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Examples Using the PLS Procedure

The examples in this report use the experimental PLS procedure in SAS/STAT
software, Release 6.12, to model data by partial least squares (PLS) regression. A
system of macros is used with PROC PLS to produce high-resolution plots for the
model.

Example 1. Predicting Biological Activity

Introduction

The following example, from Umetrics (1995), demonstrates the use of partia
least squares in drug discovery. New drugs are developed from chemicas that
are biologically active. Testing a compound for biological activity is an expensive
procedure, so it would be useful to be able to predict biological activity from other
cheaper chemical measurements. In fact, computational chemistry makes it possible
to calculate certain chemical measurements without even making the compound.
These measurements include size, lipophilicity, and polarity at various sites on the
molecule. The SAS statements to create a SAS data set named PENTA containing
these data are given in Appendix 1.

Y ouwould liketo study the rel ationshi p between these measurements and the activity
of the compound, represented by the logarithm of the relative Bradykinin activating
activity (I og_RAIl ). Notice that these data consist of many predictors relative to
the number of observations. Partial least squares is especially appropriate in this
situation as a useful tool for finding a few underlying predictors that account for
most of the variation in the response. Typically, the model is fit for part of the data
(the training set), and the quality of thefit isjudged by how well it predicts the other
part of the data (the prediction set). For this example, the first fifteen observations
serve asthetraining set and the rest constitute the test set (refer to Ufkes et al. 1978,
1982).
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First PLS Model

When you fit a PLS model, you hope to find a few PLS factors (also known as
components or latent variables) that explain most of the variation in both predictors
and responses. Factors that explain response variation well provide good predictive
models for new responses, and factors that explain predictor variation well are well
represented by the observed values of the predictors. The following statements set
the macro variablesfor thisexample and then fitsa PL S model with two components.
Appendix 2 liststhe macros caled in these examples.

/*********************************************************/

/ Select the first 15 observations for the training set /
/ fromthe original data set, PENTA. /

/*********************************************************/

data penta_a; set penta;
if N <= 15;
n=_N;

/*********************************************************/

/| Set Paraneters for Macros /
/*********************************************************/

%l obal xvars yvars prednanme resnanme XSCrname yscrnane
numx numy |v;

% et xvars=S1 L1 P1 S2 L2 P2 S3 L3 P3 S4 L4 P4 S5 L5 P5;
% et yvars=log_RAl;

% et ypred=yhat 1;

% et yres=yresl,;

% et prednane=yhat;

% et resnane=res;

% et Xxscrnane=xscr;

% et yscrnane=yscr;

% et numy=1;

% et num x=15;

/*********************************************************/

/ Fit the PLS nodel /

/**************************)\')\')\')\')\')\')\')\'***********************/

proc pls data=penta_a nethod=pls outnodel =est1 | v=2
nodel &yvars = &xvars
out put out =out pl s p=yhat1l yresidual =yresl
xresi dual =xresl- xresl5 xscore=xscr yscore=yscr
stdy=stdy stdx=stdx h=h press=press t2=t2
Xqr es=xqgres yqres=yqres;
run;

et |v=2; *** Used 2 PLS conponents ***;

The PLS procedure displays a table, shown in Output 1.1, showing how much
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predictor and response variation is explained by each PLS component.

Output 1.1. Amount of Training Set Variation Explained

The PLS Procedure
Percent Vari ation Accounted For

Nunmber of
Lat ent Mbdel Effects Dependent Vari abl es
Vari abl es Current Tot al Current Tot a
1 16. 9014 16. 9014 89. 6399 89. 6399
2 12. 7721 29. 6735 7.8368 97. 4767

The procedure a so produces two data sets: the EST1 data set containing information
on the model fit, and the OUTPL S data set containing predictions, residual s, scores,
and other information.

From Output 1.1, note that 97% of the response variation is aready explained, but
only 29% of the predictor variation is explained.

