 20 0 10 0 0

17 70 0 0 0 20 10 0 0

18 60 20 0 20 0 0 0 0

19 0 20 60 0 20 0 0 0

20 60 20 0 0 0 20 0 0

21 55 0 0 5 5 5 30 0

22 55 0 0 5 5 5 0 30

23 0 55 0 5 5 5 30 0

24 0 55 0 5 5 5 0 30

25 0 55 0 0 15 0 0 30

26 0 55 0 0 15 0 30 0

27 55 0 0 0 0 20 25 0

28 0 55 0 0 0 20 25 0

29 0 0 55 0 0 20 25 0

LBG: Locust bean gum; KCl: Potassium chloride; MD: Maltodextrin.
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were used for the chemometric model construction. The testing samples were124

acquired on-site between 400nm and 2499.5 nm using a Foss DS2500 instru-125

ment the same NIR spectrometer which has with a spectral resolution of 0.5126

nm (4200 variables). The different spectral resolution was selected in order to127

avoid, again, any overfitting of our model to the acquisition tool.128

2.3. Data pre-treatment129

The visible and shortwave near-infrared region (400-1098 nm) was cut out130

from the original spectra of 1050 variables because of the very little useful infor-131

mation in this region. The resulting NIR spectra (700 variables) were prepro-132

cessed using Standard Normal Variate (SNV) [18] followed by detrend [18] and133

S-Golay filter [19, 20] [polynomial order=2, frame size=9], which were applied134

for removing the scatter, correcting the baseline and smoothing the data points,135

respectively (see Fig. 2). As can be seen in Fig. 2 which shows the same spectra,136

before and after preprocessing, some spectra such of the excipients are flipped137

after the pre-treatment where a clear discrimination of the different types of138

excipients versus the gums and carrageenans is revealed. This can be verified139

visually by observing the Fig. 2 that shows the same spectra, before and after140

preprocessing, with different colours depending on the compound that samples141

belong. Moreover, a differentiation of the carrageenan+gum+excipient samples142

between carrageenan+gum+KCl and carrageenan+gum+MD samples is also143

noticeable. Regarding the testing phase, before the same data pre-treatment,144

linear interpolation was applied to the test spectra in order to get the desirable145

number of variables (n=1050) since they were acquired with a spectrometer with146

different spectral resolution [21, 22] to reduce overfitting to the NIR calibration147

set.148

All chemometric preprocessing was performed by means of in-house Matlab149

routines (The MathWorks Inc., USA).150

2.4. Continuous Locality Preserving Projections (CLPP)151

CLPP[17] is a semi-supervised linear method for dimensionality reduction152

which learns manifolds designated for continuous data. It is an extension of the153
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(a)

(b)

Fig. 2: NIR spectra of pure carrageenans (Kappa, Iota and Semiref), gums (Tara, Guar and

LBG), excipients (KCl and MD), carrageenans and gums admixtures, carrageenans, gums and

KCl admixtures and carrageenans, gums and MD admixtures: (a) Raw data; (b) Preprocessed

data. LBG: Locust bean gum; KCl: Potassium chloride; MD: Maltodextrin.
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Fig. 3: Experimental design of CLPP+PLS-CR (a) with 3 values for the prediction of totals

and (b) with 8 values for the prediction of all individual compounds.

linear dimensionality reduction technique Locality Preserving Projections (LPP)154

[23] preserving continuity as in previous non-linear techniques such as Temporal155

Laplacian Eigenmaps (TLE) [24]. Given a set of Y = y1, y2, · · · , yn data points156

in high dimensional space (yk ∈ RD), CLPP is able to transform this into its157

low dimensional space by mapping it to a set of points Z = m1,m2, · · · ,mn158

(mk ∈ Rd) with d � D, while preserving the continuity of the data. CLPP159

is based on the construction of two different neighbourhood graphs to preserve160

data continuity which express implicitly continuity dependencies between data161

points. Specifically, two continuous neighbourhoods are produced for each data162

point:163

(a) Continuous neighbourhood (C): the previous and next closest points in164

sequence of current data point.165

(a) Similarity neighbourhood (S): the points parallel to current data point in166

the parallel trajectories. Each trajectory is generated by the same number167

of continuous neighbours.168
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The process of dimensionality reduction can be summarised briefly by the169

