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a Universitat Rovira i Virgili. Instrumental Sensometry (iSens), Department of Analytical Chemistry and Organic Chemistry, Campus Sescelades, Edifici N4, C/Marcel⋅lí 
Domingo 1, Tarragona, 43007, Spain 
b Universitat Rovira i Virgili. Chemometrics, Qualimetrics and Nanosensors Group, Department of Analytical Chemistry and Organic Chemistry, Campus Sescelades, 
Edifici N4, C/Marcel⋅lí Domingo 1, Tarragona, 43007, Spain   

A R T I C L E  I N F O   

Keywords: 
Partial least squares regression 
Latent variables 
Root mean square error 
Validation 
Vibrational spectroscopy 
Preprocessing 

A B S T R A C T   

Since its beginnings, many parameters have been proposed to evaluate the goodness of Partial Least Squares 
Regression (PLSR) models and thus help chemometricians to choose the most appropriate one. This article 
proposes a new performance evaluation parameter for regression models based on spectroscopic data, the J- 
Score, which combines some of the most commonly used model evaluation parameters (Ratio of Performance to 
Deviation, Calibration and Validation Root Mean Square Errors and Regression Vector) into a single indicator. 
The J-Score can help non-experienced analysts select both the adequate number of Latent Variables (LVs) and the 
best preprocessing technique for their dataset in an automated way. The performance of the J-Score has been 
compared to other evaluation methods with different datasets, demonstrating that it can be used for different 
types of samples and spectroscopic data; that it is stable and objective, and offers an easy way to select the 
optimal number of LVs.   

1. Introduction 

Partial Least Squares Regression (PLSR) is one of the most important 
algorithms in multivariate data analysis for its simplicity, versatility and 
applicability, 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 (Latent Variables, LVs) from the original data 
by maximizing the covariance of the X and Y blocks (predictors and 
predicted values), reducing the dimensionality and using the new vari
ables to build a regression equation [1]. Thus, it is especially useful 
when the predictors are highly collinear or when the number of pre
dictors (independent variables) is higher than the number of observa
tions and ordinary least-squares regression fails. This is why the PLSR 
algorithm is widely used in spectroscopic measurements, which are the 
basis of relatively low-cost and fast analysis methods and constitute one 
of the broadest research areas of analytical chemistry [2]. 

Spectroscopic data being the source of a large amount of information 
implies the need to apply a deep data analysis, for which multivariate 
data analysis techniques, such as the mentioned PLSR, are needed. 

However, data analysis needs to be supervised by an expert analyst with 
enough experience to build regression models and ensure good perfor
mance. Thus, the analyst, after making the data appropriate for the 
modelling process by removing outliers and preprocessing the spectra, 
must select the optimum model dimensionality (also known as model 
rank), which is the number of LVs that constitute the multivariate 
regression model [3]. Then, to decide if the regression model is 
adequate, the analyst must choose the most suitable quality assessment 
parameters among the existing ones, taking into account that some of 
them account for the same properties of the model while some others are 
complementary [4]. For example, typical properties of the model are: 
the shape of the curves of Root Mean Squared Error (RMSE) of Cali
bration (RMSECal), Cross Validation (RMSECV) or Prediction (RMSEP) vs. 
the number of Latent Variables (LV); the values of Explained Variance 
(EV) by each LV; the shape of the loadings and the Regression Vector 
(RV); or the plot of Q residuals vs Hotelling T2 values. However, it 
should be noted that the adequacy of these values and plots is usually 
decided based on the opinion of the analyst, which comes from experi
ence and training, but sometimes may not be objective enough. 
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Therefore, based on all the mentioned statistical parameters and 
plots the PLS algorithm can offer, several model performance evaluation 
parameters have been proposed, such as PRESS (Predicted Residual 
Error Sum of Squares) [5], Average Variance Extracted (AVE) [6], 
Composite Reliability (ρc) [6] or Ratio of Prediction to Deviation (RPD) 
[7]. These parameters only rely on one of the properties of the PLSR 
model, such as the EV or RMSE. This last parameter is the most 
commonly used but it must be used carefully as it could provide 
over-optimistic results if the regression is overfitted to the calibration 
data and the model cannot be generalized or if the validation dataset is 
not representative enough [8,9]. 

