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Abstract 12 

Near-infrared (NIR) spectra of pharmaceutical tablets get affected by light scattering 13 

phenomena, which mask the underlying peaks related to chemical components. Often the best 14 

performing scatter correction technique is selected from a pool of pre-selected techniques. 15 

However, the data corrected with different techniques may carry complementary information, 16 

hence, use of a single scatter correction technique is sub-optimal. In this study, the aim is to 17 

prove that NIR models related to pharmaceuticals can directly benefit from the fusion of 18 

complementary information extracted from multiple scatter correction techniques. To perform 19 

the fusion, sequential and parallel pre-processing fusion approaches were used. Two different 20 

open source NIR data sets were used for the demonstration where the assay uniformity and 21 

active ingredient (AI) content prediction was the aim. As a baseline, the fusion approach was 22 

compared to partial least-squares regression (PLSR) performed on standard normal variate 23 

(SNV) corrected data, which is a commonly used scatter correction technique. The results 24 



suggest that multiple scatter correction techniques extract complementary information and their 25 

complementary fusion is essential to obtain high-performance predictive models. In this study, 26 

the prediction error and bias were reduced by up to 15% and 57% respectively, compared to 27 

PLSR performed on SNV corrected data. 28 
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1. Introduction 30 

Near-infrared (NIR) spectroscopy is widely used for rapid and non-destructive analysis of 31 

pharmaceutical tablets [1, 2]. However, the main challenge with NIR spectroscopy is related 32 

to data modelling, which can easily become sub-optimal if no proper investigation is performed 33 

during the pre-processing stage [3-5]. The interaction of NIR light with samples results in two 34 

major optical phenomena, i.e., absorption and scattering [6]. Absorption is the result of specific 35 

chemical molecules absorbing certain wavelengths of light, whereas scattering is a result of the 36 

complex interaction of light with the physical structure of samples [6, 7]. NIR data are widely 37 

affected by light scattering, which can be identified as additive and multiplicative effects in 38 

spectra [6, 8].  39 

Traditional data analysis related to NIR data modelling involves exploration of different scatter 40 

correction techniques to remove the scattering effects from the spectra such that the absorption 41 

characteristics can be used for proper estimation of chemical components [9]. However, 42 

recently Mishra et al., (2020) demonstrated that the NIR modelling should not aim to select a 43 

single scatter correction technique but should utilise the information extracted by several 44 

scatter correction techniques [5, 10, 11]. This is because different scatter correction techniques 45 

remove the effects of light scattering differently and may reveal complementary information, 46 

which if modelled can lead to higher performance models [5]. Complementary information 47 



from data pre-processed with different scatter correction techniques can be fused using the 48 

recently developed sequential and parallel pre-processing fusion approaches [10, 12].  49 

In this study, the aim is to prove that NIR models of pharmaceutical products can directly 50 

benefit from the fusion of complementary information extracted from multiple scatter 51 

correction techniques. To perform the fusion, sequential and parallel pre-processing fusion 52 

approaches were used. Two different open source NIR data sets were used for the 53 

demonstration where the prediction of assay uniformity and active ingredient (AI) content was 54 

the aim. As a baseline, the fusion approach was compared to partial least-squares regression 55 

(PLSR) performed on standard normal variate (SNV) corrected data, which is a commonly 56 

used scatter correction technique. 57 

2. Materials and methods 58 

2.1. Data set 59 

Two open source tablet data sets were used for this study. The first was the ‘NIR shootout 60 

2002’ data set published by the International Council for Near-infrared Spectroscopy. The data 61 

were downloaded from the official website of Eigenvector Research Inc, USA in MATALAB 62 

readable format (http://www.eigenvector.com/data/tablets/index.html). The data in the 63 

downloaded .mat file contained spectra from two instruments. In this study, the spectra 64 

corresponding only to instrument 1 was used. In total, 654 tablets were measured with NIR 65 

