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multiple responses modeling in multiblock data sets 
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• The multiblock method combining 
sequential modelling and canonical PLS 
is evaluated. 

• The method handles multiple responses 
more efficiently than PLS2. 

• The method allows using meta infor
mation to improve subspace extraction. 

• The method was tested on wide multiple 
responses prediction datasets.  
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A B S T R A C T   

Multiblock data sets and modeling techniques are widely encountered in the chemometric community. Although 
the currently available techniques, such as sequential orthogonalized partial least squares (SO-PLS) regression 
are mainly focused on the prediction of a single response and deal with the multiple response(s) case using PLS2 
type approach. Recently, a new approach called canonical PLS (CPLS) was proposed for extracting the subspaces 
efficiently for multiple response(s) cases, supporting both regression and classification. ’Efficiently’ here means 
more information in fewer latent variables. This work suggests a combination of SO-PLS and CPLS, sequential 
orthogonalized canonical partial least squares (SO-CPLS), to model multiple response(s) for multiblock data sets. 
The cases of SO-CPLS for modeling multiple response(s) regression and classification were demonstrated on 
several data sets. Also, the capability of SO-CPLS to incorporate meta-information related to samples for efficient 
subspace extraction is demonstrated. Furthermore, a comparison with the commonly used sequential modeling 
technique, called sequential orthogonalized partial least squares (SO-PLS), is also presented. The SO-CPLS 
approach can benefit both the multiple response(s) regression and classification modeling and can be of high 
importance when meta-information such as experimental design or sample classes is available.   

1. Introduction 

Multiblock data analysis techniques are emerging as a potential tool 
in chemometrics for combining data from multiple sources [1,2]. For 
example, data can come from multiple analytical techniques measured 

on same samples [3–5], data generated as a combination of analytical 
and sensory experiments [6], data generated by measuring the same 
samples in different physical forms [7], or data that has undergone 
several preprocessing approaches [8,9]. These are just some examples, 
but essentially, any data that uses more than one modality to measure 
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samples can be considered multiblock [2,10]. Depending on the mo
dality, the data blocks can either be two-dimensional (2D) matrices or 
n-dimensional (nD) arrays [2,11]. 

In the domain of chemometrics, extensive developments have taken 
place in terms of analyzing data in the form of 2D matrices [10] as well 
as nD arrays [12]. The key focus in the chemometric domain is to extract 
the subspaces that are highly relevant for predicting the response vari
able(s). Subspace modeling techniques are of particular interest as the 
multivariate data generated using several analytical techniques are 
highly collinear. Therefore, prior transformation of data to an uncorre
lated space allows for generalized conclusions and models. In that re
gard, some common subspace techniques applied in the chemometrics 
domain are inspired from the principal component analysis (PCA) [13] 
and partial least squares analysis (PLS) [14,15]. PCA allows for unsu
pervised extraction of subspaces that capture subspaces carrying high 
variance in data, while PLS allows supervised extraction of subspaces 
that carry high covariance with the response variable(s). For n-dimen
sional data, the extension of PCA such as Tucker3, with a special case 
Parallel Factor Analysis, and extensions of PLS such as n-way PLS are 
commonly used [12]. 

In the multiblock sub-domain of chemometrics, subspace-based ap
proaches are commonly developed to allow information fusion at the 
subspace level. One of the key advantage of these approaches is that they 
enable the understanding of the background science of the samples or 
processes in terms of scores and loading plots, which are commonly 
extracted by bilinear decomposition methods like PCA and PLS. In the 
domain of supervised multiblock modeling, several extensions of PLS- 
based approaches have been developed, such as the multiblock PLS 
(MB-PLS) [16] which aims to extract global scores using hierarchal PLS 
approach, the sequential orthogonalized PLS (SO-PLS) [17] which 
sequentially extract the complementary scores from different data 
blocks, response-oriented sequential alternation (ROSA) [18] which 
extracts the scores in sequential order while competing to minimize the 
residuals; and parallel orthogonalized PLS (PO-PLS) [6,17], which aims 
to extract common and distinct scores from different data blocks. 