In this work, a novel tool for evaluating the overall performance 
PLSR models for spectroscopic data quantitatively is proposed, by 
considering several model properties and describing its suitability in a 
global way. A tool that allows non-experienced analysts choose the 
optimal number of LVs or the adequate data preprocessing. This has 
been done by converting some of the aforementioned parameters into 
numerical indexes and then combining them into a general score that 
can be used for the assessment of the performance of a model or for the 
comparison between models in a fast and objective way. 

2. Material and methods 

2.1. J-Score 

For the calculation of a global score, which reflects the general 
quality and future performance of a regression model, more than one 
parameter has been considered, covering all the properties of the model 
that an analyst would use for its evaluation in a direct or indirect way. 

2.1.1. Inverse Ratio of Performance to deviation 
RMSE is the most used quality indicator of a regression model, 

particularly applied to prediction and cross-validation sets (RMSEP and 
RMSECV); however, the magnitude of these values depends on the order 
of magnitude of the data; so, if models built using different datasets need 
to be compared, the RMSE values must be normalized. Ratio of Perfor
mance to Deviation (RPD) is a commonly used parameter to solve this 
problem. It is calculated by dividing the standard deviation of the 
reference data (sY) with the RMSE, providing values that can go from 
zero to infinity [10]. Instead, the inverse of RPD, as shown in Equation 
(1), goes from 0 to 1; 0 meaning a small error and 1 meaning an error 
equal to sY. 

1
RPD

=
RMSE

sY
(Eq. 1)  

2.1.2. Calibration to validation error ratio 
The difference between RMSECal and RMSECV (or RMSEP) is bigger 

when the model is overfitted, this is, when the model is too specific for 
the samples used in the calibration and cannot predict new samples 
correctly. Therefore, when another set of samples is projected onto the 
model, the model is unable to provide reliable predictions due to its 
specificity as, apart from explaining the variability related to the sample 
properties, it is also explaining unrelated noise [3]. So, one minus this 
ratio (Equation (2)) shows how much overfitting the regression model 
has; 0 being the same error in both sample sets and 1 meaning the 
calibration error is zero or that the cross-validation error is infinitely 
bigger. 

Error Ratio = 1 −
RMSECal

RMSECV
(Eq. 2)  

2.1.3. 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. In the present work, the 
quantification of this noise is performed by applying a Gaussian 
smoothing to the regression vector, this is, approximating each point of 
the vector following the normally distributed weighting of the sur
rounding points. Therefore, the number of points to be used for the 
smoothing process (Smoothing Window, SW) must be decided based on 
the properties of the data. In this study, as spectra of very different 
characteristics have been used, a new algorithm has been implemented 
to quantitatively decide the SW, based on the method proposed by Lin H. 
et al. [11]. 

For each dataset, an average spectrum is calculated and then the first 
derivative (gap derivative) is applied to the average spectrum; then, the 
positions of the zeros (indexes of the variables with value zero) are 
obtained, which are the maxima and minima of the original spectra as 
shown in Fig. 1. Finally, the mean distance between correlative zeros is 
calculated (Eq. (3)). 

SW =

∑k

i=1
xi+1 − xi

k
(Eq. 3) 

Where x is the vector containing the indexes of the variables where 
the average of the spectra in the dataset has a maximum or minimum 
point. Obtained by indexing the zeros of the derived average spectrum of 
the dataset. 

The Regression Vector Noise Index (NIRV) is obtained by first 
calculating the residuals between the original vector and the smoothed 
one (Fig. 2), which is an idealization of how the vector should really be if 
there was no noise [12]. Then, all the residuals are summed up and, 
finally, the value is relativized by dividing by the summatory of the 
absolute coefficients of the original RV, as described in Equation (4). 

