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Abstract:  20 

Partial Least Squares (PLS) is by far the most popular regression method for building 21 

multivariate calibration models for spectroscopic data. However, the success of the 22 

conventional PLS approach depends on the availability of a ‘representative data set’ as the 23 

model needs to be trained for all expected variation at the prediction stage. When the 24 

concentration of the known interferents and their correlation with the analyte of interest 25 

change in a fashion which is not covered in the calibration set, the predictive performance of 26 

inverse calibration approach such as the conventional PLS can deteriorate. This underscores 27 

the need for calibration methods that are capable of building multivariate calibration models 28 

which can be robustified against the unexpected variation in the concentrations and the 29 

correlations of the known interferents in the test set. Several methods incorporating ‘a priori’ 30 

information such as pure component spectra of the analyte of interest and/or the known 31 

interferents have been proposed to build more robust calibration models. In the present study, 32 

four such calibration techniques have been benchmarked on two data sets with respect to their 33 

predictive ability and robustness: Net Analyte Preprocessing (NAP), Improved Direct 34 

Calibration (IDC), Science Based Calibration (SBC) and Augmented Classical Least Squares 35 

(ACLS) Calibration. For both data sets, the alternative calibration techniques were found to 36 

give good predictive performance even when the interferent structure in the test set was 37 

different from the one in the calibration set. The best results were obtained by the ACLS 38 

model incorporating both the pure component spectra of the analyte of interest and the 39 

interferents, resulting in a reduction of the RMSEP of a factor 3 compared to conventional 40 

PLS for the situation when the test set had a different interferent structure than the one in 41 

calibration set.  42 

Keywords: robust calibration, glucose, Net Analyte Preprocessing, Improved Direct 43 

Calibration, Science Based Calibration, Augmented Classical Least Squares. 44 
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 45 

1. Introduction 46 

The goal of chemometric calibration is to obtain good prediction of the component(s) of 47 

interest from the measured signals. From spectroscopic point of view, the Beer-Lambert law 48 

is used to define the linear relationship between absorbance and concentration of a chemical 49 

component. In case of a multi-component system, total absorbance is expressed as the sum of 50 

absorbances of all absorbing species. In this case, the Classical Least Squares (CLS) method 51 

based on a linear additive Beer-Lambert model can be used to build a calibration model. It is 52 

based on the theoretical assumptions of Beer’s Law and assumes that each chemical 53 

compound contributes a profile of its pure spectrum weighted by its concentration, to the final 54 

measured spectrum. However, this typically gives poor performance in practice as the 55 

concentrations of all contributing components are needed to build a good calibration model. 56 

This gets further complicated if the pure component contributions from different absorbing 57 

species are correlated as the pure components estimated by CLS will then be linear 58 

combinations of the real pure component spectra.  59 

In the implicit or inverse methods, such as multiple linear regression (MLR), principal 60 

component regression (PCR) and partial least squares regression (PLSR), the concentration(s) 61 

to be predicted are modelled as a sum of the measured signals multiplied by estimated 62 

regression coefficients. Although this is less intuitive, good prediction results can be obtained 63 

even if not all the concentrations of contributing components are known. However, to obtain 64 

good estimates for the regression coefficients, and thus also good prediction performance, a 65 

“representative” calibration set is essential. This is not trivial because not only the expected 66 

variation in the component(s) of interest, but also the variation of other contributing factors 67 

(interferents) and their correlations should be included in this calibration set. Many cases have 68 

been reported where inverse models lost their predictive power due to change in the 69 
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interferent structure such as temperature effects, season to season variation, cultivar effects, 70 

different tablet for the same active component and batch effects in industrial production 71 

processes [1-4]. 72 

Several methodologies have been proposed by researchers to build robust calibration models 73 

in presence of a changing interferent structure. Many of these approaches use pure component 74 

spectrum of the analyte and the known interferents to remove the effect of the changes in 75 

interferent concentrations. These methods can either be classified as preprocessing methods or 76 

alternative calibration methods. In both cases, prior information such as pure component 77 

spectrum of the analyte of interest and the known sources of spectral variation can be used to 78 

robustify the calibration models against unexpected changes. Preprocessing methods aim to 79 

increase the robustness of inverse calibrations by incorporating the experimental knowledge 80 

to remove the effect of interferents, e.g., External Parameter Orthogonalization (EPO) [1], 81 

Pre-Whitening [5], Extended Multiplicative Scatter Correction (EMSC) [6, 7], Physics Based 82 

Multiplicative Scatter Correction [8] etc. However, in this approach the prior knowledge is 83 

not directly used for building the calibration model. The alternative calibration methods such 84 

as Net Analyte Preprocessing (NAP) [9, 10], Augmented Classical Least Squares (ACLS) 85 

Calibration [11-13], Improved Direct Calibration (IDC) [14], and Science Based Calibration 86 

(SBC) [15, 16] exploit the additional information of the analyte of interest and known 87 

interferents directly in the calibration step. These methods aim to build robust calibration 88 

models by more explicitly defining the information on the analyte of interest and the noise 89 

components in the measured spectra. Although these methods have been reported to be less 90 

reliant on the interferent structure in the calibration set thus providing more robust models, 91 

these have not yet been compared on the same data sets. Therefore, the aim of the present 92 

study was to compare the prediction performance and robustness of calibration models built 93 

using NAP, ACLS, IDC and SBC approaches to the one built using conventional PLSR on 94 
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two data sets: NIR spectra of aqueous mixtures of glucose, urea and sodium D-lactate (Na-95 

lactate), and NIR spectra of powder mixtures of glucose, casein and lactate. In both cases, the 96 

aim was to predict the glucose concentration in the mixtures from the NIR spectra. In data set-97 