The PLS model has the form
X = TP+ E, and
Y = UQ +F

where X and Y are the matrices of predictors and responses. The matrices on the
right-hand side of thismodel are defined by

T = X-scores U = Y-scores
P = X-loadings @ = Y-loadings
FE = X-residuas F = Y-residuals

Partia least squares algorithms choose successive orthogonal factors that maximize
the covariance between each X -score and the corresponding Y -score. For agood PLS
model, the first few factors show a high correlation between the X- and Y -scores.
The correlation usually decreases from one factor to the next. You can plot the
X-scores T' versus the corresponding Y -scores U using the following macro call.

%l ot _scr(outpls);

The plotsfor these data appear in Figures 2 and 3. The numbers on the plot represent
the observation number in the PENTAPEP data set, which appears in Appendix 1.
For this example, the figures show high correlation between X- and Y -scores for the
first component but somewhat looser correlation for the second component.

Y ou can also plot the X-scores against each other tolook for irregularitiesin the data.
Y ou should look out for patterns or clearly grouped observations. If you see a curved
pattern, for example, you may want to add a quadratic term. Two or more groupings
of observationsindicate that it might be better to analyze the groups separately. The
following macro call produces plots of scores for consecutive PLS components for
as many components as desired, up to the number of componentsfit.
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Figure 3: Second X- and Y -scores for Penta-Peptide Model 1

%l ot xscr (out pl s, max_| v=2);

The plot of the first and second X-scores is shown in Figure 4. This plot appears to
show most of the observations close together, with afew being more spread out with
larger positive X-scores for component 2. Observation 13 stands out the most and
has been the most extreme on all three plots so far. Thisrun may be influentia in the
PLS anadlysis, and thus you should check to make sure it is reliable. There are not
any distinct grouping patterns.

Plots of the weights give the directions toward which each PL S factor projects. They
show which predictors are most represented in each factor. Those predictors with
small weights are lessimportant than those with large weightsin absolute value.

The X-weights W represent the correl ation between the X-variables and the Y -scores
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Figure 4: First and Second X-scores for Penta-Peptide Model 1

U. The Y-loadings () represent the correlation between the Y-variables and the
X-scores T'. The X-loadings P represent the directions of the linesu = b’t in the
X-space. The X-loadings and X-weights are usually very similar to each other.

Y ou can produce these plotswith the following macro calls.

/*********************************************************/

/  Conpute the X-weights for each PLS component /

/*********************************************************/

Y%get _w s(est 1, dsxwt s=xwts);

/*********************************************************/

/[ Plot X-weights wil and w2 for the two conponents /

/*********************************************************/

%l ot _wt (xwt s, max_| v=2);

/*********************************************************/

/[ Conpute X-loadings pl-p2 for the two conponents /

/*********************************************************/

%get x| oad( est 1, dsxl oad=xl oads) ;

/*********************************************************/

/  Plot X-loadings pl and p2 for the two components /

/*******************************)\'*************************/

%l t x| oad( x| oads, max_| v=2);

The plot of the X-weightsis shown in Figure 5. The plot of the X-loadings, which is
similar, is not shown.

The weights plot shows a cluster of X-variables that are weighted at nearly zero for
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Figure 5: First and Second X-weightsfor Penta-Peptide Model 1

both components. These variables add little to the model fit and removing them may
improve the model’ s predictive capability.

Residua plots and normal quantile plots help in detecting outliers that might be
harming the fit; these plots aso help in detecting nonnormality, autocorrelations,
and heteroscedasticity, all of which can cause various problems in constructing
confidence and tolerance bounds for predictions. The idea residual plot looks like
arectangular point cloud with a majority of the pointsfalling in the vertical middle
third of the plot. In an ideal normal plot, the pointsfall on a straight line. You can
produce the plot of residuals versus predicted values with the % es_pl ot macro
and the normal quantile plot of the residuals with the %or _pl ot macro for each
response variable.

% es_pl ot (out pl s);

%or _pl ot (out pl s);

The resulting plots appear in Figures 6 and 7.

For these data, the plot of residual sversus predicted valuesin Figure 6 shows nothing
unusual, but the normal quantile plot in Figure 7 shows that several observations are
more extreme at the lower end than what you would expect under normality.