NIRV =

∑
|RV − RVsmoothed|

∑
|RV|

=

∑
|Noise Vector|
∑

|RV|
(Eq. 4)  

2.1.4. Determination coefficient difference to unity 
The determination coefficient between the reference values of the 

studied property and the values predicted using the regression model is 
calculated by dividing the square of the covariance between predicted 
(usually in cross-validation) and reference values by the product of the 
variances of predicted and reference values, as shown in Equation (5) 
[13]. This parameter also goes from 0 to 1. 

R2 =
s2

XY

sXXsYY
(Eq. 5) 

In this case, as the optimal value of the index is 1 instead of 0, the 

Fig. 1. Example of the average spectrum of a dataset and its maximum and 
minimum points. 
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difference of the determination coefficient to unity (1-R2) is used as an 
index to show how good the model predictions are by comparing them 
with the reference values of the predicted parameter, values that are 
considered to be the real ones. 

2.1.5. Residual variance 
Residual Variance (ResVar) is the ratio of the variance in Y that is not 

captured by the model, this is, the variance that the LVs used to build the 
PLSR model do not explain, relative to the variance of the calibration 
data. When this index is close to 0 means that the model is explaining 
almost the whole variance of the reference data (Y matrix). The residual 
variance does not account for overfitting, which means that the model 
could also be including the noise of the calibration data. This implies 
that samples that were not used in the calibration process may not be 
predicted correctly. 

2.1.6. J-Score formulation 
The five indexes obtained can be joined by averaging and, in this way 

a global score that goes from 0 to 1 is obtained, Joint-Score or J-Score 
(described in Equation (6)), where the value indicates the quality of the 
model: the lower the value the better the model. For choosing the 
optimal number of Latent Variables, a curve of the J-Score for the model 
with different LVs can be calculated, where the minimum of the curve 
shows the ideal number of LVs to be used in the regression model. 

J − Score=
(

RMSECV

sY
+

(

1 −
RMSECal

RMSECV

)

+NIRV +
(
1 − 0R2

CV

)
+ResVarY

)/

5

(Eq. 6) 

The time the algorithm takes to calculate the J-Score for only one 
model is insignificant, but if the J-Score is to be implemented in any kind 
of algorithm for automatic evaluation of PLSR models, like comparing 
many models with different data preprocessing and number of LVs, the 
computation time must be optimized, even if Equation (6) could be used 
with the mentioned purpose (after studying its behavior). Although, 
when studying the weights of the individual indices of the original 
equation (Equation (6)), as explained in the results section (3.1), it was 
observed that getting rid of the determination coefficient and the re
sidual variance does not change the shape of the J-Score curve and re
duces the computation time significantly. So, an optimized J-Score has 
been proposed, calculated as, 

J − Score =

(
RMSECV

sY
+ 1 −

RMSECal

RMSECV
+ NIRV

)/

3 (Eq. 7)  

where the optimal PLSR model is defined as the model with the lowest J- 
Score. 

In the present work, the RMSECV has been calculated using 10-fold 
random subsets CV as it is one of the most widely used and robust 
random CVs and the one used by original authors in most of the models 
of the example datasets [14]. An important point to emphasize is that 

this term can be substituted in Equation (7) by the RMSE obtained using 
any other way of cross validation if the arrangement of the data requires 
it or even by the RMSEP if there is an adequate test set for validation. 

2.2. Datasets 

For studying the behavior of the J-Score in different scenarios, four 
spectroscopic datasets were selected, three of them published in articles 
that use and describe PLSR models for them, and another one built from 
the spectra published in another article. To get the highest possible 
variability, studies that use different spectroscopic techniques and 
different sample types were chosen, in order to assess the universality 
and applicability of the method. 

