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ABSTRACT

Eleftherios Vlazakis

A Bayesian Bridge approach to chemometrics
April 2016

Various chemometrical applications have been included in USA’s and
European legislation, regarding the quality control of produced medicines.
One of the most critical parameters is to be determined the quantity of active
ingredient (API) in the medicine. In current thesis the objective was the
quantification of API ingredient in a pharmaceutical mixture by employing the
novel Bayesian Bridge (BB) method. Additionally, in order to be assessed the
results from BB was employed the Partial Least Squares (PLS) method. For
the model development was used data that sourced from Near Infrared (NIR)
instrument. Over a 700 hundred variables (wavelengths) get measured by NIR
spectrometer, per sample. In total we had 43 samples, based on balanced
experimental design. The assessment of developed model was performed
using the leave-one-out method as cross-validation technique and by
calculating the RMSECV. Even though, both methods gave satisfactory
results, capable to predict accurately the quantity of API in mixtures of
medicines, the BB estimator outperforms the PLS with an average 0.13 and
0.19 RMSECV respectively.

V
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ΠΕΡΙΛΗΨΗ
Ελευθέριος Βλαζάκης
Εφαρμογή της Bayesian Bridge μεθόδου στην Χημειομετρία
Απρίλιος 2016

Πληθώρα χημειομετρικών εφαρμογών έχουν συμπεριληφθεί στην αμερικάνικη και
ευρωπαϊκή φαρμακευτική νομοθεσία για τον ποιοτικό έλεγχο των παραγόμενων
φαρμάκων. Από τους πιο κρίσιμους ελέγχους ποιότητας στα προϊόντα αυτά είναι ο
ποσοτικός προσδιορισμός της δραστικής ουσίας (API). Στόχος της παρούσας
διπλωματικής ήταν η ποσοτικοποίηση της API ενός φαρμακευτικού προϊόντος με την
εφαρμογή της νέας μεθόδου Bayesian Bridge (BB). Προκειμένου να αξιολογηθεί η
αποτελεσματικότητα την μεθόδου BB εφαρμόστηκε και η κλασικότερη τεχνική
Partial Least Squares (PLS). Για την ανάπτυξη των μοντέλων χρησιμοποιήθηκαν
δεδομένα από μετρήσεις που έγιναν φασματοσκοπικά με την μέθοδο του εγγύς
υπέρυθρου φωτός (NIR). Η μέθοδος NIR καταμέτρησε περισσότερες από 700
μεταβλητές (μήκη κύματος) ανά δείγμα, ενώ στο σύνολο παρασκευάστηκαν 43
διαφορετικά δείγματα με την χρήση ισορροπημένου πειραματικού σχεδιασμού. Η
αξιολόγηση των μοντέλων πραγματοποιήθηκε με την μέθοδο leave-one-out crossvalidation και τον προσδιορισμό του RMSECV. Αν και με τις δύο μεθόδους
εκτιμηθήκαν μοντέλα ικανά να εντοπίσουν με σημαντική ακρίβεια την ποσότητα της
API στο φαρμακευτικό προϊόν, η μέθοδος BB φαίνεται να υπερτερεί της PLS
δίνοντας μέσο RMSECV 0,13 έναντι 0,19.
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1

INTRODUCTION

1.1 PURPOSE STATEMENT

A common technique in quantity estimation of active ingredient (API) in a medicine
mixture is by, time consuming, HPLC method. A faster technique of API’s
quantification is by applying chemometrics in Near Infrared (NIR) spectra. Our
objective was to develop a statistical model capable to predict the API’s concentration
in a mixture using an NIR instrument. The novel Bayesian bridge method was
employed to estimate the models, and the evaluation was performed by multiple outof-sample cross validations. Even though the objective of this research was to study
the Bayesian bridge estimator, a comparison was made with another common
technique in order to assess the performance of this novel approach in chemometrical
applications.