1, the same interferent structure was present in the training and test sets allowing to test the 98 

prediction performance of different methods in presence of a ‘representative’ training set. In 99 

data set-2, the data was deliberately split in a training and test set with a different interferent 100 

structure to test the robustness of different calibration models against these changes. 101 

 102 

2. Theory 103 

In this section, the major concepts of different calibration methods applied in this study (PLS, 104 

NAP, ACLS, IDC, and SBC) are briefly presented. For more details we refer to the cited 105 

references where these methods were introduced.   106 

2.1. Partial Least Squares Regression 107 

Partial Least Squares Regression (PLSR) is one of the most popular techniques to build 108 

multivariate calibration models [17, 18]. PLS regression consists of a data compression step 109 

(Eq. (1)) and a regression step. In the data compression step, the n x p matrix of spectral 110 

measurements X is decomposed into an n x a matrix of latent variables scores �̂� and a p x a 111 

matrix of loadings �̂�, defining the linear combinations of original variables in the spectral 112 

measurements matrix 𝐗:   113 

 𝐗 = �̂��̂�′ + 𝐄𝐗          (1) 114 

with 𝐄𝐗  an n x p matrix of spectral residuals (Eq. (2)).  115 

The next step is to use the scores of the latent variables in regression equation instead of the 116 

original variables.  117 
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 𝐜 = �̂�𝐪 + 𝐞𝐜           (2) 118 

where 𝐜 is an n x 1 vector of concentrations, 𝐞𝐜 is an n x 1 vector of concentration residuals 119 

and 𝐪 is an a x 1 vector of regression coefficients. 120 

The first latent variable in PLS regression is defined as the linear combination of all original 121 

variables in X for which the covariance between the score vector corresponding to this latent 122 

variable and the vector of concentrations of the analyte of interest 𝐜 is maximal. The second 123 

latent variable is then defined as the linear combination of all original variables orthogonal to 124 

the first latent variable for which the covariance to the concentration vector is maximal. This 125 

process continues until the desired number of components, a, are obtained. The concentration 126 

of the analyte of interest in a new sample is then estimated from the measured spectrum, x, 127 

using the following equation: 128 

�̂� = �̂�0 + 𝐱′�̂�           (3) 129 

with �̂�0 the intercept, and �̂� the p x 1 regression coefficient vector, which is computed as 130 

following: 131 

 �̂� =  �̂�(�̂�′�̂�)−𝟏�̂�          132 

where �̂� is the p x a estimated matrix of loading weights representing the covariance 133 

structure between X matrix and concentration vector c. 134 

2.2. Net Analyte Preprocessing 135 

The central idea in NAP [9, 19] is that two elements contribute to the data matrix 𝐗; one 136 

contribution stems from the analyte of interest (𝐗k), and the other stems from all other sources 137 

of variation (𝐗o) (Eqs. (4) and (5)). By defining a filtering matrix that removes all sources of 138 

variability other than the analyte of interest from 𝐗, the preprocessed 𝐗𝐍𝐄𝐓 matrix is obtained, 139 
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which is also called the matrix of net calibration samples. The NAS vector can subsequently 140 

be found by regressing the matrix of net calibration samples on 𝐜, the n x 1 vector of analyte 141 

concentrations, using Classical Least Squares fitting. Finally, the net analyte signal can be 142 

used to predict the concentration of the component of interest from new preprocessed data.  143 

Mathematically, the NAP calculation can be presented as follows:  144 

 𝐗 = 𝐗k + 𝐗o          (4) 145 

 𝐗 = 𝐜 𝐠′ + 𝐗o          (5) 146 

where 𝐜 is the concentration vector and 𝐠 is a vector of sensitivities for the analyte of interest 147 

at unit concentration. Using a filtering matrix 𝐅NAP, orthogonal to 𝐗𝐨, Eq. (5) can be rewritten 148 

as follows: 149 

 𝐗 𝐅NAP = 𝐜 𝐠′ 𝐅NAP         (6) 150 

 𝐗𝐍𝐄𝐓 = 𝐜 𝐠𝐍𝐄𝐓
′          (7) 151 

𝐠NET is determined through CLS fitting from Eq. (7), which is eventually used to estimate 152 

concentrations from the net calibration samples as presented in Eqs. (8) and (9). 153 

 �̂� = [(�̂�𝐍𝐄𝐓
′ �̂�𝐍𝐄𝐓)−𝟏 𝐠𝐍𝐄𝐓

′ ]𝐱𝐍𝐄𝐓       (8) 154 

 �̂� = �̂�′𝐱𝐍𝐄𝐓          (9) 155 

where �̂�′ = (�̂�𝐍𝐄𝐓
′ �̂�𝐍𝐄𝐓)−𝟏 𝐠𝐍𝐄𝐓

′ .  156 

2.3. Augmented Classical Least Squares Calibration 157 

The basic idea underlying ACLS calibration is to extend the traditional CLS method to handle 158 

the cases where the concentration of all pure components is not known [11-13, 20]. ACLS 159 

calibration proposes to augment the pure component matrix, estimated using CLS [11] or 160 

measured experimentally [12], with pure spectra for the ‘unknown components’ estimated 161 
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from concentration (CRACLS) [20] or spectral residual (SRACLS) [11, 13] or both. This 162 

method was reported to provide a prediction performance equivalent to that obtained by 163 