2.2.1. Dataset 1 – UV–Vis spectra of nucleotides 
Four datasets with different theoretical LVs were simulated from the 

Ultraviolet–Visible (UV–Vis) spectra of four pure nucleotides: adenylic 
acid, cytidylic acid, guanylic acid and uridylic acid [15]. The first 
dataset is formed by generating random concentrations of adenylic acid, 
then multiplying them by its pure spectrum and finally adding 5% of 
random noise. The second one is a mixture of random concentrations of 
adenylic and cytidylic acids multiplied by their pure spectra and 5% of 
noise, and so on until all of them are included. In this way, four datasets 
of 100 samples with theoretically 1, 2, 3 and 4 LVs were generated. Only 
mean centering (MC) was used as preprocessing. 

2.2.2. Dataset 2 – Raman spectra of meat 
The samples of this dataset were 16 pork carcasses taken from the 

daily production stock of a slaughterhouse with the goal of predicting 
their fat content by Raman spectroscopy. In total, 134 samples were 
acquired: each one was divided in two, one half was analyzed by Raman 
spectroscopy and the other half was used for reference analysis of Iodine 
Value (IV), which is a parameter used to express fat content [16]. IVs 
were calculated by applying the American Oil Chemists’ Society rec
ommended practice 1c-8522 ‘Calculated Iodine Value’, with the exten
sions by Petursson [17] which is based on the individual concentrations 
of fatty acids determined by gas chromatography. The spectral data were 
preprocessed using Standard Normal Variate (SNV) and MC. 

2.2.3. Dataset 3 – MIR spectra of wine fermentation 
This dataset was obtained by measuring the middle-infrared spectra 

of a wine fermentation process with the goal of monitoring the process. 
In total, 36 microvinifications were monitored: 14 in normal fermen
tation conditions and 22 intentionally contaminated fermentations with 
different concentrations of lactic acid bacteria. Attenuated Total 
Reflectance-Middle Infrared (ATR-MIR) measurements were collected 
during alcoholic and malolactic fermentations and density and pH were 
daily measured using a portable densimeter and a pH-meter, respec
tively, for their prediction using PLSR. The spectra were preprocessed by 
using Savitzky-Golay (S-G) 2nd order polynomial smoothing with a 15- 

Fig. 2. a) An example of a PLSR model’s regression vector and the same vector after applying Gaussian smoothing. b) The difference between the original RV and the 
smoothed RV. 
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point-window, SNV normalization and MC. For pH prediction two 
spectral regions were selected and joined [18]. 

2.2.4. Dataset 4 – NIR spectra of forages 
The dataset consists of Near Infrared (NIR) reflectance spectra of 305 

forage samples recorded under the same conditions by a specialized 
laboratory for predicting their humidity. Moisture was measured by 
gravimetry, drying the samples in the oven at 103–105 ◦C for 4 h. The 
dataset was delivered to six participants, all of whom had previous 
knowledge and experience on multivariate calibration, to determine 
how different the results from several laboratories were when they used 
their preferred multivariate calibration method and software [19]. The 
different preprocessings used in the original paper were replicated. 

3. Results and discussion 

3.1. J-Score optimization 

The effect of each index in the J-Score was separately studied as 
shown in Fig. 3. One of the first facts observed is that the inverse RPD, 1- 
R2 and Residual Variance values (Fig. 3a, d and 3e) are directly pro
portional, as it can be seen in Fig. 3f, as they describe similar properties 

of the PLSR model. Instead, the inverse RPD, the Error Ratio and the 
Noise Index are considerably independent between them as they 
describe other properties of the model. Even more, the calculation of the 
determination coefficient between predicted and reference values and 
the residual variance of the Y block consumes around 90% of the 
computation time of a model’s J-Score due to the properties of the PLS 
algorithm used (plsregress from Machine Learning Toolbox in Matlab). 
In addition, to study the relevance of the indices considered in Equation 
(6), Principal Component Analyses (PCA) were performed on the indices 
obtained for the PLSR models of several example datasets. Matrices were 
built with the five indices in columns and number of LVs in rows for each 
model. From this it was concluded that as 2 PCs explained around 98% 
of the variance and they included information from all three indices 
considered in Equation (7) (as it can be seen for an example dataset in 
Fig. S6 a and b), these PCs could be used to join the indices by summing 
up their scores. The result, shown in Fig. S7, offered curves similar to 
those of the RMSE, with no additional information so it was discarded as 
a more robust way of joining the indices. 