All of the various multiblock PLS methods are valuable tools in 
chemometrics for multiblock data analysis, each with their own ad
vantages and disadvantages. For example, the MB-PLS approach is 
highly sensitive to the scale of data blocks [19] while SO-PLS models 
each block individually and is not as sensitive [20]. SO-PLS only models 
complementary information following the sequential order of data 
blocks [8] and is dependent on the block order, while PO-PLS allows 
modeling of common and distinct information without concern for the 
block order [9]. Both SO-PLS and PO-PLS require significant computa
tion costs for model optimization, whereas the new ROSA [18] tech
nique is a computationally fast alternative. However, ROSA may get 
stuck in local minima due to the greedy approach to model components 
extraction [21]. Numerous applications of different PLS-based multi
block modeling techniques can be found elsewhere [2–5,8,9,22–26]. 

Despite significant efforts to develop faster multiblock techniques 
that are independent of scale and block order, some properties of an 
ideal multiblock technique remain unresolved. One of the main ques
tions is how to develop multiblock predictive techniques that can effi
ciently handle multiple response(s). This is particularly relevant when 
extracting subspaces for discrete classes, as in classification problems. 
Another outstanding challenge is to develop a multiblock technique that 
can incorporate meta-information into the model to facilitate the effi
cient extraction of subspaces. Meta-information consists of one or more 
additional variables that describe the training data, such as experi
mental conditions, mixture proportions, or other analytical data 
collected during experiments. However, this same meta-information is 
often unavailable in real-world or production environments due to 
practical or economic limitations. 

The current PLS based multiblock techniques are capable of 
modeling multiple response(s) by using a multiple responses PLS 
approach known as the PLS2 [27]. However, in single block data anal
ysis, it has been demonstrated that the PLS2 approach may not be highly 
efficient for extracting subspaces for predictive modeling [28]. In the 
domain of chemometrics, a new technique called canonical PLS (CPLS) 
[28] has recently been proposed as a solution for two outstanding 
challenges i.e., modeling multiple response(s) and incorporating 
meta-information in models for improving subspace extraction. The 
CPLS approach is a unique combination of PLS and canonical component 
analysis and can be more effective than ordinary PLS2 for multiple re
sponses scenarios [28], meaning that it can extract more information in 
a smaller number of latent variables (LVs). 

The purpose of this study is to introduce a novel extension of the 
CPLS methods for sequential multiblock modeling, called SO-CPLS, 
which is used to model multiple responses in multiblock data sets. The 
effectiveness of SO-CPLS for modeling both regression and classification 
cases is demonstrated through several data sets. Moreover, the ability of 
SO-CPLS to incorporate sample meta-information to extract subspaces 
efficiently is also demonstrated. The study also presents a comparison of 
SO-CPLS and SO-PLS, which is based on PLS2 decomposition. 

2. Method 

The SO-CPLS method is a sequential extension of CPLS method for 
handling multiblock data sets. The basic framework behind the SO-CPLS 
is the same as the SO-PLS approaches, however, the main difference is 
the extraction of the scores which are extracted using the CPLS instead of 
PLS2. For cases with n blocks (X1,X2,…Xn) used to estimate a multiple 
responses data matrix Y, the sequential algorithm can be understood in 
the steps shown below. Predictor data blocks (X1,X2,…Xn) and re
sponses were mean-centered. No further preprocessing of responses was 
performed as the scale and variances of different responses were similar. 

Algorithm. steps for SO-CPLS 

Fig. 1. The multiblock pear data set. (A) NIR spectra, and (B) SWIR spectra.  
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B,T and Q are the regression coefficients, X-scores, and Y-loadings. 
One of the main parts of latent space modeling is extracting the optimal 
number of LVs to achieve generalized models. In the case of sequential 
orthogonalized models, a common approach is to explore all possible 
combinations of LVs (within a fixed maximum) using either cross- 
validation approaches [8] or using external validation set [29]. The 
optimal complexity is then defined by inspecting the root mean squared 
error of cross-validation (RMSECV) or root mean squared error of vali
dation (RMSEV). Then, a SO-CPLS model using optimal LVs combination 
can be calibrated on the calibration set and used on the test set. 