PLSR. The scope of the method was broadened by Saeys et al. [12], who proposed that a 164 

priori knowledge can more efficiently be used than is done in the classical approach or in the 165 

inverse approach. In their approach, the explicit linear additive model employed in CLS is 166 

retained but it is suggested to use measured pure component spectra of the analyte of interest 167 

and the known interferents rather than estimating these by CLS [12].  168 

In the present study, the approached suggested by Saeys et al. is adopted and the pure 169 

component spectra of the analyte of interest and the interfering components are used during 170 

calibration. The concentration and the pure component spectra of analyte and interferents are 171 

known in advance, however it is also possible to estimate the pure component spectra from 172 

the calibration data set using CLS if not known a priori [12]. The ACLS model adopted in the 173 

present study is presented in Eq. (10):  174 

𝐗 = 𝐂 𝐊 +  𝐂P𝐊P + 𝐂I𝐊I +  𝐓𝐏 +  𝐄       (10) 175 

Here, the term CK represents the contribution of those components for which the 176 

concentration C is known but the pure component spectra K are unknown. The subscripts P 177 

and I correspond to known components for which the pure component spectra are available 178 

and the concentrations are respectively known and unknown. The TP+E contribution 179 

corresponds to a PCA decomposition of the spectral residual which remains after removing 180 

the contributions of the known components C K, Cp KP and CI KI. T and P are the score and 181 

loading matrices of the PCA model, whereas E is the variation in spectral measurements 182 

matrix not captured by the model. The first step in ACLS is to subtract the contribution of 183 

those components for which the concentration and the pure component response are available 184 

and those for which only the concentration is available. 185 
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𝐄A1 = 𝐗 − 𝐂 �̂� −  𝐂P𝐊P         (11) 186 

If there are no known components for which the concentrations are unknown, 𝐄A1 can be 187 

decomposed by means of a PCA and the combined matrix of least squares estimates and 188 

known pure component spectra can be augmented with the first ‘a’ principal component 189 

loading vectors. The augmented matrix �̂�𝐅𝟏 =  [�̂�  𝐊𝐏 𝐏𝐚] can subsequently be used to 190 

estimate the augmented concentration matrix for new samples as presented in Eq. (12). 191 

�̂̃�𝐧 = 𝐀 �̂̃�𝐅𝟏 (�̂̃�𝐅𝟏�̂̃�𝐅𝟏
′ )

−𝟏

        (12) 192 

 193 

2.4. Improved Direct Calibration 194 

The model underlying IDC is given in Eq. (13): 195 

 𝐱 = c 𝐠′ +  𝐆q′𝐜q +  𝐙′𝐜z + 𝐞x       (13) 196 

In this model, 𝐱 is a p x 1 vector of a single spectral measurement, 𝑐 is the concentration of 197 

the analyte of interest, and 𝐠 is the pure component spectrum of the analyte of interest at unit 198 

concentration. 𝐆q is a q x p matrix of spectra of interfering components and q is the number of 199 

interfering components. 𝐜𝐪 is the vector of concentrations for the interfering components. The 200 

term 𝐙′𝐜z represents the contribution of physical factors (such as scatter effects) to the 201 

measured spectrum, and 𝐞x is the noise vector.  202 

IDC completes the expert information in 𝐆q, the matrix containing pure component spectra of 203 

all interfering components, with the experimental knowledge [14]. For this purpose, a mean-204 

centered matrix, �̆�o, of spectra acquired while the concentration of the analyte of interest 205 

remains constant and the interferents vary, is obtained. By mean-centering, the spectral 206 

information of the analyte of interest is removed and only the noise is retained. This noise 207 

includes both instrumental noise as well as the effect of variation in the concentrations of 208 
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other spectrally active components (interferents). IDC augments the matrix of pure 209 

component spectra with the first few vector bases representing the space spanned by the 210 

matrix of noise spectra. The spectral measurements are projected onto the pure component 211 

spectrum, orthogonally to the augmented matrix of pure component spectra of the interferents, 212 

in order to obtain the coefficient vector �̂�, which can be used to predict the concentration of 213 

the analyte of interest in a sample using the equation �̂� = 𝐱′�̂�.  214 

Mathematically, a matrix 𝐏 is defined as the first ‘a’ principal components from a PCA on �̆�o. 215 

The matrix �̃� is obtained by augmenting matrix 𝐆q with 𝐏. Now, a projector matrix 216 

orthogonal to �̃� can be defined as: 217 

 𝐅IDC = (𝐈 − �̃�′(�̃��̃�′)
−1

�̃�)         (14) 218 

By transposing and right multiplying both sides of Eq. (13) by 𝐅IDC, the effects of chemical 219 

and physical influence factors become null yielding: 220 

 𝐱𝐅IDC = 𝑐 𝐠′ 𝐅IDC          (15) 221 

Right multiplying by 𝐠 (𝐠′ 𝐅IDC𝐠)−1 gives: 222 

 �̂� = 𝐱′ 𝐅IDC g (𝐠′𝐅IDC 𝐠)−1        (16) 223 

If  𝐛 = 𝐅𝐈𝐃𝐂 𝐠 (𝐠′𝐅𝐈𝐃𝐂 𝐠)−𝟏 224 

then  �̂�𝑛 =  𝐱𝐧
′  �̂�          (17) 225 

The concentration of new samples can be predicted using the coefficient vector �̂� as presented 226 

in Eq. (17). 227 

2.5. Science Based Calibration 228 
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SBC is a direct calibration method which utilizes expert knowledge [15, 16] in the calibration 229 

step. The two major components used in IDC and SBC during calibration are the same: pure 230 

component spectra at unit concentration and a noise matrix �̆�o. However, IDC uses all known 231 

pure component spectra (of analyte as well as interferents) in the calibration whereas SBC 232 

uses only the pure component spectrum of the analyte of interest. Also, a PCA is done directly 233 

on �̆�o in IDC whereas SBC first defines the spectral noise covariance matrix as following: 234 

 𝚺 =  
�̆�𝐨

′  �̆�𝐨

𝑛−𝟏
           (18) 235 

where n is the number of samples. As the total number of samples in calibration equals the 236 

number of samples in noise matrix �̆�o in SBC, which is typically smaller than the number of 237 

variables, this results in ‘non-unique’ least squares solution. Therefore, the noise covariance 238 

matrix is approximated by retaining only the first few principal components.  239 