The effect of removing the Regression Vector Noise Index from 
Equation (7) was also studied, as it is the index that makes the J-Score 
only applicable to continuous data and has a similar tendency to the 
Calibration to Validation error ratio. Although in some cases the 

Fig. 3. The curves for each individual factor considered in the J-Score for all the models studied in this paper. a) Inverse RPD b) Calibration to Validation Error Ratio 
c) RV Noise Index d) Determination coefficient difference to unity e) Residual Variance f) Correlation coefficients between the terms. 
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obtained curves have the same minimum point (UV–Vis and Raman 
datasets), results show that including this term in the selection of the 
optimal dimensionality turns out in more parsimonious models when 
the minimum point is not so clear (Fig. S6 c, as an example). Therefore, 
the formulation of a score to be used for non-continuous data should be 
studied in more detail in a future work. 

Considering this, it was decided that using the optimized formula for 
the J-Score (Equation (7)), which does not include the last two terms but 
does include the RV Noise Index, would be more appropriate because it 
is faster and offers more robust results, since the choice of the optimal 
number of LVs is the same for Equation (6) and Equation (7) in all cases 
(as shown in Fig. S8). 

In Fig. 3a–e it can also be observed that all the considered indices 
(Fig. 3a, b and 3c) not only can theoretically go from 0 to 1 but in 
practical cases they cover that range and none of the terms has a bigger 
weight in the J-Score. This being a fact, a same weight average is pro
posed in Equation (7), as it does not bring in a bias due to the analyst’s 
experience and it is the simplest way to join the indices. It could be 
possible to adjust the weights of the terms being analyzed, such as 
increasing the weight of the inverse RPD due to the frequent use of the 
RMSECV and its correlation with other factors. However, this approach 
may introduce an ‘expertise’ bias and the introduced weights would 
have to be studied as they could change the obtained conclusions. 

3.2. Performance of the J-Score in the example datasets 

3.2.1. Example 1 – UV–Vis spectra of nucleotides (dataset 1) 
In order to study the adequacy of the J-Score to select the best 

number of LVs, PLSR models were fitted for the datasets simulated using 
different mixtures of pure spectra of four nucleotides: with one, two, 
three and four components plus a noise component in all cases. This 
allows comparing the number of LVs selected by the J-Score with a 
reference value that has not been selected by an analyst; therefore, a 
value that is not biased nor subjective. As these cases are theoretical it is 
easy to see where the slope of the RMSE curves make a clear change, 
indicating the number of LVs that should be selected (Fig. 4). This is also 
the point where the RMSECal and RMSECV curves start to diverge. The J- 
Score curves show a clear minimum where the RMSE curves have a 
change in slope, making it easier to objectively decide the number of LVs 
to be selected for a PLSR model. 

These models also show that the way of calculating the J-Score, and 
particularly the Noise Index, is adequate for UV–Vis spectroscopy, where 
the absorption bands are usually wide and smooth. In fact, the 

conclusions obtained from the J-Score curves coincide with the theo
retical number of LVs to use and are consistent with those obtained from 
the RMSE curves. Although these are simple scenarios where the number 
of LVs to be selected is easy to decide, the use of the J-Score has shown to 
be more robust and objective. 

