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Predictive latent space near-infrared (NIR) spectral modelling with PLS (Partial Least Squares) has two main
tasks that require user input to achieve optimal models. The first is the selection of the optimal pre-processing of
NIR spectra and the second is the selection of the optimal number of PLS model components assuming the data is
outlier free. Often the two tasks are performed in an exhaustive search to find the best pre-processing as well as
the optimal number of model components. We propose a novel approach called meta partial least square (METAPLS) which drops the need for both the pre-processing optimisation and exhaustive search for optimal model
components. We utilise the stepwise nature of the PLS algorithm to learn complementary information from
different pre-processed forms of the same data set as performed in multiblock pre-processing ensemble models to
avoid pre-processing selection but receive help from the pre-processing ensembles, and deploy a weighted
randomisation test to decide the optimal number of model components automatically. The performance of the
approach for performing automatic NIR spectral modelling is demonstrated with several real data sets.

1. Introduction
Optical spectroscopic techniques such as near-infrared (NIR) spec
troscopy are widely used for the rapid and non-destructive

physicochemical analysis of a wide range of samples [1,2]. Applications
can be found in diverse scientific domains such as forensics [3–5], foods
[2], remote sensing [6,7], agriculture [8,9], and many more [1]. How
ever, a common challenge that all domains of science face regarding the
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use of optical spectroscopic techniques such as NIR spectroscopy is
related to the calibration of the sensors [10]. Optical spectroscopic
sensors such as NIR spectroscopy only capture the photon counts arising
from the interaction of electromagnetic radiation with the samples after
phenomena such as absorption, scattering, transmission, and reflection
[11]. These photon count values need to be transformed to meaningful
physicochemical results with the use of chemometric calibration models
[10,11]. Furthermore, based on the application, the spectroscopic sensor
will require a unique calibration, for example, if the aim is to predict fat
content in milk, the user will need to at first measure milk samples with
wide variation in fat content and the reference fat content in each milk
sample with the traditional wet chemistry approaches [12]. Using the
data, the user will develop a calibration such that in the future the
calibration and data acquired by the spectroscopic sensor will be suffi
cient to estimate the fat content in new samples, allowing rapid analysis
of samples by avoiding wet chemistry [10].
In the domain of chemometrics, the challenge of spectroscopic sensor
calibration is well understood and many approaches such as multiple
linear regression, partial least-squares (PLS), support vector regression,
and artificial neural networks are widely used for calibration modelling
[10]. Out of all tools used, the latent space modelling approaches such as
PLS are of high interest since the multivariate signals generated by
spectroscopic sensors are highly collinear [10]. PLS type approaches
allow bypassing this collinearity problem in regression by performing a
data compression by capturing the most covarying information con
cerning the response to be predicted [13–16]. Developing calibrations in
such compressed data have been shown to achieve more generalised
predictive models. Due to the same fact, PLS is also one of the widely
used calibration modelling tools for NIR spectral data [10,17]. Another
aspect in favour of the usage of PLS is that it is highly parsimonious,
where apart from the predictive models, the user can have insights to
wards the background physicochemical process modelled by exploring
key model outputs such as scores, loadings and regression vectors [14].
Note that such model outputs are usually limited when employing
advanced machine learning approaches such as artificial neural net
works and deep learning [18,19].
Although PLS is one of the most preferred tools for multivariate
calibration of spectroscopic signals, there is still some room for
improvement in PLS modelling to make it more effective and less
resource demanding in terms of optimisation. In the current state of the
art, the PLS modelling of spectral data involves the optimisation of two
main properties of the tool. The first is the optimisation in the identifi
cation of the best possible pre-processing operation needed to remove
spectral artefacts and increase signal-to-noise ratio [20,21]. Note that
spectral pre-processing is often needed as spectral data measured with
spectroscopic sensors often has non-chemical information (such as ad
ditive and multiplicative light effects) which interferes with the model.
Hence, with the help of pre-processing such non-useful information is
usually eliminated [21–23]. The second main part of the PLS modelling
is the optimisation of the total number of latent variables (or model
components). When these two optimisation steps are combined, the
modelling of spectral data becomes a computationally demanding task
since there is a wide range of pre-processing options available for
spectral data which usually need to be exhaustively explored in com
bination with the number of latent variables [20,22–24]. In the domain
of chemometrics, there are currently partial solutions existing for both
the challenges. For example, to avoid the exhaustive search of
pre-processing operations, ensemble pre-processing approaches have
recently become popular which aim to learn complementary informa
tion present in the differently pre-processed forms of the same data [23,
25–27]. On the other hand, to avoid the exhaustive approach of latent
variables optimisation, recently the interest is appearing in the usage of
randomisation tests [28,29]. Randomisation tests are considered as a
better alternative to the cross-validation approaches as the random
isation test uses the complete data to decide the significance of a model
component, while in cross-validation, usually a part of data is involved

