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• Addresses challenges in handling 
multivariate data with non-linearity and 
outliers.

• Introduces LW-RoBoost-PLS, a novel 
method combining local and robust 
modelling.

• A multiblock extension of the pro
posed LW-RoBoost-PLS is also provided.

• ABS production, improving real-time 
industrial quality prediction.

A R T I C L E  I N F O

Handling Editor: Prof. L. Buydens

Keywords:
Partial least squares regression (PLS)
K-nearest-neighbours-locally-weighted-PLS 
(KNN-LW-PLS)

A B S T R A C T

Background: Partial Least Squares regression (PLS) is a widely used tool for predictive modelling, particularly 
when dealing with multivariate datasets with dependent variables exhibiting strong collinearities. However, 
when relationships between variables are non-linear or atypical data points have to be coped with, PLS cali
bration models may face challenges. In recent years, different variants of the original PLS algorithm have been 
proposed to overcome these limitations. On the one hand, several robust regression methods that down-weigh 
outlying observations during the model training phase like RoBoost-PLS have been developed to reduce the 
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detrimental effect of outliers on the performance of PLS. On the other hand, local modelling approaches, like K- 
Nearest-Neighbours-Locally-Weighted-PLS (KNN-LW-PLS), have been designed to handle non-linearities by 
fitting for each new incoming sample a separate linear calibration model considering only its nearest-neighbours. 
Unfortunately, none of these strategies can address the two aforementioned problems simultaneously. This paper 
introduces a novel approach named Locally-Weighted-RoBoost-PLS (LW-RoBoost-PLS), that combines the 
strengths of both local and robust modelling methodologies in order to deal with non-linearities while mitigating 
at the same time the influence of outliers.
Results: The performance of LW-RoBoost-PLS was evaluated on simulated and real industrial data (with this latter 
resulting from a continuous Acrylonitrile-Butadiene-Styrene ABS production process conducted at Versalis S.p. 
A.), both characterised by the simultaneous presence of outliers and non-linear relationships among measured 
variables. In the two case-studies investigated here, LW-RoBoost-PLS outperformed RoBoost-PLS and KNN-LW- 
PLS, achieving considerable reductions in the prediction error and prediction bias, which demonstrates that 
this technique permits to effectively overcome the limitations of the other approaches.
Significance: This paper describes a novel multivariate calibration approach named LW-RoBoost-PLS, which 
provides a solution for predictive modelling in scenarios where outliers and non-linearities co-exist. LW-RoBoost- 
PLS simultaneously handles non-linearities and outliers by combining local and robust modelling strategies, 
leading to improved prediction accuracy and reduced bias.

1. Introduction

Partial Least Squares regression (PLS) [1,2] is a widely used multi
variate calibration tool for modelling linear relationships between in
dependent (predictors or regressors) and dependent variables 
(responses). In contrast to classical multilinear regression, it excels in 
scenarios in which high-dimensional datasets exhibiting a high degree of 
collinearity are involved. The main advantage PLS brings regards the 
fact that it provides not only a model linking the aforementioned inde
pendent and dependent variables but also a full description of both in 
terms of latent factors, thus enabling an in-depth interpretation of the 
final results it yields.

In spite of all these benefits, though, PLS can suffer from severe 
limitations when the relationships between regressors (usually encoded 
in a matrix denoted as X of dimensions N x V) and responses (usually 
encoded in a matrix denoted as Y of dimensions N x M) are non-linear. 
This situation can occur quite frequently, e.g., when dealing with agro
nomic samples collected during different harvesting campaigns [3,4], 
and in industry when the same plant manufactures different products 
through smooth formulation changes [5] or undergoes temporal drifts 
due to raw material or catalyst degradation [6]. If non-linearities are 
moderate, non-linear (e.g., logarithmic) transformations of the response 
(s) [7] can be used to model them, otherwise, in more complex situa
tions, non-linear implementations of PLS should be considered [8,9]. 
These extensions of PLS include, for example, Kernel PLS (K-PLS 
[10–12]) or local PLS [13–15]. K-PLS handles non-linearities by 
applying a specific kernel function (polynomial, gaussian, sigmoidal, 
etc.) to X for mapping the original regressors into a higher-dimensional 
feature space where a linear PLS model can be constructed. On the other 
hand, the main idea behind local PLS is to build for each new specimen 
whose responses are to be predicted an individual PLS model on a 
reduced subset of calibration samples that are most similar to it [13–18]. 
Local PLS implementations are definitely the most commonly utilized in 
chemometrics. Although K-PLS has shown excellent performance 
compared to other methods, the optimization of the kernel function 
remains a critical step and can become cumbersome in the presence of 
local nonlinearities [19]. Additionally, interpreting K-PLS models can be 
challenging since the relevance of the original variables is lost during the 
mapping process. In fact, even if recent studies have highlighted that 
suitable sensitivity analysis can restore the interpretability of such 
models by providing sensitivity vectors in the space of the real variables 
– which can be useful for variable selection and qualitative interpreta
tion [20] – their coefficients are not readily interpretable [21]. More
over, K-PLS may require long processing times when dealing with 
particularly large sample sizes [11]. Among local PLS implementations, 
K-Nearest-Neighbours-Locally-Weighted-PLS-Regression 
(KNN-LW-PLS) [22] is undoubtedly the one that has lately attracted 

more attention from users and practitioners. More in detail, 
KNN-LW-PLS trains local models exactly as outlined before, but, in 
addition, it weighs the samples belonging to the calibration subset ac
cording to their distance to the one to be assessed. This allows effectively 
capturing and describing strong non-linearities and complex patterns in 
data, such as the presence of distinct observation clusters, that may 
hamper the application of classical linear PLS to the entire dataset at 
hand.