To determine which factors to eliminate from the analysis, you can look at the
regression coefficients in the B(PLS) matrix (which in this case is a column vector)
and a the Variable Importance for the Projection (VIP) of each factor. The
regression coefficients represent the importance each factor has in the prediction of
the response. The VIP represents the value of each predictor in fitting the PLS model
for both predictors and responses. If a predictor has a relatively small coefficient
(in absolute value) and a small value of VIP (Wold (1994) considers less than 0.8
to be “*small’’), then it is a prime candidate for deletion. The following statements
produce coefficients and the VIP.
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Figure 6: Residuals vs. Predicted Values for Penta-Peptide Model 1
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Figure 7: Normal Quantile Plot of Residuals for Penta-Peptide Model 1

%get _bpl s(est 1, dsout =bpl s);

%get _vi p(estl, dsvi p=vi p_data);

data eval ;
nmerge bpls vip_data;
run;

proc print data=eval;
run;

The output appearsin Output 1.2.
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Output 1.2. Estimated PLS Regression Coefficients and VIP (Model 1)

0BS X_VAR B1 VI P
1 S1 -0.13831 0.61108
2 L1 0. 05720 0. 31822
3 P1 -0. 19064 0.75127
4 S2 0.12383 0.50482
5 L2 0. 05909 0.27123
6 P2 0. 09361 0. 35927
7 S3 - 0. 28415 1. 57775
8 L3 0.47131 2. 43480
9 P3 0.26613 1.13222
10 S4 -0. 09145 1. 22255
11 L4 0. 12265 1.17994
12 P4 -0.04878 0. 88380
13 S5 0. 03320 0.21288
14 L5 0. 03320 0.21288
15 P5 - 0. 03320 0.21288

For this data set, the variables L1, L2, P2, P4, S5, L5, and P5 have small absolute
coefficients and small VIP, so they are dropped from the analysis.

Looking back at the loadings plot, you can see that these variables tend to be the
ones near zero for both PLS components.

Reduced Model Analysis

The statements bel ow refit the model with the seven insignificant predictors dropped.

/*********************************************************/

/| Refit the PLS nodel with 7 X-vari abl es del eted /

/*********************************************************/

% et xvars=S1 P1 S2 S3 L3 P3 $4 L4;
% et num x=8;

proc pls data=penta_a nethod=pls outnodel =est1b | v=2;
nodel &yvars = &xvars
out put out =out pl s1b p=yhat1 yresidual =yresl
xresi dual =xr esl- xr es8 xscor e=xscr yscore=yscr
stdy=stdy stdx=stdx h=h press=press t2=t2
Xqr es=xqgres yqres=yqres;
run;

/*********************************************************/

/[ Plot a normal quantile plot of the residuals /

[/ (for conparison to the original fit). /
/*********************************************************/

% or _pl ot (out pl s1b);
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/*********************************************************/

/ Plot the X-scores vs. Y-scores for each conponent. /
/*********************************************************/

%l ot _scr (out pl sib);

The printed output from the PL S procedure appearsin Output 1.3, thenormal quantile
plot appearsin Figure 8 and the plot of the second X and Y -scores against each other
appearsin Figure9.

Output 1.3.  Amount of Training Set Variation Explained (Reduced Model)

The PLS Procedure
Percent Vari ation Accounted For

Nunmber of
Lat ent Mbdel Effects Dependent Vari abl es
Vari abl es Current Tot al Current Tot al
1 28.5163 28.5163 90. 7983 90. 7983
2 19. 1750 47.6913 5.9785 96. 7769
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Figure 8: Normal Quantile Plot for Penta-Peptide Reduced Model

When the moddl is fit with the remaining eight predictors, the R-squared values for
X improve to 47% for two PLS components. See Output 1.3.

So if you drop predictors that appear to be the least related to Y, you find that the
PL Sfactors are better represented by the datain the remaining X-space. Note that the
normal quantile plot (Figure 8) is closer to being linear than previously (Figure 7).

Y ou can also seein Figure 9 that the correlation between the X- and Y -scores for the
second component appears stronger.