in the model building process and the other part is left out for validation
[28,29]. That is to say, in a cross-validation strategy of k folds, only k-1
folds are used to build the model and 1 fold is left out for model vali
dation. To the best of our knowledge, no one has yet combined the
concept of multiblock modelling with the concept of randomisation
tests. Such a combination can allow a wide range of applications such as
automatic pre-processing ensemble modelling as well as automatic
multi-sensor fusion modelling, basically as an outcome of automatic
multiblock modelling.
In the domain of chemometrics, a wide range of multiblock model
ling approaches have been proposed. The main approaches for predic
tive multiblock modelling can be summarised as the multiblock PLS [30,
31], sequential and orthogonalized PLS [32], parallel and orthogonal
ized PLS [33], and response-oriented sequential alternation (ROSA)
modelling [34]. Of all the predictive modelling approaches, the recent
ROSA approach is of high interest as it allows fast order and
scale-independent multiblock modelling [34]. Furthermore, ROSA is a
direct extension of PLS to the multiblock scenario, hence, all the oper
ations possible with the traditional PLS are also directly applicable to the
ROSA modelling approach. This also means that the weighted ran
domisation test (WRT) [28] approach developed for the automatic
model component selection for the traditional PLS approach can also be
directly extended to the ROSA framework, where each modelled ROSA
component can be tested for significance using the WRT.
The goal of this work was to seek for a novel approach which by
passes the requirement for both the pre-processing optimisation and
exhaustive search for optimal model components; so-called meta partial
least square (META-PLS). We utilised the stepwise nature of the ROSA
algorithm (an extension of PLS) to learn complementary information
from different pre-processed forms of the same data set (including multisensor data) similar to what was presented in Ref. [27] to avoid
pre-processing selection but receive help from the pre-processing en
sembles, and deployed WRT to decide the optimal number of model
components automatically. The performance of the approach for per
forming automatic NIR spectral modelling is showcased with several
real data sets.
2. Materials and method
2.1. META-PLS
META-PLS is a novel combination of two existing chemometric tools
called ROSA and the WRT. The key idea behind the META-PLS is to use
the ROSA [34] to learn pre-processing ensembles from different
pre-processed forms of the same data while using the WRT [28] at each
step of the model component extraction to check its significance. In the
case of multi-sensor data, the META-PLS will allow multiple
pre-processed forms of multi-sensor data to explain the response vari
able. The algorithmic step of the META-PLS is described in Table 1 and a
graphical algorithm is shown in Fig. 1. All the matrices are presented in
bold upper case, the vectors are in bold lower case, and the scalars are in
lower case.
The algorithm of the META-PLS is slightly different to the algorithm
of the ROSA. The main key difference is the predictor matrix deflation
step, which was absent in ROSA, is present in the META-PLS approach.
In the algorithm presented in Table 3, the steps 5, 6 and 7 are the key
steps related to the WRT [28]. The deflation step was needed as the WRT
[28] requires both a deflated predictor matrix and deflated response
variables to estimate the null distribution of the randomised response
vector. Without predictor matrix deflation the randomized loading
weight would be a mix of different components and result in the wrong
null distribution. This can be considered as a factor that may make the
ROSA approach slightly slower due to predictor matrix deflation, how
ever, as there is no cross-validation needed for the META-PLS, the tool
overall should still stay faster.
The META-PLS approach can be used for handling a wide range of
2
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Table 1
Pseudo algorithm for META-PLS.
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automatic multivariate predictive modelling cases, for example, in the
case of modelling a single raw data block, the META-PLS converges to
the WRT-PLS [28] proposed in the earlier work about automatic opti
misation of the latent variables for a single block PLS model. In the case
of pre-processing ensemble modelling, the same data can be
pre-processed with multiple pre-treatments or their combinations to
obtain a multiblock dataset on which the ROSA strategy will extract the