Another issue that can dramatically jeopardize the predictive per
formance of standard PLS is the presence of outliers in the calibration 
data. In this regard, in the last decades, many robust versions of PLS 
have been developed in an attempt to downweigh outlying samples and, 
thus, reduce their influence in the PLS model calibration stage [23–26]. 
In this article, we particularly focus on a recent robust PLS imple
mentation, RoBoost-PLS [27,28], which stands out for its ability to 
reduce the influence of outliers during calibration by weighting the 
investigated samples differently for each extracted latent factor and 
according to three distinct criteria: X-residuals, Y-residuals and 
leverage. This method has proven to be effective when it comes to 
dealing with outliers in both Y and X.

Although all these PLS extensions (non-linear and robust) perform 
well when trying to tackle the specific target problem for which they 
have been originally proposed, they may encounter difficulties in situ
ations where both non-linearities and outliers coexist. Notwithstanding, 
to the best of our knowledge, no PLS algorithm capable of handling both 
these issues simultaneously has been devised yet. For this reason, we 
propose here a novel approach based on a rational combination of KNN- 
LW-PLS and RoBoost-PLS and named Locally-Weighted-RoBoost-PLS 
(LW-RoBoost-PLS), designed to deal with similar scenarios. Although 
the method still uses KNN for local weighting, the name has been 
simplified by dropping the ’KNN-’ for ease of reading. The performance 
of LW-RoBoost-PLS was here evaluated on simulated and real datasets 
and compared with that of the two native approaches from which it 
originates.

2. Materials and methods

2.1. Datasets

LW-RoBoost-PLS was tested on simulated data generated by using a R 
software package developed by Metz et al. [29] (available at https 
://github.com/maxmetz/data_simulation) and on a challenging 
real-world dataset related to the production process of 
Acrylonitrile-Styrene-Butadiene (ABS). Both simulated and real-world 
data exhibit outliers and non-linear variable relationships, making 
them suitable for assessing the effectiveness of the proposed approach.
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2.1.1. Simulated data
A spectral-like dataset characterized by the presence of both X- and 

Y-outliers and by a non-linear dependence between X and Y was simu
lated as detailed below.

A dataset X of dimensions N x V was generated multiplying a 900 x 
10 matrix (say R) whose columns carried values drawn from a normal 
distribution with mean equal to 0 and standard deviation equal to 0.5 by 
a 10 x 1001 array (say BT) whose rows contained ten different pseudo- 
spectral profiles (see Equation (1)) – the pseudo-spectral profiles were 
obtained by the combination of 10 distinct Gaussian curves: 

X=R BT (1) 

An individual dependent variable, y, was afterwards simulated based 
on the following equation to ensure a non-linear dependence with X: 

y= t2
1 + 15 (2) 

where t1 (N x 1) gathered the first principal component scores resulting 
from the Principal Component Analysis (PCA) decomposition of X. Both 
X and y were afterwards augmented with outlying observations. 30 
moderate X-outliers were produced as in Equation (1) but drawing the 
values along each column of R from a normal distribution with mean 
equal to 1 and standard deviation equal to 0.8. 40 extreme X-outliers 
were instead produced altering both R and BT, i.e., drawing the values 
along the columns of R from a normal distribution with mean equal to 
1.5 and standard deviation equal to 0.5, and using different pseudo- 
spectral profiles for BT. 30 y-outliers were, finally, obtained modifying 
Equation (2) as: 

yout = t1 + 17 (3) 

Ultimately, Gaussian white noise was added to both X and y.
For the sake of a fair comparison among KNN-LW-PLS, RoBoost-PLS 

and LW-RoBoost-PLS, the entire dataset was split into a calibration set of 
700 rows and a test set of 300 rows. It is important to notice here that 
outliers were exclusively kept in the calibration set and that they 
constituted approximately 15 % of it. Fig. 1 displays the simulated 
calibration data and their corresponding y-value distribution.

2.1.2. ABS data
The real dataset investigated in this article relates to a manufacturing 

campaign of ABS conducted from January 2020 to April 2022 in an 
industrial plant owned by ENI Versalis and located in Mantova (Italy). 

This plant operates a continuous five-stage process resulting in nine 
different grades of ABS as detailed in Refs. [30–32]. A smooth transition 
from one grade to another is operated without stopping the production. 
Such a process is monitored by means of 118 Process Sensors (PS) that 
measure temperatures, flow rates, pressures, and motor speeds, while 
four Matrix Fourier Transform-Near InfraRed (FT-NIR) spectrometers 
(Bruker Optics, Milan, Italy) are employed at four different plant loca
tions to acquire near-infrared spectra of raw materials, intermediates 
and final products. These data constitute a good benchmark for testing 
LW-RoBoost-PLS given the presence of both outliers and non-linearities 
induced by the continuously varying properties of the different ABS 
grades manufactured.

