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A B S T R A C T   

In this study, a new approach for PLS modelling for low-correlated multiple responses, called Common-Subset-of- 
Independent-Variables Partial-Least-Squares, denoted as CSIV-PLS1, is proposed and evaluated. In CSIV-PLS1, for 
each response vector, individual PLS1 models with individual model complexities are developed, based on one 
common set of independent variables, obtained after variable selection by the Final Complexity Adapted Models 
method, using the absolute values of the PLS regression coefficients, denoted as FCAM-REG. 

CSIV-PLS1 combines a common variable set for all response vectors, which is a characteristic of PLS2, with the 
individual model complexity for each response, which is a characteristic of PLS1. These characteristics make 
CSIV-PLS1 more flexible than PLS2. 

The selective and predictive abilities of the proposed CSIV-PLS1 method are investigated using one simulated 
and four real data sets with low-correlated multiple responses from different sources. The simulated data set is 
used to test the general applicability of the CSIV-PLS1 method. The predictive abilities, measured by the RMSEP 
values, resulting from CSIV-PLS1 models, are statistically compared with those of the corresponding PLS1 and 
PLS2 models, using one-tailed paired t-tests. 

The selective ability of the CSIV-PLS1 method is good, because mostly variables with an informative meaning 
to the responses are selected. The RMSEP values resulting from the CSIV-PLS1 method are (i) significantly lower 
at the 95% confidence level than those of the corresponding PLS2 method, and (ii) borderline significantly lower 
at the 90–95% confidence level than those of the corresponding PLS1 methods. In case of low-correlated multiple 
responses, the predictive ability of the CSIV-PLS1 method is significantly better than that of the PLS2 method, 
and borderline significantly better than those of the corresponding PLS1 methods. Therefore, CSIV-PLS1 
modelling may be an alternative for PLS1 or PLS2.   

1. Introduction 

Partial Least Squares (PLS) is a versatile technique for multivariate 
data analysis for which the number of applications is steadily increasing 
[1]. It is a commonly used multivariate regression technique, able to 
deal with large numbers of noisy and correlated variables in combina-
tion with numbers of samples which can be either larger or smaller than 
the number of variables [2,3]. In PLS regression, an algorithm is used to 
develop a model that relates the independent variables from an X matrix 
to one or more dependent continuous response variables from a y vector 
or Y matrix. 

PLS calibration of multiple response data can be performed in two 

ways, either building multiple models each with one response (PLS1), or 
constructing one model with several responses (PLS2). When, in the 
multi-response case, PLS1-modelling is applied, K different PLS1 models 
with different sets of PLS factors and different model complexities are 
built for the K response vectors in Y. This makes PLS1 modelling flexible. 
Practical experience indicates that PLS1 calibration usually has better 
predictive abilities than PLS2 [4]. With PLS2, one model for all K 
response vectors simultaneously is obtained, based on one common set 
of PLS factors or latent variables (LV). This is a main advantage of PLS2 
because it simplifies the development and interpretation of the PLS2 
model. A second advantage is that, when the responses are strongly 
correlated, PLS2 regression gives better results than PLS1 regression [2, 
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4]. A third advantage is that, because of the common predictor set, PLS2 
has the possibility of simultaneous graphical model interpretation [5]. 

In practice, data sets for PLS modelling may contain many uninfor-
mative variables that can adversely affect the prediction properties of 
the PLS models. Both theoretical [6–8] and experimental evidence 
[9–13] exists that elimination of noisy and uninformative variables 
improves the performance of PLS regression and may help in the inter-
pretation of the models [14]. Reviews of variable selection methods for 
PLS are given in Refs. [14–17]. 

PLS2 has better predictive abilities than PLS1 for strongly-correlated 
multiple responses. However, to the best of our knowledge, no PLS 
modelling approach exists, suitable for low-correlated multiple responses 
which uses a common independent variable set, as PLS2 does. 

In this study, a new PLS modelling approach for low-correlated mul-
tiple responses, combined with variable selection, is proposed and 
evaluated. In this approach, first, one common set of independent var-
iables is obtained by variable selection. Thereafter, for each response 
vector, individual PLS1 models are developed. The method is called 
Common-Subset-of-Independent-Variables Partial-Least-Squares, and 
denoted as CSIV-PLS1. 

In CSIV-PLS1 modelling, the PLS1 model complexities and factors 
may be different for each response vector, while the independent vari-
ables are common for all PLS1 models. CSIV-PLS1 combines the common 
variable set for all response vectors, which is a characteristic and an 
advantage of PLS2, with the individual model complexity for each 
response vector, which is a characteristic and advantage of PLS1, see 
Fig. 1. These characteristics make CSIV-PLS1 models more flexible than 
PLS2 models. 