Another way to check for outliersin the model isto look at the Euclidean distance
from each point to the PLS model in both X and Y. No point should be dramatically
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Figure 9: Second X- and Y -scores for Penta-Peptide Reduced Model

farther from the model than the rest. If there is a group of pointsthat are all farther
from the model than the rest, it may be that they have something in common and
should be analyzed separately. The following statements compute and plot these
distances to the model, which Umetrics (1995) call DModX and DModY .

%get _dnod( out pl s1b, dsdnod=di st nd1b, qr esnane=qres, i d=n);

proc gpl ot data=di stndlb;
pl ot dnodx*n;
synmbol 1 i =needl es v=dot;
synmbol 2 i =needl es v=dot;
run;

The plots are shown in Figures 10 and 11.

There appear to be no outliers. Overall, this second model appears to be more
satisfactory than the first one.

Predictions for the Remaining Observations

Y ou can make predictionsfor the test set (observations 16-31 of the original data) by
appending it to the training set with missing values for the responses and specifying
the P=option in the OUTPUT statement. Then you can check the predictions based
on the model for the first 15 observations against their actual vaues (except for
observation 31, which ismissing in the response).
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Figure 11: Distances from the Y -variables to the Model (Training Set)

/*********************************7\'***********************/

/  Refit the nodel with missing values at the points /
/ to be predicted. /

/***************************)\')\'****************************/

data penta_b; set penta;
if n> 15 then | og_RAl =

proc pls data=penta_b nethod=pls |v=2 noprint;
nodel &yvars = &xvars
out put out=out pl s2 p=yhatl yresidual =yresl
xresi dual =xr esl- xres8 xscor e=xscr yscore=yscr
stdy=stdy stdx=stdx h=h press=press t2=t2
Xqr es=xqgres yqres=yqres;
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run;

/*********************************)\'***********************/

/ Put the predicted val ues and actual observations in /

/ t he same data set. /
/*********************************************************/

dat a out pl s2a; set outpls2(keep=&ypred); n=_N_; run;
data penta_c; set penta(keep=&yvars); n=_N_; run;

data predict; merge penta_c outpls2a; by n; run;

/*********************************************************/

/| Calculate the residuals at the points in the test set. /
/*******************~k*************************************/

data predict; set predict;
yresl=l og_RAl -yhat1;
if N =31 then del ete;
run;

/*********************************************************/

/ Conpare the test set and training set residuals. /
/*******************~k*************************************/

% es_pl ot (predict);

Figure 12 displays the plot. Y ou can also print out the predictionsin the PREDICT
data set, but these are not displayed here.
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Figure 12: Residuals for all Observations Based on Model for Training Set

In Figure 12, the residuals for observations 16-30 calculated based on predictions
from observations 1-15 appear to have a slight systematic pattern.

Observations 27 and 29 stand out the most, and in genera it appears that the
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model is sightly underpredicting the Y -activity when it predicts low activity and
overpredicting it when it predicts high activity.

To seeif the new observations are representative of the model for X, you can call the
%get _dnmod macro again and plot the distances.

%get _dnod(out pl s2, dsdnod=di st nod2, gqr esnanme=qr es, i d=n);
axi sl order=(0 to 32 by 8);

proc gpl ot data=di stnod2;
pl ot dnodx*n/ haxi s=axi s1;
symbol 1 i =needl es v=dot;
run;

The plot appears in Figure 13.
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Figure 13: Distances from the X-variables to the Model (All Data)
In Figure 13, the distances of observations 16-30 to the PLS model for the predictors
are much larger on average than the distances for the first 15 observations.

Thisindicatesthat the X-valuesfor thefirst 15 are not as representative of the second
15 as you would like and it hel ps explain the problemsin prediction.

Conclusion

In this example, partial least squares provided an effective method for predicting
the chemical activity of a penta-peptide by taking only eight total measurements
of size, lipophilicity, or polarity. Two underlying factors based on these quantities
accounted for ailmost all of the variation in the response and provided a good model
for predicting responses in the prediction set.
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Example 2. Spectrometric Calibration (Ob-
served Data)

Introduction

Spectrometric calibration is another type of problem where partial least squares
is very effective in predicting responses from a large number of predictors. As
described in Tobias (1995), to calibrate an instrument you run compounds of known
composition through the spectrograph and observe the spectrathey yield. Based on
this data, you fit a model that you then use to predict concentrations of unknown
samples based on their spectra. The next two examples come from calibration
problems.