The real-time acquisition of the aforementioned measurements 
yielded nine distinct data blocks: five containing the values registered 
through the process sensors during the different production stages, and 
four carrying the collected FT-NIR spectral profiles. The predictive 
model distinguishes between process phases to account for the physical 
and chemical transformations occurring at different production stages. 
Sensors are strategically placed to capture key transitions, such as the 
dissolution of butadiene in styrene, reagent recovery, and reaction 
progression. This phase-based approach is particularly valuable because 
it enables early estimation of the final product’s quality. This data block 
division accounts for the physical and chemical transformations occur
ring at the different production phases and enables the early estimation 
of the final product’s quality. Sensors, indeed, are strategically placed to 
capture key process transitions, such as the dissolution of butadiene in 
styrene, the reagent recovery, and the reaction progression.

All the recordings in these blocks were synchronised and concate
nated row-wise according to the structure of the process pipeline: syn
chronization involved the recording alignment based on a time stamp 
provided by ENI Versalis and ensured that each row of the final data 
matrix carried information about the same section of the production 
flow. Hence, this data matrix was used to build KNN-LW-PLS, RoBoost 
PLS and LW-RoBoost PLS regression models for the prediction of a single 
quality parameter, referred to as Property 1 for confidentiality reasons. 
Reference values for Property 1 were retrieved through offline analyses 
three times per day. These values, expressed in grams, give insights into 
the physical features of the copolymer.

In the present study, the entire available dataset was split into cali
bration and test sets, spanning the first two years of production 
(2020–2021, 1851 measurement points) and the remaining 

Fig. 1. a) Simulated calibration spectra and b) their corresponding y-value distribution.
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manufacturing period (2022, 344 measurement points), respectively. 
The test set was subjected to a data cleaning step aimed at minimising 
the presence of outliers in order to ensure a fair comparison of results 
between the different approaches.

2.2. Methods

This section provides an overview of PLS, KNN-LW-PLS and RoBoost- 
PLS as well as a comprehensive description of the algorithmic scheme 
underlying LW-RoBoost-PLS and of the double cross-validation pro
cedure designed for the optimization of its tuneable parameters.

2.2.1. Partial Least Squares regression (PLS)
Among the available PLS algorithms, we here refer to Nonlinear 

Iterative Partial Least Squares (NIPALS, on which also RoBoost-PLS is 
based), originally proposed by Herman Wold in the 1970s [2] and later 
adapted and modified by Svante Wold and Harald Martens [1]. NIPALS 
is an iterative approach that calculates PLS components one at a time by 
sequentially deflating from the data at hand the variability accounted 
for by the one estimated in the previous computational step.

Algorithm 1: NIPALS
Given a predictor matrix X (N x V) and a response matrix Y (N x M), both centred, 

NIPALS proceeds as follows:
1. Initialize Y-scores, ua, as a column of Y
2. Calculate X-weights for the a-th latent variable

wa =XTua
(
uT

a ua
)− 1  

3. Calculate X-scores

ta =X wa  

4. Define Y-loadings

qa =YT
a ta

(
tT
a ta

)− 1  

5. Update ua

ua =Y qa
(
qT

a qa
)− 1  

6. Repeat steps 2 to 5 until convergence (i.e., until the difference between consecutive 
estimations of ua is found to be below a user-defined threshold)

7. Calculate X-loadings

pa =XT ta
(
tT
a ta

)− 1  

8. Deflate X and Y

X=X − ta pT
a  

Y=Y − ta qT
a  

9. Repeat steps 2 to 8 until all the required latent variables (A) are extracted
10. Calculate regression coefficients

B=W
(
PTW

)− 1QT  

The prediction of the response associated with a new measured observation xnew is 
then obtained as:

ŷ =(xnew − x) B + y  

with x and y being the vectors containing the column means of X and Y, respectively.

2.2.2. K-Nearest-Neighbours-Locally-Weighted-PLS (KNN-LW-PLS)
The essential idea behind local PLS approaches is i) to select, among 

all the calibration samples available, a calibration subset made up of 
those that are most similar to each new specimen whose responses are to 
be estimated and ii) to calibrate a linear PLS regression model on such a 
reduced subset of observations for prediction purposes. Even if 
computationally demanding (notice that this way an individual PLS 

model is constructed for every new incoming test sample), this strategy 
permits to readily handle complex non-linearities linking predictors and 
responses.

Among the various local PLS implementations described in literature 
[15,17,33,34], in the present study we focus on the one proposed by 
Lesnoff et al., KNN-LW-PLS [22]. However, for the sake of simplicity and 
consistency, the scheme illustrated in Algorithm 2 is based on NIPALS 
rather than on the Dayal-MacGregor algorithm [35] as originally re
ported in Ref. [22]. KNN-LW-PLS consists of three fundamental steps. 
First, the distance between a test sample and each training sample is 
calculated and a user-defined number of nearest neighbours, K, of such a 
test sample is selected. Then, these nearest neighbours are weighted 
according to their similarity (distance) to the test sample to be assessed 
using the following weighting function: 

wlocal,n = exp
(

−
d*

n

h σ(d*
)

)

(4) 

where d* is a vector containing all the max-normalized distance values 
calculated, dn* is the max-normalized distance computed for the n-th 
neighbour, σ denotes the standard deviation operator and h represents a 
parameter that influences the shape of the weighting function. The 
higher h, the lesser dn* affects the weights. For infinite values of h, every 
selected calibration sample has the same weight.