Because of these combined advantages, it might be expected that the 
predictive performance of the CSIV-PLS1 method could be better than 
that of the PLS2 method for data sets with low correlations between 
multiple responses, see Table 1. CSIV-PLS1 modelling may be an alter-
native for PLS1 or PLS2 when the correlations between the response 
vectors are low. In a recent study, the proposed CSIV-PLS1 method is 
already successfully applied for Partial Least Squares Discriminant 
Analysis (PLS-DA) for multi-class cases (K ≥ 2), see Ref. [18]. In PLS-DA, 
the correlations between multi-class response vectors are low. 

The performance of the proposed CSIV-PLS1 method is investigated 
using one simulated and four real data sets with low-correlated multiple 
responses from different sources. The simulated data set is used to test 
the general applicability of the method. The predictive abilities resulting 
from CSIV-PLS1 models, are statistically compared with those of PLS1 
and PLS2 models, using one-tailed paired t-tests. 

2. Theory 

2.1. Regression coefficients of PLS1 models 

The variable selection for PLS1 is based on the regression coefficients 
of PLS1 models, bj, which are the elements of the regression vector b (J 
× 1), calculated with, 

b = W
(
PTW

)− 1q (1)  

where W (J × A) is the X weight matrix, P (J x A) the X loading matrix 
and q (A × 1) the y loading vector [2], J is the number of predictor 
variables in the X (N × J) matrix, N the number of samples and A the 
number of PLS1 factors. The PLS1 regression coefficients bj are depen-
dent unless A equals J [3]. Further details of PLS1 can be found in Refs. 
[2,3,19]. 

Independent predictor variables in the PLS1 model, influential for a 
response, have large positive or negative regression coefficients bj in the 
b vector. Therefore, the absolute value of the PLS1 regression coefficient 
of variable j, REGj =

⃒
⃒bj

⃒
⃒, is considered as a measure for the influence of 

variable j in the PLS1 model. In PLS1 variable selection, independent 
variables are ranked in the sequence of decreasing REGj values. 

2.2. Regression coefficients for CSIV-PLS1 models 

The variable selection for CSIV-PLS1 is based on the regression co-
efficients bj of the PLS1 models developed in the CSIV-PLS1 method, 
which are elements of the regression vector b calculated with Eq. (1). In 
CSIV-PLS1, K different PLS1 models are developed with a common 
variable set, resulting in K regression vectors, one for each response, 
with J regression coefficients [b11 b21 … bJ1]T, [b12 b22 … bJ2]T, …, [b1K 
b2K … bJK]T. Then, K vectors with the absolute values of these regression 
coefficients 

⃒
⃒bjk

⃒
⃒ are placed as column vectors in a combined matrix Babs 

(J x K). In order to make the influence of the regression coefficients for 
each response equal, each column in Babs is scaled by its maximum, 

resulting in scaled absolute values of PLS1 regression coefficients 
⃒
⃒
⃒bT

jk

⃒
⃒
⃒. 

Thereafter, for each independent variable, the sum of each row j in Babs, 

SREGj =
∑K

k=1

⃒
⃒
⃒bT

jk

⃒
⃒
⃒, is calculated. The SREGj values are considered as 

measures for the influence of variable j in CSIV-PLS1. In CSIV-PLS1 
variable selection, independent variables are ranked in the sequence 
of decreasing SREGj values. 

2.3. Regression coefficients for PLS2 models 

The variable selection for PLS2 is based on the regression coefficients 
of PLS2 models, B (J × K), calculated as, 

B  =  W
(
PTW

)− 1Q (2) 

where W (J × A) is the X weight matrix, P (J × A) the X loading 
matrix and Q (A × K) the Y loading matrix, K the number of response 
vectors in the Y (N × K) matrix and A the number of PLS2 factors. 
Further details of PLS2 can be found in Refs. [2,3]. 