(600 – 1898 nm) and reference analysis (assay uniformity). The second data set comprised NIR 66 

transmission data related to measurement of 310 tablets and the corresponding active ingredient 67 

(AI) content (%). The data were obtained from http://www.models.life.ku.dk/Tablets and were 68 

the same as presented in the original work [13]. The spectral range of this data set was 7398 – 69 

10507 cm-1. For both datasets, the samples were divided into calibration (60%) and test (40%) 70 

set using the Kennard-Stone algorithm [14]. 71 

2.2. Data analysis  72 

   73 

http://www.eigenvector.com/data/tablets/index.html
http://www.models.life.ku.dk/Tablets


2.2.1. Scatter correction methods  74 

  75 

In the study, four of the most commonly used scatter correction techniques were selected [5]. 76 

The techniques were 2nd derivative [4], variable sorting for normalization (VSN) [8], standard 77 

normal variate (SNV) [15] and multiplicative scatter correction (MSC) [7]. The second 78 

derivative estimation was performed using the Savitzky-Golay method with a 2nd order 79 

polynomial and 21-point smoothing filter. All the pre-processing methods were implemented 80 

as discussed in [4] and in MATLAB, Natick, MA, USA.  81 

 82 

2.2.2. Partial least-squares regression  83 

  84 

PLSR is a common regression method used for NIR data modelling [16].  By maximising the 85 

covariance of the NIR data with the response(s), PLSR identifies the subspace of latent 86 

variables (LVs) on which the high-dimensional data can be transformed to give a low 87 

dimension information concentrated space. This transformation guarantees that the data are 88 

relevant for predicting the response variables. In the study, PLSR was performed 89 

using MATLAB’s built-in function ‘plsregress’, with a 10-fold cross validation procedure 90 

approach used to select the optimal number of latent variables (LVs).  91 

  92 

2.2.3. Sequential and parallel pre-processing through orthogonalisation  93 

  94 

The sequential and parallel pre-processing through orthogonalisation (SPORT and PORTO) 95 

approaches are inspired from multiblock data analysis in chemometrics [12]. The sequential 96 

approach called SPORT is based on sequential orthogonalized partial least-squares regression 97 

and the PORTO approach on parallel orthogonalized partial least-squares regression. A 98 

schematic of the SPORT and PORTO approaches is presented in Fig. 1. In SPORT (see Fig. 99 

1A), initially, a PLS regression model is fitted between Y and the X block after application of 100 

the first pre-processing method, and the scores for the first block (T1) are obtained. Then, the 101 

X block after application of the second pre-processing method is orthogonalized with respect 102 



to the scores (T1) of the first regression. Then the residuals of Y are fitted to the orthogonalized 103 

X block after application of the second pre-processing method and the scores (T2) are 104 

estimated. The procedure is continued for as many blocks (4 in this case) as there are pre-105 

processing methods. In this work, the order of application of the scatter correction methods 106 

was 2nd derivative, VSN, SNV and MSC, making a total of 4 blocks of data. In the case of 107 

PORTO, a combination of PLS regression, generalized canonical analysis (GCA) 108 

and multiple orthogonalization steps are performed with the aim of extracting the common and 109 

distinct information presented in data pre-processed with different scatter correction methods. 110 

The concept of PORTO is to identify common and distinct information as shown in Fig. 1B. 111 

The three circles represent data pre-processed with three different scatter correction methods 112 

and the letters D and C indicate the distinct and the common information, respectively.  113 

Optimising the number of LVs is highly important for both SPORT and PORTO. In the case 114 

of SPORT, all possible combinations of LVs were explored with the optimum number chosen 115 

based on the lowest RMSECV. In PORTO, several local cross-validations (CVs) were 116 

performed in sequence, as discussed in [17]. SPORT was implemented with the algorithm 117 

presented in [12] and with freely available multiblock data analysis toolbox [18]. PORTO was 118 

implemented using the multi-block data analysis codes from NOFIMA 119 

(https://nofima.no/en/) for the implementation of parallel orthogonalised partial least-squares 120 