The key difference between the CPLS and a typical approach to PLS2 
type of analysis is the estimation of the loading weight vector. In a 
typical PLS2 analysis, the covariance matrix is estimated as Eq. (5) 

W =X′ Y (5) 

As the second step, a rank 1 SVD (Singular Value Decomposition) 
approximation of W provides the loading weight vector (with unit 
length), which can later be used to estimate the scores. The scores can 
then be used for matrix deflation. Later the same step is repeated until 
desired number of components are extracted. However, performing a 
rank one SVD (Singular Value Decomposition) approximation on the 
covariance matrix W, acts as unsupervised with respect to the compu
tation of the linear combination of the W-columns for loading weight 
estimation. On the other hand, in the case of CPLS, the loading weights 
are estimated by maximizing the canonical correlation between the 
matrix Z and the responses Y, where Z = XW. Note that during the 
estimation of the Z matrix the covariance matrix estimated in Eq. (5) is 
already being used. However, during the step of canonical correlation 
maximization between the matrix Z and the responses Y, the Y infor
mation is used one more time to have loading weights more aggressive 
towards the prediction of Y compared to the loading weight estimation 
in the PLS2 approach. In other words, the CPLS approach can be 

considered as estimating the loading weight as a supervised linear 
combination of the W-columns, which is otherwise performed in an 
unsupervised way in the case of direct SVD on the covariance matrix. 
Hence, compared to the traditional PLS2 analysis, one should expect 
that the CPLS models requires fewer components which allows simpli
fied model interpretation. 

The above step does not include any step of including the meta- 
information about the samples, however, the inclusion of the meta- 
information is in the loading weight estimation step [28]. The 
meta-information can be supplied as a column vector (dummy vectors 
[0,0, 0 … 1, 1, 1] for discrete information or continuous response vector 
for a continuous meta variable) to the CPLS and the CPLS utilizes this 
information while estimation of the weight’s vectors from the canonical 
correlation analysis [28]. Note that the meta-information must be sup
plied as the column wise concatenation with the response. For example, 
if Yadd is the meta-information available and Yprim be the actual response, 
then the response matrix for the CPLS becomes Y = [Yprim Yadd]. Now 
with Y composed of both the primary and the additional information, 
the covariance matrix can be estimated as W = X′ Y, and the corre
sponding transformed data Z = XW, followed by the maximization of 
the canonical correlation between Z and Yprim. During the W matrix 
estimation, the presence of Yadd will add extra columns to the extent that 
the Yadd contains useful information for the prediction of Yprim that is 
also present in the X predictors. Note that the meta-information (Yadd) is 
only needed in the modeling phase for making a more informed choice 
of subspace, this information is not needed at prediction time. More 
details on the inclusion of the meta-information in the CPLS modeling 
step can be gained in Ref. [28]. 

In practical scenarios for multiple responses modeling, one can as
sume that the responses can be of varying scales and variances. This can 
be a challenge while modeling with the traditional SO-PLS2 modeling 
approach as during the covariance estimation and later the rank one 
SVD (Singular Value Decomposition) approximation on the covariance 
matrix to estimate the loading weights are directly influenced by the 
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variances and scales of the different responses. Particularly the re
sponses having higher variance and larger scales will have more influ
ence on the estimation of the loading weight vector in the case of SO- 
PLS2 analysis. For SO-CPLS, the problem is eliminated as the canoni
cal analysis step used in the CPLS is not influenced by the different 
variances and scale of data. In summary, the SO-CPLS is the ideal 
approach to model multiresponses data since it is unaffected by the 
different data scales and variances. 

In the following part, the data sets and the specific analysis per
formed for each data set is explained. 