Inthe MSWKAL dataset, again supplied by Umetrics (1995), researchers would like
to fit a spectrographic model so they can determine the amounts of three compounds
present in samplesfrom the Baltic Sea: LS (lignin sulfonate: pul p industry pollution),
HA (humic acids: natural forest products), and DT (optical whitener from detergent).
The data set consists of 16 samples of known concentrations of LS, HA, and DT,
with spectra based on 27 frequencies (or equivalently, wavelengths), as well as two
samples of known concentration for use in checking the robustness of the model.
(Refer to Lindberg et a. 1983.)

The statementsto create a SAS data set named MSWKAL for these data are supplied
in Appendix 1.

First Model Fit

Toisolate afew underlying spectral factors that provide agood predictive model, you
can fit a PLS model to the 16 samples. To choose the number of PLS components
you use some form of cross-validation. In cross-validation, the data set is divided
into two or more groups. You fit the model to all groups but one, then check the
capability of the model to predict responses for the group left out. Repeating this
processfor each group, you then can measure the overall capability of agiven form of
the modd. The Predicted REsidual Sum of Squares (PRESS) statistic is based on the
residuals generated by this process. Y ou can choose the number of PLS components
based on the model with the minimum PRESS statistic or based on a hypothesis test
such as one that uses the PRESS statistic for each model. In this cross-validation
test approach, the PLS procedure with the CVTEST(STAT=PRESS) option selects
the smallest model that has a PRESS statistic insignificantly larger than the absolute
minimum PRESS statistic.

One important issue is selection of the number and composition of groups to leave
out when doing cross-vaidation. Umetrics (1995) recommends having seven or
more groups. Shao (1993) recommends against using ordinary cross-validation with
groups of size one. For this data set, eight groups of size two should work well.

In the PLS procedure, you can accomplish this group selection by using the
CV=SPLIT(8) option to choose eight cross-validation groups composed of observa
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tions 1 and 9, observations 2 and 10, and so on.

The following statements set the macro variables for this data set and fit the first
PLS model using the preceding criteria. The macros used in this example are listed
in Appendix 2.

data nswkal _a; set nswkal;
if n <= 16;

%yl obal xvars yvars prednane resnane XScrnane yscrname
numx numy |v;

%et titlel=PLS Anal ysis of Unetrics MSWKAL Exanpl e;

% et xvars=vl1l v2 v3 v4 v5 v6 v7 v8 v9 v10 v11 v12 v13 vi4
v1l5 v16 v17 v18 v19 v20 v21 v22 v23 v24 v25 v26 v27

% et yvars=ls ha dt;

% et ypred=yhat1l yhat2 yhat 3;

% et yres=yresl yres2 yress3;

% et prednane=yhat;

% et resname=res;

% et xscrname=xscr;

% et yscrname=yscr;

% et num y=3;

% et num x=27;

proc pls data=nmswkal _a met hod=pl s out nodel =est1 cv=split(8)
cvt est (st at =press);
nodel |Is ha dt = v1-v27
out put out=out pl s p=yhat 1-yhat 3 yresi dual =yresl-yres3
xresi dual =xr esl- xres27 XScor e=xscr yscore=yscr
stdy=stdy stdx=stdx h=h press=press t2=t2
Xqres=xqgres yqres=ygres;
run;

% et |v=2; *** Number of PLS conponents in nodel ***;

The PLS output appears in Output 2.1 and Output 2.2.
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Output 2.1. Cross-Validation Results