model components stepwise until non-significant components are found.
Furthermore, the approach can also be used for automatic modelling of
multi-sensor data as the ROSA at the step of latent variable extraction
will allow selecting the winning block and at each step, the WRT can be
performed to check if the component is significant or not.

4
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Fig. 1. Graphical algorithm for META-PLS.

2.2. Datasets

range (720–997 nm) of the data was used for modelling purposes due to
the chemical overtones of water in the spectral region. Moisture content
(MC) was determined by recording the weight of the parts (1 cm thick
disc cut from the fruit belly) before and after drying in a hot-air oven (FP
720, Binder GmbH, Tuttlingen, Germany) at 80 for 96 h. More details on
the samples and experiment can be found in an earlier publication [18,
37].

The potential of META-PLS is shown on four real spectral data sets
for automatic chemical attributes prediction. Furthermore, a compari
son with the traditional cross-validation based PLS modelling is also
provided. All the data sets were partitioned using the Kennard-Stone
[35] algorithm (on raw data) to calibration (60%) and test (40%) set.
A summary of all the partitioned data sets is supplied in Table 2. All data
analyses were performed using MATLAB (Release 2018b; The Math
works, Natick, MA) on a workstation equipped with a NVidia GPU
(GeForce RTX 2080 Ti), an Intel® Core™ i7-4770k @3.5 GHz and 64 Gb
RAM, running Microsoft Windows 10 OS.

2.2.3. Rice dataset
The data set consists of NIR spectra and reference protein measure
ments performed on 200 individual rice kernels. The spectral measure
ments were performed with an FT-NIR spectrometer (MPA, Bruker,
Germany). The reference property was the protein content which ac
cording to the primary study was measured using the Dumas combustion
method. More details on the dataset can be accessed in an earlier pub
lication [38].

2.2.1. Walnut dataset
The walnut kernel data set included NIR spectral and reference
measurements performed on walnuts of the Wen 185 variety [36]. Prior
to the experiment the walnuts were crushed and sieved after removing
the shell. To create a wide variation in the moisture content some walnut
kernels were placed in a high-humidity constant temperature incubator
at 20 ◦ C leading to 136 walnut kernel samples with different moisture
contents. The spectral measurements were performed with a FOSS NIRS
DS2500 spectrometer (FOSS, Denmark) recording spectra in the spectral
range of 780–2500 nm. Spectra for each sample were measured in
triplicates and averaged to lead to a single spectrum for each sample.
More information on the data set can be found in an earlier publication
[36].

2.2.4. Milk data set
The milk data set consisted of reference fat and protein content, and
transmission spectral measurements performed on 296 milk samples
with three different portable spectral sensors working in complementary
NIR spectral ranges, i.e. NIRONE 1.4, NIRONE 2.0 and NIRONE 2.5 from
Spectral Engines (Helsinki, Finland). The NIRONE 1.4 was in
1100–1400 nm, NIRONE 2.0 was in 1550–1950 nm and NIRONE 2.5 was
in 2000–2450 nm spectral ranges. More information on the data set can
be obtained in the earlier study [12].