following steps. First, weights W are assigned to the edges of each graph170

G ∈ {C,S} using the standard LPP formulation. Then the eigenvectors V of171

embedded space are computed. The d eigenvectors V ∗ with the smallest nonzero172

eigenvalues make the embedded space. These eigenvectors and eigenvalues are173

calculated by solving the generalized eigenvalue problem:174

arg min
V ∗

(V T · Y T · (LC + β · LS) · Y · V ) (1)

subject to

V T · Y T · (DC + β ·DS) · Y · V = 1 (2)

where LC = DC−GC and LS = DS−GS are the Laplacian matrices and DC and175

DS are diagonal matrices. β is a weighting factor for balancing the continuous176

and similarity variabilities. Regarding other continuous techniques, CLPP has177

the advantages of being simple and providing automatically both directional178

mapping (from low to high and from high to low dimensional spaces) while179

reducing the space.180

3. Experimental setup181

Based on the sample composition of food hydrocolloids, the training data182

are divided into five classes for identification purposes, 1: pure carrageenan,183

2: pure gum, 3: pure excipient, 4: carrageenan+gum admixture and 5: car-184

rageenan+gum+excipient admixture (Fig. 1). The great difficulty of this prob-185

lem hinders an experimental design with higher class resolution. Initially, the186

performance of the Partial least squares discriminant analysis (PLS-DA), k-187

Nearest Neighbors (kNN) and support vector machines (SVM) have been cal-188

culated to this 5-class problem as the most used classification methods. These189

supervised classification techniques were applied to the original (pre-processed)190

data for qualitative analysis only.191

However, to meet the main goal of this study regarding the characterisation192

of complex hydrocolloid mixtures, quantitative models between hydrocolloid193
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composition and NIR spectral data were established using PLS. Here, apart194

from the conventional usage of PLS as a regression technique, PLS is also ex-195

panded for the characterisation of the mixtures. The main feature of PLS-CR is196

that it calculates the predicted concentrations using PLS regression and assigns197

a class membership to each testing sample during prediction. Specifically, if the198

PLS output value of a testing sample for a specific compound is positive then199

this compound is present to this specific sample. Then, based on the present200

compounds in a testing sample, the sample is classified to one of the five classes201

by applying classification rules after PLS. A classification rule is a condition re-202

lated to the present compounds in a testing sample which allows the assignment203

of this sample to a model class when this condition is met. The PLS-CR input204

variables are a set with the number of dimensions resulting from a dimensional-205

ity reduction technique prior PLS-CR, such as CLPP or PCA, and the number206

of latent variables used for the development of the PLS model (see Table A.2 in207

Appendix A). In case of no dimensionality reduction technique applied before208

PLS-CR, all variables of raw spectra are used. From now on in this article, we209

call this variant of PLS as Partial Least Squares regression with Classification210

Rules (or PLS-CR).211

The characterisation of food hydrocolloid blends is investigated using two212

different scenarios with respect to the expected model behaviour. In the first213

and more straightforward scenario, only the total concentration of carrageenans,214

gums and excipients are predicted (3 response values for a testing sample) using215

a CLPP+PLS-CR model (see Fig. 3a). In the second scenario, the individual216

compounds of carrageenans (kappa, iota, semi-refined), gums (tara, guar, locust217

bean gum), and excipients (Potassium chloride, maltodextrin) are predicted. In218

this challenging scenario, three approaches are tested: a) a CLPP+PLS-CR219

model able to provide predicted values for all 8 compounds (see Fig. 3b)), b)220

a double stage approach, where an initial CLPP+PLS-CR model discriminates221

between the 3 main groups and classifies the mixtures, which are further quan-222

tified by 3 specific PLS models (See Fig. 4a), and c) a double stage approach,223

where an initial CLPP+PLS-CR model for the discrimination between the 3224
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main groups is followed by 3 specific CLPP+PLS models for the quantification225

of all the individual compounds (See Fig. 4b).226

After data pre-treatment, CLPP has been applied to all the aforementioned227

cases for reducing the high dimensional space of the data while modeling the228

continuity of the data. All the aforementioned cases are mainly differentiated by229

the different PLS/PLS-CR models generated after CLPP. According to CLPP230

theory [17], each hydrocolloid mixture will be modelled as a data series, where231