Next, a regression coefficient vector �̂� is estimated using the response spectrum g and the 240 

noise covariance matrix: 241 

 �̂� =  
δc

2 𝚺−1𝐠

1+δc
2 𝐠′𝚺−1𝐠

         (19) 242 

where 𝛿𝑐
2 is the variance of concentration values of the analyte of interest which can be 243 

measured in practice. If 𝛿𝑐
2 is large (𝛿𝑐

2 approaches infinity), �̂� can be simplified as follows: 244 

 �̂� =  
 𝚺−1𝐠

 𝐠′𝚺−1𝐠
           (20) 245 

Further inspection of �̂� reveals that the weight each wavelength receives depends on its 246 

variability in the noise matrix �̆�o and on its correlation with other wavelengths. This approach 247 

gives more weight to noise-free wavelengths. The estimated coefficient vector �̂� can be used 248 

to predict the analyte concentration in a new sample based on the measured spectrum: 249 
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�̂�𝑛 = �̂� 𝐱𝐧          (21) 250 

 251 

3. Estimation of noise spectra 252 

The noise matrix in IDC and SBC is generally estimated as the mean-centered matrix �̆�o of 253 

spectra acquired while the concentration of the analyte of interest remains constant and the 254 

interferents vary. This approach is feasible in the case of designed data sets but not as 255 

straightforward in real-life samples because the analyst does not have control on the 256 

concentration of the analyte of interest. Therefore, a new approach for estimating the noise 257 

matrix is proposed here. 258 

For a linear additive model, the acquired spectra 𝐗 can be expressed as: 259 

 𝐗 = 𝐜𝐠′ + 𝐗𝐨          (22) 260 

where 𝐠 and c are the pure component response vector of the analyte of interest at unit 261 

concentration and the analyte concentration vector, respectively. In Eq. (22), the first term on 262 

the right hand side accounts for the spectral contribution of the analyte of interest in a given 263 

sample. Subtraction of the analyte contribution from the measured spectrum results in a noise 264 

spectrum which includes the instrumental noise as well as the noise introduced by other 265 

chemical and physical factors in the sample. Eq. (22) can be rewritten as: 266 

 𝐗𝐨 = 𝐗 − 𝐜𝐠′          (23) 267 

The noise matrix Xo can be calculated from the calibration samples (Eq. (23)) and can be used 268 

in IDC or SBC calibration.  269 

In NAP, the noise matrix 𝐗𝐨 is typically estimated by projecting the matrix of calibration 270 

samples on 𝐜, the concentration vector. In the modified approach, the noise matrix estimated 271 
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using Eqs. (22) and (23) is also used in the NAP framework. Both types of NAP approaches 272 

have been tested in this study as will be described in the subsequent section. 273 

 274 

4. Experimental 275 

The goal of the present study is to investigate the performance of NAP, ACLS, IDC, and SBC 276 

calibrations and benchmark these against conventional PLS calibration. The study also 277 

attempts to evaluate the robustness of calibration techniques in presence of changes in 278 

interferent structure. To achieve these goals, different methods have been used to build 279 

calibration models for two experimental data sets: one with no change in interferent structure 280 

and one where the interferent structure in the calibration and the test sets is different. 281 

Data set-1 consists of Fourier Transformed Near-Infrared (FT-NIR) spectra (Fig. 1) of 282 

aqueous solutions of glucose, Na-lactate and urea, as a model system for human interstitial 283 

fluid. Aqueous solutions were prepared in a full factorial design covering the physiological 284 

ranges in milli-molar (mM) concentrations of 7 levels of glucose (1 mM, 3 mM, 7 mM, 12 285 

mM, 15 mM, 22 mM and 30 mM), 2 levels of urea (5 mM, 6 mM) and 2 levels of Na-lactate 286 

(1 mM, 5 mM). The full factorial design consists of 28 (=7x2x2) samples for which three 287 

spectral replicates were acquired on an FT-NIR spectrometer (Bruker Multi Purpose 288 

Analyzer) over the range from 800 to 2500 nm. All the measurements were carried out in a 289 

temperature controlled sample chamber at 370C±1.00C. 290 

In order to estimate the pure component spectra, high concentration solutions of glucose (120 291 

mM), urea (24 mM) and Na-lactate (20 mM) were prepared and their NIR spectra was 292 

measured. From the measured spectra, molar absorptivities of glucose, urea and Na-lactate 293 

were calculated following the procedure described by Amerov et al [21]. The dispersion of 294 

light by the cuvette material and water were estimated [22, 23], and were subsequently used to 295 
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correct for the reflective losses at the air-glass and the solution-glass interface using the 296 

Fresnel reflection equation.  The wavelength dependent refractive index of the ‘Quartz 297 

SUPRASIL cuvette’ was estimated using the Sellmeier equation [24]. The change in 298 

refractive index for a solution with glucose concentration 𝑐𝑔 was accounted for by using Eq. 299 

(24) [21]: 300 

𝜂 = 1.325 + 2.73 × 10−5[𝑐𝑔]       (24) 301 

where  is the resulting refractive index of glucose solution having concentration 𝑐𝑔 in milli-302 

moles (mM). 303 

Data set-2 consists of NIR spectra (Fig. 2) for a triangular mixture design (Fig. 3) of glucose, 304 

casein and lactate powders, which were also analysed in the past by Naes et al. [25] and Saeys 305 

et al. [12]. The spectra were measured in a closed cup on a monochromator instrument 306 