2.2.2. Pear dataset
The pear fruit data consist of NIR and moisture content measure
ments performed on ‘Conference’ pear fruit. The fruit was measured
along the period of 14 months from September 2019 to November 2020
with a total of 781 fruits. Spectral measurements were done with a
portable spectrometer (Felix F-750, Camas, WA, USA). The NIR spectral

3. Results and discussion
3.1. Automatic single block model optimisation
In this section the performance of single block META-PLS, especially
on the selection decision of choosing the optimal number of latent
variables, will be studied, and compared with PLS with multiple latent
variable selection strategies on all datasets. For comparison purposes,
the analyses in this subsection are on the raw data without any preprocessing.
One of the common approaches practised in the NIR spectral
modelling applying PLS is to use cross-validation approaches to decide
on the optimal number of model components. Some well-known and
widely used cross validation methods include: 1) k-fold for which one
first randomly splits a given data set into k groups and then uses each
group as the validation set while the remaining groups are used as the
training set. 2) Venetian blind in which each validation set is determined
by selecting every sth object (s refers to the number of data splits) in the
data set, starting at objects numbered 1 through s. 3) Monte-Carlo crossvalidation where several hold-out validation sets are randomly and
sequentially drawn and the procedure is repeated multiple times. 4)

Table 2
A summary of data sets used for showing the META-PLS modelling. The data was
partitioned using the Kennard-Stone [35] algorithm.
Samples

Reference
property

Spectral data

Reference range (Mean ±
std)

Calibration

Test

Calibration

Test

119 ×
201
313 ×
85
34 ×
860
81 ×
304

4.66 ± 1.26

4.77 ±
0.80
85.05 ±
1.50
5.28 ±
1.32
8.77 ±
1.32

Milk

Fat (%)

177 × 201

Pear

Moisture (%)

468 × 85

Walnut

Moisture (%)

78 × 860

Rice

Protein (%)

120 × 304

85.03 ±
1.62
5.71 ± 1.58
9.25 ± 1.59
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Table 3
A summary of model performance using different cross validation methods and LVs selection strategies.
Sample

LVs selection strategy

Cross validation method

LVs

Rc

Rp

RMSEC

RMSEP

Milk

Sharp bend user decision

Venetian Blind
K-fold
Monte Carlo
Bootstrap
Venetian Blind
K-fold
Monte Carlo
Bootstrap

8
7
7
7
9
10
10
10

0.98
0.98
0.98
0.98
0.99
0.99
0.99
0.99

0.95
0.95
0.95
0.95
0.95
0.96
0.96
0.96

0.23
0.25
0.25
0.25
0.22
0.21
0.21
0.21

0.26
0.26
0.26
0.26
0.25
0.25
0.25
0.25

Venetian Blind
K-fold
Monte Carlo
Bootstrap
Venetian Blind
K-fold
Monte Carlo
Bootstrap

8
8
8
8
12
12
12
11

0.92
0.92
0.92
0.92
0.94
0.94
0.94
0.93

0.91
0.91
0.91
0.91
0.93
0.93
0.93
0.93

0.64
0.64
0.64
0.64
0.57
0.57
0.57
0.59

0.64
0.64
0.64
0.64
0.56
0.56
0.56
0.57

Venetian Blind
K-fold
Monte Carlo
Bootstrap
Venetian Blind
K-fold
Monte Carlo
Bootstrap

3
3
3
3
19
18
18
18

0.95
0.95
0.95
0.95
0.97
0.97
0.97
0.97

0.99
0.99
0.99
0.99
0.96
0.97
0.97
0.97

0.49
0.49
0.49
0.49
0.36
0.37
0.37
0.37

0.29
0.29
0.29
0.29
0.38
0.37
0.37
0.37

Venetian Blind
K-fold
Monte Carlo
Bootstrap
Venetian Blind
K-fold
Monte Carlo
Bootstrap