3. Data sets and analysis 

3.1. Moisture and soluble solids content prediction in pear fruit by fusing 
information from two portable spectrometers 

The pear data set consists of spectral measurements performed on 
240 pear fruit samples using two portable spectrometers. The aim of this 
study is to demonstrate the effectiveness of SO-CPLS for extracting 
variables for continuous response variable(s) and handling multiple 
responses better than the traditional PLS2-based SO-PLS. More details 
on the samples and experimental setup can be found in an earlier study 
[3]. Spectral measurements of the pear samples were conducted using a 
Vis-NIR portable spectrometer, Felix F-750 (Camas, WA, USA), and later 
using a SWIR spectrometer, DLP NIR Scan Nano (Texas Instrument, 
USA). Moisture content (MC) was estimated by weighing the samples 
before and after drying, at 80 ◦C for 24 h with FP 720, Binder GmbH, 
Tuttlingen, Germany. Soluble solids content (SSC) was measured using a 
handheld refractometer, HI 96801, Hanna Instruments Inc, Woonsocket, 
RI, USA. The spectral ranges used for multiblock modeling were 
720–1000 nm for NIR and 1000–1700 nm for the SWIR spectrometer. In 
the pear data, MC and SSC showed a high correlation. The data were 
divided into 66.66% calibration and 33.33% test sets using the 
Kennard-Stone (KS) [30] algorithm on the response variable(s). The 
pear dataset was used to demonstrate the ability of SO-CPLS to extract 
variables for continuous response variable(s) and its superior capability 
to handle multiple responses. 

3.2. Milk data set 

The milk dataset was used as an additional example to showcase the 
ability of SO-CPLS to model continuous response variables. Unlike the 
pear dataset, the milk dataset features uncorrelated responses. Specif
ically, the milk dataset consisted of spectral data and reference mea
surements of protein and fat for 296 milk samples [31]. The spectral 
measurements were obtained using three different NIR spectral sensors, 
namely NIRONE 1.4, NIRONE 2.0, and NIRONE 2.5, from Spectral En
gines (Helsinki, Finland). The spectral ranges for NIRONE 1.4, NIRONE 
2.0, and NIRONE 2.5 were 1100-1400 nm, 1550-1950 nm, and 
2000-2450 nm, respectively. Further details on the dataset and the 
reference analysis protocols for protein and fat can be found in [31]. The 
data were partitioned into 66.66% calibration and 33.33% test sets 
using the KS [30] algorithm on the response variable(s). Notably, in the 
milk dataset, fats and protein were uncorrelated, while total solids 
content was correlated with fats. 

3.3. Near infrared and mid-infrared data set for multiple responses 
modeling of apricot 

The apricot data set comprised NIR (800–2770 nm) and MIR (4000- 
650 cm− 1) speof 750 apricots [32], along with their corresponding 
soluble solids contents (%). Further details on the reference analysis can 
be obtained from Ref. [32]. The samples were obtained from four 
different maturity stages, and this information was used as 
meta-information to demonstrate the potential of SO-CPLS for improved 
subspace extraction. The data were partitioned into a 66.66% 

calibration set and a 33.33% test set using the KS [30] algorithm based 
on the response variable(s). Some samples (sample number 568–630) 
had values close to 0 for certain reference properties, indicating errors in 
the analytical experiment. Therefore, these samples were removed prior 
to any modelling. To include the maturity information in the model, it 
was dummy-coded as a vector of zeros and ones. 

3.4. Three classes classification case of meat samples 

The meat data set consisted of 120 ATR-MIR spectral measurements 
performed on three types of minced meat samples: chicken, pork, and 
turkey [33]. Each meat class consisted of 40 spectra. The meat data set 
was used to demonstrate the superiority of SO-CPLS in handling classi
fication tasks over SO-PLS based on PLS2. All spectra were collected on a 
Spectra-Tech (Applied Systems Inc.), and more details about the 
experimental setup can be found in the earlier work [33]. Spectra were 
recorded from 800 to 4000 cm− 1 but were truncated to 448 data points 
in the region of 1000–1860 cm− 1 according to a previous study [33]. To 
create a multiblock data set, the spectra were partitioned into two 
ranges: 1000–1480 cm− 1 and ~1480–1860 cm− 1. Additionally, since 
each class had 40 samples, 30 out of 40 spectra were used for the cali
bration set, while the remaining 10 were used for the independent test 
set. 