(Technicon InfraAlyzer 500) in the wavelength range from 1100 to 2500 nm. In this designed 307 

experiment, commercial powders of casein, glucose and lactate were mixed together. These 308 

powders are not 100% pure in nature, but also contain some moisture and ash. The true 309 

content of glucose, casein and lactate was calculated by measuring their respective weight 310 

percentage in the commercial powders. The calibration in this study was performed for the 311 

recalculated glucose weight percentage. Since the samples at the extremes of the triangular 312 

design were the pure powders of glucose, casein and lactate, their spectra were used as 313 

measured pure component contributions. Since these powders contain some moisture and ash, 314 

their spectra were rescaled to correspond to 100% glucose, casein or lactate. It should, 315 

however, be noted that this moisture and ash will have some contribution to the measured 316 

spectra, such that these are, strictly speaking, the powder spectra rather than pure component 317 

spectra. 318 

 319 
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5. Data analysis 320 

For data set-1, the spectral region from 1525 to 1825 nm, also known as the first overtone 321 

band of glucose absorption in the NIR region, was used for building calibration models. In 322 

this data set, glucose was the analyte of interest and the pure component spectra of urea and 323 

Na-lactate were treated as interferents. The data (X and c both) was mean-centered before 324 

calibration. Although preprocessing techniques could help to improve robustness of 325 

calibration models, no other preprocessing except mean-centering was applied for 326 

conventional PLS or other calibration methods as each of the preprocessing techniques would 327 

need to be optimized. Moreover, using preprocessing in PLS model and then comparing the 328 

results with other calibration models where no preprocessing is used would become unfair 329 

while using preprocessing in PLS as well as other calibration techniques would generate a 330 

large number of possible combinations. This would considerably complicate the 331 

interpretation.  332 

The calibration models were built in repeated double cross-validation [26] as the number of 333 

available samples in the data set was not enough for further splitting into a calibration set and 334 

a test set. One sample was detected as an outlier in the Q residuals vs. hotelling T2 plot in PLS 335 

[27] and was removed from the data set; hence the analysis was done on 27 samples, each 336 

with three spectral replicates (81 spectra in total). The validation strategy used for this data set 337 

was 9-fold repeated double cross-validation with contiguous blocks, which ensured that the 338 

three spectral replicates belonging to the same physical sample were always grouped together 339 

either in the calibration set or in the test set. 340 

For data set-2, the number of spectral variables was reduced to 117 by averaging adjacent 341 

points. The measured intensities were converted to absorbance using the log10 (1/R) transform 342 

followed by mean-centering of the data (X and c both). The designed data set consisted of 231 343 

samples, which were split into calibration and test sets as presented in the validation scheme 344 
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(Fig. 3). Such a split resulted in a situation where the glucose concentration range was similar 345 

in the calibration (0-91.5%) and test (0-87%) sets, but different ranges for the interferents, i.e., 346 

lactate and casein. The 10-fold cross-validation with random splits used was to ensure that the 347 

model was trained for the available variation in the calibration set during training phase. 348 

For both the data sets, the prediction performance of alternative calibration methods using 349 

prior information was compared with conventional PLS regression. The root-mean-square 350 

error of cross-validation (RMSECV) and prediction (RMSEP) were used as the performance 351 

criteria to assess and compare the predictive ability of resulting models. For both the data sets, 352 

the PLS model was also built using pure component spectra of the analyte and the interferents 353 

as samples in the PLS calibration. The PLS model was found to identify the pure component 354 

spectra as outliers for both the data sets. For more information, we refer to the supplementary 355 

material. 356 

The model vector L2 norm of the regression vector b̂
2
[28, 29] was estimated for all the 357 

calibration techniques.  Although b̂
2
 term is indicative of variance, it should not be used for 358 

comparing different model performances [30, 31]. Kalivas et al state in their study [30], “It 359 

should be kept in mind that because b̂
2
is only an indicator of variance, it is probably best 360 

used in an absolute sense for intra-model studies and not inter-model comparisons. 361 

The predictive ability of calibration models was compared using “Two way ANOVA” test on 362 

the prediction data. The calibration technique was taken as the first ANOVA factor whereas 363 

the sample number was added as the second ANOVA factor to make the test paired [32]. 364 

Furthermore, the calibration technique was treated as a ‘fixed factor’ whereas the samples 365 

number was treated as a ‘random factor’. The Tukey Honestly Significant Difference (HSD) 366 

multiple comparison was applied to ascertain whether a given calibration model resulted in a 367 

statistically significant improvement ( 0.05) in the predictions.  368 
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All calibrations were performed in MATLAB®, 7.10.0 (R2010a) (The Mathworks, Natick, 369 

MA, USA). To perform NAP, ACLS, IDC, SBC, and repeated double cross-validation, the 370 

codes were written in MATLAB®. For PLS regression, the PLS toolbox was used 371 

(Eigenvector Research, Wenatchee, WA, USA). 372 

 373 

6. Results and discussions 374 

Data set-1: The RMSECV plot for different calibration models built using aqueous glucose 375 

solution data set is shown in Fig. 4. It should be noted that the RMSECV values are plotted 376 

against the number of latent variables (LVs) for PLS calibration. For other methods, the 377 

RMSECV values are plotted against the number of principal components (PCs) in the 378 

augmentation (ACLS) or the dimension reduction of the noise matrix (NAP, IDC and SBC). 379 

For all calibration models, the RMSECV plot shows elbowing down in the range of 6-8 380 

LVs/PCs. In all cases, the number of PCs/LVs was selected based on a cross-validation. It 381 

was the minimum number of PCs/LVs in the calibration after which further addition of 382 

PCs/LVs did not result in significant improvement in RMSECV. In most of the cases, it was 383 

the number that led to (nearly) the minimal RMSECV [33]. The calibration models were 384 

applied to predict the glucose concentration for the test set. The resultant RMSEP values 385 

alongwith the key modelling parameters are presented in Table 1.  386 

For conventional PLS calibration, the RMSECV was 1.08 mM for 6 LVs and the 387 

corresponding RMSEP value was 1.08 mM. In this case, no prior information was used in 388 

calibration but the PLS model was trained on a calibration set containing the same interferent 389 

structure as in the test set. The performance of the conventional PLS model was used as a 390 

benchmark for evaluating the predictive performance of NAP, IDC, SBC and ACLS.  391 

