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A B S T R A C T   

This paper introduces the ProSpecTool, a MATLAB toolbox for automated selection of preprocessing methods for 
obtaining optimal PLS regression models in vibrational spectroscopy. Trial-and-error approaches for pre
processing can be time-consuming, and the success of the process relies on the experience of analysts. The 
ProSpecTool addresses this challenge by using objective criteria analogous to expert judgment to filter and iterate 
preprocessing methods based on raw data properties. The toolbox quantifies noise, identifies multiplicative and 
additive scatter-effects, and selects preprocessing algorithms to correct them. Results demonstrate that the 
ProSpecTool can produce models that resemble those proposed by experienced analysts based on trial-and-error 
in terms of performance and robustness, making it a valuable exploratory tool for vibrational spectroscopy 
practitioners.   

1. Introduction 

Multivariate data analysis techniques are almost always needed 
when using vibrational spectroscopy, to get as much information as 
possible from the data obtained [1]. For instance, Principal Component 
Analysis (PCA) or Partial Least Squares (PLS) algorithms help the analyst 
get useful insights about the properties of the data, that a priori are not 
visible in the raw spectra. After collecting the data, the aim of multi
variate data preprocessing is to remove unwanted variation in the 
spectra, such as baseline shifts and scatter-effects [2,3]. Ideally, the 
preprocessing should only remove unwanted variation, leaving the in
formation of interest unchanged. Unwanted variation is the systematic 
or random variation present in the descriptor matrix X, which is linearly 
independent of the chemical variation or orthogonal to the response 
matrix Y. These variations introduce modelling problems for the sub
sequent multivariate projection and regression methods, which may 
negatively affect model prediction performance or interpretability. 
Unless there exists a well-established rationale for choosing the appro
priate preprocessing steps, trial-and-error approaches are often common 
practice for deciding which method should be applied for removing or 
reducing the influence of unwanted variation [4]. This requires prior 
knowledge of the data analyst of the obtained signal, to evaluate the 
pre-processed signal or the model performance. 

Commercially available software like PLS_Toolbox 9.0 (Eigenvector 
Research Inc., Manson, USA) can apply all the preprocessing algorithms 

and their combinations selected by the analyst in an iterative way, and 
then apply the multivariate data analysis techniques to each of the new 
datasets generated. The most common way of judging whether a pre
processing method is beneficial for the analytical performance is to 
compute the prediction uncertainty for an independent test set, the Root 
Mean Square Error (RMSE), and then select the preprocessing method 
that gives the lowest RMSE. But as datasets get bigger and the pre
processing and analysis algorithms get more complex, the computation 
time of iterating all the available options becomes considerably longer 
and often impractical [5]. 

Methods that optimise the choice of the preprocessing technique 
have been proposed using various strategies, such as Design of Experi
ments [6], orthogonalisation (SPORT) [7], or spectral signal-to-error 
ratio [5]. Instead, the method proposed in the present article filters 
the preprocessing algorithms based on the properties of the raw data, 
creating rules based on criteria that an expert analyst would use but in 
an automated and objective way, avoiding the need to iterate all options. 
Using this method, the preprocessing techniques that could improve the 
characteristics of the raw data are automatically considered and iterated 
to ideally find the best PLS regression models. 

For this purpose, a toolbox to be used in MATLAB (Mathworks Inc., 
Natick, MA, USA) is presented. The theoretical basis of the applied 
methodologies is explained, the features and modules are presented, and 
finally, an illustrative example of how the toolbox works is shown using 
real data. 
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2. Methodological background 

2.1. Partial Least Squares Regression 

The spectral measurements (absorbances or intensities registered at 
different wavelengths) for a set of samples constitute a set of indepen
dent variables or predictors that form what is called the X-block. The 
variable that has to be predicted (i.e., a physicochemical property 
measured by a reference method) is the dependent variable or pre
dictand and constitutes the Y-block [8]. Partial Least Squares Regression 
(PLSR) is one of the most important algorithms in multivariate data 
analysis to find the correlation between these blocks and building a 
regression model. This is due to its simplicity, versatility and applica
bility, as it can fit multiple response variables in a single model and 
makes interpretation of results more intuitive. This method is based on 
finding new dimensions (factors) from the original data by maximising 
the covariance of the X and Y blocks and using them to build a regression 
equation [9]. A PLSR model is described as, 