7
7
7
7
12
12
12
12

0.97
0.97
0.97
0.97
0.98
0.98
0.98
0.98

0.94
0.94
0.94
0.94
0.96
0.96
0.96
0.96

0.40
0.40
0.40
0.40
0.29
0.29
0.29
0.29

0.48
0.48
0.48
0.48
0.39
0.39
0.39
0.39

Minimum point

Pear

Sharp bend user decision

Minimum point

Walnut

Sharp bend user decision

Minimum point

Rice

Sharp bend user decision

Minimum point

Fig. 2. Traditional cross-validation based PLS modelling with the evolution of cross-validation error as a function of number of latent variables. Cross-validation
plots for (A) milk, (B) pear, (C) walnut, and (D) rice.
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Bootstrap, which involves drawing training sets with replacements from
the original data. Individual cross-validation methods have their own
pros and cons, making it a tough decision for the user to choose. Herein,
error curves obtained from the aforementioned cross-validation
methods are obtained and presented in Fig. 2. Note that the analysis
presented in Fig. 2 is a single block analysis and performed on the raw
data without any pre-processing. Venetian blinds is performed with 10
groups and k-fold applied k = 10. It should be noted that k-fold crossvalidation will deliver inconsistent results every run due to different
random data splitting. In this sense, we have specified the seed for the
random number generator to make the results repeatable. The number
of Monte Carlo repetitions is 100, and bootstrap draws 100 bootstrap
data samples. For the same sample set, Fig. 2 demonstrates that the
overall trend of cross-validation error curves gleaned from different
methods are similar. Nevertheless, the discrepancy between methods is
also witnessed. More importantly, Fig. 2 shows that it could be chal
lenging for the user to determine the optimal number of latent variables,
for example, in the case of fat prediction in milk, where the crossvalidation curve (Fig. 2A) showed a strong bend near 4 latent vari
ables, but the cross-validation error then continued to decrease until 9
latent variables, making it difficult to decide the exact number of com
ponents at the plateau point. Similarly, in the case of MC prediction for
pears, the cross-validation curve (Fig. 2B) showed multiple stabilisation
points leading to the selection of the final stabilisation point as the
optimal point by the user. Sharpe bends were also noted for the walnut
and rice cases (Fig. 2C and D). Generally, the model components were
selected by the user decision of finding either the sharp bend in the
cross-validation error or by the minimum point. Table 3 summarizes and
compares the model performance adopting different strategies for
selecting the optimal number of LVs. The achieved models showed
decent performance for all the cases. As can be seen, there are signifi
cantly fewer selected LVs using sharp bend compared to the selection
based on the minimum error, which leads to the question of which

strategy to follow for different datasets. Apparently, the desirable
strategy varies from sample set to sample set. For example, the regres
sion model for pear samples using 8 LVs selected by sharp bend appeared
underfitted compared to the 12 LV model based on the minimum error
value. In contrast, for the walnut sample, the model selection based on
the minimum cross-validation error is inclined to be overfitted, because
the usage of 3 LVs obtained from sharp bend observation produces Rp of
0.99 and RMSEP of 0.29 while minimum error strategy tends to select 18
or 19 LVs with the Rp less than 0.97 and RMSEP higher than 0.37. Apart
from this, it can be noticed that deploying different cross-validation
methods sometimes ends up with different number of selected LVs.
For instance, for the milk sample, based on the minimum error point,
venetian blind suggests 9 LVs while other methods come up with 10 LVs.
As a result, model selection based on cross-validation is tricky and
disadvantageous involving exhaustive work and subjective results.
The analyses for all the cases presented in Fig. 2 were repeated using
the proposed META-PLS approach. As mentioned earlier, META-PLS is
equivalent to WRT-PLS for the single block model.
The META-PLS does not supply any cross-validation curve for user
influence on the model but selects the total number of significant com
ponents unless the consecutive number of non-significant components
(CNC) stays below 3 (by the default setting of the algorithm). For
example, in. supplementary figures (Figs. 2–5), the values for the
loading weight lengths for each step of the component extraction can be
plotted as a function of latent variables to see visually which compo
nents are significant or not. Finally, in supplementary figures (Figs. 2–5),
it can be noted that as soon as the 3 non-significant components were
encountered no components were extracted, and the total components
were selected as the total extracted components minus 3 non-significant
components. The results of META-PLS (Fig. 3) suggested that the METAPLS models achieved the lowest RMSEP for all the cases when the user
decision was used to select the optimal number of components. On the
other hand, when the minimum point of the cross-validation curve was

Fig. 3. The prediction plots from META-PLS analysis for (A) milk, (B) pear, (C) walnut, and (D) rice.
7