In a nutshell, once the calibration subset has been identified, a 
weighted-PLS model is constructed as outlined below:

Algorithm 2: KNN-LW-PLS
Given a predictor matrix X (N x V), a response matrix Y (N x M) and the observation 

related to an incoming test sample xnew (1 x V):
1. Calculate the values of the distance between xnew and all samples in the calibration 

set X
2. Select the K nearest neighbours of xnew and construct the calibration subsets Xsub 

and Ysub
3. Assign the weight wlocal,n to each n-th row of the matrix Xsub

wlocal,n = exp
(

−
d*

n

h σ(d*
)

)

4. Calculate the diagonal matrix D by scaling and placing the elements of the vector 
wlocal (wlocal,n) along its diagonal

D= diag(wlocal) *
1
K  

5. Perform weighted mean-centering on Xsub and Ysub, with 1 being a vector of ones of 
appropriate size

Xsub =Xsub − 11TD Xsub  

Ysub =Ysub − 11TD Ysub  

6. Initialize ua as a column of Ysub
7. Calculate weighted X-weights

wa =XT
subD ua

(
‖ XT

subD ua ‖
)− 1  

8. Calculate X-scores

ta =Xsub wa  

9. Calculate Y-loadings

qa =YT
sub D ta

(
tT
a D ta

)− 1  

10. Update ua

ua =Ysub qa  

11. Repeat steps 7 to 10 until convergence of ua

12. Calculate X-loadings

(continued on next page)
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(continued )

pa =XT
subD ta

(
tT
a D ta

)− 1  

13. Deflate Xsub and Ysub

Xsub =Xsub − ta pT
a  

Ysub =Ysub − ta qT
a  

14. Repeat steps 7 to 13 until all the required latent variables (A) are extracted
15. Calculate regression coefficients

B=W
(
PTW

)− 1QT  

The prediction of the response associated with a new measured observation xnew is 
then obtained as:

ŷ =(xnew − x) B + y  

with x and y being the vectors containing the column means of X and Y, respectively, 
estimated on the subset as described in Step 5

16. Repeat steps 1 to 15 for each new test sample

2.2.3. RoBoost-PLS
RoBoost-PLS [27,28] is a variant of classical PLS proposed by Metz 

et al. with the aim of reducing the impact of outliers during the model 
calibration phase.

RoBoost-PLS is initialised with weights identical for all the N inves
tigated samples and equal to 1/N. Once the first RoBoost-PLS latent 
variable or component has been extracted, each one of these weights is 
adjusted as: 

wRoBoost,n =
1
N

g(‖en‖, α) ⋅
∏m

j=1
g
(

fn,j, β
)

⋅ g(ln, γ) (5) 

with ‖ ‖ denoting the Euclidean norm, en being the X-residual vector 
associated to the n-th calibration sample, fn,j the j-th element of the Y- 
residual vector associated to the n-th calibration sample, ln the leverage 
computed for the n-th calibration sample. Residuals and leverage are 
computed at step 11 of Algorithm 3. α, β, and γ in Equation (5) are 
adjustable hyperparameters that regulate the influence of the X-re
siduals, Y-residuals, and leverage, respectively, in the estimation of the 
RoBoost-PLS weights. The bisquare function g for a generic variable zn is 
instead defined as: 

g(zn) =

{ (
1 − z2

n
)2 for |zn|< 1

0 for |zn| > 1
(6) 

For each metric, the argument zn is calculated by normalising the 
quantity of interest by its median multiplied by the corresponding 
hyperparameter. Specifically: 

For g(‖en‖,α), zn =
‖en‖

α ⋅ median(‖e‖)
(7a) 

For g
(

fn,j, β
)
, zn =

fn,j

β ⋅ median
(
f j
) (7b) 

For g(ln, γ), zn =
ln

γ ⋅ median(‖l‖)
(7c) 

g is one of the weighting functions most commonly used in robust cali
bration methods [23] and defines a weighting scheme that is based on 
the assumption that outliers tend to have extreme values in terms of 
residuals and/or leverage. By normalising these quantities with respect 
to their median, observations that deviate significantly from it will show 
normalized values greater than 1. As a result, they will be assigned a zero 
weight and, thus, effectively down-weighted (Equation (6)).

It is important to notice here that i) such an operation of weight 
readjustment is conducted every time a new RoBoost-PLS latent variable 
is derived, ii) the readjusted weights obtained for a given RoBoost-PLS 
component are used as weight initial estimates for the successive one 
and iii) α, β, γ are parameters of the function g that need to be tuned.

Algorithm 3: RoBoost-PLS
Given a predictor matrix X (N x V) and a response matrix Y (N x M)
1. Initialize ua as a column of Y
2. Assign an equal initial weight wRoBoost,i to each n-th row of the matrix X as:

wRoBoost,n =
1
N  

3. Calculate the diagonal matrix D by placing the elements of the vector
wRoBoost

(
wRoBoost,n) along its diagonal

4. If a = 1, perform weighted mean-centering on X and Y, with 1 being a vector of 
ones of appropriate size

X = X − 11TD ​ X  

Y=Y − 11TD Y  

5. Calculate weighted X-weights

wa =XTD ua
(
‖ XTD ua ‖

)− 1  

6. Calculate X-scores

ta =X wa  

7. Calculate Y-loadings

qa =YT D ta
(
tT
a D ta

)− 1  

8. Update ua

ua =Y qa  

9. Calculate a convergence parameter proposed by Metz et al. in [28]

ϕa =ua D ta
(
tT
a D ta

)− 1  

10. Calculate X-loadings

pa =XTD ta
(
tT
a D ta

)− 1  

11. Calculate X-residuals (E), Y-residuals (F) and leverage values (l)

E=XT − ta pT
a  

F=Y − ta qT
a  

l= ta  

12. Update the weight of each i-th calibration sample

wRoBoost,n =
1
N

g(‖en‖,α) ⋅
∏m

j=1
g
(

fn,j, β
)