X=TPT + E (Eq. 1)  

Y=UQT + F (Eq. 2)  

where X and Y are the predictor and predictand blocks, respectively; T 
and U are projections or score matrices of the X and Y blocks, respec
tively; P and Q are orthogonal loading matrices; and matrices E and F 
are the error terms, assumed to be independent and identically distrib
uted random normal variables. Then, a regression vector is needed to 
correlate the information of X and Y, which is calculated as: 

U=TBPLS + H (Eq. 3)  

where BPLS is the PLS coefficients matrix that relate X and Y through 
their scores (T and U, respectively), and H is the residual matrix of the 
correlation [9]. In the present article, the SIMPLS algorithm is used to 

compute the described equations [10]. 

2.2. Spectra preprocessing 

There are many algorithms for spectral preprocessing, which serve 
different purposes, that is, they try to minimise the effect of different 
types of distortions on the data. To find out what types of algorithms 
should be taken into consideration, the existence or magnitude of each 
type of distortion must be determined [2,3,11,12]. 

2.2.1. Smoothing 
Smoothing algorithms intend to maximise the signal-to-noise ratio 

by keeping only the information related to the sample and removing the 
noise related to the measurement process. In this article three smoothing 
algorithms are considered: Gaussian, Savitzky-Golay (SG) and Wavelet 
denoising. 

Gaussian smoothing is a simple yet powerful method for smoothing 
spectral data. This method assumes that the peaks in a spectrum follow a 
Gaussian curve, so it approximates each point to the maximum point of a 
Gaussian peak, weighting the surrounding values with respect to the 
corresponding height of the peak [13]. 

Savitzky-Golay smoothing is one of the most used preprocessing 
methods, which was popularised by Savitzky and Golay [14] and can 
include a derivation step. In order to find the smoothed value at a central 
point i, a polynomial is fitted to a symmetric window of the raw spec
trum. Once the parameters of this polynomial have been calculated, the 
value of the central point can then be estimated using the obtained 
equation. This operation is applied sequentially to all points in the 
spectrum by moving the window. The number of points used to calculate 
the polynomial (window size) and the degree of the fitted polynomial 
are both decisions that need to be made. 

The right choice of the window size is crucial, and it is far from trivial 
to do this correctly. Too small a window will lead to the introduction of 
large artifacts in the corrected spectra and to a reduced signal-to-noise 

Fig. 1. Main window of the ProSpecTool toolbox. a) Input of X- and Y-blocks. b) Axis where the imported data can be plotted for a preliminary check. c) Settings of 
the PLSR models to be built: the number of folds to do in the random subsets cross validation, the maximum number of LVs and the type of data that is being analysed 
(this will affect the smoothing algorithms that will be tried). d) Button that leads to the outlier detection window. e) Button that leads to the preprocessing analysis. f) 
If the toolbox has been used before and models have been saved, results can be opened here. 
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ratio. On the contrary, a too large window may smooth out small peaks 
that contain relevant information. Additionally, when using the 
Savitzky-Golay algorithm, the first and last variables corresponding to 
half of the window-size are lost, as they are usually not extrapolated. 

Wavelet denoising is a smoothing algorithm based on the mathe
matical theory of wavelets [15]. This algorithm decomposes the spec
troscopic signal into different frequency bands using a wavelet 
transform, this is, it divides the signal into a series of wavelet co
efficients, which represent the signal’s energy at different spectral 
ranges. The decomposition allows for a more detailed analysis of the 
signal, as different wavelet coefficients capture different frequency 
components. Then, the wavelet coefficients are thresholded, which 
selectively removes coefficients that are considered to be noise-based on 
their magnitude while retaining the essential signal information. After 
thresholding, the denoised signal is reconstructed by performing an in
verse wavelet transform, which combines the retained wavelet co
efficients to recreate the original signal. The reconstructed signal 
represents an approximation of the underlying noise-free signal. 

Wavelet denoising allows for better discrimination between signal 
and noise components at different scales. It also preserves sharp features 
in the signal while effectively removing noise, which is particularly 
beneficial for preserving spectral details in techniques such as Raman 
spectroscopy [16]. 