For NAP, two approaches were used to estimate the noise matrix. The first approach was the 392 

conventional one where the noise matrix was estimated by orthogonal projection of 393 



18 
 

calibration spectra on the concentration matrix. In addition, a modified approach as proposed 394 

in this study was also used where the noise spectra were estimated by subtracting the 395 

contribution of the analyte of interest from measured spectra. Although this approach reduced 396 

the risk of filtering out information of the analyte of interest, it must be pointed out that this 397 

approach works with the underlying assumption of a linear additive model system. The 398 

RMSECV and RMSEP values were found to be 1.07 mM and 0.99 mM, respectively for 7 399 

PCs for the first NAP approach. For the second approach, the RMSECV and RMSEP values 400 

were 0.87 mM and 0.88 mM, respectively for 8 PCs. Both NAP approaches resulted in a 401 

lower RMSECV and RMSEP than conventional PLS regression. From the two approaches 402 

used to estimate noise matrix, the second approach implying the subtraction of pure 403 

component contribution was more successful than the conventional approach of orthogonal 404 

projection as the latter uses a CLS estimation which could be noisy in contrast to the former 405 

where the pure component contribution is known beforehand facilitating effective separation 406 

of the pure component contribution.  407 

SBC did not perform well on this data set and resulted in inferior performance as compared to 408 

conventional PLS regression with RMSECV and RMSEP values both being 1.74 mM for 8 409 

PCs.  410 

IDC, which uses the pure component spectra of the analyte of interest and all known 411 

interferents, resulted in the RMSECV and RMSEP values of 0.90 mM and 0.92 mM for 7 PCs 412 

in the augmentation. These values were comparable to those obtained with the second NAP 413 

approach. This indicated that the inclusion of interferent information in calibration can 414 

improve the predictive performance of calibration models. 415 

Three ACLS calibration models were built using different amounts of prior information. In 416 

the first case, the pure component spectrum of the analyte of interest was obtained from the 417 

calibration set using CLS estimation (classical ACLS). In second case, an experimentally 418 
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obtained pure component spectrum of the analyte of interest was directly used in ACLS 419 

calibration. In the third case, the experimentally obtained pure component spectra for the 420 

analyte of interest as well as the interferents were used in ACLS calibration. As evident, the 421 

first approach is needed in cases where the pure component information is not available but 422 

might give inferior performance in comparison to the other two approaches depending on the 423 

quality of the pure component spectrum estimated by CLS. All three ACLS approaches 424 

outperformed conventional PLS calibration with nearly 5-10% improvement in the RMSEP. 425 

The lowest RMSECV (=0.93 mM) and RMSEP (=0.97 mM) values were obtained with the 426 

ACLS model using the pure component spectra for the analyte of interest and the interferents. 427 

The model vector L2 norms b̂
2
for the data set-1 were calculated for all the calibrations and 428 

are presented in Table 1. The values of model vector L2 norm for all non-PLS calibration 429 

techniques are found to be greater than the one obtained for conventional PLS calibration. 430 

Among non-PLS calibration techniques, the highest model vector L2 norm is obtained for 431 

ACLS calibration (using the pure component spectra for the analyte of interest and the 432 

interferents). Although, higher values of model vector L2 norm indicate higher prediction 433 

variance, the calibration models having higher values of model vector L2 norm resulted into 434 

low RMSEP and high R2 values. However, there is not direct basis for comparing the inter-435 

model performance based on model vector L2 norm [30, 31].  436 

The 2-way ANOVA and the Tukey Honestly Significant Difference multiple comparison tests 437 

were performed on the absolute residuals of RMSEP to detect the significant improvement in 438 

the prediction ability. The results of the same are presented in Table 1. Even though an 439 

improvement in RMSEP values was observed using different models, none of the calibration 440 

techniques gave a statistically significant improvement in the prediction ability of the models 441 

as reflected in Tukey HSD multiple comparison test. 442 
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Data set-2: The RMSECV plot for different models built using powder mixture data set is 443 

presented in Fig. 5. As pointed out earlier, the RMSECV values are plotted against LVs in 444 

case of PLS models, whereas for NAP, IDC, SBC and ACLS, it is the number of PCs used in 445 

augmentation or dimension reduction of the noise matrix. The calibration models were built to 446 

predict glucose concentration and casein and lactate spectra were used as interferents. The 447 

optimal number of LVs/PCs for each calibration was selected based on a cross-validation as 448 

described for data set-1. For all methods, its value ranged from 8-10 except for SBC which 449 

required 14 PCs in the calibration. The models built based on optimal number of LVs/PCs 450 

were used to predict glucose concentration in the test set. The detailed results for different 451 

calibration models are presented in Table 2. 452 

In this case, the calibration models were trained on a data set having higher casein 453 

concentration than lactate. This model was used to predict a test set in which the lactate 454 

concentration was higher than the casein concentration for all the samples. The glucose 455 

concentration range was similar in calibration and test sets (Fig. 3). As it can be observed 456 

from the results shown in Table 2, varying the interferent structure had a dramatic impact on 457 

the prediction ability of the conventional PLS calibration and resulted in an RMSEP value of 458 

2.77% which is four times higher than the corresponding RMSECV value of 0.69%. This can 459 

be explained by the fact that the calibration set used for training the conventional PLS 460 

regression was not ‘representative’ for the interferent structure present in the test set. In such a 461 

situation, NAP, IDC, SBC and ACLS calibrations are expected to give better performance as 462 

they tend to define the signal and the noise components more explicitly in the measured 463 

spectra. These methods were used to build calibration models for this data set. The key model 464 

results and the performance statistics are summarized in Table 2. 465 

In general, all alternative calibration techniques outperformed conventional PLS regression. 466 