1
The PLS Procedure
Cross Validation for the Nunber of Latent Variables
Test for |arger
resi dual s than
m ni mum
Nunmber of Root
Lat ent Mean Prob >
Vari abl es PRESS PRESS
0 1. 0975 0. 00100
1 0. 8806 0
2 0. 8305 0.2100
3 0. 6289 0.1700
4 0.5792 0. 00400
5 0. 7049 0. 00200
6 0.4613 0. 00400
7 0.4151 1. 0000
8 0. 4569 0. 9620
9 0.4471 0.9190
10 0. 4247 0.9710
11 0. 4322 0. 8700
12 0.4412 0.9180
13 0. 4435 0. 9510
14 0. 4435 0. 9510
15 0. 4435 0. 9510
16 0. 4435 0. 9510
17 0. 4435 0. 9510
18 0. 4435 0. 9510
19 0. 4435 0. 9510
20 0. 4435 0. 9510
21 0. 4435 0. 9510
22 0. 4435 0. 9510
23 0. 4435 0. 9510
24 0. 4435 0. 9510
25 0. 4435 0. 9510
26 0. 4435 0. 9510
27 0. 4435 0. 9510
M ni mum Root Mean PRESS = 0.415117 for 7 latent variabl es
Smal | est nodel with p-value > 0.1: 2 |atent variables
Output 2.2. Percentages of Variation Explained by Model
2

The PLS Procedure
Percent Variation Accounted For

Nunmber of
Lat ent Mbdel Effects Dependent Vari abl es
Vari abl es Current Tot al Current Tot a
1 97. 4607 97. 4607 41. 9155 41. 9155
2 2.1830 99. 6436 24. 2435 66. 1590

The cross-validation results in Output 2.1 show that the procedure selected a model
with two PLS components (latent variables) because that is the simplest model with
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aPRESS statisticthat isinsignificantly different from the absol ute minimum PRESS
value. Output 2.2 shows that the PLS model explains more than 99% of the variation
in predictors and about 66% of the variation in responses. If you had not used the
CVTEST option, the procedure would have fit a model with seven PLS components
instead of two.

To check the quality of themodel, you can check to seeif the X-scores and respective
Y -scores are highly correlated using the following command.

%l ot _scr(outpls);

The plots appear in Figures 14 and 15. Recall that the numbers on the plots refer to
the observation numbersin the MSWKAL data set, given in Appendix 1.
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Figure 15: Second X- and Y -scores for MSWKAL Model
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From these plots, you can see that the X- and Y -scores are highly correlated for the
first two PLS components, indicating agood model. To check for irregularitiesin the
predictors, such as outliers or distinct groupings, you can plot the X-scores against
each other using the following statements.

%pl ot xscr (out pl s);

The plot of the first and second X-scoresis shown in Figure 16. The plot of X-scores
shows no irregularities.
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Figure 16: First and Second X-scores for MSWKAL Model

To see which predictors are most dominant in each factor, you can plot the weights
and loadings across the range of predictors. Since the predictors are frequencies, it
makes sense to plot the weights and loadings across frequencies rather than against
each other. You can use the following statements to generate these plots.

/*********************************************************/

|/ Conpute the X-Wights for each PLS conponent /

/****************************)\')\')\')\'*************************/

Y%get _w s(estl, dsxwt s=xwts);

/***************************)\')\')\')\')\'*************************/

/|  Plot the X-weights vs. the frequency on the sane axes /

/**************************)\')\')\')\')\')\')\')\'***********************/

9l twt frg(xwts, pl ot yvar =w, pl ot xvar =n, max_| v=&l v,
| abel =\Wéi ght ) ;
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/*********************************************************/

/ Conpute X-1oadings pl-p2 for the two conponents /

/*********************************************************/

%get x| oad( est 1, dsxl oad=x| oads) ;

/*********************************************************/

/ Plot the X-loadings for each conponent vs. frequency /
/*********************************************************/

9%l t wt f r q( xI oads, pl ot yvar =p, pl ot xvar=n, max_| v=&I v
| abel =Loadi ng) ;

Figure 17 displays the weight plot across frequencies. The loadings plot looks very
similar.
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Figure 17: X-weights Across Freguencies for MSWKAL Model

The plot shows a fairly constant weight across frequencies for the first PLS
component, revealing that the integral of the spectrogram is the most important
predictor. For the second component, the weights increase as the frequency
increases. The second component is a smoothed contrast between frequencies below
and above 9 or so.