2.2.2. Derivatives 
Derivatives have the capability of removing both additive and mul

tiplicative effects in the spectra and have been used in analytical spec
troscopy for decades. The first derivative removes only the baseline 
offset; the second derivative removes both baseline constant and linear 
trends. In this article two different methods are considered: differenti
ation and Savitzky-Golay [14]. 

The most basic method for derivation is the differential or finite 
differences: the first derivative is estimated as the difference between 
two subsequent spectral measurement points; the second order deriva
tive is then estimated by calculating the difference between two suc
cessive points of the first-order derivative spectrum: 

x′
j = xj − xj− 1 (Eq. 4)  

x″
j = x′

j − x′
j− 1 = xj− 1 − 2⋅xj + xj+1 (Eq. 5)  

where x’j denotes the first derivative and x’’j the second derivative at 
point (wavelength) j. This method is extremely simple, but it must be 
used with caution as most real measurements have a considerable 
amount of noise, so a previous smoothing step might be necessary. When 
this step is added the method is known as Norris-Williams derivation 
[2]. 

S-G derivative follows the same process as the S-G smoothing 
explained in section 2.2.1 with an additional step. After fitting the 
polynomial to a window around a moving point, the derivative of any 
order of this function can easily be found analytically and this value is 
subsequently used as the derivative estimate for this central point. The 
highest derivative that can be determined depends on the degree of the 
polynomial used during the fitting (i.e., a third-order polynomial can be 
used to estimate up to the third-order derivative). 

2.2.3. Sample-wise normalisation/scatter correction 
Light scattering-effects, temperature changes and other experimental 

or instrumental variations in the measurement can cause changes in the 
spectral baseline, which may induce unwanted errors in the subsequent 
regression models. These baseline shift trends are generally linear, but 
they can also be curvilinear or higher in specific areas. For example, the 
dominant feature of NIR diffuse reflectance spectra is the increasing 
level of the reflectance values over the range 1100–2500 nm. For 
removing this kind of unwanted variation several algorithms have been 
proposed, from which the most used ones are considered. Under the 

name of scatter-correction methods, which are techniques that are 
designed to reduce the (physical) variability between samples due to 
scattering effects, we consider three preprocessing concepts: Detrend
ing, Baseline Correction (BC) and Standard Normal variate (SNV). 
Multiplicative Scatter Correction (MSC) is a widely used method known 
to introduce a calibration-set dependency, which is not managed in this 
toolbox. However, in cases of highly varying multiplicative scattering, it 
remains a valuable option for practitioners to consider [17]. 

Detrending focuses on removing systematic trends or drifts from the 
data, which can arise from instrument limitations or environmental 
factors. It involves polynomial fitting of the data and subtracting the 
trend component to enhance the visibility of analyte-specific 
information. 

Asymmetric least-squares baseline correction is a specific approach 
used to correct the baseline when the low-frequency variations are 
asymmetric or skewed [18]. It is particularly useful when the baseline 
has a gradual slope or exhibits asymmetry due to factors like instrument 
drift, solvent effects, or other systematic errors. 

The linear slope of the SNV corrected spectrum of a given material is 
near constant, while the curvature varies with particle size and packing 
density. Most solids usually show absorbance spectra which are more 
intense at the longer wavelengths as the combination bands become 
more probable when the wavelength region approaches the funda
mental vibration. SNV preprocessing is probably the most applied 
method for scatter correction. For a given sample i, the SNV corrected 
spectrum is calculated as 

x∗
i =

xi − xi

si
(Eq. 6)  

where xi is the mean value of spectrum i (xi), si is standard deviation of 
the spectrum i, and xi* is the SNV normalised spectrum of sample i. Since 
SNV does not involve a least squares fitting in the estimation of its pa
rameters, it can be sensitive to noisy values in the spectrum [19]. 