1.2 CHEMOMETRICS

Chemometrics, by definition, is the application of statistical science in data related
with chemistry, biochemistry or chemical engineering. Although, it is considered as a
rather new field its applications have been adopted by universities and industries for
various purposes because of its effectiveness (Roggo et al, 2007). Since 2004,
chemometrics have been employed as integral part of guidelines, such as the Process
Analytical Technology (PAT) and Quality by Design (QbD) (P.R. Wahl, et al, 2014).

NIR spectroscopy is a rapid non destructive method of analysis. An NIR instrument
can measure the absorbance of near infrared light in over a thousand wavelengths
within a few seconds. As result, a lab which performs NIR measurements may has in
the end of the day hundreds of spectra. Applications of chemometrics approve that
behind of this data there is valuable information which can be revealed only by using
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multivariate statistics. In pharmaceuticals the NIR is used for markedly vast number
of applications. European Pharmacopoeia (chapter 2.2.40) has approved the NIR
spectroscopy for both chemical and physical analysis (Table 1) (Roggo et al, 2007).

Table 1. Utilizations of chemometrics in pharmaceuticals.
Chemical analysis
Identification

Quantification



APIs



Excipients



APIs



Excipients,



Moisture
Physical analysis

2



Crystalline form, particle size



Dissolution behaviour, hardness



Coating thickness



Monitoring of blending and granulation



Packing materials



Thickness of plastic

CALIBRATION METHODS

2.1 REGULARIZED REGRESSION METHODS

In multivariate statistics the estimation of coefficients
model, based on Ordinary Least Squares (OLS) method,

-2-

is performed with following

In chemometrics the OLS method can not be employed, because firstly the
measurements (n) are fewer than wavelengths (p), producing an invertible matrix X (n
× p) with n << p, and secondly, because of the multicollinearity (Mallick and Yi,
2013) (Gusnanto and Pawitan, 2014). The aim of any regularized regression method
is to introduce a small amount of bias in

estimation. As result the variability of

estimations is decreased and the overall ability of prediction is improved. The bias (or
penalty) introduced to the model by shrinking the coefficients or by settint to zero
some of them. The bridge regression is a rather general penalization method which
includes other special cases such as Lasso, and Ridge. The ability of bridge method to
fit in various cases makes it a valuable technique for estimation of betas.
Additionally, its ability to perform well in variables with multicollinearity it makes it
suitable for NIR data where the variables are correlated (Park and Yoon, 2011).

Given that, y = X β + ε, where

y is a vector (n × 1),

X is a matrix (n × p) of standardized data, and

an error vector (n × 1) with ε ~ N(0, σ2 I)

the bridge estimator is:
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Where in the first part of equation is the squared error loss function (RSS), and in the
second the penalty function which has as coefficient index the degree of penalty ν,
and the concavity parameter α. It is noticeable that α=0 corresponds to best-subset
regression, α=1 to Lasso, and α=2 ridge regression. The concavity parameter does
variable selection when alpha ≤ 1 and shrinks the coefficients for alpha > 1. When is
preferred to eliminate variables because is expected that no significant information
can offer or they contain high noise then α ≤ 1 should be set. Otherwise, α>1 allows
all the variable to be included in to the model and performs shrink to coefficient. The
parameters of bridge regression ν and α are estimated by cross-validation process
(Park and Yoon, 2011).

Even though, the regularized regression methods can deliver very good results in
chemometrical applications (Ojelund et al., 2008) there is an arguments about their
efficient because of their aim for a single point estimation (the minimum

). It is

considered deceptive to use a single value in a multimodal problem, but this can be
solved with the application of Bayesian methodologies (Polson et al., 2014).