⋅ g(ln , γ)

13. Update D accordingly

D= diag(wRoBoost)

14. Repeat steps 4 to 13 until convergence of ϕa
15. Deflate X and Y

X=X − ta pT
a  

Y=Y − ta qT
a  

16. Repeat steps 5 to 15 until all the required latent variables (A) are extracted
17. Calculate regression coefficients

(continued on next page)
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(continued )

B=W
(
PTW

)− 1QT  

The prediction of the response associated with a new measured observation xnew is 
then obtained as:

ŷ =(xnew − x) B + y  

with x and y being the vectors containing the column means of X and Y, respectively, 
estimated on the subset as described in Step 4.

2.2.4. Locally-weighted-RoBoost-PLS (LW-RoBoost-PLS)

2.2.4.1. Algorithmic scheme. LW-RoBoost-PLS relies on a synergistic 
combination of KNN-LW-PLS and RoBoost-PLS. This approach is mainly 
based on the algorithmic pipeline in Algorithm 2, but once defined the 
local calibration subset ,Xsub, a RoBoost-PLS model (see Algorithm 3) is 
constructed instead of a standard PLS one. More specifically, LW- 
RoBoost-PLS encompasses the following 4 computational steps: 

1) For each new sample whose responses are to be predicted, say xnew, 
its distance from any calibration sample is calculated. This distance 
can be calculated in the original variable space, in the subspace of a 
certain number of principal components of X or directly within the 
subspace of a global PLS model trained on X and Y.

2) The K closest neighbours of xnew are then identified and gathered in a 
new data matrix Xsub. Their respective responses are also collected in 
a new data array Ysub;

3) The samples in Xsub are weighted according to their distance to xnew.
4) RoBoost-PLS is applied to Xsub and Ysub. In this way, the local weights 

imposed in the previous step can be adjusted – but not increased to 
preserve the distance contribution – according to the degree of 
“outlyingness” of the corresponding observations. This step is crucial 
to mitigate the impact of possible abnormal samples present among 
the selected neighbours.

Algorithm 4: LW-RoBoost-PLS
Given a predictor matrix X (N x V), a response matrix Y (N x M) and the observation 

related to an incoming test sample xnew (1 x V):
1. Calculate the values of the distance between xnew and all samples in the calibration 

set X
2. Select the K nearest neighbours of xnew and construct the calibration subsets Xsub 

and Ysub
3. Assign the weight wlocal,n to each n-th row of the matrix Xsub

wlocal,n = exp
(

−
d*

n

h σ(d*
)

)

4. Calculate the diagonal matrix D by scaling and placing the elements of the vector 
wlocal (wlocal,n) along its diagonal

D= diag(wlocal) *
1
K  

5. If a = 1, perform weighted mean-centering on Xsub and Ysub

Xsub =Xsub − 11TD Xsub  

Ysub =Ysub − 11TD Ysub  

6. Initialize ua as a column of Y
7. Calculate weighted X-weights

wa =XT
subD ua

(
‖ XT

subD ua ‖
)− 1  

8. Calculate X-scores

(continued on next column)

(continued )

ta =Xsub wa  

9. Calculate Y-loadings

qa =YT
sub D ta

(
tT
a D ta

)− 1  

10. Update ua

ua =Ysub qa  

11. Calculate a convergence parameter proposed by Metz et al. in [28]

ϕa =ua D ta
(
tT
a D ta

)− 1  

12. Calculate X-loadings

pa =XT
subD ta

(
tT
a D ta

)− 1  

13. Calculate X-residuals (E), Y-residuals (f) and leverage values (l)

E=Xsub − ta pT
a  

F=Ysub − ta qT
a  

l= ta  

14. Update the weights according to the degree of “outlyingness” of each i-th 
calibration sample

wRoBoost,n =
1
N

g(‖en‖,α) ⋅
∏m

j=1
g
(

fn,j, β
)

⋅ g(ln, γ)

wRoBoost,n = wlocal,n if wRoBoost,n > wlocal,n  

15. Update D accordingly

D= diag(wRoBoost)

16. Repeat steps 5 to 16 until convergence of ϕa
17. Deflate Xsub and Ysub

Xsub =Xsub − ta pT
a  

Ysub =Ysub − ta qT
a  

18. Repeat steps 6 to 17 until all the required latent variables (A) are extracted
19. Calculate regression coefficients

B=W
(
PTW

)− 1QT  

The prediction of the response associated with a new measured observation xnew is 
then obtained as:

ŷ =(xnew − x) B + y  

with x and y being the vectors containing the column means of X and Y, respectively, 
estimated on the subset as described in Step 5

20. Repeat steps 1 to 19 for each new test sample

2.2.4.2. Parameter tuning. Several parameters need to be fine-tuned to 
attain an optimal LW-RoBoost-PLS model: the number of latent variables 
to extract, the number of nearest neighbours, K, as well as the values of 
h, α, β and γ. For this purpose, in this study, a double cross-validation 
procedure [36,37], consisting of two nested loops, was implemented: 
for each LW-RoBoost-PLS component, the inner loop was exploited to 
find the values of α, β and γ minimising the root median square error 
related to the responses of interest and defined as: 

RMedSECV=

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

median
[(
yCV − ytrue

)2]
√

(15) 
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where yCV is a vector containing the response values predicted in cross- 
validation and ytrue carries the reference response values.