2.2.4. Variable-wise normalisation 
Mean Centring (MC) is the most used variable-normalisation method 

for spectroscopic data: the mean of each data column (variable) is 
subtracted from all the values in that column to give a data matrix where 
the mean of each preprocessed variable is zero. However, sometimes 
autoscaling the variables might provide better results. In autoscaling 
(variance scaling or column standardisation), after mean centring each 
variable, the values in each column are divided by the standard devia
tion of the column, resulting in a matrix where all the columns have 
mean zero and unit variance. This means that the only information left is 
related to the correlations among the variables, independently of their 
magnitude. For a given sample i, an autoscaled spectrum is calculated as 

x∗i,j =
xi,j − xj

sj
(Eq. 7)  

where xj is the mean value of spectra at variable j, sj is standard devia
tion of the spectra at variable j, and xi,j* is the value of the autoscaled 
spectrum of sample i at variable j. By doing this, large, highly variable 
features decrease in importance and features with low variability 
become more visible. Autoscaling emphasizes low variability features 
and this may be especially useful when the parameter to be predicted is 
related to small spectral bands overlapped by those of major compo
nents in the sample. However, enhancing the small contributions also 
enhances noisy variables so care must be taken using variance scaling. 
Autoscaling may also difficult the interpretation of the final results [20]. 

2.3. Model performance evaluation metrics 

A plethora of metrics have been proposed to evaluate the perfor
mance of multivariate regression models. However, usually more than 
one metric is calculated and studied to assess the performance of such 
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models in a more comprehensive way [21–24]. In the present work, four 
metrics are calculated and shown for each PLSR model, as they provide 
insights about different properties of the models. 

2.3.1. Root Mean Square Error of cross-validation (RMSECV) 
Root Mean Square Error (RMSE) is a widely used metric for assessing 

the performance of regression models, where the goal is to predict 
continuous numerical values, as it estimates the error of a model. RMSE 
is calculated as, 

RMSE=

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑N

i=1(yi − ŷi)
2

N

√

(Eq. 8)  

where yi is the value predicted by the model for the sample with a 
measured value of ŷi and N is the number of samples. Squaring the 
differences ensures that errors are positive and penalises larger errors 
more heavily than smaller ones, making the metric more sensitive to 
significant deviations between predictions and actual values [23]. 

RMSE is an especially valuable tool in cross-validation as it provides 
a reliable measure of how well the model generalises to new and unseen 
data, allowing analysts to compare and select the best-performing model 
for their specific task. In cross-validation, the dataset is divided into 
several subsets, a model is trained on a combination of these folds and 
evaluated on the remaining ones, and the process is repeated until all 
subsets have been used. Then the individual RMSE values are averaged 
to obtain the RMSECV. A lower RMSECV indicates better predictive 
performance, as it represents the average magnitude of the errors made 
by the model across all the folds. 

There are several metrics based on the prediction error that aim to 
relativise it for an easier comparison between models based on the 
properties of the Y-block, such as the Ratio of Performance to Deviation 
(RPD) or the Ratio of Error to Range (RER) [25]. However, for the 
application described in this article, as PLS regression models with 
exactly the same Y-block (and therefore same properties) are compared, 
there is no need of relativising these metrics and RMSECV is shown. 

2.3.2. Determination coefficient of prediction vs. measured values 
The Determination Coefficient (R2) is a statistical measure used to 

assess the goodness of fit of a regression model. In the context of pre
diction versus measured values, R2 is used to evaluate how well the 
predictions made by the regression model align with the actual 
measured values. The determination coefficient is calculated as, 

R2 = 1 −
SSRES

SSTOT
(Eq. 9)  

where SSRES is the sum of squares of the model’s residuals and SSTOT is 
the total sum of squares of the data (proportional to its variance). It 
provides an indication of how much variability in the measured values is 
captured by the model’s predictions. It ranges from 0 to 1, a value of 
0 indicating that the model fails to explain any variance in the measured 
data, and a value of 1 meaning that the model perfectly predicts the 
measured values without any error [23]. 

However, it is essential to be cautious with this metric, as a high R2 

can be achieved by overfitting the model to the training data, leading to 
poor performance on new, unseen data. This is why R2 of cross valida
tion is calculated, in an analogous way to RMSECV, obtaining a metric 
that provides valuable insights into the predictive ability of the model, 
to make informed decisions about the performance and generalisation 
capabilities of the model. 