2.2 THE BAYESIAN APPROACH

Bayesian statistics are based on probabilistic approach which takes on account the
prior knowledge, and attempts to estimate the posterior probability of models, in
contrast with the bridge method where the objective is to reach a singl optimum
model. Let that we would like to predict the concentration y based on prior
information for coefficient β and σ2. The posterior distribution of y will be estimated
conditionally on known β and σ2 (the so-called hyper parameters), or p(y | β, σ2), and
this is proportional to,
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p(y | β, σ2) ∝ L β, σ2| y p y , with y | β, σ2 ~ N(Xβ, σ2In)

p y is the prior concentration’s distribution and L β, σ2 | y

the likelihood

function (Mallick and Yi, 2013).

2.3 BAYESIAN REGULARIZATION

The penalization function

that included in regularized methods it can be

also used as a prior function in Bayesian statistics, where the negative log density of
coefficient follows an independent exponential-power distribution. Note that in this
distribution the probability of having either 0 or a large value is higher than in
Gaussian prior, a feature that leads to variable selection (Park and Casella, 2008)
(Mallick and Yi, 2013).

2.4 A NOVEL METHOD IN MULTIVARIATE STATISTICS

The Bayesian bridge method is a regularized regression technique which adopts
Bayesian statistics for coefficients estimation.

The prior distribution of β conditional on α and ν, is estimated by the Bayesian
bridge method with the following model,

-5-

where τ = ν-1/α, and the following priors

α ~ Beta(1st shape, 2nd shape parameter)

ν ~ Gamma(shape, rate)

The estimation of posterior distribution

can be explored by sampling from it

(Mallick and Yi, 2013). The Bayesian bridge method employs with success the
Markov chain Monte Carlo (MCMC) algorithm giving the opportunity to estimate
reliably the distribution of β. The posterior distribution is estimated as
(Polson et al., 2014).

2.5 THE PARTIAL LEAST SQUARES (PLS) METHOD

The most important requirement in data reduction methodologies (such as PLS) is the
correlation of variables. Because the light absorption in nearby wavelengths are
correlated this method is able to deliver robust results in quantification problems.
Generally, PLS transforms the original n variables in to n new-variables, which on the
one hand they do not have the same units as the raw data, on the other hand the most
-6-

of information is gathered only in a few new-variables. The PLS method estimates a
linear model between the new-variables and depended variable y. The population of
new-variables that will participate in model calibration is in high importance because
the analyst should exclude the new-variables which represents noise (Word et al.,
2001).

3

EXPERIMENTAL

The aim of this study was to develop a statistical model in order to predict the
concentration of active ingredient (API) using NIR spectra. Utilizing as reference a
medicine which contains the five ingredients of Table 2, we were designed the
experiment based on Mixture Experiments technique using the Extreme Vertices
Design for four components API, and three excipients (EX). This medicine has two
versions based on the concentration of API and our objective was to develop a model
capable to be applied in both versions. Using the statistical package Minitab (version
16) with the above features we produced 43 mixtures of components (Table 3) (Figure
1).

Table 2. The proportions of ingredients into two versions of medicine and the lowerupper concentrations of the DoE.
Nominal concentration
st

Design of Experiment

nd

Lower

Upper

Ingredient

1 Version

2 Version

concentration

concentration

API (%)

2.66

5.33

2.12

6.40

EX1 (%)

48.26

43.96

39.57

53.09

EX2 (%)

43.56

39.82

35.84

47.91

EX3 (%)

5.31

10.67

4.25

18.80

EX4 (%)

0.21

0.21

0.21

0.21
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Table 3. The proportions of ingredients in 43 mixtures
Mixture