Two types of NAP calibration models, using pure component spectra or concentration values 467 
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to define the noise matrix, were built which resulted in nearly similar performance with 468 

RMSEP values of 1.81% and 1.82%, respectively. For SBC, the RMSECV and RMSEP 469 

values were 1.28% and 1.61% for a model using 14 PCs. Although NAP and SBC performed 470 

better than conventional PLS calibration, the obtained RMSEP values were still rather high, 471 

which might be due to the fact that these methods did not use the pure component spectra of 472 

the known interferents. IDC, which effectively utilizes the pure component information of the 473 

analyte of interest and the interferents, was found to be more effective than SBC and NAP. 474 

For 8 PCs in the augmentation, it resulted in RMSECV and RMSEP values of 1.02% and 475 

1.39%, respectively. IDC even outperformed ACLS calibration using only the pure 476 

component spectrum of the analyte of interest.  477 

Three ACLS approaches as discussed for data set-1 were used in this case. The pure 478 

component spectrum of analyte of interest either obtained using CLS estimation (first 479 

approach) or measured experimentally (second approach) was used in the ACLS calibration. 480 

Using the CLS estimated pure component spectrum of analyte of interest resulted in RMSEP 481 

of 1.51% whereas the RMSEP was 1.81% when the experimentally measured analyte 482 

spectrum was used. This indicates that using the experimentally determined pure component 483 

spectrum of analyte of interest alone may not be enough to compensate for all the nonspecific 484 

variations. The lowest RMSEP values were obtained when the pure component spectra of the 485 

analyte of interest as well as the interferents were used in the ACLS calibration. This model 486 

resulted in RMSECV and RMSEP values of 0.89% and 0.90%, respectively for 9 PCs in the 487 

augmentation. In terms of RMSEP, this ACLS calibration outperformed all other calibration 488 

techniques. In comparison to the conventional PLS calibration, the prediction error in ACLS 489 

calibration was found to reduce by a factor 3. 490 

The estimated model vector L2 norms b̂
2

 for the data set-2 are presented in Table 2. The 491 

PLS calibration is found to have lowest value of L2 norm among all the techniques. The 492 
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highest value of L2 norm is obtained for ACLS using the pure component spectra for the 493 

analyte of interest and the interferents, which resulted in the lowest RMSEP and highest R2 494 

values (Table 2). This trend in model vector L2 values is in agreement with the results 495 

obtained for data set-1, although as stated earlier, it can not be used for assessing the inter-496 

model performance. 497 

The 2-way ANOVA and the Tukey Honestly Significant Difference multiple comparison tests 498 

were performed on the absolute residuals of RMSEP values. The results of the same are 499 

presented in Table 2. The calibration models found to have no significant difference ( 0.05) 500 

in the prediction ability were grouped together, resulting into six different groups. The 501 

prediction performance of the calibration models built using SBC, IDC and ACLS was found 502 

to be significantly different from the conventional PLS calibration model. The ACLS model 503 

using the pure component spectra of the analyte of interest and the interferents, which gave 504 

the lowest RMSEP, also showed significant difference (or improvement) in the prediction 505 

error compared to all other calibration techniques. 506 

The above results infer that an adequate framework to incorporate pure component 507 

information during calibration can result into (more) robust models and their prediction ability 508 

might improve with the amount of pure component information being supplied. However, this 509 

is not straightforward as there is a trade off among the amount of pure component information 510 

supplied, the complexity of the model and the quality of pure component information being 511 

added. At this point, the authors would like to point out that the performance of the calibration 512 

techniques using prior information in calibration could dramatically deteriorate if the pure 513 

component spectra, either acquired experimentally or estimated statistically, are noisy. This is 514 

for the obvious reason that these methods rely heavily on the pure component information to 515 

explicitly define the signal and the noise components in the calibration. 516 

 517 
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7. Conclusions 518 

Net Analyte Preprocessing, Improved Direct Calibration, Science Based Calibration and 519 

Augmented Classical Least Squares Calibration methods are presented as alternative 520 

calibration methods with the possibility to include pure component spectral information in 521 

multivariate calibration. Especially, the inclusion of pure component spectrum of the analyte 522 

of interest and/or the known interferents has been shown to result into calibration models 523 

which are (more) robust against changes in the interferent structure. The performance of these 524 

methods has been evaluated and benchmarked against the performance of conventional PLS 525 

regression. This has been demonstrated for two cases: prediction of glucose concentration in 526 

FT-NIR spectra of ternary aqueous solutions containing glucose, urea and Na-lactate, and 527 

prediction of glucose concentration from NIR spectra of a mixture design containing glucose, 528 

casein and lactate.  529 

In data set-1, a representative calibration set was used for training the calibration models.  It 530 

was noticed that NAP, IDC and ACLS outperformed conventional PLS calibration with NAP 531 

giving nearly 18% improvement in RMSEP compared to the conventional PLS calibration. 532 

SBC performed worse than conventional PLS calibration with an RMSEP value of 1.74 mM, 533 

while for the other methods the RMSEP values ranged from 0.88 mM to 1.02 mM. The 534 

alternative calibration techniques did not show statistically significant improvement in 535 

prediction ability in the 2-way ANOVA and the Tukey HSD multiple comparison tests, 536 

although their performance was at par with the conventional PLS calibration.  537 

Applying alternative calibration methods to data set-2 having different interferent structure in 538 

the training and test sets revealed the potential of these methods. NAP, IDC, SBC and ACLS 539 

outperformed conventional PLS calibration with RMSEP values ranging from 0.90% to 540 

1.82% compared to the value of 2.77% obtained for the conventional PLS calibration. All 541 

alternative calibration techniques except NAP showed significant improvement in prediction 542 
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ability compared to the conventional PLS calibration in the 2-way ANOVA and the Tukey 543 