2.3.3. Regression vector noise index 
The noise of the Regression Vector (RV) of a PLSR model can be 

defined as the variability that is not related to the chemical and/or 
physical properties of the samples that affect the spectra used to build 
the model. This is reflected in the RV of the model when the model is 

explaining the variance related to the noise instead of the information of 
interest. It is easy to see when working with continuous vectors like 
those obtained from spectra because noise causes the RV to lose its 
continuity. This noise is an indicator of the level of overfitting of the 
model and therefore, of its lack of suitability. The Regression Vector 
Noise Index (NIRV) is calculated as, 

NIRV =

∑
|RV − RVsmoothed|

∑
|RV|

=

∑
|Noise Vector|
∑

|RV|
(Eq. 10)  

where RVsmoothed is the RV smoothed by using a Gaussian filter, which is 
an idealisation of how the vector should really be if there was no noise 
[26]. The residual between the RV and RVsmoothed is calculated, summed 
up and, finally, relativised by dividing by the summatory of the absolute 
coefficients of the original RV [21]. 

2.3.4. J-Score 
The J-Score is an indicator used to evaluate the performance of a 

PLSR model in a more global and comprehensive way than just using 
prediction or cross-validation errors and other supplementary de
scriptors, plots and other metrics, that the analyst must evaluate. The J- 
Score is calculated as 

J − Score=
(

RMSECV

sY
+ 1 −

RMSECal

RMSECV
+NIRV

)
/

3 (Eq. 11) 

where RMSECal and RMSECV are the Root Mean Square Error of 
Calibration and Cross-Validation, respectively, SY is the standard devi
ation of the reference values (Y-block) and NIRV is the Noise Index of the 
Regression Vector. The first term of Eq. (11) accounts for the prediction 
error, which is usually the most revised metric; the second term accounts 
for the overfitting of the model; and the third term accounts for the 
robustness of the model, based on the noisiness of the regression vector. 
An arithmetic mean of these terms offers a metric that includes the most 
important qualities of a regression model: the lower the J-Score, the 
better the model [21]. 

This metric can help an analyst compare spectroscopic regression 
models in an objective and comprehensive way. In the implemented 
version of the software, the dimensionality (number of LVs) of each 
model is decided after calculating the J-Score for each one and selecting 
the one with the absolute minimum value; the models can also be 
compared using this metric [21]. It is noteworthy that the models fitted 
to the datasets after different preprocessings may or may not have the 
same optimal dimensionality, and for selecting the optimal preprocess
ing method the models with optimal dimensionality have to be 
compared between them. 

3. Main features of the ProSpecTool toolbox for MATLAB 

The collection of functions and algorithms included in the toolbox 
are provided as MATLAB source files, in a folder that needs to be added 
to the path. The ProSpecTool has no requirements for any other third- 
party utilities beyond the MATLAB installation and the MATLAB 
‘Signal Processing Toolbox’, ‘Wavelet Toolbox’ (for Raman) and ‘Sta
tistics and Machine Learning Toolbox’. The toolbox was built on MAT
LAB 2021 (v9.11). The functions are not intended to be called on the 
MATLAB command window; the graphical user interface (Fig. 1) should 
be opened by typing “ProSpecTool”, which enables the user to perform 
all the analysis steps in the correct order. 

3.1. Input data 

The X-block data must be structured as a numerical matrix with di
mensions I × J, where I is the number of samples and J the number of 
variables (wavelengths, wavenumbers, …). The Y-block data must be 
structured as a column numerical vector (I × 1), where the element i of 
this vector represents the predictand value of the sample number i. If 
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replicates are present in the dataset, they should be averaged before 
starting the analysis, as a random cross-validation with replicates would 
offer over-optimistic results. Results can also be affected by other 
structures in the data, such as different classes and populations, which 
the models may overfit or under-represent. These situations must be 
addressed by the analyst before using the present toolbox. 

3.2. Looking for outliers 

For choosing the best preprocessing strategy, the input dataset 
should not contain any outstanding spectral outlier, nor an Y-block 
outlier. Including outliers may cause the ‘best performing’ models to be 
those with the preprocessing that bring the outliers closer to the sample 
population, leading to suboptimal models. And even if it is uncommon, 
the different preprocessing could also cause for some samples to become 
spectral outliers or to outstand more. Because of this, it is highly rec
ommended to check for outliers in the final models. 

If the user is not sure there are no outliers in the raw dataset, the 
“Look for outliers” option should be used in the main window, opening a 
new window (Fig. 2) showing the descriptive plots of a PLSR model 
fitted to the raw data. In this window the user can select the outlier 
samples based on different plots and statistical criteria (Hotelling T2, Q 
residuals and/or score values). Once the outliers have been selected and 
removed the analysis of the data can be started. 