Independent predictor variables j, influential for the responses in the 
PLS2 model, have large positive or negative regression coefficients bjk in 
the corresponding row of the B matrix. Therefore, the absolute values of 
the PLS2 regression coefficients 

⃒
⃒bjk

⃒
⃒ are considered as measures for the 

influence of a variable in the PLS2 model. The columns in B contain 
regression coefficients corresponding to the response vectors. Similar as 
described for CSIV-PLS1 in Section 2.2, the absolute values of these 
regression coefficients and after scaling of the column vectors in Babs by 
each column maximum, SREGj values (see Section 2.2) are considered as 
measures for the influence of variable j in the PLS2 model. In PLS2 
variable selection, independent variables are ranked in the sequence of 
decreasing SREGj values. Fig. 1. Characteristics of PLS1, CSIV-PLS1 and PLS2.  
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2.4. Model validation 

2.4.1. Internal validation 
The predictive ability of the PLS models is assessed by internal 

validation with the training set, using venetian blinds segmented (n- 
fold) cross validation (SCV) [20], resulting in the root mean squared 
error of cross validation (RMSECV), 

RMSECV =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1
Ncal

∑Ncal

i=1
(yi − ŷi)

2

√
√
√
√ (3)  

where yi and ŷi are the experimental and predicted responses, respec-
tively, for the ith calibration sample when situated in a left-out segment 
of the calibration set, Ncal is the number of calibration samples in the 
training set. 

2.4.2. External validation 
Before and after variable selection, the predictive ability of the 

resulting PLS1 models for response vector j, both for the PLS1 and CSIV- 
PLS1 method, developed with the training set, is assessed by external 
validation using a test set, resulting in the root mean squared error of 
prediction (RMSEPj), 

RMSEPj =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1
Ntest

∑Ntest

i=1

(
yij − ŷij

)2

√
√
√
√ (4)  

where yij and ̂yij are the experimental and predicted responses of sample i 
and response vector j for the test set, Ntest is the number of test samples. 

From these RMSEPj values, pooled RMSEP values for all responses in 
the test set, RMSEPpooled, are calculated, using, 

RMSEPpooled =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1
K

∑K

j=1

(
RMSEPj

)2

√
√
√
√ (5) 

These pooled RMSEP values for all responses are used for the method 
comparison involving the PLS1 and CSIV-PLS1 methods. 

Before and after variable selection, the predictive ability of the PLS2 
models, developed with the training set, is also assessed by external 
validation with a test set, resulting in the root-mean-squared error of 
prediction (RMSEPPLS2), 

RMSEPPLS2 =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1
NtestK

∑Ntest

i=1

∑K

j=1

(
yij − ŷij

)2

√
√
√
√ (6)  

where yij and ̂yij are the experimental and predicted responses of sample i 
and response vector j for the test set, Ntest the number of samples in the 
test set, and K the number of responses. 

RMSEPPLS2 equals to the pooled RMSEP for all responses for the PLS2 
method. As another measure for external validation of each response, 
R2

test the squared values of the correlation coefficient R between esti-
mated (from the PLS models developed) and experimental responses are 

also calculated for the test set samples. 

2.4.3. Model complexity 
Before and after variable reduction, the best complexity A of a PLS 

model is determined by venetian blinds segmented (n-fold) cross vali-
dation. The complexity corresponding to the minimal RMSECV is often 
used. However, to avoid overfitting, often a simpler model with a similar 
error is selected by the application of an adjusted Wold’s R criterion, 
[21,22]. The idea is that an additional PLS factor should only be 
included in the model if the RMSCEV improves with at least 2% [23]. 
First, the minimum in the RMSECV vs. model-complexity curve is 
determined. Thereafter, for models with less complexity A than the one 
giving the minimal RMSECV, AMin_RMSECV, with 1< A < AMin_RMSECV, the 
improvement of RMSECV, measured as relative decrease in RMSECV, is 
calculated with, 

ΔRMSECV
RMSECV

=
RMSECVA− 1 − RMSECVA

RMSECVA− 1
≥ 0.02 (5) 

The maximal complexity A < AMin_RMSECV for which ΔRMSECV/ 
RMSECV ≥ 0.02 is then considered as the best. 

2.5. Variable selection 

The Final Complexity Adapted Models (FCAM) method is a backward 
variable selection method based on predictive-property-ranked vari-
ables in PLS1 regression [9]. In the present study, variable selection in 
PLS is based on FCAM, using the absolute value of the PLS regression 
coefficient of variable j, REGj =

⃒
⃒bj

⃒
⃒, as variable property, denoted as 

FCAM-REG. It was shown in Ref. [10] that REGj has good selective 
abilities in PLS1 regression. 

The implementation of FCAM-REG is different for each PLS method. 
For PLS1, FCAM-REG is applied as described in Ref. [9], see Section 
2.5.1. For the multiple response models in CSIV-PLS1 and PLS2, 
FCAM-REG is adapted as described in Section 2.5.2. 