P. Mishra et al.

Analytica Chimica Acta 1221 (2022) 340142

Fig. 4. A summary of differently pre-processed blocks used during the ensemble modelling by META-PLS for (A) milk, (B) pear, (C) walnut, and (D) rice. The number
in the x-axis shows the window width for the SavGol filter.

used, the META-PLS either achieved similar RMSEP or lower. To this
point, the findings from the earlier study showing the superiority of the
WRT [28] to achieve either similar or better models than the user choice
of latent variables or minimum points of cross-validation curves are
revalidated.

range of window widths (13–91 with the step of 2) for the milk, walnut
and rice data and window widths (7–41 with the step of 2) for the pear
data due to the low number of variables as presented in Fig. 4. Note that
in a practical scenario, the user may increase the window size in an
exponential fashion instead of a linear fashion as usually there is very
little difference between consecutive window widths. Increasing the
window size exponentially may lead to a large improvement of
computational speed.
The META-PLS on such data achieved the optimal model by learning
complementary information from data pre-processed with different
window widths of the SavGol operator. For example, in the case of milk
(Fig. 4A), the optimal model was achieved using the data obtained by
pre-processing the raw spectra with the SavGol operator of window
widths 13 (2 latent variables), 17 (1 latent variable), 19 (1 latent vari
able) and 81 (1 latent variable). Similarly, for other data sets as well
(Fig. 3B–D), the optimal models were achieved as the ensembles of data
pre-processed with different window widths of the SavGol operator. The
main benefit of such an analysis is that users do not need to spend time
exploring all the feasible options and selecting one best window width
but allowing them to learn as much information as possible from the
different forms of the same data. Recently, such ensemble learning has
proved to be a highly efficient approach to spectral data modelling [23,
25,26]. In our case of analysis, it can be noted that the pre-processing
ensemble models (Fig. 5) either achieved lower RMSEP compared to
the analysis performed on the raw data or achieved comparable per
formance with a reduction in latent variables by a factor of up to half.
For example, for the milk data set (Fig. 5A), the RMSEP was the same as
the model made on raw data but the total number of latent variables
with the ensemble modelling was only 6 compared to the 10 used

3.2. Automatic pre-processing ensemble model optimisation to bypass
exhaustive pre-processing selection
In the earlier section, the META-PLS analysis was shown on a single
form of data set (single block PLS), however, the most promising
property of the META-PLS is that it can be used to learn an ensemble
model of the same data pre-processed with multiple pre-treatments [23].
In that regard, the analysis presented in the earlier section was repeated
by pre-processing the same data with different pre-processing tools.
Note that in the domain of NIR spectroscopy a widely used tool is the
derivative operation which allows revealing the underlying peaks in the
broad NIR spectral signal [21,22]. The most common tool to estimate
the spectral derivative is with the Savitzky-Golay (SavGol) operators
[39]. Furthermore, in the SavGol filtering, a key parameter to optimise is
the window width of the SavGol operator [39]. The window width can
have a considerable influence on the final model, hence, in the domain
of chemometric, exhaustive approaches are used to find the best optimal
window width for the SavGol [20,24,40]. In this study, we show that
selection of the window width can be avoided with the META-PLS
approach by learning an ensemble model of the data pre-processed
with SavGol derivative estimates using different window widths. For
example, the analysis presented in the earlier section was repeated by
pre-processing the same data using SavGol 2nd derivative with a wide
8
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Fig. 5. The prediction plots from META-PLS analysis for pre-processing ensemble (A) milk, (B) pear, (C) walnut, and (D) rice.