3.3. Flowchart of the automatic spectra preprocessing iteration 

The flowchart described in Fig. 3 is followed by the ProSpecTool for 
an objective analysis of the dataset, this is, to decide which pre
processing algorithms should be tried and then iterating all the sensible 
combinations. 

3.3.1. Smoothing 
The Gaussian and Savitzky-Golay (S-G) smoothing algorithms 

consider a moving window of spectral points to make a prediction on the 
central point, the size of the window (among other parameters) must be 
optimised. Usually this would be done by the analyst based on experi
ence and trial-and-error, as the optimal number of points to consider 
depends on the type of spectroscopy, the spectral resolution, or the 
sample characteristics (shape of the spectrum). In the present work, to 
decide how many points to use for the smoothing process and consider 
all of the mentioned parameters, a new algorithm has been imple
mented: for each dataset, an averaged spectrum is calculated, then the 
first derivative (gap derivative) is applied to the average spectrum. The 
distance between the zeros is obtained (maximum and minimum points 
of the original spectra) and the mean distance between correlative zeros 
is calculated to obtain an indicator of the number of points that should 
be used in the smoothing algorithm, based on the method proposed by 
Ezenarro et al. (2023) [21]. 

Even if this is not necessarily the optimal number of points, it will be 
around this number, so the range of points to iterate is reduced signifi
cantly. This process ensures that in the smoothing process the real peaks 
of the spectrum will not be removed but the noise will be reduced. 

3.3.2. Derivative 
The datasets that have been already derived using the S-G method, 

will not be modified. The datasets that have not been derived will be 
duplicated and derived by first and second order differentiation. The 
preprocessed datasets obtained from this step will be added to the results 
of the previous steps. 

3.3.3. Sample-wise normalisation 
As there are many ways of normalising the spectrum of a sample 

Fig. 2. Outlier selection window of the ProSpecTool toolbox, where a PLSR model is fitted to the raw data. a) Scores of LV 2 vs LV 1 with a confidence ellipse of 95 %. 
b) Q residuals vs. Hotelling’s T2 with 95 % confidence limits. c) Predicted values by the model vs the observed (reference) values of the Y-block. d) RMSECal and 
RMSECV values of the model with different number of LVs; alternatively, it can be changed to J-Score values of the model with different number of LVs. e) Index of the 
samples selected as outliers in section b), which are filled in red in sections a), b) and c); and the option to start the preprocessing analysis without these samples. f) 
Number of LVs of the current model that can be changed if the user thinks it is necessary, the suggested/default number is selected based on the J-Score curve [21]. 
(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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Fig. 3. Flowchart showing the process of choosing and applying the preprocessing algorithms that are considered that could improve the subsequent models.  
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Fig. 4. Example of a NIR spectra dataset (Ruisánchez et al. (2002) [28]) with different preprocessings and their corresponding scatter-effects plot: a) and f) Raw; b) 
and g) Differentiated; c) and h) Baseline corrected; d) and i) Detrended; and e) and j) SNV normalised. 
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depending on the properties of the measurement method, the decision of 
which algorithms to iterate has been objectivised using quantitative 
values based on the scatter-effects plot. This plot is a widely used tool for 
the detection of multiplicative and additive scatter-effects as it helps the 
analyst to visualise this kind of effects on the spectral dataset [27]. This 
plot is built by representing each spectrum against the average spectrum 
of the dataset (raw or preprocessed), as it can be seen in Fig. 4, and can 
show in a visual way the structure of the scattering present in the spectra 
of a dataset. 

If there are no scatter-effects the lines will be parallel and 

overlapping, only the peaks of the spectra getting out of the line (Fig. 4j). 
If there are additive effects the lines will be parallel but not overlapping 
(Fig. 4g); if there are multiplicative effects the lines will be overlapping 
at some point but not parallel (Fig. 4h and i); and if both types of effects 
are present the lines will not be parallel nor overlapping (Fig. 4f). 

But in order to categorically evaluate the existence of the mentioned 
scatter-effects, they must be quantified. In the present paper, the above- 
mentioned scatter-effects plot has been used to achieve this: linear 
regression has been applied to each spectrum represented in the plot 
(Fig. 4f–j), obtaining a slope and an offset for each sample relative to the 

Fig. 5. Table describing the PLSR models obtained from the datasets preprocessed in diverse ways. The first eight columns describe the preprocessing applied to the 
spectra and index the new datasets. The following column shows the suggested number of LVs for each dataset based on the J-Score curve, the dimensionality that is 
used to build the model and obtain the descriptive values of the following columns: J-Score value, Root Mean Square Error of Cross Validation, Determination 
coefficient of the Cross Validation predicted vs. observed values, and Noise Index of the Regression Vector (RV). 