2.5.1. Variable selection in PLS1 
The FCAM-REG method for PLS1 consists of four steps. In the first 

step, for the model before variable selection, the optimal number of 
PLS1 factors A is determined by SCV, as described in Section 2.4.3, using 
the initial X matrix of the training set. The variable property REGj is 
calculated for all x-variables and ranked. 

In the second step, variables are selected with a constant PLS1 model 
complexity A, and, iteratively, the variable with the smallest REGj value 
(see Section 2.1) is eliminated, a new PLS1 model calculated, the 
RMSECV determined and the remaining variables re-ranked, until A 
variables remain. Then, the PLS1 model complexity is stepwise 
decreased, A-1, A-2, …, 1, after each next removal of a variable, 
allowing reduction to small numbers of variables. Then, the smallest 
variable set, with a RMSECV smaller than or equal to the critical 
RMSECV is determined. The critical RMSECV is defined as the RMSECV 
not significantly larger than the minimum RMSECV in the curve of 
RMSECV as a function of the number of remaining variables, by means 

Table 1 
Data pre-processing, correlation between response vectors, numbers of remaining variables (# vars) and model complexities A’ after FCAM-REG variable selection for 
the different data sets.  

No Data set Pre-processing Mean absolute correlation coefficient in Y PLS1 CSIV-PLS1 CSIV-PLS1-PLS2 PLS2 

# vars A’ # vars A’ # vars A’ # vars A’ 

1 Simulated MC 0.1153 14-8-11 3-4-3 15 3-3-3 15 3 4 3 
2 Corn MC 0.3602 2–47 2–19 25 17–20 25 9 44 10 
3 Bisquit Dough SG1 (W5); MC 0.5816 30-8-2-22 7-3-1-7 6 5-3-2-5 6 3 6 3 
4 Sugar MC 0.0000 6-8-7 4-7-5 12 5-9-7 12 6 7 6 
5 UV4 SG1 (W13); MC 0.1134 8-15-13-16 5-8-7-9 29 5-9-8-9 29 9 19 9 
mean 17.4  17.4  16.0  

MC = mean centered; SG1 = first derivative Savitzky-Golay filter using a second-degree polynomial; (Wx) = optimised Savitzky-Golay filter width. 
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of a one-tailed F-test as described in Ref. [9], and selected as the best set. 
In the third step, after variable selection, using this selected variable 

set, the model complexity is again determined by SCV as described in 
Section 2.4.3, and the corresponding PLS1 complexity A’ selected as the 
optimal model complexity. In this step, the maximal PLS complexity 
applied in cross validation, is that of the model before variable selection 
(A). 

In the fourth step, with the selected variable set and PLS1 complexity 
A’, the PLS1 model is externally validated using a test set, by the 
calculation of RMSEP using Eq. (4), see Section 2.4.2. Pooled RMSEP 
values for all responses are calculated using Eq. (5), see Section 2.4.2. 

2.5.2. Variable selection in CSIV-PLS1 and PLS2 
The FCAM-REG method, adapted for CSIV-PLS1 and PLS2, consists of 

the same four steps as described for PLS1 in Section 2.5.1. However, 
independent variables are selected based on SREGj, instead of REGj, as 
described for CSIV-PLS1 in Section 2.2 and for PLS2 in Section 2.3. For 
CSIV-PLS1, the number of retained variables must be the same for all 
PLS1 models. Therefore, variable selection in step 2 is repeated until a 
number of variables remains which is equal to the maximum of the K 
PLS1 model complexities (A1, A2, …AK), determined for each response 
vector before variable selection. 

2.6. PLS2 after CSIV-PLS1 

The K PLS1 models, which are obtained with the CSIV-PLS1 method, 
have one common variable set. Therefore, it is also possible to develop a 
PLS2 model based on the selected common variable set. This approach is 
denoted as the CSIV-PLS1-PLS2 method. 

3. Data and methodology 

3.1. Data sets 

The performance of the proposed new CSIV-PLS1 method is inves-
tigated using one simulated and four real data sets, with low-correlated 
multiple responses, from different sources.  

- Data set 1, labelled Simulated, is a simulated set containing 120 
profiles, representing spectra or chromatograms of mixtures of three 
components A, B and C, and containing 200 variables. The compo-
nent concentrations in the samples are given in three response vec-
tors. More details are described below in Section 3.2.  

- Data set 2, labelled Corn, consists of NIR spectra of 80 corn samples 
with a wavelength range of 1100–2498 nm with 2 nm intervals, 
resulting in 700 predictor variables. This data set, from the “m5” 
spectrometer, is provided by Eigenvector Research [24]. The data set 
is split into a training set with 60 and a test set with 20 samples using 
the duplex method [25]. The moisture, oil, protein and starch con-
tents of the samples are given in four response vectors, from which 
only the first two, having the lowest correlation coefficient, are used. 
An 8-fold cross validation is conducted during model building.  