The use of RMedSECV mitigates, in fact, the impact of potential 
outliers present in the calibration set. On the other hand, the outer loop 
was utilized to set h and k given the optimised α, β and γ. A grid search 
was conducted within the inner and outer loop, testing all possible 
combinations of the different hyperparameter values. A Måge plot [38] 
was ultimately resorted to for determining the final complexity of the 
LW-RoBoost-PLS model under study, i.e., the number of 
LW-RoBoost-PLS latent variables associated to the best combination of h, 
K, α, β and γ. The Måge plot displays the RMedSECV values obtained for 
all possible combinations of tunable parameters as a function of the 
model complexity, highlighting for each number of latent variables 
(LVs) the combination yielding the lowest RMedSECV. Examples of such 
a plot are provided in the Supplementary Figs. S1 and S2.

It has to be noticed that, in order to guarantee the statistical rigour of 
the developed cross-validation approach (whose schematic representa
tion can be found in Supplementary Fig. S3), the data splitting scheme 
adopted here was designed so as to ensure the independence of the 
subsets on which the inner and outer loops were run, respectively.

2.2.5. Model performance
The performance of the models resulting from the different ap

proaches compared was evaluated in terms of root mean square error in 
external validation (RMSEP). It is important to note that the evaluation 
assumes that there are no outliers in the test set. 

RMSEP=

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑N

n=1

(
yn,predicted − yn,true

)2

N

√
√
√
√
√

(16) 

and bias: 

bias=

∑N

n=1
yn,predicted − yn,true

N
(17) 

3. Results and discussion

In this section, we compare the performance of LW-RoBoost-PLS with 
that of RoBoost-PLS and KNN-LW-PLS, focusing also on the way in which 
the different approaches assign weights to the calibration samples.

3.1. Simulated data

The optimal KNN-LW-PLS and RoBoost-PLS parameter combinations 
were determined through a 10-split venetian blind cross-validation 
approach, while for LW-RoBoost-PLS the double cross-validation pro
cedure described in Section 2.2.4.2 was run with 5 data splits for both 
the inner and the outer loop. α, β and γ were all varied in the interval 
[3–7] with increments of 2 units, which resulted in 27 possible combi
nations to test. On the other hand, the range [30− 100] with increments 

of 10 units and the values 1 and 2 were investigated for the local pa
rameters h and K (for a total number of 16 possible combinations). 
Table 1 summarises the outcomes obtained for the three models opti
mised as detailed before, while Fig. 2 displays their corresponding 
prediction plots related to the external validation (test) set.

Fig. 3, instead, represents the weights assigned to all the training 
samples by the three different methods compared in the present article. 
Mind that for KNN-LW-PLS and LW-RoBoost-PLS, only the weights of the 
single local model built for the specific sample highlighted as a red tri
angle in Fig. 2 are given. As one can clearly see, setting α, β and γ at 5, 3 
and 3 allows RoBoost-PLS to correctly downweigh all the anomalous 
observations which were included in the calibration set (see Fig. 3a). It is 
worth noticing here that lower values of these parameters would have 
led to a more severe outlier detection, increasing the number of data 
items recognised as anomalous. However, since RoBoost-PLS is based on 
a linear modelling strategy, its prediction plot, as expected, shows a 
clear nonlinear trend (see Fig. 2a).

Conversely, by selecting a calibration subset of 100 neighbours per 
test sample (in this case, the distance values were calculated in the 
subspace of the first two principal components of X, explaining 
approximately 98 % of the variance of the entire calibration data), KNN- 
LW-PLS easily accommodates non-linearities, which is reflected by the 
fact that it leads to a lower RMSEP than RoBoost-PLS. Moreover, the 
nonlinear trend originally observed in Fig. 2a is significantly reduced 
when KNN-LW-PLS is exploited (see Fig. 2b). Nonetheless, the weights 
estimated by KNN-LW-PLS do not readily consider the existence of 
outliers among the K-nearest neighbours identified for each test obser
vation. This might be the root cause inducing the higher prediction bias 
affecting KNN-LW-PLS.

Finally, LW-RoBoost-PLS permits to achieve a zero bias being 
capable of accurately down-weighing the outliers in the local calibration 
subsets selected. In their optimal combination, α, β, and γ were here 
found to be equal to 3, 7 and 5, respectively. Overall, these higher values 
compared to those resulting from the application of RoBoost-PLS may 
originate from the smaller number of outlying samples with which LW- 
RoBoost-PLS has to deal with iteratively when each of the aforemen
tioned calibration subsets is handled. In addition to its inherent 
robustness against local outliers, LW-RoBoost-PLS can directly cope with 
the nonlinearities simulated in this circumstance (see also Fig. 2c), 
yielding the lowest RMSEP value among the three methodologies under 
study.

Furthermore, having a look at the first LW-RoBoost-PLS latent vari
able weights for a specific test sample (red triangle in Fig. 2c), it can be 
observed how this technique reduces the influence of samples exhibiting 
outlying behaviours even if they were chosen as members of the local 
calibration subsets. Step 14 of Algorithm 4 enables this by reducing or 
even nullifying the initial local weights, as indicated by the yellow stars 
in Fig. 3c. These weights are assigned based solely on the distance be
tween the training observations and the test sample (blue stars in 
Fig. 3c). This adjustment occurs when the training observations exhibit 
abnormal X-residuals, y-residuals, and/or leverage. As represented, for 
instance, by the red circles in Fig. 3c). For illustration, the spectral 
profiles and simulated y-values for these four samples are displayed in 
Fig. 4, along with those of the remaining calibration subset considered in 
this specific scenario.