each data point mk is the low dimensional representation of each high dimen-232

sional spectrum at different concentration grades of two compounds from 0%233

to 100%. Since the mixtures can include until 8 compounds, the concentration234

grades of two of the compounds are changing while the rest of them are kept235

the same. Adjacent data points mk−t and mk+t, composing the continuous236

neighbourhood (Ck), will be the same mixture but at the immediate higher237

and lower concentration levels for the one component correspondingly and in-238

versely for the other. The similarity neighbourhood (Sk) will be the set of239

different hydrocolloid admixtures at the exact same number of concentration240

grades. As mentioned previously, about PLS/PLS-CR, positive response for a241

total/compound means that the specific hydrocolloid blend contains the specific242

type/compound. Thereafter, the normalisation of PLS/PLS-CR responses was243

carried out in order that their sum equals 1.244

The performance of the proposed schemes is evaluated by comparing them245

with the simple PLS and PCR. It is also compared against other pattern recog-246

nition techniques that they have been proposed in the literature [14, 15] and247

we consider they have potential to tackle this characterisation problem. These248

were PCA+PLS, and Canonical variate analysis (CVA)+PLS and Multivari-249

ate Curve Resolution-Alternating Least Squares (MCR-ALS) [25]. Moreover, it250

should be noted that the same rationale behind discriminant PLS with classifi-251

cation rules is applied also to PCR (PCR with classification rules or PCR-CR)252

and MCR-ALS (MCR-ALS with classification rules or MCR-ALS-CR). MCR-253

ALS calculations were performed using MCR-ALS GUI 2.0 [26] and setting254

correlation constraints. All MCR-ALS models were performed with correlation255

14



constraint for the three totals simultaneously, for the eight compounds simul-256

taneously and for the components of each group simultaneously (double stage)257

and non-negativity constraint in concentrations. The estimation of MCR-ALS258

components was done by using singular value decomposition (SVD). The ini-259

tial estimates were obtained by means of the estimation of purest variables.260

Moreover, in the case of MCR-ALS, regarding pre-treatment, only the visi-261

ble and shortwave near-infrared region was cut out because because the other262

pre-treatment steps did not allow to achieve convergence during the iterative263

optimisation. Correct classification rate and RMSEP were used as model per-264

formance parameters to evaluate the results. RMSEP values were calculated265

for each individual compound in isolation and for the overall admixture esti-266

mation. Tuning parameters have been empirically set for the building of the267

chemometric models (see Table A.2 in Appendix A).268

4. Results and discussion269

4.1. Classification and regression results270

Thanks to the ability of the CLPP to model the continuous nature of the271

admixtures as data series, models can be created with only a few (but repre-272

sentative) samples (here 29 samples). Fig. 5 shows the capability of CLPP273

to discriminate not only the groups but even the individual compounds in the274

same space.275

Widely applied and leading multivariate classification techniques such as276

PLS-DA and kNN exhibited the weakest classification performance in this 5-277

class problem (Table 2). This proves the difficulty and complexity of this prob-278

lem. SVM is the only classification technique used for qualitative analysis which279

achieved a 100% classification rate due to its ability to model data non-linearity280

present in these complex mixtures. Despite the fact SVM demonstrated a good281

performance and can be used for quantitative analysis, its results lack trans-282

parency since there is no resulting vectors like scores and loadings for visualisa-283

tion purposes and the tuning of its parameters is a complex task [27]. For these284
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Fig. 5: CLPP space of NIR data by colouring all the individual compounds. LBG: Locust

bean gum; KCl: Potassium chloride; MD: Maltodextrin.

reasons, PLS was selected for the creation of quantitative models for the re-285

maining experiments since it is the most used method for building a calibration286

model for quantitative analysis (commercial software and in-house routines).287

Classification results using quantitative models showed that apart from MCR-288

ALS-CR, all of the investigated pattern recognition techniques based on NIR289

data allowed the discrimination between food hydrocolloid blends with a 100%290

of correct classification for all the cases (Table 3). The less accurate classification291

performance of MCR-ALS-CR is due to the intrinsic difficulties of MCR-ALS292

to resolve and quantify the compounds contributing very little to the measured293

spectra [28, 29]. Specifically, MCR-ALS-CR failed to properly quantify the ex-294

cipients, which have the lowest concentration levels in hydrocolloid mixtures,295

and therefore some carrageenan+gum+excipient admixtures were wrongly clas-296

sified as carrageenan+gum admixtures.297

However, regression results are better evaluation metrics for this analytical298

problem where high precision regarding the composition of hydrocolloid com-299

pounds is required by the industry. Here, CLPP+PLS-CR outperforms all the300
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Table 2: Classification rate (%) (TP/Total testing samples) for the classification of hydro-

colloid mixtures for the 5-class problem using NIR spectral data.