3.5. Data analysis 

In all cases, the capability of SO-CPLS models to handle multiple 
response(s) was compared with the SO-PLS [34] model based on PLS2. 
The optimal number of latent variables (LVs) for both SO-PLS and 
SO-CPLS was determined using global 5-fold cross-validation. For each 
data block, all possible combinations of LVs were explored in the range 
of [0–20]. The optimal LV combination was identified as the one with 
the lowest root mean squared error of cross-validation (RMSECV). Note 
that the analysis was carried out on raw data sets without any pre
processing to ensure a fair comparison between SO-CPLS and SO-PLS. 
The data analysis was performed using in-house codes for SO-CPLS 
and SO-PLS, programmed in MATLAB (Version 2021b, MathWorks, 
USA). 

4. Results and discussion 

4.1. Pear data set 

The mean spectra of pear in the NIR and the SWIR spectra range are 
shown in Fig. 1. In the spectral profile, different peaks can be noted in 
both the NIR and the SWIR spectral ranges. In the NIR range, the valley 
at ~960 nm and the shoulder near 750 nm can be assigned to the 3rd 
overtones of the OH bonds [35] present in water which is present in high 
abundance in fresh fruit like a pear. The peak near 820 nm can be 
assigned to the 3rd overtone of the NH bond [35] present in macro 
components such as protein in fresh fruit. The shoulder near 900 nm can 
be assigned to overtones of CH and CH2 bonds [35], which are present in 
macro components such as sugar, fats, and protein in fresh fruit. In the 
SWIR region, the peak at 1450 nm can be assigned to the 2nd overtone of 
the OH bond [35] present in water which is present in high abundance in 
fresh fruit. The peak at 1200 nm and the valley near 1700 nm can be 
assigned to the overtones of CH and CH2 bonds [35]. 

The results of the SO-PLS and SO-CPLS analysis for modeling NIR and 
SWIR data for pear fruit are shown in Fig. 2. The optimal models for SO- 
PLS were achieved by modeling 11 LVs from the NIR data block and 8 
LVs from the SWIR data block, while the optimal model for the SO-CPLS 
was obtained using 11 LVs from the NIR data blocks and 1 LV extracted 
from the SWIR data block. Furthermore, the RMSEP achieved with the 
SO-CPLS approach was lower than the SO-PLS model for both the MC 
and SSC. Achieving optimal models at almost half LVs and achieving 
lower prediction errors already demonstrates the efficient modeling 
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performed by the SO-CPLS approach. To have some insights to the 
learning by the SO-CPLS and SO-PLS models, the regression coefficients 
related to MC are shown in Fig. 3. Fig. 3A are the regression coefficients 
for the NIR data block, while Fig. 3B are the regression coefficinets for 
SWIR data block. Although for NIR data block both the SO-CPLS and SO- 
PLS model extracted 11 LVs, the regression coefficients were not exactly 

the same for the NIR block. This difference already indicates that SO- 
CPLS and SO-PLS learned different information from the NIR data 
block. The regression coefficient for SO-CPLS and SO-PLS had overall 
similar shape however, the key difference were limited to local regions, 
for example, ~850 nm, 940 nm etc., which were more refined in the 
regression coefficients achieved with the SO-CPLS modeling (Fig. 3A). 
For the regression coefficients of the SWIR data block (Fig. 3B), the SO- 
CPLS requiring only 1 LV modelled only the information from spectral 
bands ~1690–1700 nm as all other bands had close to zeros regression 
coefficients. The SO-PLS model learned more information from the SWIR 
data block as many peaks can be identified in the regression coefficients 
(Fig. 3B). Unlike SO-CPLS, SO-PLS required more LVs to learn extra 
information from the SWIR data block. Even after learning a total of 8 
LVs from the SWIR data block, the SO-PLS perfomed poorer than the SO- 
CPLS in terms of prediction error. 