API

EX1

EX2

EX3

Mixture

API

EX1

EX2

EX3

1

2.12

49.24

35.84

12.80

23

4.26

53.09

35.84

6.81

2

6.40

44.96

35.84

12.80

24

4.26

47.10

35.84

12.80

3

2.12

45.72

47.91

4.25

25

6.40

47.27

42.09

4.25

4

6.40

41.44

47.91

4.25

26

4.26

53.09

38.40

4.25

5

2.12

53.09

35.84

8.95

27

4.26

43.58

47.91

4.25

6

2.12

53.09

40.54

4.25

28

6.40

53.09

36.05

4.46

7

6.40

53.09

35.84

4.67

29

6.40

40.51

47.91

5.19

8

6.40

53.09

36.26

4.25

30

6.40

42.27

38.54

12.80

9

2.12

39.57

47.91

10.40

31

4.26

46.00

41.55

8.20

10

2.12

39.57

45.51

12.80

32

3.19

47.62

38.69

10.50

11

6.40

39.57

47.91

6.12

33

5.33

45.48

38.69

10.50

12

6.40

39.57

41.23

12.80

34

3.19

45.86

44.73

6.22

13

2.12

39.57

46.71

11.60

35

5.33

43.72

44.73

6.22

14

2.12

51.17

35.84

10.88

36

3.19

49.55

38.69

8.57

15

2.12

49.41

44.23

4.25

37

3.19

49.55

41.04

6.22

16

2.12

53.09

38.19

6.60

38

5.33

49.55

38.69

6.43

17

2.12

42.65

47.91

7.33

39

5.33

49.55

38.90

6.22

18

2.12

44.41

40.68

12.80

40

3.19

42.79

44.73

9.30

19

6.40

39.57

44.57

9.46

41

3.19

42.79

43.53

10.50

20

4.26

39.57

47.91

8.26

42

5.33

42.79

44.73

7.16

21

4.26

39.57

43.37

12.80

43

5.33

42.79

41.39

10.50

22

6.40

49.03

35.84

8.74
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A PI

A PI

20,3

20,3

39,6

35,8

57,8
EX1

2,1

57,8
EX1

2,1

A PI

EX1

20,3

57,8

35,8

4,3

54,1
EX2

54,1
EX2

39,6

4,3

2,1

22,5
EX3

22,5
EX3

35,8

4,3

54,1
EX2

Hold Values
A PI
2,12
EX1 39,57
EX2 35,84
EX3
4,25

39,6

22,5
EX3

Figure 1. Graphical summary of proportions of ingredients

3.1 MATERIALS AND METHODS

The NIR measurements were performed with FT-NIR spectrometer (Matrix-F, Bruker
Optics GmbH, Germany). For all spectra a resolution of 16 cm-1 was applied, each
spectrum was the average of 16 scans, and the applied spectral range was 9849 - 3996
cm-1. In total they measured 713 wavelengths (variables).

The four ingredients were weighted in four digits analytical balance, and were
homogenized using mortar and pestle. In every mixture was performed 6 NIR
measurements, and as result we had to our possession 258 spectra (objects). The
materials and the instruments were kindly provided by Boehringer Ingelheim Hellas
S.A.
-9-

3.2 CROSS VALIDATION METHOD

Every estimated model was developed using the out-of-sample cross validation
technique and, was assessed with the Root Mean Square Error of Cross Validation
(RMSECV). The cross validation of models was performed in respect of European
Pharmacopoeia (chapter 2.2.40). That is, we developed the calibration models with
the two-thirds of the measured samples or with 29 out of 43 mixtures.

3.3 EXECUTING THE “BAYESBRIDGE”

The Bayesian bridge method applied using the package “BayesBridge” from
statistical program R version 3.1.2 (The R Foundation for Statistical Computing,
Austria). The “BayesBridge” package has three different commands (the bridge.reg,
the bridge.reg.tri, and the bridge.reg.stb). The choice is based on the structure of data.
The better option for collinear design matrices, such as NIR spectra, is the
bridge.reg.stb function.

The function bridge.reg.stb needs the following arguments to be executed,

X: the data matrix of NIR spectra (depended variables). Our raw data is a matrix of
258 × 713

(Figure 2). For the analysis we centered

the wavelengths

in order to have as average the zero, but we did not scale them
because all of them are in the same units. Additionally, we excluded the last nine
wavelengths due to high noise which is derived by NIR instrument.