CLASSIFICATION

TECHNIQUE

Classification rate (%) (TP/Total testing samples)

PLS-DA 73.97 (54/73)

kNN 83.56 (61/73)

SVM 100.00 (73/73)

TP: True positives; PLS-DA: Partial least squares discriminant analysis; kNN: k-Nearest

Neighbors; SVM: Support vector machines.

other pattern recognition techniques in all cases. Specifically, CLPP+PLS-CR301

allows the quantitative determination of the different kinds of food hydrocolloids302

(totals) with a RMSEP of 0.028 (Table 4). Interestingly, our scheme achieves303

half the RMSEP of the next better performance, the ones of CVA+PLS-CR.304

Regarding the prediction and quantification of all the individual compounds305

(8 different compounds) in a food hydrocolloid mixture, the use of a PLS-306

CR/PCR-CR model with 8 output values gives higher RMSEP values caused307

by the higher number of dependent variables that PLS-CR/PCR-CR has to308

predict (Table 4). Again here, PLS-CR+CLPP was generally better giving309

the lower RMSEP. Interestingly, the double stage approaches, where the ini-310

tial problem is split hierarchically into smaller and simpler problems (an initial311

PLS-CR/PCR-CR model quantifying the three groups of compounds followed312

by three PLS/PCR models, one per group of compounds), achieved a better313

overall RMSEP than the PLS-CR/PCR-CR models with 8 output values in all314

the cases (Table 5). CLPP+PLS-CR followed by three PLS models (1st dou-315

ble stage approach) showed a better performance in the quantification of all316

compounds, RMSEP=0.045 in testing dataset, compared with the other tech-317

niques. This performance was improved even more by applying CLPP before318

the three PLS models (2nd double stage approach) for quantifying the indi-319
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Table 3: Classification rate (%) (TP/Total testing samples) for the prediction of totals and of

individual hydrocolloid compounds classification of hydrocolloid mixtures for a 5-class problem

using NIR spectral data by quantifying the totals and/or the individual hydrocolloid compounds.

CLASSIFICATION

TECHNIQUE

Classification rate (%) (TP/Total testing samples)

Prediction of all individual compounds

Prediction of

totals

PLS (8 output

values)

Double stage

(Same for both

approaches)

PLS-CR 100.00 (73/73) 100.00 (73/73) 100.00 (73/73)

PCR-CR 100.00 (73/73) 100.00 (73/73) 100.00 (73/73)

MCR-ALS-CR 87.67 (64/73) 91.78 (67/73) 87.67 (64/73)

PCA+PLS-CR 100.00 (73/73) 100.00 (73/73) 100.00 (73/73)

CVA+PLS-CR 100.00 (73/73) 100.00 (73/73) 100.00 (73/73)

CLPP+PLS-CR 100.00 (73/73) 100.00 (73/73) 100.00 (73/73)

TP: True positives; PLS: Partial least squares regression; PLS-CR: Partial least squares regres-

sion with classification rules; PCR-CR: Principal component regression with classification rules;

MCR-ALS-CR: Multivariate Curve Resolution-Alternating Least Squares with classification rules;

PCA: Principal Component Analysis; CVA: Canonical variate analysis; CLPP: Continuous locality

preserving projections.

vidual compounds (Overall RMSEP=0.038) which proves that dimensionality320

reduction using CLPP helps the fine grain quantification. However, this fur-321

ther improvement does not happen for the other two dimensionality techniques322

(PCA and CVA) where RMSEP was either slightly improved or worsen. Table 6323

shows some examples of the quantitative values predicted by the best approach324

model (2nd double stage approach using CLPP+PLS-CR/CLPP+PLS). As can325

be seen, the predicted values are pretty close to the real ones with a small error.326

18



Table 4: Root mean squared error for the prediction of totals and individual compounds using NIR

spectral data by applying PLS-CR/PCR-CR with 3 and 8 output values, respectively.