- Data set 3, labelled Bisquit Dough, consists of NIR spectra with a 
wavelength range of 1100–2498 nm with 2 nm intervals, resulting in 
700 predictor variables. The data set is provided with 40 samples in 
the training set and 32 in the test set. Training sample 23 and test 
sample 21 are excluded as outliers, according to the readme file in 
the downloaded data set. For each sample, the percentages of fat, 
sucrose, flour and water, are given in four response vectors. The set is 
downloaded from Ref. [26]. Details are given in Ref. [27]. A 6-fold 
cross validation is conducted during model building.  

- Data set 4, labelled Sugar, consists of second derivative NIR spectra of 
sugar samples with a wavelength range of 1102–2500 nm with 2 nm 
intervals, resulting in 700 predictor variables. The data set is pro-
vided with 125 samples in the training set and 21 samples in the test 
set. Each training sample is a mixture of three sugars (sucrose, 

glucose and fructose in aqueous solution) each at 5 levels 
(6,10,12,14,18 mass percentages) in a full 53 design. Each test 
sample is a mixture from a subset of 21 of the full 33 = 27 design at 3 
levels (0, 12, 25 mass percentages), and this outside the range of the 
calibration design. The sugar concentrations in the samples are given 
in three response vectors. The set is downloaded from Ref. [26]. 
Details are given in Refs. [28,29]. A 10-fold cross validation is con-
ducted during model building.  

- Data set 5, labelled UV4, consists of UV spectra of 22 mixtures of 4 
components, based on a uniform experimental design, see Ref. [30], 
with a wavelength range of 220–400 nm, resulting in 181 predictor 
variables. The components are 4-hydroxybenzhydrazide, 8-hydrox-
yquinoline, 3,4-dihydroxybenzoic acid and 2-mercaptobenzimida-
zole. The set is downloaded from Ref. [31]. Details are given in 
Ref. [32]. The data set is split into a training set with 15 and a test set 
with 7 samples using the duplex method [25]. A leave-one-out (LOO) 
cross validation [20] is conducted during model building. 

3.2. Simulated data set 

The prediction ability of the CSIV-PLS1 method is tested against 
those of the PLS1 and PLS2 methods with a simulated data set with low 
correlations between response vectors in Y. The simulated set contains 
120 profiles, representing spectra or chromatograms of mixtures of three 
compounds, A, B and C. The pure profiles of the mixtures were formed 
by overlapping Gaussian peaks g(μ,σ), with mean μ and standard devi-
ation σ [gA(50,8), gB(42,8), gC(58,8)], and equal maximum heights 0.65, 
measured within the first 100 variables of the global profile, see Fig. 2. 

Low-correlated responses yij (i = 1 … 120, j = 1 … 3), for mixtures of 
the three compounds were generated with mean 0 and a predefined 
covariance matrix [1.00 0.10 0.10; 0.10 1.00 0.05; 0.10 0.05 1.00], 
using the Matlab function mvnrnd for the creation of random vectors 
from a multivariate normal distribution. The sample profiles i in the 
mixtures were generated, using these responses as weight factors and the 
above mentioned Gaussian peaks, by yi1⋅gA + yi2⋅gB + yi3⋅gC. With the 
component profiles, shown in Fig. 2, sample profiles are generated with 
signal levels above 1. Therefore, the generated sample profiles, con-
taining 100 informative variables, are rescaled between 0 and 1. The 
generated responses are rescaled between 0 and 5. 

Thereafter, 100 uninformative variables, consisting of random 
numbers from 0 to 0.65, are added to the sample profiles, see Fig. 2. This 
resulted in simulated profiles with 100 informative and 100 uninfor-
mative variables. Additionally, noise is added to the simulated profiles, 
consisting of random numbers in the range between 0 and 0.01, i.e. 

Fig. 2. Pure spectral/chromatographic profiles used for the simulated data.  
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small compared to the pure signals. The last 100 uninformative variables 
have a high signal level to investigate whether variable selection by the 
FCAM method, combined with the PLS methods, can be used to find 
informative variables with a chemical meaning in profiles containing 
many uninformative variables at high signal levels. 

The data set is split into a training set with 100 and a test set with 20 
samples using the duplex method [25]. A 10-fold cross validation is 
conducted during model building. The component profiles of the 
simulated data set are shown in Fig. 3. 