- 10 -

Additionally, should be noted that preatrement of data (such as Multiplicative Scatter
Correction (MSC) or Savitsky-Golay technique) as it is used to be applied in PLS
method gave poor RMSECV. Wangdong et al. (2014) found that further
preprocessing of spectra does not improve the estimation power in Bayesian
application unlikely to PLS. Our results agree that any utilization of data pretreatment
in Bayesian bridge method gives incomparably higher RMSECV.

Figure 2. The NIR spectra.

y: a vector with the independed variables. Its length is equal to the population of
mixtures which are 46 multiplied with six iterations per mixture (258 in total).

- 11 -

nsamp: the population of simulated samples. The Bayesian bridge method employs’
with success the MCMC algorithm and for the estimation of posterior distribution we
were applied 10000 repetitions.

sig2.shape and sig2.scale: These parameters concerns the Inverse-Gamma prior
distribution for σ2. Here we adopted Jeffrey’s prior, since we do not have any actual
information and the σ2 can take any value.

nu.shape and nu.rate: It concerns the distribution of penalty (ν) which follows gamma
distribution. We applied various values to these parameters, and we made our
decision based on cross validation method.

alpha: The concavity parameter. α, can be used as tuning factor and can be determined
accordingly to data X. Firstly we estimated the parameter and then we used it as a
constant in the model (Figure 3).

ortho: When the design matrix is not orthogonal, such as to our study, is set False

3.4 COEFFICIENTS ESTIMATION

The Bayes Bridge method estimates the coefficients by using the MCMC algorithm.
As result, every variable has 10000 betas appraisals for every wavelength, producing
a matrix 10000 × 704. The central value of betas was calculated using arithmetic
mean, arithmetic trimmed mean, and median. The other methods except arithmetic
mean was giving the poorer estimation according to RMSECV.
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3.5 APPLYING PLS

Using the same matrix X as in Bayes bridge we centered the data and we tested
various preprocessing techniques such as the MSC and Savitsky-Golay method
(Cogdill et al., 2005). All of these techniques improved the RMSECV but the most
suitable was the MSC pretreatment.

One of the most significant decisions that must be made in PLS is the selection of
components that will be exploited in model’s calibration (Table 4). For our data six
components seems a reasonable number, explaining the 98.91% of variability, and
avoiding the overfitting effect.

Table 4. Cumulative explained variance
Data: X dimension: 173 704
Y dimension: 173 1
TRAINING: % variance explained
components
y
components
y

4

1

2

3

4

5

6

7

53.91

79.38

97.07

97.75

98.29

98.91

99.01

8

9

10

11

12

13

14

99.11

99.31

99.41

99.49

99.52

99.57

99.64

RESULTS & DISCUSSION
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Firstly, we explore the effect that the prior distribution for ν has on RMSECV. In
Gamma distribution



the mean calculated as Ε(Χ) = shape/rate and,



the variance as Var(X) = shape/rate2.

We set the shape and rate parameters of Table 5. All the other arguments of
“BayesBridge” was maintained stable with α=0,5.

Table 5. Shape and rate parameters for Gamma distribution
ν ~ Ga(shape, rate)
shape

rate

mean

var

2

2

1

0.5

1

10

0.1

0.01

1

5

0.2

0.04

5

1

5

5

10

1

10

10

As Figure 3 depicts, the median of RMSECV of 50 iterations, was approximately 0.13
regardless the parameters for ν prior distribution, concluding that the nu distribution
does not affect dramatically the results. Should be noted that in ν ~ Ga(2, 2) case there
was an increased variability of RMSECV.
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Figure 3. The effect of various prior distribution in RMSECV