RMSEP Classification technique

PLS-CR PCR-CR
MCR-

ALS-CR

PCA +

PLS-CR

CVA +

PLS-CR

CLPP +

PLS-CR

Prediction of totals (3 output values)

RMSEP Carrageenan 0.062 0.066 0.071 0.062 0.036 0.030

RMSEP Gum 0.076 0.073 0.081 0.075 0.055 0.025

RMSEP Excipient 0.037 0.038 0.126 0.037 0.071 0.030

Overall RMSEP 0.061 0.061 0.096 0.061 0.056 0.028

Prediction of all individual compounds (8 output values)

RMSEP Kappa 0.067 0.047 0.146 0.047 0.057 0.055

RMSEP Iota 0.070 0.063 0.038 0.063 0.067 0.042

RMSEP Semi-refined 0.108 0.091 0.162 0.091 0.141 0.068

RMSEP Tara 0.069 0.058 0.115 0.058 0.076 0.090

RMSEP Guar 0.078 0.078 0.131 0.078 0.082 0.092

RMSEP LBG 0.052 0.062 0.141 0.062 0.077 0.066

RMSEP KCl 0.135 0.124 0.100 0.124 0.128 0.071

RMSEP MD 0.043 0.018 0.089 0.018 0.040 0.066

Overall RMSEP 0.083 0.074 0.121 0.074 0.090 0.071

PLS-CR: Partial least squares regression with classification rules; PCR-CR: Principal component regres-

sion with classification rules; MCR-ALS-CR: Multivariate Curve Resolution-Alternating Least Squares

with classification rules; PCA: Principal Component Analysis; CVA: Canonical variate analysis; CLPP:

Continuous locality preserving projections; LBG: Locust bean gum; KCl: Potassium chloride; MD: Mal-

todextrin.
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Table 5: Root mean squared error for the prediction of individual compounds using NIR spectral data

by applying the two approaches of double stage.

RMSEP Classification technique for the totals /

Regression technique for all the compounds

First approach
PLS-CR

/ PLS

PCR-CR

/ PCR

MCR-

ALS-CR

PCA +

PLS-CR

/ PLS

CVA +

PLS-CR

/ PLS

CLPP +

PLS-CR

/ PLS

RMSEP Kappa 0.038 0.038 0.405 0.037 0.035 0.032

RMSEP Iota 0.057 0.069 0.270 0.057 0.045 0.048

RMSEP Semi-refined 0.044 0.041 0.267 0.044 0.040 0.041

RMSEP Tara 0.058 0.045 0.248 0.058 0.059 0.044

RMSEP Guar 0.078 0.073 0.140 0.078 0.054 0.061

RMSEP LBG 0.050 0.068 0.147 0.050 0.056 0.046

RMSEP KCl 0.045 0.043 0.082 0.045 0.064 0.046

RMSEP MD 0.039 0.038 0.082 0.039 0.040 0.037

Overall RMSEP 0.053 0.054 0.230 0.052 0.050 0.045

Second approach
PLS-CR

/ PLS

PCR-CR

/ PCR

MCR-

ALS-CR

PCA +

PLS-CR

/ PCA

+ PLS

CVA +

PLS-CR

/ CVA

+ PLS

CLPP +

PLS-CR

/ CLPP

+ PLS

RMSEP Kappa n/a n/a n/a 0.033 0.034 0.034

RMSEP Iota n/a n/a n/a 0.056 0.035 0.038

RMSEP Semi-refined n/a n/a n/a 0.043 0.055 0.032

RMSEP Tara n/a n/a n/a 0.061 0.060 0.041

RMSEP Guar n/a n/a n/a 0.070 0.055 0.043

RMSEP LBG n/a n/a n/a 0.053 0.052 0.043

RMSEP KCl n/a n/a n/a 0.042 0.059 0.042

RMSEP MD n/a n/a n/a 0.038 0.047 0.031

Overall RMSEP n/a n/a n/a 0.051 0.051 0.038

PLS: Partial least squares regression; PLS-CR: Partial least squares regression with classification

rules; PCR: Principal component regression; PCR-CR: Principal component regression with classifica-

tion rules; MCR-ALS-CR: Multivariate Curve Resolution-Alternating Least Squares with classification

rules; PCA: Principal Component Analysis; CVA: Canonical variate analysis; CLPP: Continuous lo-

cality preserving projections; LBG: Locust bean gum; KCl: Potassium chloride; MD: Maltodextrin;

n/a: not applicable.
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Table 6: Predictions of a few testing samples made by the best approach model using

CLPP+PLS-CR/CLPP+PLS (double stage).