3.3. Methodology 

First, before the actual data analyses, the data in the X matrix are pre- 
processed with the following methods in the sequence shown in Table 1: 
mean centering (MC) and Savitzky-Golay filtering for noise reduction 
and the calculation of the first derivative (SG1) with optimised filter 
width (Wx) and using a second-degree polynomial. The response vectors 
in the Y matrix are mean centered. 

Secondly, for all data sets and for each PLS model, using the training 
set, the optimal factor number A is determined by cross validation as 
described in Section 2.4.3. 

Thirdly, FCAM-REG variable selection is applied for each PLS 
method, as described in Section 2.5, and the optimal factor number A’ of 
the PLS model, using the selected variable set, is determined by CV. 

Finally, to test whether the predictive abilities of the CSIV-PLS1 
models are significantly better than those of the PLS1 and PLS2 
models, pooled RMSEP values of the CSIV-PLS1 models are statistically 
compared to those of the originating PLS1 and PLS2 models, using one- 
tailed paired t-tests. 

3.4. Software 

All calculations are made with in-house programs developed in 
Matlab (V. 7.14) (The Math Works, Natick, MA, USA). The procedure for 
the Duplex algorithm [25] is from the ChemoAC Toolbox [33]. The 
one-tailed paired t-test is performed in Microsoft Excel 2019. The un-
correlated responses in the simulated set were generated using the sta-
tistic toolbox of Matlab. 

4. Results and discussion 

4.1. Results 

To investigate the correlation between the response vectors in the Y 
matrix, for all data sets, their correlation matrix is calculated. The mean 
absolute value of the off-diagonal elements in this matrix is given in 
Table 1. The results show that the correlations between the response 
vectors in Y are low. 

For all data sets and for each PLS method, the number of retained 
variables and the optimal model complexities A’ after FCAM-REG var-
iable selection are also given in Table 1. 

For CSIV-PLS1 and PLS2, the mean numbers of variables are 17.4 and 
16.0, respectively. These numbers are not significantly different, based 
on a two-tailed paired t-test, with a calculated |t| = 0.256 and corre-
sponding p = 0.810. 

For all response vectors in the data sets and for each PLS method, 
before and after variable selection, the squared values of the correlation 
coefficients R between estimated (from the PLS models developed) and 
experimental responses, R2

test , are calculated for the test set samples. The 
results are given in Table 2. For the PLS methods high R2

test values are 
obtained after variable selection. Only 2 out of 64 values are below 0.95. 
For the CSIV-PLS1 method, all R2

test values are larger than 0.95. There-
fore, the PLS methods have good predictive abilities after variable 
selection. 

The pooled RMSEP values for the test sets, before and after FCAM- 
REG variable selection are determined, as described in Section 2.4.2. 
The results are given in Table 3. The mean RMSEP for the CSIV-PLS1 
method after variable selection is found best. 

To test differences in predictive abilities between methods, one- 
tailed paired t-tests are carried out for pairs of pooled RMSEP values. 
In all cases, the differences in RMSEP values were considered normally 
distributed, according to a Kolmogorov-Smirnov test at a 95% confi-
dence level, allowing the application of paired t-tests. The resulting one- 
tailed t and corresponding p values of the tests are shown in Table 4. In 
the second column of this table, the method with the lowest mean 
RMSEP value is mentioned first. 

In the first three comparisons, for the three PLS methods, RMSEP 
values after variable selection are borderline significantly lower (0.05 <
p ≤ 0.10) than those before variable selection, meaning that the pre-
dictive abilities of the PLS models are improved by FCAM-REG variable 
selection. 

In the following three comparisons, RMSEP values of the CSIV-PLS1 
method are compared with those of PLS1, PLS2 and CSIV-PLS1-PLS2 
after variable selection. The results show that the RMSEP values of the 
CSIV-PLS1 models are significantly lower (p ≤ 0.05) than those of the 
PLS2 method after variable selection, meaning that the predictive ability 
of the CSIV-PLS1 models is significantly better, at the 95% confidence 
level, than that of the PLS2 method after variable selection. Therefore, 
for the investigated data sets, with low correlations between the 
response vectors, the predictive ability of the CSIV-PLS1 method is 
better than that of the PLS2 models. Therefore, the CSIV-PLS1 method is 
a good alternative for PLS2 for this kind of data sets. 