4.2. Milk data set 

The second example of milk data set included modeling three 
response variables i.e., protein, fats and total solids using data from 
three complementary miniature spectral sensors. The results for SO- 
CPLS and SO-PLS models using a 5-fold cross-validation are shown in 
Fig. 4. The results from the analysis suggested that although the 
RMSEP’s were similar for both the SO-CPLS and SO-PLS analysis, 
however, the total number of LVs and total number of blocks used in the 
final model were lower for the SO-CPLS than the SO-PLS. For example, 
in the case of the SO-CPLS only 14 LVs were required, while in case of 
SO-PLS 17 LVs were used in the optimal model. Apart from fewer LVs 
than the SO-PLS model, the SO-CPLS model optimization led to extrac
tion of LVs from only one block of data out of three data blocks. The SO- 
PLS used information from two data blocks out of three. In practical 

Fig. 2. SO-PLS (Top row) and SO-CPLS (bottom row) analysis for pear data set. SO-PLS based (A) moisture and (B) soluble solids prediction. SO-CPLS based (C) 
moisture and (D) soluble solids prediction. 

Fig. 3. Regression coefficients for the NIR (A) and the SWIR (B) data block for 
predicting moisture content in pear fruit. 
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terms, the user only needs one sensor instead of multiple sensors to 
predict both the protein and fat contents in milk. 

4.3. Apricot data set 

One of the advantages of having CPLS as the backbone of the SO- 
CPLS is that it allows including meta-information for improving sub
space extraction during the modeling process. Such meta-information is 
included as extra columns next to the response variable(s). An example 
of using the meta-information during the SO-CPLS modeling is presented 
using the apricot data set. In the apricot data set, the aim was to predict 
the soluble solids content (SSC) in fruit using the NIR and MIR data 
blocks. Furthermore, the meta-information was the maturity level of the 
fruit. Note that maturity of fruit is directly related to the SSC content of 
the fruit as usually more mature fruit have higher SSC content, hence, it 
is expected that usage of such meta-information will allow for improved 

Fig. 4. A summary of SO-PLS (Top row) and SO-CPLS (Bottom row) analysis to predict fat and protein content in milk samples using multiple NIR spectral sensors. 
SO-PLS predictions for fat (A), protein (B), and total solids (C). SO-CPLS predictions for fat (D), protein (E), and total solids (F). 

Fig. 5. A summary of SO-CPLS analysis performed on apricot dataset. (A) SO-CPLS without meta-information, and (B) SO-CPLS with meta-information.  

Fig. 6. Regression coefficients attained with SO-CPLS analysis with and 
without meta-information. 
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subspace extraction. Improved subspace extraction means more infor
mation captured in fewer LVs. The SO-CPLS without the use of meta- 
information achieved lower RMSEP by only using the information of 
the MIR data block (Fig. 5A). The SO-CPLS analysis using the meta- 
information about the fruit maturity achieved a similar performance 
as the SO-CPLS analysis without the meta-information, however, while 
requiring only one LV (Fig. 5B). This is a drastic decrease in the number 
of LVs required from the MIR data block to explain the SSC in fruit. Note 
that the regression vector (Fig. 6) with a 16 LVs model but without using 
the meta-information was almost identical to the regression vector ob
tained with 1 LV model using the meta-information. 

To understand how the 1 LV captured such broad information which 
was otherwise modelled by 16 LVs, the different steps of the CPLS 
approach to extracting loading weights were examined. The first step of 
loading weight estimation, i.e., the estimation of covariance X′ Y, 
resulted in five loading weights, where the first loading weight corre
sponded to the SSC (Fig. 7A) and the other loading weights (Fig. 7B) 
were for the meta-information. As a second step, the canonical weights 
for the loading weights were estimated which are shown in Fig. 8. 
Finally, the loading weights are summed up using the canonical weights 
to achieve the single load weight vector. Since most of the canonical 
weights were non-zero, this indicated that the 1 LV extracted using the 
meta-information was a combination of information about the SSC as 
well as the information present in MIR data related to fruit maturity but 
also related to the SSC. 