(POPLS). All analysis was performed in MATLAB 2017b (The MathWorks, Natick, USA).  121 

 122 

https://nofima.no/en/


 123 

Fig. 1: A schematic of the sequential (SPORT) (A) and parallel (PORTO) (B) pre-processing 124 

fusion approaches. 1,2 and 3 in the PORTO approach are the data pre-processed with three 125 

different pre-processing techniques. 126 

3. Results  127 

3.1. PLSR modelling vs SPORT vs PORTO 128 

The results from PLSR with SNV pre-processed data and the pre-processing fusion approaches 129 

(SPORT and PORTO) are shown in Fig. 2. It can be seen that fusion of information from 130 

different scatter correction methods improved the predictive performance of the models. In the 131 

case of prediction of assay uniformity with NIR data (Fig. 2A,C,E), the SPORT approach 132 

decreased the error and bias by 9% and 47%, respectively, compared to PLSR with SNV pre-133 

processed data. The PORTO approach further decreased the error and bias by 15% and 57%, 134 

respectively, compared to PLSR with SNV pre-processed data. For prediction of the AI content 135 

with NIR data (Fig. 2B,D,F), the main improvements were observed in error reduction with a 136 

6% and 3% decrease using SPORT and PORTO approach, respectively. The improvement was 137 

attained with the same number of LVs as for the PLSR model constructed using SNV pre-138 



processed data (3 LVs). Further, in all cases the best models were obtained using LVs from 139 

data corrected using multiple scatter correction methods, explaining that complementary 140 

information is being extracted and modelled by the pre-processing fusion approaches (PORTO 141 

and SPORT).  142 



 143 

Fig. 2: Summary of PLSR applied to SNV pre-processed data, SPORT and PORTO models. (A) 144 

PLSR prediction for assay (mg), (B) PLSR prediction for API content (%), (C) SPORT 145 

prediction for assay (mg), (D) SPORT prediction for API content (%), (E) PORTO prediction 146 

for assay (mg), and (F) PORTO prediction for API content (%).  147 



As an example to show the complementary and efficient information modelled by the SPORT 148 

and PORTO approaches, the loadings from prediction of the AI are shown in Fig. 3. It can be 149 

seen that compared to the loadings of standard PLSR, the loadings of SPORT and PORTO are 150 

less noisy, and especially in the case of PORTO the loading weights in the spectral region 151 

around 10500 cm-1 are close to 0 with the region <9000 cm-1, which arises from the C≡N 152 

overtones from the active ingredient, having the highest loadings [13]. Such efficient modelling 153 

can be understood as the reason for the improvement in the model performance.  154 

 155 
Fig. 3: Loadings corresponding to PLSR applied to SNV pre-processed data (A), SPORT (B) 156 

and PORTO (C) modelling approaches. (A) Three loadings were extracted by PLSR for optimal 157 

modelling, (B) three loadings were extracted by SPORT approach (2 from VSN pre-processed 158 

data and 1 from SNV pre-processed data), and (C) three components were extracted by the 159 



PORTO approach (1 common component for all pre-processing methods and 2 distinct 160 

components from 2nd derivative). 161 

4. Conclusions 162 

 163 

This study has proved that NIR models of pharmaceuticals tablets can be improved with a 164 

fusion of complementary information present in data pre-processed using different scatter 165 

correction methods. Both sequential and parallel approaches to pre-processing can be used for 166 

the fusion. In this study, the parallel approach performed slightly better compared to the 167 

sequential approach. The error and bias decreased by up to 15% and 57%, respectively. Based 168 

on the results obtained, it is recommended that fusion of multiple scatter correction techniques 169 

should be performed rather than spending time on exploring and identifying the best scatter 170 

correction technique. 171 
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