The results show also that the RMSEP values of the CSIV-PLS1 
method are borderline significantly lower (0.05 < p ≤ 0.10) than 
those of PLS1 after variable selection and of the CSIV-PLS1-PLS2 
method, meaning that the predictive ability of the CSIV-PLS1 models 
are borderline significantly better than those of the PLS1 and CSIV-PLS1- 
PLS2 methods. 

4.2. Variable selection 

The ability of the methods to select variables with an informative 
meaning, relevant to the response, is demonstrated for the simulated set 
and the Corn and Sugar set. For the simulated set, the results of FCAM- 

Fig. 3. Profiles of the simulated data set, selected variables and model com-
plexities A′ after variable selection for the PLS1, CSIV-PLS1 and PLS2 methods. 
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REG variable selection for the PLS methods are shown in Fig. 3. The 
dashed lines below ‘A’, ‘B’ and ‘C’ correspond to the maxima of the 
Gaussian peaks used to create the mixture profiles, see Section 3.2. The 
applied FCAM-REG variable selection methods are very selective 
because, for each PLS method, only a small number of variables in the 
informative range [0–100] is selected, while no uninformative random 
variables from the range [101–200] are selected. 

From Fig. 3 can also be observed that, (i) for the three PLS1 models, 
different sets of variables are selected, (ii) for the three PLS1 models in 
the CSIV-PLS1 method, one common set of variables is selected, and (iii) 
for the PLS2 model also one set of variables, different from that of CSIV- 
PLS1, is selected. Each PLS1 model in both the PLS1 and CSIV-PLS1 
methods has an individual model complexity, although in this case, 
the model complexities for the three PLS1 models in CSIV-PLS1 are the 
same. There is one general model complexity for the PLS2 model. 

For the Corn set, for each of the two components, strong absorption 

bands in NIR are reported. Dry food samples, such as corn, show a strong 
absorption band for water from 1900 to 1950 nm [34] and for oil at 
1650–1780 nm and 2100–2200 nm [35,36]. Fig. 4(Left) shows the corn 
spectra, the selected wavelengths, and the absorption bands of the 
components. For all methods and for all responses, variables are selected 
from the absorption bands, relevant to the responses. 

For the Sugar set, strong absorption bands for sugar molecules are 
reported at 2050–2380 nm [37,38]. Fig. 4(Right) shows the second 
derivative of the sugar spectra, the selected wavelengths, and the com-
bined absorption bands of the three components. For the PLS1 method, 
response sucrose (y1) and for both the CSIV-PLS1 and PLS2 method, only 
variables are selected from the combined absorption bands, relevant to 
the responses. For PLS1, for the responses glucose (y2) and fructose (y3), 
most of the selected variables belong to the absorption bands. 

These results show that mostly variables with an informative 
meaning to the responses are selected. 

4.3. PLS2 after CSIV-PLS1 

The CSIV-PLS1-PLS2 method, described in section 2.6, is applied for 
all data sets. The resulting R2

test and RMSEP values are given in Tables 2 
and 3 The test results in Table 4 show that the predictive ability of the 
CSIV-PLS1 method is borderline significantly better than that of the 
CSIV-PLS1-PLS2 method, meaning that the predictive ability is not 
improved by the final PLS2 step in this method. 

However, the advantage of the CSIV-PLS1-PLS2 method is that, 
based on the final PLS2 model, it is possible to draw score and loading 
plots, to obtain a view on the relation between samples and variables, 
respectively. This is not possible by separate PLS1 models, built with 
different sets of selected variables. Usually, these score and loading plots 
are similar to those of the individual PLS2 method. 

Therefore, the application of the CSIV-PLS1-PLS2 method can best be 
considered as optional for the case that score and/or loading plots are 
interesting to draw. 

5. Conclusions 

In this study, a new approach for multiple-response PLS modelling, 
combined with variable selection, CSIV-PLS1, is proposed and evalu-
ated. In this method, for each response vector, individual PLS1 models 
with individual model complexities are developed, based on one com-
mon set of independent variables, obtained after FCAM-REG variable 
selection. 

The selective abilities of the CSIV-PLS1 method are good, because 
mostly variables with an informative meaning to the responses are 
selected. 

Table 2 
Determination coefficients R2

Test for the test sets before and after FCAM-REG variable selection.  