(Fig. 3A) during the modelling based on raw data. For the walnut data
set, the latent variables used by the ensemble model were only 6
(Fig. 5C) compared to 8 (Fig. 3C) used by the model based on raw data.
Furthermore, the small number of latent variables was also accompanied
by a lower prediction error with the ensemble modelling. In comparison
to the analysis performed on the individually pre-processed data sets,
the performance of the ensemble model was comparable but not the best
(Supplementary Figs. 5–8). However, the ensemble model performance
was the best when it comes to low number of model components.
Slightly poor performance of the ensemble models in some cases can be
linked to the main limitation of the ROSA strategy; that it is prone to
local minima, which has already been highlighted in some recent works
[27]. Developing a more robust ROSA strategy capable of bypassing
local minima is currently a topic under investigation and out of scope of
this current article. We also feel obliged to point out that the ensemble
model requires more spectral variables as the input (e.g., 201 spectral
variables for the original milk model vs 8040 (201 × 40 window widths)
variables for the ensemble model). Although some spectral variables
generated by different pre-treatments could make no contribution to the
final ensemble model as evidenced by the beta coefficient of 0 value, the
ensemble model increases memory storage and therefore reduces pro
cessing speed. Such a disadvantage matters in terms of huge data sets
with massive observations. One simple solution is to eliminate all useless
pre-treatments identified by applying META-PLS on a small represen
tative subset of a huge data set. It should be noted that the proposed
META-PLS is well suited for different situations and aligned with
big-data development trends and advanced computational imple
mentation possibilities.

data generated on the same samples using multiple sensors. For
example, in the case of milk, the spectra were measured with three
different NIR sensors of complementary spectral ranges. More summary
of the milk data set in relation to spectral variables and reference fat
content are shown in Table 4. The results of the META-PLS analysis for
multi-sensor ensemble modelling are shown in Fig. 6. The obtained
META-PLS model was built from using 8 latent variables where 5 were
from sensors 1 and 3 were from sensor 3. Although, equal chances were
given to sensor 2 as well, no latent variable was modelled from this
sensor. The model achieved high R values for both calibration and test
set and achieved the same prediction error for calibration and test set
showing minimal overfitting. Note that since data from all three spectral
sensors were NIR spectral data, the pre-processing ensemble with METAPLS can still be explored to achieve even better models compared to
META-PLS on raw data. For example, the spectral data from 3 different
sensors can be expanded by pre-processing the data with SavGol de
rivative of varying window width as presented in the earlier section. In
that regard, the spectral data from three different sensors were preprocessed as the SavGol 2nd derivative with window width in the
range of 13–89 (Fig. 7). The raw data were also kept such that if any
useful complementary information was removed by pre-processing, it
could still be learned from the raw data. The META-PLS model in the
Table 4
A summary of data sets used for showing the META-PLS modelling for multisensor data.
Sensor

3.3. Automatic multiblock model optimisation

Sensor 1
Sensor 2
Sensor 3

The META-PLS can also be used for learning an ensemble based on
9

Spectral data

Reference range Fat (%)

Calibration

Test

Calibration

Test

177 × 201
177 × 201
177 × 226

119 × 201
119 × 201
119 × 226

4.66 ± 1.26

4.77 ± 0.80

P. Mishra et al.

Analytica Chimica Acta 1221 (2022) 340142

Fig. 6. META-PLS modelling for multi-sensor data fusion. (A) Summary of latent variables extracted from each data block, and (B) prediction plot based on optimal
number of latent variables.

Fig. 7. A summary of differently pre-processed blocks used during the ensemble modelling of multi-sensor data by META-PLS for (A) sensor 1, (B) sensor 2, and (C)
sensor 3. The number in the x-axis shows the window width for the SavGol filter.

case of multi-sensor multi-pre-processing ensemble achieved the
optimal model with only 5 latent variables compared to the 8 latent
variables used during the META-PLS solely based on raw multi-sensor
data. Furthermore, the reduction of latent variables from 8 to 5 did
not have much effect on the prediction performance of the models
(Fig. 8). In Fig. 6, the latent variables extracted by the multi-sensor
multi-pre-processing ensemble are presented. It can be noted that all
of the information was still modelled from sensor 1 and sensor 3 as no
latent variables were extracted from sensor 2. Furthermore, the infor
mation was only modelled from the derivative form of data as no latent
variables were selected from the raw data block of any sensor.