3.2. ABS data

The ABS data have recently been analysed by means of multiblock 
and local predictive approaches in an attempt to determine the influence 
of each production process stage on the quality of the manufactured 
copolymer. The original work conducted on them [30] encompassed 
several steps of data cleaning, outlier removal and response linearisa
tion, which here were completely skipped in order to test the three 
methods under study in a rather complex industrial scenario. The raw 
data collected in the plant and fused as outlined in Section 2.1.2 were, 

Table 1 
Parameter settings of the compared models. LVs denotes the number of latent 
variables.

Model Local 
Parameters (k, 
h)

RoBoost 
parameters (α, β, 
γ)

LVs RMSEP Bias

RoBoost- 
PLS

​ 5, 3, 3 1 0.081 − 0.035

KNN-LW- 
PLS

100, 1 ​ 2 0.062 0.097

LW- 
RoBoost- 
PLS

70, 2 3, 7, 5 2 0.049 0.000
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thus, directly input to RoBoost-PLS, KNN-LW-PLS and LW-RoBoost-PLS 
for comparison purposes. It is important to note that KNN-LW-PLS was 
replaced by K-Nearest-Neighbours-Locally-Weighted-Multiblock-PLS 
(KNN-LW-MB-PLS) [30], ensuring that the nearest neighbours identified 
for each test sample remained unchanged across all investigated data 
blocks. The same modification was also applied to LW-RoBoost-PLS, at 
least for steps 1 to 3 of Algorithm 4. Additionally, distinct preprocessing 
operations were performed on the data blocks: NIR spectra were pre
treated using Standard Normal Variate (SNV [39]) and mean centering, 
while measurements from each process sensor used throughout the 
production process were autoscaled. Prior to multiblock data analysis, 
the single blocks were finally scaled to unit block variance. In order to 
keep the calibration and cross-validation sets truly independent, pre
processing was performed after the cross-validation data splitting.

As for the simulated data, we report in Table 2 the outcomes related 
to the prediction of the response values associated to the external vali
dation set samples returned by a RoBoost-PLS, a KNN-LW-MB-PLS and a 
LW-RoBoost-PLS model optimised as outlined in Section 3.1.

RoBoost-PLS extracts in total 4 LVs, but the retrieved combination of 
α, β and γ values (all set equal to 5) in this case seems not to effectively 
decrease the influence of all the outliers present in the calibration data 
as several predicted y-values it yields are far away from the ideal 1:1 
fitting line (see Fig. 5a). On the other hand, KNN-LW-MB-PLS requires 
200 neighbours and 4 LVs to build local models that allow to signifi
cantly improve the prediction quality (see, for instance, the blue dots in 

Fig. 5b) and guarantee a more reasonable y-residuals distribution (re
sults not shown). Last but not least, LW-RoBoost-PLS outperforms both 
RoBoost-PLS and KNN-LW-MB-PLS in terms of predictive ability (it, 
indeed, returns the lowest RMSEP), as also the prediction plot in Fig. 5c 
highlights. At a closer look, it is also possible to notice how LW-RoBoost- 
PLS is capable of reducing the prediction bias affecting specifically the 
samples of product (grade) 5 and 8 as well as the dispersion observed 
when KNN-LW-MB-PLS was exploited, for example, for product 3 at high 
y-values.

In addition, Fig. 6 displays the weights assigned to all the training 
samples by the three considered approaches (once again, for KNN–KNN- 
LW-PLS and LW-RoBoost-PLS only the weights of a single local model – 
the one constructed for the test sample denoted with a red triangle in 
Fig. 5b and c – are given). In this circumstance, LW-RoBoost-PLS man
ages to zero some of the weights mistakenly kept higher by both 
RoBoost-PLS and KNN-LW-MB-PLS (see the red dots in Fig. 6a and b) and 
evidently associated to observations characterised by aberrant NIR 
spectral profiles and/or y-values (see Fig. 7). Notably, despite their local 
nature, models like those provided by LW-RoBoost-PLS preserve a direct 
link with the original measured variables, which can be leveraged for 
interpretability, as shown in Ref. [30]. An example of how to possibly 
interpret a LW-RoBoost-PLS model is illustrated in Supplementary 
Fig. S6.

Fig. 2. Simulated data: predicted y-values versus measured y-values plots resulting from the application of the optimal a) RoBoost-PLS, b) KNN-LW-PLS and c) LW- 
RoBoost-PLS models. The displayed predictions relate to the samples of the external validation (test) set. For the sake of comparison, the predicted y-values obtained 
using a classical PLS model are reported in Supplementary Fig. S4.