No Data set Response R2
test before variable selection  R2

test after variable selection  

PLS1 and CSIV-PLS1 PLS2 PLS1 CSIV-PLS1 CSIV-PLS1-PLS2 PLS2 

1 Simulated A y1 0.237 0.331 0.999 0.999 0.999 0.956 
B y2 0.839 0.800 0.999 1.000 1.000 0.993 
C y3 0.796 0.695 0.999 1.000 1.000 0.976 

2 Corn Moisture y1 1.000 0.997 1.000 1.000 1.000 1.000 
Oil y2 0.993 0.907 0.992 0.996 0.992 0.973 

3 Bisquit Dough Fat y1 0.965 0.845 0.979 0.984 0.987 0.972 
Sucrose y2 0.917 0.948 0.961 0.963 0.964 0.962 
Flour y3 0.940 0.870 0.915 0.951 0.954 0.945 
Water y4 0.888 0.869 0.964 0.985 0.977 0.954 

4 Sugar Sucrose y1 0.952 0.967 0.995 0.998 0.998 0.996 
Glucose y2 0.998 0.983 0.994 0.999 0.999 0.999 
Fructose y3 0.984 0.991 0.999 0.998 0.994 0.997 

5 UV4 4-hydroxybenzhydrazide y1 0.999 1.000 0.999 1.000 0.999 0.999 
8-hydroxyquinoline y2 0.999 0.999 0.999 0.999 0.999 0.999 
3,4-dihydroxybenzoic acid y3 1.000 0.999 0.999 1.000 0.999 1.000 
2-mercaptobenzimidazole y4 1.000 1.000 1.000 1.000 1.000 1.000  

Table 3 
Pooled RMSEP values for the test sets, before and after FCAM-REG variable 
selection.  

No Data set RMSEP before 
variable selection 

RMSEP after variable selection 

PLS1 and 
CSIV- 
PLS1 

PLS2 PLS1 CSIV- 
PLS1 

CSIV- 
PLS1- 
PLS2 

PLS2 

1 Simulated 0.549 0.580 0.026 0.019 0.019 0.141 
2 Corn 0.012 0.042 0.011 0.007 0.011 0.019 
3 Bisquit 

Dough 
0.998 1.037 0.654 0.515 0.577 0.765 

4 Sugar 2.092 1.738 0.664 0.607 0.735 0.712 
5 UV4 0.038 0.039 0.041 0.032 0.034 0.041 
Mean 0.738 0.687 0.279 0.236 0.275 0.335  

Table 4 
Comparison of methods, based on pooled RMSEP values, using one-tailed paired 
t-tests.   

Compaired methods t values p values 

1 PLS1after vs and PLS1before vs ¡1.75 0.078 
2 PLS2after vs and PLS2before vs ¡1.88 0.067 
3 CSIV-PLS1 and PLS1before vs ¡1.86 0.068 
4 CSIV-PLS1 and PLS1after vs ¡1.67 0.085 
5 CSIV-PLS1 and PLS2 after vs ¡2.25 0.044 
6 CSIV-PLS1 and CSIV-PLS1-PLS2 ¡1.56 0.096 

Borderline significant (0.05 < p ≤ 0.10) and significant (p ≤ 0.05) t-values in 
bold. 
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The results show that the RMSEP values resulting from the CSIV- 
PLS1 method are significantly lower at the 95% confidence level than 
those of the corresponding PLS2 method, meaning that, for the inves-
tigated data sets with low correlations between the response vectors, the 
predictive ability of the CSIV-PLS1 method is significantly better than 
that of the PLS2 method. Therefore, when the correlations between the 
response vectors are low, CSIV-PLS1 modelling may be an alternative for 
PLS2. 

The results show also that the RMSEP values resulting from the CSIV- 
PLS1 method are borderline significantly lower at the 90–95% confi-
dence levels than those of the corresponding PLS1 and CSIV-PLS1-PLS2 
methods, meaning that, for the investigated data sets with low correla-
tions between the response vectors, the predictive ability of the CSIV- 
PLS1 method is borderline significantly better than those of the corre-
sponding PLS1 and CSIV-PLS1-PLS2 methods. 

The application of the CSIV-PLS1-PLS2 method can best be consid-
ered as optional for the case that score and/or loading plots are inter-
esting to draw. 

Author contributions 

Jan P.M. Andries: Conceptualization, Methodology, Programming, 
Software development, Validation, Formal analysis, Writing the initial 
draft. Gerjen H. Tinnevelt: Writing and editing. Yvan Vander Heyden: 
Writing and editing, Supervision. 

Declaration of competing interest 

The authors declare that they have no known competing financial 
interests or personal relationships that could have appeared to influence 
the work reported in this paper. 

References 

[1] T. Mehmood, B. Ahmed, The diversity in the applications of partial least squares: 
an overview, J. Chemom. 30 (2016) 4–17. 

[2] H. Martens, T. Naes, Multivariate Calibration, Wiley, Chichester, 1989. 
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