CARRAGEENANS (%) GUMS (%) EXCIPIENTS (%)

Testing

sample

Kappa Iota Semi-

refined

Tara Guar LBG KCl MD

Actual

(#20)

49.5 0 17.5 16.5 0 6.2 8.2 2.1

Predicted

(#20)

49.3 0 17.2 11.8 0 10.6 8.1 3

Error

(#20)

0.2 0 0.3 4.7 0 4.4 0.1 0.9

Actual

(#33)

42 6 0 4 26 2 6 14

Predicted

(#33)

36 13.2 0 4 26.2 1.3 3.3 16

Error

(#33)

6 7.2 0 0 0.2 0.7 2.7 2

Actual

(#43)

3 30 18 21 0 8 10 10

Predicted

(#43)

10.1 26.6 15 17.5 0 12.2 8 10.6

Error

(#43)

7.1 3.4 3 3.5 0 4.2 2 0.6

Actual

(#66)

54.5 0 2 8.1 8.1 8.1 2 17.2

Predicted

(#66)

54.7 0 2.6 7.5 8.4 11.4 1.8 13.6

Error

(#66)

0.2 0 0.6 0.6 0.3 3.3 0.2 3.6

Actual

(#67)

47 5 0 16 16 0 8 8

Predicted

(#67)

47.4 6 0 15.1 14.3 0 6.1 11.1

Error

(#67)

0.4 1 0 0.9 1.7 0 1.9 3.1

LBG: Locust bean gum; KCl: Potassium chloride; MD: Maltodextrin.
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Remarkably, this approach does not only identify correctly all the individual327

compounds in the admixtures, it also quantifies them. Its downside, however,328

is that the selection of the proper values for the tuning of CLPP parameters is329

a complex and time-consuming process since more than one parameter have to330

be optimised. Nevertheless, procedures for the automatic optimisation of the331

tuning parameters is something we intend to study in our future work. In order332

to obtain a robust model and diminish the risk of overfitting, the admixture333

percentages in testing dataset were intentionally selected to be different from334

training percentages and different spectral resolution was used for the training335

and testing dataset. About NIR based calibration models, future work should336

include more variation by using hydrocolloids from different geographic origins.337

Overall To sum up, the application of CLPP as a dimensionality reduction338

technique prior the PLS-CR has showed up to around 54% improvement in339

RMSEP of the simple PLS-CR for the prediction of the totals and decreased up340

to 28 % the RMSEP of PLS-CR/PLS using the second double stage approach,341

which confirms the great potentiality of CLPP+PLS-CR and CLPP+PLS in342

combination with the double stage approach for the statistical analysis of NIR343

spectroscopic data in the characterisation of a hydrocolloid system and in tack-344

ling compositional analysis problems in general. While our results are promising345

and show good generalisation to new mixture percentages and spectral resolu-346

tions, the small amount of samples used to train the models, especially given347

their much larger dimensionality, may results in overfitted models. In future348

work, we aim to extract a larger order of magnitude in the number of samples349

to improve the learned models.350

5. Conclusions351

In this study, an analytical framework of CLPP coupled with PLS was de-352

veloped for addressing the characterisation of complex food hydrocolloid admix-353

tures using NIR spectroscopic data. Results showed that although the relatively354

small number of training samples and, at the same time, the high number of355
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single compounds or ingredients in an admixture, NIR spectroscopy can be re-356

garded as a fast and reliable analytical solution for the characterisation of food357

hydrocolloid blends where the qualitative analysis and further quantification358

of many ingredients (up to 8 compounds) is requested. Moreover, modelling359

the different compounds individually provides a more accurate quantification360

for demanding analytical problems. In particular, a double stage hierarchical361

framework is able to tackle the quantification of up to 8 different compounds362

with a small prediction error. Therefore, results indicate interesting analytical363

possibilities offered by this framework for on-line food quality and authenticity364

analysis where simultaneous determination of multiple components in mixtures365

is required.366
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Appendix A

Table A.1: Composition of food hydrocolloids in testing dataset.