In following Figure 4 there is a histogram concerning the estimation of concavity
parameter alpha, while the prior distribution for nu was ν ~ Ga(5, 1). It is observable
that for our data the suitable value for α is close to 0.3 since the 50% of the data are
laying from 0.26 to 0.34. This value of α indicates that penalty function performs
variable selection. By running the Bayesian bridge method with ν ~ Ga(5, 1) and
α=0.3 the average RMSECV is close to 0.13.
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Figure 4. Estimation of concavity parameter
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Figure 5. RMSECV with ν ~ Ga(5, 1) and α=0.3

On the other hand, performing 50 iterations and applying a cross validation with the
67% of the objects, the PLS method for six component (98.9% explained variation of
y) has as result an average RMSECV value close to 0.185. Moreover, even with eight
components the RMSECV was close to 0.15
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Figure 6. The RMSECV for different components

5

CONCLUSION
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Two completely different techniques were evaluated for their ability to estimate a
robust model for API’s quantification. Even though both of them were able to deliver
satisfactory results the Bayesian bridge method seems that outperforms the PLS,
based on RMSECV (Figure 5 and 6).

The BB estimator is definitely time consuming and it is based on more complex
theory. In contrary, the PLS can process the same volume of raw data incomparably
faster. The BayesBridge package needs time to complete an analysis and the user
should identify the most appropriate parameters for ν distribution (the concavity
parameter α can be estimated through the package). On the other hand, in PLS the
analyst should distinguish the most useful method of preprocessing, and delineate the
number of components that should apply to the model facing the risk to exclude
useful information or to include noise.
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APPENDIX - THE R SCRIPT
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# the BB method
#insert data and standardized them
NIR<-read.table(file.choose(), header=F, sep='\t')
library('BayesBridge')

X<-NIR[1:258,1:704]
yi<-NIR[1:258,714]
matplot(t(X[,1:704]), type='l')
# Center the data.
y = yi - mean(yi);
X<-scale(X, scale=F)

#-----------------------------------------------------------------------------------#randomize the groups & run the model
n<- 43 # number of groups
split<- 1 #No of test splits in out-of-sample method
percent<-0.67 # the fraction(percent of data) in the train set
#randomizing the groups
r.1<-1: length(X[,1])
r.2<- rep(1:n, each=6)
combine<-data.frame(r.1,r.2)
RMSEP<-vector("list",split)
Y.new<-c()
for (test.set in 1:split)
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{
#randomize the groups
random.col<-sample.int(n, n, replace=F) #randomize the mesurments
random.90 <- random.col[1:round(n* percent ,0)] # train set
random.10<-tail(random.col, n-round(n* percent ,0)) #test set
#the columns of groups
choose.90<-combine[combine[[2]] %in% random.90,][[1]] # train set
choose.10<-combine[combine[[2]] %in% random.10,][[1]] # test set
#run the model
bb.thesis<-bridge.reg.stb(y[choose.90], X[choose.90,], nsamp=10000,
alpha=1.5, sig2.shape=0.0, sig2.scale=0.0, nu.shape=5.0, nu.rate=1.0,ortho=F )
output<-bb.thesis

for (no in 1:length(choose.10))
{
chi.no<-((t(X[choose.10[no],])))
BETA<- colMeans(output$beta)
s.d. <- mean(output$sig2)
# estimate the Y
Y.new[no]<- mean(rnorm(10000, mean= sum(chi.no*BETA) , sd=s.d. ))
}
# in every run of BB model keep the estimated RMSEP values
RMSEP[[test.set]] <- sqrt(mean(( y[choose.10] - Y.new )^2))
}
#save the resulted RMSEP
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print('RMSEP') ; print (RMSEP) ; summary(RMSEP)
quantile(RMSEP, c(0.025,0.975))
summary(correlation);quantile(correlation, c(0.025,0.975))
X11( )
boxplot(RMSEP)
save(RMSEP, file = 'RMSEP.a.1.8.nu.5.1.RData')