Fig. 7. The candidate loading weights for SSC (A) and the meta- 
information (B). 

Fig. 8. The canonical weights estimated by CPLS for weighted sum of the 
candidate loadings to estimate the first latent variable for the case of SO-CPLS 
analysis with meta-information. 

Fig. 9. The multiblock data for meat data sets. Mean spectra for each class are highlighted in different colors. (A) 1000-1480 cm− 1, and (B) ~1480-1860 cm− 1. (For 
interpretation of the references to color in this figure legend, the reader is referred to the Web version of this article.) 

Fig. 10. Prediction from SO-PLS and SO-CPLS for different meat classes. For 
SO-PLS, a chicken sample was misclassified as turkey. 

P. Mishra                                                                                                                                                                                                                                         



Analytica Chimica Acta 1250 (2023) 340957

8

4.4. Meat classification 

Just like the SO-CPLS can be used for multiple responses modeling, it 
can be used for classification modeling as well as the response vector can 
be supplied as the dummy class vector with the number of columns equal 
to the number of classes in the data. For the meat data set, there were 
three classes, hence, the response was a three-column matrix. The mean 
spectra of fresh minced chicken, pork and turkey meat are shown in 
Fig. 9. The spectra appear to have similar peaks but differences in in
tensities. According to an earlier study [33], the peak at 1650 cm− 1 

arises from water with a significant underlying contribution from pro
tein present in high abundance in meats. According to an earlier study 
[33], the peak at 1550 cm− 1 can be related to amide II absorption of 
protein and peak at ~1740 cm− 1 due to fat (C=O ester). 

The SO-CPLS and SO-PLS model developed on the calibration data 
set were tested on the interdependent test set and the prediction results 
are shown in Fig. 10. Both the SO-CPLS and SO-PLS model achieved 
optimal models with a total of 15 LVs, however, the SO-CPLS only 
required a single data block. The prediction showed that with the SO- 
PLS, a chicken sample was misclassified as the turkey samples, while 
with the SO-CPLS, that sample was correctly classified as the chicken 
sample. Like the multiple responses regression modeling, the results of 
the classification modeling demonstrate the efficient modeling achiev
able with the SO-CPLS. 

5. Conclusions 

This study presents a novel multiblock extension of canonical partial 
least squares (CPLS) for efficient multiple response modeling and 
improved subspace extraction via the use of meta-information. The 
approach replaces the PLS2 step in the traditional sequential ortho
gonalised partial least squares (SO-PLS) modeling with the CPLS step to 
develop sequential orthogonalised canonical partial least squares (SO- 
CPLS) models. Results on various multiple response datasets showed 
that the SO-CPLS approach achieved better or similar performance in 
terms of root mean squared error of prediction (RMSEP) compared to 
SO-PLS, while using fewer latent variables (LVs). This demonstrates the 
efficiency of the SO-CPLS approach for subspace extraction. Addition
ally, the SO-CPLS approach allows the incorporation of meta- 
information to further enhance subspace extraction, similar to the 
CPLS approach. Tests on the Apricot dataset showed that the use of 
meta-information in the SO-CPLS resulted in lower RMSEP models using 
fewer LVs. Notably, the SO-CPLS approach converges to SO-PLS when 
used for single-response datasets. Therefore, this study concludes that 
SO-CPLS is a more general tool for sequential multiblock modeling than 
the traditional SO-PLS approach, and its unique feature of using meta- 
information can improve subspace extraction. Finally, it is expected 
that SO-CPLS will be beneficial for multiple response multiblock 
modeling, thanks to the developer of CPLS [28]. 
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