CARRAGEENANS (%) GUMS (%) EXCIPIENTS (%)
Sample Kappa Iota Semi-

refined

Tara Guar LBG KCl MD

1 55 0 0 10 10 10 15 0

2 0 55 0 0 30 0 7.5 7.5

3 0 0 55 6 0 24 0 15

4 30 0 25 30 0 0 5 10

5 55 0 0 0 0 30 12 3

6 0 30 25 6 20 4 3 12

7 8 0 50 7 0 20 15 0

8 48 0 0 32 0 0 10 10

9 0 50 6 9 9 10 0 16

10 0 63 0 0 0 25 6 6

11 40 11 0 10 0 21 14 4

12 30 0 17 0 35 0 4 14

13 31.4 0 31.4 22.5 0 4 7.8 2.9

14 22 22 22 20 1 2 6 5

15 7 0 50 0 24 0 10 9

16 4 16 38 2 2 24 14 0

17 10 0 40 23 9 0 9 9

18 30 28 0 5 20 0 11 6

19 22 42 0 1 25 0 5 5

20 49.5 0 17.5 16.5 0 6.2 8.2 2.1

21 20 16 15 8 0 25 0 16

22 30 3 20 2 9 18 18 0

23 0 20.8 38.6 0 0 20.8 9.9 9.9

24 30 28 0 20 11 0 11 0

25 8 18 36 0 25 2 0 11

26 20.8 27.7 0 19.8 14.9 0 0 16.8

27 17 0 38 15 10 5 10 5

28 16 14 30 0 0 29 0 11

29 0 0 52 3 25 0 12 8

30 40 11 0 0 2 29 6 12

31 0 36 26 22 3 0 7 6

32 28 32 0 28 0 0 8 4

33 42 6 0 4 26 2 6 14

34 48 0 15 10 14 0 3 10

35 38 0 17 0 2 33 5 5

36 24 0 40 6 5 11 10 4

37 16 24 11 0 22 11 5 11

38 0 49 14 0 18 9 5 5

39 47.5 8.9 0 5 6.9 13.9 17.8 0

40 49 0 9 16 2 5 0 19

41 69 0 0 6 6 9 0 10

42 40 10 0 5 22 5 15 3

43 3 30 18 21 0 8 10 10

44 9 0 48 8 0 20 5 10

45 0 45 2 0 32 2 11 8
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Table A.1 (Continued)

CARRAGEENANS (%) GUMS (%) EXCIPIENTS (%)
Sample Kappa Iota Semi-

refined

Tara Guar LBG KCI MD

46 0 3 50 0 4 28 15 0

47 20 20 20 24 0 0 2 14

48 0 15.6 33.3 0 10 20 13.3 7.8

49 60 5 0 18 2 0 5 10

50 5 60 0 4 20 0 6 5

51 3 0 54 3 0 28 12 0

52 0 0 67 0 0 22 11 0

53 52 0 0 29 0 0 19 0

54 0 64.6 0 0 20.2 0 0 15.2

55 5 50 0 2 26 0 0 17

56 0 6 45 0 6 28 3 12

57 21 21 21 0 12 12 13 0

58 4 44 8 14 14 0 0 16

59 40 8 4 16 0 16 8 8

60 0 0 46 0 0 35 19 0

61 60 2 0 12 12 2 12 0

62 5 55 0 5 17 0 12 6

63 0 5 44 0 5 30 12 4

64 17 17 17 17 17 0 12 3

65 0 57.8 6.9 0 17.6 6.9 0 10.8

66 54.5 0 2 8.1 8.1 8.1 2 17.2

67 47 5 0 16 16 0 8 8

68 0 65 0 0 22 0 13 0

69 45 10 0 22 5 0 9 9

70 20 20 16 11 0 22 0 11

71 25 0 25 0 31 0 16 3

72 0 0 65 0 11 11 13 0

73 5 56 0 3 0 22 12 2

LBG: Locust bean gum; KCl: Potassium chloride; MD: Maltodextrin.
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Table A.2: Parameters values used in measurements for gathering results for the characteri-

sation of a food hydrocolloid system.