# The PLS
NIR2<-read.table(file.choose(), header=F, sep='\t')
NIR2<-as.matrix( NIR2)
X<-NIR2[1:258,1:695]
yi<-NIR2[1:258,714]
y = yi - mean(yi)
library (pls)
subject<-msc(X) # pretreatment method
subject<-scale(subject, scale=F)
###

out-of-sample method

###

n<- 258 # number of groups
split<- 100 #No of test splits in out-of-sample method
percent<-0.67 # the fraction(percent of data) in the train set
#randomizing the groups
r.1<-1: length(subject[,1])
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r.2<- rep(1:n, each=6)
combine<-data.frame(r.1,r.2)
RMSEP<-vector("list",split)
# run multiple times
for (test.set in 1:split) {
random.col<-sample.int(n, n, replace=F) #randomize the mesurments
random.90 <- random.col[1:round(n* percent ,0)] # train set
random.10<-tail(random.col, n-round(n* percent ,0)) #test set
nir.svd<-svd(subject[random.90,])
nir.scores<-nir.svd$u%*% diag(nir.svd$d) #diag creates the diagonal matrix
nir.loadings<-nir.svd$v
max.pc <-10
nir.vars<-(nir.svd$d^2)/(nrow(subject)-1)
nir.totalvar<-sum(nir.vars)
nir.relvars<-nir.vars/nir.totalvar
#round = στρογγυλοποιεί
variances<-100*round(nir.relvars, digits=3)
variances[1:max.pc]
cumsum(variances[1:max.pc])
# barplot(nir.relvars[1:max.pc], main='Relative variances', names.arg=paste("pc",
1:max.pc))
pls.nir<- plsr( y[random.90]~subject[random.90,], ncomp=(15))
# summary(pls.nir)
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pls.pred<-predict( pls.nir, newdata=subject[random.10,], 8)
# summary(pls.pred)
# boxplot (mean(yi)+pls.pred)
# summary ((mean(yi)+pls.pred)- yi[random.10])
yi.hat<- mean(yi)+pls.pred
RMSEP[[test.set]] <- sqrt(mean(( yi[random.10] - yi.hat )^2))
}

RMSEP<- do.call(rbind, RMSEP)
summary(RMSEP)
#plots to compare
RMSEP<-do.call(rbind, RMSEP)
tr2.2<-output
tr1.10<-RMSEP
tr1.5<-RMSEP
tr5.1<-RMSEP
tr10.1<-RMSEP
par(mfrow=c(2,2))
boxplot(RMSEP,main='Cross Validation with PLS' , ylab='RMSEP' )
legend ('topright', legend= c(paste(summary(RMSEP)) ), bty = "n" )
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boxplot( data.frame(pl4,pl5,pl6,pl7,pl8),
names=(c('nu~Ga(2,2)','nu~Ga(1,10)','nu~Ga(1,5)','nu~Ga(5,1)','nu~Ga(10,1)')),
ylab='RMSECV')
## histograms
hist(tr,

main='Estimation

of

alpha',

ylab='Frequency',

xlab='Estimated

values',breaks=20)
legend ('topright', legend= c(
paste('1st Qu. =' , round(quantile(tr, c(0.25) ),2 )),
paste('Mean =',round(mean(tr), 2)),
paste('Median =',round(median(tr), 2)),
paste('3rd Qu. =' , round(quantile(tr, c(0.75) ),2 ))
))
# PLS #
pl4 <-RMSEP
pl5 <-RMSEP
pl6 <-RMSEP
pl7<-RMSEP
pl8 <-RMSEP
boxplot( data.frame(pl4,pl5,pl6,pl7,pl8),
names=(c('PCs:4','PCs:5','PCs:6','PCs:7','PCs:8')), ylab='RMSECV')
boxplot(pl6,main='' , ylab='RMSEP', xlab='PCs: 6' )
legend ('topright', legend= c('PCs: 6',paste(summary(pl6)) ), bty = "u" )
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