3.4. Automatic multiblock multi-response modelling
The META-PLS also allows to automatically develop multi-response
models based on multiblock data. The multiblock data can either be
data from multiple sensors or multiple pre-processed forms of the same
data. An example for the multi-response multiblock is presented for the
milk data set, where an ensemble of three different sensors was used to
simultaneously predict the fat and protein content. As can be noted for
the results (Fig. 9), the model learned from two different sensors and
achieved models with high R values and low prediction errors. More to
that, the prediction error for calibration and test set were similar
showing minimum chances of model overfitting. Due to the capability of
handling multi-response, META-PLS can also be used for classification
scenarios where the classes are presented as dummy matrices of zeros
10
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4. Conclusions and remarks
A novel approach called META-PLS for automatic PLS modelling of
multivariate spectral data was presented. The tool was a combination of
two recently proposed chemometric tools: ROSA multiblock modelling
and the weight randomisation test for model component selection. In the
case of single block data, the model converges to the WRT-PLS proposed
in an earlier study, while in the presence of multiple pre-processed forms
of the same data the tool learns an ensemble of pre-processings just like
the recently proposed pre-processing ensemble with ROSA but without
any need for the user to select the optimal number of model components
using cross-validation analysis. In all the presented four cases of raw
spectra data modelling, the META-PLS model had either similar or lower
prediction errors compared to modelling based on interference of user
about the choice of the optimal number of components. For preprocessing ensemble cases, the performance of the META-PLS was
comparable but not the best compared to the model developed on in
dividual pre-processing. However, the META-PLS takes the user out of
the loop of the exhaustive pre-processing search and selection step.
Slightly poorer performance of the pre-processing ensemble models in
some cases can be linked to the main limitation of the ROSA strategy;
that it is prone to local minima. Developing a more robust ROSA strategy
capable of bypassing local minima is the future direction of our research.
Fig. 8. Prediction plot for multi-sensor multi-preprocessing ensemble model
ling performed with META-PLS to predict fat content in milk.

and ones.
3.5. Speed comparison of META-PLS with ROSA
The META-PLS approach includes the predictor matrix deflation
step, hence, it naturally becomes slower in execution time than the
ROSA algorithm not having any predictor matrix deflation step. On the
other hand, the META-PLS does not require any cross-validation strategy
to find an optimal number of components, therefore, practically it can be
considered faster than ROSA because to find an optimal number of
components in ROSA, the user needs to explore cross-validation strate
gies. The time recording for 100 runs of META-PLS and ROSA on the
milk multi-sensor data (Table 2) is shown in Fig. 10. At first, the METAPLS was executed giving the optimal number of components and then
with the known optimal number of components the ROSA was executed.
As can be noted that ROSA was naturally faster (>10 times) in execu
tion, but note that the time required for both were less than 0.1 s making
either of them a practical choice in real-world usage. Unlike META-PLS,
ROSA needs cross-validation to optimise the optimal number of com
ponents, hence, finding a full optimal ROSA may have similar time or
more requirements (depending on the cross-validation strategy) than
META-PLS.

Fig. 10. A summary of training time (seconds) for META-PLS and ROSA al
gorithm. Note that the META-PLS does not need any extra optimization as it
directly supplies optimal number of model components. ROSA was carried out
using the same optimal number of components.

Fig. 9. A summary of multi-sensor multi-response modelling performed with META-PLS. (A) Latent variables modelled from each data blocks, (B) prediction plot for
fat content, and (C) prediction plot for protein content.
11
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Since the META-PLS is a general automatic multiblock tool, it can
also be used for multi-sensor information fusion as presented with the
case of fat content prediction in milk. Also, the results showed that the
META-PLS allowed automatic modelling of multi-response problems. A
time requirement study showed that in a real-world multiblock data set
with 177 samples and ~600 total variables, the META-PLS required
<0.1 s to execute including the identification of the optimal number of
model components. Like other chemometric tools, the META-PLS is fully
parsimonious just like the PLS and its multiblock extension ROSA. All
key model outputs such as scores, loadings, and regression vectors are
available for model interpretation. However, the user should note that
like other chemometric tools the META-PLS will be sensitive to outliers
like both the based underlying tools (ROSA and WRT) on which the
META-PLS rely are sensitive to outliers. The best practice to achieve
optimal models could be to remove the outliers beforehand using a
traditional outlier detection approach such as Hotelling T2 and Q sta
tistics plots.
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