3.2.2. Example 2 – Raman spectra of meat (dataset 2) 
In this section, the performance of the J-Score when dealing with 

Raman spectra is studied. A specific characteristic of this type of spec
troscopy is that the collected spectra show sharper and closer peaks than 
in other spectrophotometric techniques. The Noise Index is based on a 
smoothing algorithm, explained in section 2.1.3, and adjusting the SW 
based on the resolution of the spectra makes the smoothed RV adequate 
to subtract the noise even in sharp spectra like Raman, as it can be seen 
in Fig. 5. 

Once the SW for the Noise Index is decided, each one of the indexes 
that make up the J-Score can be calculated. As shown in Fig. 6a, the 
cross-validation RMSE usually has a downward trend that can either 
stabilize around an asymptote, have a small valley and rise again, or 
keep going down slowly. In either case it is not obvious the number of 
LVs that should be selected for the PLSR model, so some sort of criteria 
such as a minimum relative change on the RMSE when adding another 
LV is usually stablished to decide it [20,21]. Secondly, the ratio between 
RMSECal and RMSECV is calculated. Fig. 6b shows a growing curve with 
the prediction error difference between calibration and validation 
sample predictions, which indicates model overfitting. However, this 

Fig. 4. Upper row shows the RMSECal and RMSECV curves of the PLSR models built for the datasets with 1, 2, 3 and 4 theoretical components, respectively. The lower 
row shows the J-Score curves for the same models. 

Fig. 5. Regression vector and smoothed regression vector of the PLSR model 
(three LVs) for prediction of Iodine Value in meat using Raman spectroscopy. 
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curve does not always have a critical change of slope nor a valley, so it is 
difficult to decide the optimal number of LVs using this parameter. 
Thirdly, the NI curve is calculated using the procedure explained in 
section 2.1.3. (Fig. 6c). This index is the one that best shows when a 
model is overfitted, as the RV includes a notable amount of noise when 

an unnecessary LV is added, so the curve shows an evident change of 
slope. Finally, as explained in section 2.1.6, when the three indices are 
joint the J-Score is obtained. 

In the example at hand, the original authors selected the number of 
LVs based on the curves of RMSECal, RMSECV (shown in Fig. 7a) and 

Fig. 6. Curves of each of the indices of the J-Score for PLSR models with different number of LVs: a) Normalized RMSE (inverse RPD) of cross-validation. b) Ratio of 
calibration RMSE and cross-validation RMSE. c) Noise index of regression vector. 

Fig. 7. a) RMSECal and RMSECV curves of the PLSR models for Iodine Value prediction, as used in the reference paper to decide the number of LVs (apart from 
RMSEP) [16]. b) J-Score curve for the same models. 

Fig. 8. a) and b) RMSECal and RMSECV curves of the PLSR models for prediction of pH and density in wine with MIR spectra, respectively. c) and d) J-Scores of the 
same models. 
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RMSEP [16]. These curves show two valleys with no clear optimal point, 
so a criterion based on a change of slope and overall performance of the 
models was used by the authors to select three LVs. However, using the 
J-Score curve (Fig. 7b) a minimum point is shown in the model with 
three LVs, which is consistent with the results of the original study. 

3.2.3. Example 3 – MIR spectra of wine fermentation (dataset 3) 
In this section, examples of PLSR models where the number of LVs is 

hard to decide are studied. In the original study, the prediction models of 
the pH value of wine samples using MIR spectroscopy show a smooth 
RMSE curve with no critical change of slope nor a minimum (Fig. 8a). In 
this case, the authors decided to use five LVs based on the RMSE curve 
together with the explained variance [18]. On the contrary, the J-Score 
curve for the same models (Fig. 8c) shows a minimum point at seven 
LVs. Although the performance of the two models is similar, the decision 
based on the J-Score may differ from the initial one. This highlights the 
difficulty for the analyst when evaluating the models and interpreting 
the descriptive statistics with the aim of avoiding overfitting. 

When predicting the density of the samples using the same spectra, 

the original authors decided that only one LV was needed, but as it can 
be seen in Fig. 8b that decision cannot be made based on the RMSE curve 
but based on the already low RMSE value of the model with one LV. 
Instead, in the J-Score curve shown in Fig. 8d, the model with one LV is a 
clear minimum showing the optimal model, agreeing with the expert eye 
of the authors. 