The X-loadings give the combination of predictors that comprise each PLS com-
ponent. In the same way, you can examine the Y-loadings to see how each
PLS component represents the responses. The following statements compute the
Y -loadings and then plot them for each PLS component.

/*********************************************************/

/ Conpute Y-loadings ql-gq2 for the two conponents /

/****************************)\')\')\')\'*************************/

%get yl oad(est 1, dsyl oad=yl oads) ;
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/*********************************************************/

/ Plot the Y-loadings vs. the PLS conmponents /

/*********************************************************/

%plt_y lv(estl);

The plot appears in Figure 18.
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Figure 18: Y -loadings vs. PLS Component for MSWKAL Model

The plots show that the first component is based mainly on LS, with some emphasis
on the other two responses. The second component emphasizes DT and, to alesser
extent, LS.

To see which frequencies are important, you can look at the B(PLS) regression
coefficient matrix and at the Variable Importance for the Projection (VIP). Since the
predictors are ordered, it makes sense to plot VIP and B(PLS) against them. It also
may help visualy to standardize the regression coefficients. Y ou can produce these
plots with the following statements.

%get _bpl s(est 1, dsout =bpl s);
%l t _bpl s(bpl s);

/*********************************)\'***********************/

/ Standardi ze the PLS regression coefficients /

/****************************)\')\')\')\'*************************/

proc standard data=bpls out=bpls nean=0 std=1 vardef=n
var b:;

data bpls; set bpls;
array b b:
doi =1todimb); b{i} =b{i} / 27, end; drop i;
run;
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/*********************************************************/

/  Plot the standardi zed PLS regression coefficients /
/*********************************************************/

%l t _bpl s(bpl s);

/*********************************************************/

/ Get VIP and plot it across frequencies /
/*********************************************************/

%get _vip(estl,dsvip=vip_data);

%l ot _vi p(vi p_data);

The standardized coefficient and VIP plots appear in Figures 19 and 20.
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Figure 19: Standardized Regression Coefficient vs. Frequency

When you standardize to take into account location and scale differences in the
responses, the resulting coefficient plot (Figure 19) shows very interesting relation-
ships. The predictions for standardized LS and HA are essentially the same linear
combination of predictors while the prediction for standardized DT is close to the
negative of that linear combination.

The VIP plot showsthat all frequencies are important, asthe VIP is uniformly larger
than 0.8.

Prediction of New Observations

To check thevalidity of themodel, you can useit to predict responsesfor observations
17 and 18, which were not used in the original model. The following statements
make predictions for these observations based on the original data set, calculate the
residuals, print them, and plot them versus the predicted values.
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/*********************************************************/

/  Refit the nmodel with missing values at the points /
/ to be predicted. /

/*********************************************************/

data nswkal b; set nswkal;
if n> 16 then do; *** for predictions ***;
[ s=.;
ha=. ;
dt=.;
end;

proc pls data=nmswkal b met hod=pl s out nodel =est2 cv=split(8)
cvt est (st at =press);
nodel &yvars=&xvars;
out put out =out pl s2 p=yhat 1-yhat 3 yresi dual =yresl-yres3
xresi dual =xresl- xres27 XsScor e=xscr yscore=yscr
stdy=stdy stdx=stdx h=h press=press t2=t2
Xqr es=xqgres yqres=yqres;

run;

/*********************************************************/

/ Put the predicted val ues and actual observations in /

/ t he same data set. /
/*********************************************************/

dat a out pl s2a; set outpl s2(keep=yhatl yhat?2 yhat 3);
n=_N_;

run;

data mswkal _c; set nswkal (keep=LS HA DT); n=_N_ run;

data predict; merge nmswkal _c outpls2a; by n; run
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/*********************************************************/

/| Calculate the residuals at the points in the test set. /
/*********************************************************/

data predict; set predict;
yresl=LS-yhat1;
yres2=HA- yhat 2;
yr es3=DT- yhat 3;

run;

proc print data=predict; run;

/*********************************************************/

/ Conpare the test set and training set residuals. /
/*********************************************************/

% es_pl ot (predict);

Theresidual plots appear in Figures 21, 22, and 23. The printed output is omitted.
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Figure 21: Residuals vs. Predicted Valueof LS

Y ou can see from the residual plot that the model predicts observation 17 very well,
but it predicts observation 18 very poorly. Observation 18 could be an ouitlier, or it
could be that observation 18 is just far from the other observations in terms of X.
Note also that for al observations, modeling of DT is less successful than it is for
the other two responses. However, if you add more PLS components, it does not
to help model DT significantly better, and it makes the prediction of observation 18
even worse.