Fig. 6. Example of window of the descriptive plots of one of the PLSR models. a) Plot of the spectra used to build the model, after preprocessing (without the 
variable-wise normalisation step for better interpretability). b) Predicted vs observed (reference) values of the Y-block. d) RMSECal and RMSECV values of the model 
with different number of LVs; alternatively, it can be changed to J-Score values of the model with different number of LVs. d) Regression Vector of the model. e) Q 
residuals vs. Hotelling’s T2 with 95 % confidence limits. f) Number of LVs of the current model, which can be changed if the user thinks it is necessary (the suggested/ 
default number is selected based on the J-Score curve). 

J. Ezenarro et al.                                                                                                                                                                                                                                



Chemometrics and Intelligent Laboratory Systems 247 (2024) 105096

9

mean of the samples, in an analogous way to the first part of the MSC 
method (Fig. S1) [17]. 

For the determination of the magnitude of the multiplicative scatter- 
effects, the Relative Standard Deviation (RSD) between the obtained 
slopes is calculated, a normalised indicator that shows how different the 
slopes are. Instead, for the determination of the magnitude of additive 
effects, as the mean value is around zero by definition, the Standard 
Deviation (s) is normalised by the average signal intensity of the average 
spectrum of the dataset. A critical value of 5 % has been set to categorise 
both effects as present or not present and consequently preprocess (or 
not) the spectra using sample-wise normalisation methods. 

In addition, as an example, in Fig. 4 it can be seen how a spectral 
outlier (blue spectrum, sample 222) behaves differently depending on 
the type of outlier and the applied preprocessing method. As explained 
in section 3.2, this can affect the resulting models and outliers should be 
removed before starting the preprocessing analysis. 

3.3.4. Variable-wise normalisation 
As there is no definitive evidence whether spectral data should or 

should not be autoscaled in every case, and no easy test can be per
formed to decide if the dataset should be autoscaled, both autoscaling 
and mean centring have been iterated for every preprocessing strategy. 

3.4. PLSR model selection 

When the iteration of the automatically selected preprocessing 
methods is finished and a PLSR model is fitted for each of the newly 
created datasets, a table will appear describing the models (Fig. 5). 

The results can be ordered by any of the performance-evaluation 
parameters or filtered using the filtering tool that opens together with 
the table (Fig. S2). The models can be filtered based on the pre
processing, the descriptive properties or an automatic filter based on the 
J-Score to show only the best-performing models. 

The user can inspect a specific model more in detail by clicking the 
index of this model (blue column in Fig. 5), which will make descriptive 
figures of that model appear in a new window (Fig. 6). It is encouraged 
to investigate the most adequate models after sorting or filtering, to 
determine why they work better than others or what they have in 
common, better understanding the preprocessing methods selected as 
optimal. 

4. Illustrative example: selection of optimal preprocessing 

Even if the toolbox has been tested using various datasets, the 
operation of the algorithm is illustrated and validated in this article by 
using the Forages dataset as an example, which is a real dataset for 
prediction described and used by Ruisánchez et al. (2002) [28]. This 
dataset consists of NIR spectra of 305 forage samples recorded under the 

same conditions by a specialised laboratory. Additionally, two param
eters were measured: moisture at 103–105 ◦C and crude protein content. 
The original authors distributed the dataset to six participants, all of 
whom had previous knowledge and experience on multivariate cali
bration. The objective was to determine how different the results from 
several laboratories were when each one chose the most suitable pre
processing method, multivariate calibration method and software. 

This dataset has been analysed using the ProSpecTool toolbox twice, 
one for moisture prediction and the other for protein prediction. The 
report of the dataset description showed that the spectra have a non- 
negligible amount of noise and have additive and multiplicative 
scatter-effects, as it can be deduced from Fig. 4f. Therefore, the iterated 
preprocessing steps with the ProSpecTool toolbox were the following: 
Gaussian smoothing, S-G smoothing and derivatives, differentiation, 
SNV normalisation, autoscaling and MC. 