3.2.4. Example 4 – NIR spectra of forages (dataset 4) 
In this section, the example dataset is used to show that the J-Score 

can be used not only for comparing models with different number of LVs, 
but for comparing models built using data with different preprocessing 
(just MC; SNV and MC or S-G and MC) and both variations at the same 
time, in order to select the optimal model between the considered ones. 
As it can be seen in Fig. 9, the different data preprocessings change the 
shape of both RMSE curves in a considerable way, making harder or 
easier to choose the adequate number of LVs in each case. On the con
trary, the J-Score curves show a minimum in all cases. In all four pre
processing methods, three LVs were selected as optimal, showing that in 
this case the J-Score is consistent in deciding the dimensionality of the 

Fig. 9. Upper row shows the RMSECal and RMSECV curves of the moisture PLSR models with different data preprocessings used in Ruisánchez et al. The lower row 
shows the J-Score curves for the same models. 

Fig. 10. a) RMSECV values of PLSR models for moisture in forage using different spectral preprocessing (for Savitzky-Golay, the polynomial order and the number of 
points of the moving window are stated) and different number of LVs. Labels showing the model selected by each laboratory in Ruisánchez et al. b) J-Scores of the 
same models and a label showing the optimal one. 
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moisture information contained in the spectra, regardless of the pre
processing, even if this cannot be generalized and does not have to 
happen in every case. 

When both, data preprocessing and number of LVs, are compared 
together, the heat maps shown in Fig. 10 are obtained, which offer a 
global view of all the models considered. In the case of RMSECV 
(Fig. 10a) it is hard to decide the optimal point in the map. In fact, all the 
experts (represented as laboratories in Fig. 10) selected different models 
except two of them that agreed on that the model with no preprocessing 
and three LVs was the optimal one. On the other side, the same map built 
using the J-Score (Fig. 10b) clearly shows a valley with three-four 
models where the minimum is also the model with no preprocessing 
and three LVs, supporting the choice of two out of six laboratories. 

Furthermore, in Fig. 10b it can be seen that the models where the 
spectra were preprocessed with derivatives have a higher J-Score than 
the other ones. This happens because, although they have a similar 
RMSECV, the regression vectors of the models with a derivative are 
noisier. The derivative amplifies the noise of the spectra as much as the 
information of interest, making the models less robust. In addition, the 
rough derivative is noisier than the S-G derivative, as the last one 
smooths the data. Therefore, the J-Score quantifies the fact that when 
two models have the same prediction error but one of them has been 
more preprocessed it will be less robust, so the model with less pre
processing should be selected. A fact that cannot be seen using only 
RMSECV in Fig. 10a. 

The different laboratories selecting very different models illustrates 
the fact that each analyst has their own model evaluating system with 
different weights for the different possible evaluation parameters. This is 
based on knowledge and experience in the field, and the lack of it may 
end up in choosing a suboptimal model. Instead, the J-Score offers an 
objetive and global way of comparing the obtained models, which 
concordates with the criteria of some of the experts. 

4. Conclusions 

A novel indicator for choosing the optimal number of latent variables 
of a PLS-R models has been proposed. This parameter has proven to be 
objective, as it is based on the combination of numerical properties of 
the model; robust, because it has a good reproducibility, meaning that it 
is stable when calculated repeatedly; universal, as it can be applied to 
many data sources that offer continuous vectors; and fast, as it can be 
used for the evaluation of many models in a short period of time in an 
automated way. The J-Score is an evaluation tool that can be used by 
non-experienced analysts for choosing the optimal number of Latent 
Variables, as well as for choosing the best preprocessing techniques to 
use in a fast and automated way. Furthermore, it has shown to be 
adequate for all types of spectroscopic data tried (UV–Vis, NIR, MIR and 
Raman). 
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