Fig. 3. Simulated data: calibration sample weights estimated by a) RoBoost-PLS, b) KNN-LW-PLS and c) LW-RoBoost-PLS. Notice that for KNN-LW-PLS and LW- 
RoBoost-PLS only the weights of the local models constructed for the sample denoted with a red triangle in Fig. 2b and c are given. In Fig. 3c, the blue stars 
represent the initial weights assigned based on the distance between the training observations and this test sample, while the yellow ones correspond to the final 
weights calculated at the end of the LW-RoBoost-PLS computational procedure. (For interpretation of the references to colour in this figure legend, the reader is 
referred to the Web version of this article.)
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4. Conclusions

In this article, we proposed a novel PLS-based multivariate calibra
tion approach capable of handling non-linearities between predictors 
and responses while mitigating the detrimental influence of outliers 
during the calibration of a regression model. This approach, named LW- 
RoBoost-PLS, relies on a double weighting scheme resulting from a 
rational combination of the operational principles of KNN-LW-PLS and 
RoBoost-PLS. This combination is the key feature that makes it possible 
to simultaneously overcome the challenges posed by non-linearities and 
outliers.

LW-RoBoost-PLS was here tested on both simulated and complex 
real-world data and was found to outperform both the native methods 
from which it originates in terms of predictive power when the data 
under study exhibited strong non-linear variable intercorrelations and 
contained aberrant observations in X and/or Y. More specifically, LW- 
RoBoost-PLS proved to be particularly suitable for real-time prediction 
in industrial scenarios where the collected measurements are usually 

Fig. 4. Simulated data: a) pseudo-spectral profiles and b) y-values of the samples belonging the local calibration subset identified for the test observation denoted 
with a red triangle in Fig. 2b and c. Aberrant behaviours can be observed for the samples to which LW-RoBoost-PLS finally assigns a zero weight (see red solid lines 
and bars). (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.)

Table 2 
Parameter settings of the compared multiblock (MB) models (for the sake of 
simplicity, MB has been omitted from the algorithms’ acronyms in the first 
column). LVs denotes the number of latent variables.

Model Local 
Parameters (k, 
h)

RoBoost 
parameters (α, β, 
γ)

LVs RMSEP 
(g)

Bias 
(g)

RoBoost- 
PLS

​ 5, 5, 5 4 0.85 − 0.39

KNN-LW- 
PLS

200, 2 ​ 4 0.82 0.16

LW- 
RoBoost- 
PLS

200, 1 7, 3, 7 5 0.64 − 0.05

Fig. 5. ABS data: predicted y-values versus measured y-values plots resulting from the application of the optimal a) RoBoost-PLS, b) KNN-LW-MB-PLS and c) LW- 
RoBoost-PLS models. The displayed predictions relate to the samples of the external validation (test) set. The colour coding reflects the manufactured ABS grade. For 
the sake of comparison, the predicted y-values obtained using a classical PLS model are reported in Supplementary Fig. S5. (For interpretation of the references to 
colour in this figure legend, the reader is referred to the Web version of this article.)
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characterised by complex non-linearities related to seasonal variations 
or production scale-ups and by the presence of severe outliers due to 
sensor failures and/or drifts. It goes without saying then that fields such 
as pharmaceuticals – where spectroscopic techniques are widely used for 
drug formulation and process validation – or agriculture, where sensor 
data integration is critical for crop monitoring and soil analysis – may 
dramatically benefit from the robustness against non-linearities and 
outliers LW-RoBoost-PLS guarantees. Similarly, in environmental 
monitoring, where data streams from multiple sources often exhibit 
fluctuations and anomalies, LW-RoBoost-PLS could enhance predictive 
modelling and anomaly detection.

Concerning hyperparameter optimization, in this study the tested 
values were chosen based on prior knowledge and empirical experience 
with similar models. In general, for α, β and γ, higher values are typically 
used when a low number of outliers is expected and vice versa. If no prior 
information on the amount of outlying observations is available, larger 
intervals should be searched to ensure robustness. Regarding local 

parameters, the number of neighbours k should typically range from a 
few tens to a few hundreds, depending on the size and structure of the 
dataset.

In terms of computational efficiency, the proposed cross-validation 
strategy for model adjustment was found to be more demanding than 
running a single-step grid search accounting for all the six hyper
parameters altogether, but was preferred to preserve the independence 
of the validation subsets resorted to for tuning the local and the robust 
parameters, respectively. Nonetheless, the time required to process a 
new sample remains comparable to that of standard methods, typically 
well below 1 s. Moreover, when predicting response values for multiple 
new samples simultaneously, parallel computing strategies could be 
employed to further reduce execution time.

It is worth noticing that the method proposed in this article cannot 
readily cope with outlying test observations. This is issue will be 
addressed in future work.

Fig. 6. ABS data: calibration sample weights estimated by a) RoBoost-PLS, b) KNN-LW-MB-PLS and c) LW-RoBoost-PLS. Notice that for KNN–KNN-LW-PLS and LW- 
RoBoost-PLS only the weights of the local models constructed for the sample denoted with a red triangle in Fig. 5b and c are given. In Fig. 5c, the blue stars represent 
the initial weights assigned based on the distance between the training observations and this test sample, while the yellow ones correspond to the final weights 
calculated at the end of the LW-RoBoost-PLS computational procedure. In Fig. 5a and b, the weights of the samples identified as outliers by LW-RoBoost-PLS (i.e., for 
which the LW-RoBoost-PLS weight was found to be approximately zero) are represented as red dots. (For interpretation of the references to colour in this figure 
legend, the reader is referred to the Web version of this article.)

Fig. 7. ABS data: a) spectral profiles and b) y-values of the samples belonging to the local calibration subset identified for the test observation denoted with a red 
triangle in Fig. 5b and c. Aberrant behaviours can be observed for most samples to which LW-RoBoost-PLS finally assigns a zero weight (see red solid lines and bars). 
(For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.)
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