For humidity, the samples 114, 115 and 222 were detected as out
liers and the analysis was conducted after removing them for all data
sets. From the 134 PLSR models generated, the top one by J-Score was 
the one with Gaussian smoothing with a window of fifteen points, SNV 
normalisation and MC. This model was compared (Table 1) with the 
models proposed by the laboratories in the original paper for predicting 
humidity in forages. 

As can be seen in Table 1, even though the model proposed by the 
ProSpecTool does not have the lowest error in cross-validation, it does 
have the lowest J-Score. This is, it is the most parsimonious model, 
maintaining a good prediction performance and a high robustness. Even 
if this does not mean that it is the absolute best model for the desired 
application, as this must be judged by the user, it is a model comparable 
to the best model proposed by experienced analysts. The user should 
decide the optimal preprocessing by exploring the top models (ordered 
by J-Score, RMSE or any desired property) based on their overall char
acteristics and it is advisable to validate the best candidates more 
thoroughly outside the toolbox, as it is an exploratory tool. 

For protein content, the samples 170, 222, 225 and 236 were 
detected as outliers and the analysis was conducted after removing them 
for all datasets. The model built using the spectra preprocessed with 
Gaussian smoothing with a 15-point window, first derivative by differ
entiation, SNV normalisation and MC was selected as the optimal model 
by the J-Score criterion. This model was compared (Table 2) with the 
models proposed by the laboratories in the original paper for predicting 
protein content in forages. 

Similar to the humidity prediction models, in Table 2 it can be seen 
that the model proposed by the ProSpecTool for protein content pre
diction is the most parsimonious one, with only 5 LVs and the lowest J- 
Score, maintaining a good prediction performance even if it does not 
have the lowest error in cross-validation. However, there might be other 
models that achieve similar results with less preprocessing steps, so it is 
up to the user to explore the best models and decide which is the most 

Table 1 
Comparison between the PLSR model for predicting humidity obtained by the ProSpecTool toolbox and the models obtained by the laboratories in the original paper, 
sorted by the best J-Score. For describing the models, the values of RMSECV, the ratio of RMSECal to RMSECV and the Noise Index of the Regression Vector are included 
in the table.   

Preprocessing LVs J-Score RMSECV (%) 1 − RMSECal

RMSECV  

NIRV 

ProSpecTool Gaussian 15p 
SNV 
MC 

3 0.12 0.39 0.02 0.05 

Lab 4 & Lab 6 MC 3 0.13 0.39 0.03 0.07 
Lab 2 SNV 

MC 
6 0.17 0,30 0.08 0.20 

Lab 5 S-G 11p 3rd ord. 2nd deriv. 
MC 

9 0.18 0.27 0.14 0.20 

Lab 3 S-G 7p 2nd ord. 2nd deriv. 
MC 

3 0.18 0.39 0.03 0.20 

Lab 1 S-G 7p 2nd ord. 2nd deriv. 
MC 

7 0.20 0.28 0.08 0.25  
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appropriate one. 

5. Independent testing 

Prof. José Manuel Amigo, from the Department of Chemistry, Uni
versity of the Basque Country (UPV/EHU), Spain, informed that he has 
tested the software and reported that it appears to work as the authors 
described. 

6. Conclusions 

A new MATLAB toolbox has been made available to help practi
tioners decide the best preprocessing methodology for the analysed 
spectral data, in order to obtain optimal PLS regression models. This 
toolbox quantifies the noise of the data, the multiplicative and additive 
scatter-effects and decides which preprocessing algorithms should be 
iterated to correct the spectra, providing the user with best-performing 
models to choose the optimal preprocessing technique for their data. 

In the example shown, the resulting best models provided by the 
ProSpecTool (according to the J-Score) have proven to perform similarly 
to the best models proposed by experienced analysts. The toolbox has 
shown the capability to provide robust and parsimonious models that 
can compete with those obtained by experience driven trial-and-error, 
and in considerably less time than what a trial-and-error approach re
quires. Therefore, the ProSpecTool can be proposed as a tool that can 
help practitioners explore different preprocessing methods and obtain 
optimal regression models, considering that the final models should be 
more extensively validated and that ultimate conclusions and interpre
tation of the models are to be made by the analyst. 
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