HSD multiple comparison test. The ACLS calibration model using the pure component 544 

spectra of the analyte of interest and the interferents resulted in lowest RMSEP value. This 545 

model also showed statistically significant improvement in the prediction error (in Tukey 546 

HSD multiple comparison test) compared to all other calibration models.  547 

Overall, the inclusion of prior information in NAP, IDC, SBC and ACLS was found to 548 

considerably reduce the dramatic effects of a change in the interferent structure on the 549 

prediction performance especially when the pure component spectra of the analyte of interest 550 

and the known interferents were used in the ACLS framework.This study inferred that NAP, 551 

IDC, SBC and ACLS can be used to build calibration models which are robust for changes in 552 

the interferent structure.  553 
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Figure captions  607 

 608 

Fig. 1: Absorbance vs. wavelength plot for aqueous glucose solution; the wavelength region 609 

shown in the rectangular box was used to build the calibration models. 610 

 611 

Fig. 2: Absorbance vs. wavelength plot showing the calibration and test set spectra for the 612 

powder mixture data set. 613 

 614 

Fig. 3: Illustration of the design of data set-2 (one sample for each intersection of lines) with 615 

marking of the calibration and validation set. 616 

 617 

Fig. 4: RMSECV plots for data set-1 obtained in 9-fold repeated double cross-validation with 618 

contiguous blocks for the inverse PLS model and the NAP, ACLS, SBC and IDC models 619 

incorporating different amounts of prior information. 620 

 621 

Fig. 5: RMSECV plots for data set-2 obtained in 10-fold cross-validation with random splits 622 

for the inverse PLS model and the NAP, ACLS, SBC and IDC models incorporating different 623 

amounts of prior information. 624 

 625 

626 
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Fig. 1 628 
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Fig. 2 634 
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Fig. 3 639 
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Fig. 4 643 

644 

0 2 4 6 8 10 12 14 16 18 20
0

1

2

3

4

5

6

7

8

9

10

# LVs/PCs

rm
s
e
c
v
, 

m
M

RMSECV for aqueous glucose solutions

 

 

PLS

ACLS using CLS

ACLS using g

ACLS using g & G

NAP using pure component

NAP using y spectra

IDC

SBC



32 
 

 645 

Fig. 5 646 

647 
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Table 1: Overview of the prediction ability of conventional PLS and the NAP, SBC, IDC 648 

and ACLS calibration models for the prediction of glucose concentration in aqueous 649 

glucose solutions (data set-1) 650 

 LVs RMSEC6 RMSECV6 RMSEP6 L2 norm 

PLS 6 0.88 (99.1) 1.08 (98.7) 1.08 (71.1) 4.28*104 

NAP1 7 0.78 (99.3) 1.07 (98.7) 0.99 (75.6) 2.29*105 

NAP2 8 0.71 (99.4) 0.87 (99.1) 0.88 (80.8) 2.26*105 

SBC 8 1.35 (97.9) 1.74 (96.6) 1.74 (24.0) 7.20*104 

IDC 7 0.71 (99.4) 0.90 (99.1) 0.92 (78.9) 1.74*105 

ACLS3 7 0.81 (99.3) 1.04 (98.8) 1.02 (74.0) 2.29*105 

ACLS4 7 0.78 (99.3) 1.04 (98.8) 0.99 (75.4) 2.29*105 

ACLS5 7 0.71 (99.4) 0.93 (99.0) 0.97 (76.4) 2.37*105 

Values in parenthesis indicate R2 values for the model fit; 1 concentration vector used to 651 

define the noise matrix; 2 pure component glucose spectrum used to define the noise matrix; 3 652 

pure component spectrum of glucose calculated using CSL; 4 measured pure component 653 

glucose spectrum used in calibration; 5 measured spectrum of analyte of interest, glucose, and 654 

the interferents, urea and Na-lactate used in calibration; 6 in mM. 655 

656 
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Table 2: Overview of the prediction ability of conventional PLS and the NAP, SBC, IDC 657 

and ACLS calibration models for the prediction of glucose concentration in powder 658 

mixtures (data set-2) 659 

 LVs RMSEC6 RMSECV6 RMSEP6 L2 norm 

PLSa 10 0.62 (99.9) 0.69 (99.9) 2.77d,e,f (98.5) 2.71*103 

NAP1,c 8 0.98 (99.8) 1.06 (99.8) 1.82e,f (99.4) 7.32*103 

NAP2,b 8 0.98 (99.9) 1.06 (99.8) 1.81f (99.4) 7.21*103 

SBCd 14 1.16 (99.8) 1.28 (99.7) 1.61a,f (99.5) 2.97*103 

IDCe 8 0.94 (99.8) 1.02 (99.8) 1.39 a,c,f (99.6) 2.87*103 

ACLS3,d 8 0.99 (99.8) 1.08 (99.8) 1.51a,f (99.6) 7.28*103 

ACLS4,d 8 0.98 (99.8) 1.06 (99.8) 1.81a,f (99.4) 7.33*103 

ACLS5,f 9 0.85 (99.9) 0.89 (99.9) 0.90a,b,c,d,e (99.9) 8.30*103 

Values in parenthesis represent the R2 value for the model fit; a-d superscript letters presents 660 

the results of Tukey Honestly significant Difference (HSD) multiple comparison test; in the 661 

first column of the table, superscript letters indicate the group in which the preprocessing 662 

technique belongs while in RMSEP column, different superscript letters indicate significantly 663 

(p<0.05) different groups. 664 

1 concentration vector used to define the noise matrix; 2 pure component glucose spectrum 665 

used to define the noise matrix; 3 pure component spectrum of glucose calculated using CLS; 4 666 

measured pure component glucose spectrum used in calibration; 5 measured spectrum of 667 

analyte of interest and the interferents used in calibration; 6 in percentage (%) composition. 668 