Classification

Regression
Parameters values

technique

For qualitative analysis

PLS-DA Lv=5

kNN K=3

SVM sigma=6, C=1

For qualitative and quantitative analysis

Prediction Prediction of all individual compounds
of totals 1st approach 2nd approach 3rd approach

PLS-CR Lv=2 Lv=14

Totals: Lv=2,

carrageenan:

Lv=15, gums:

Lv=12, excipients:

Lv=10

n/a

PCR-CR pcr comps=2 pcr comps=17

Totals:

pcr comps=2,

carrageenan:

pcr comps=18,

gums:

pcr comps=10,

excipients:

pcr comps=12

n/a

MCR-ALS-CR
mcr-

als comps=6

mcr-

als comps=8

Totals:

mcr-als comps=6,

carrageenan:

mcr-als comps=5,

gums:

mcr-als comps=5,

excipients:

mcr-als comps=5

n/a
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Table A.2 (Continued)

Classification

Regression
Prediction Prediction of all individual compounds

technique of totals 1st approach 2nd approach 3rd approach

PCA+ PLS-CR
Pca dims=3,

Lv=2

Pca dims=17,

Lv=17

Totals:

Pca dims=3, Lv=2,

carrageenan:

Lv=15, gums:

Lv=12, excipients:

Lv=10

Totals:

Pca dims=3, Lv=2

carrageenan:

Pca dims=25,

Lv=15, gums:

Pca dims=15,

Lv=12, excipients:

Pca dims=12,

Lv=11

CVA+ PLS-CR

Pca dims=13,

cva dims=6,

Lv=2

Pca dims=12,

cva dims=10,

Lv=10

Totals:

Pca dims=13,

cva dims=6, Lv=2

carrageenan:

Lv=15, gums:

Lv=12, excipients:

Lv=8

Totals:

Pca dims=13,

cva dims=6, Lv=2

carrageenan:

Pca dims=20,

cva dims=16,

Lv=16, gums:

Pca dims=13,

cva dims=12,

Lv=11, excipients:

Pca dims=21,

cva dims=16, Lv=6
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Table A.2 (Continued)

Classification

Regression
Prediction Prediction of all individual compounds

technique of totals 1st approach 2nd approach 3rd approach

CLPP+

PLS-CR

clpp dims=2,

pca ratio=0.85,

t=3, r=4,

β=1.15,

smoothsize=4,

Lv=2

clpp dims=8,

pca ratio=0.972,

t=4, r=3,

β=0.62,

smoothsize=1,

Lv=5

Totals:

clpp dims=2,

pca ratio=0.85,

t=3, r=4, β=1.15,

smoothsize=4,

Lv=2,

carrageenan:

Lv=15, gums:

Lv=12, excipients:

Lv=10

Totals:

clpp dims=2,

pca ratio=0.85,

t=3, r=4, β=1.15,

smoothsize=4,

Lv=2

carrageenan:

clpp dims=18,

pca ratio=0.995,

t=2, r=9, β=1.13,

smoothsize=8,

Lv=11, gums:

clpp dims=11,

pca ratio=0.992,

t=4, r=13, β=0.68,

smoothsize=4,

Lv=9 , excipients:

clpp dims=12,

pca ratio=0.987,

t=5, r=11, β=0.24,

smoothsize=6,

Lv=7

Lv: latent variables; K: Number of nearest neighbors; sigma: the sigma factor in the

Gaussian radial basis function kernel; C: box constraint, the Lagrange multipliers are

bounded to be within the range [0,C]; n/a: not applicable; pcr comps: the number of

PCR components; mcr-als comps: the number of MCR-ALS components; clpp dims: the

dimensionality of the reduced CLPP subspace; pca ratio: the percentage of principal

component kept in the PCA step. The percentage is calculated based on the eigenvalue.

Default is 1 where all the non-zero eigenvalues will be kept; t: the number of nearest

points in sequence; r: the number of parallel points; β: weighting factor for balancing the

continuous and similarity variabilities; smoothsize: smoothing factor which is used for the

creation of the similarity neighbourhood. The bigger this value is, the smoother the points

will be.
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