To discern why the model doesn’t fit observation 18 well, you can calculate the
distance between the observation and the model for the predictors. The following
statements cal culate and plot these distances for each observation.

%get _dnod( out pl s2, dsdnmod=d_nvod, gr esnanme=qr es, i d=n);



26 0O 0O 0O Examples Using the PLS Procedure

40.0 - 18
R 27.5 1
e
S
i i
d 15.0
u
a
I 25
3 16 1833 1486 g 12
—10.0 -
[ [ [ [ [ [ [
015 0.20 0.25 0.30 0.35 0.40 0.45
Prediction for Response 2
Figure 22: Residuals vs. Predicted Vaue of HA
70 -
18
R 45 -
e
S
! 20 1 3
d 10
u 12
8
a 16 1
I _g | 4 7
3 7
13 6
2 14
— 30 |
[ [ [ [ [
- 60 -10 40 90 140

Prediction for Response 3

Figure 23: Residualsvs. Predicted Value of DT

proc gpl ot data=d_nod;

pl ot dnodx*n;

synmbol 1 i =needl es v=dot;
run;

The plot appears in Figure 24.

Notethat observation 18 isthree timesas far from the model as any other point in the
data set. Thisexplainswhy themodel is not appropriate for thisobservation. Looking
at the values of the responses, you can also see that the values for observation 18 are
much larger than those of the rest of the data, especialy in the case of HA.
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Figure 24: Distances from each Observation to the Model for X

Conclusion

This example demonstrates that partial least squares enables you to calibrate an
instrument to estimate concentrations of chemical compounds based on the spectro-
graph readings that the sample produces. For this example, you can estimate the
amounts of LS, HA, and DT based on linear combinations of spectrograph readings
at the 27 frequencies, provided the readings are reasonably close to the model for the
origina 16 observations.
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Example 3. Spectrometric Calibration (Lab
Data)

Introduction

This example demonstrates additional issues in spectrometric calibration. The data
set (Umetrics, 1995) contains spectrographic readings on 33 samples containing
known concentrations of two amino acids, tyrosine and tryptophan. The spectra are
measured at 30 frequencies across the overall range of frequencies.

Unlike in the previous example, these data were created in alab. The concentrations
were fixed in order to provide a wide range of applicability for the model. The
predictors (X) have been logarithmically transformed by log(X + 0.001) and the
responses (Y) have also been logarithmically transformed by log(Y) if Y > 0 or set
tolog(10~8) if Y = 0. The data originally came from McAvoy et al. (1989).

The statementsto create a SA S data set named FLUORS from these data are supplied
in Appendix 1.

First Model Fit

In thisexample, asin Example 2, you would like to fit a PLS model in order to find
linear combinations of the spectrathat will serve as predictors for the concentrations
of the analytes. Thirteen observations with a total concentration of 3 x 10~° and
five observations with a total concentration of 10~ are used to build the model. To
test the validity of the model outsidethisrange of total concentration, predictionsare
made for seven observations with a total concentration of 10-8, seven with a total
concentration of 10~°, and one with atotal concentration of 10~4. For each level of
total concentration, the levels of tyrosine and tryptophan vary inversely.

As with the other example, a good approach is to use the CVTEST(STAT=PRESS)
option with cross-validation groups chosen by CV=SPLIT(9).

The following statements fit the model to the chosen 18 observations, which are
observations 15-32 in the FLUORS data set. (See Appendix 1.) All macros caledin
this example appear in Appendix 2.

data fluorb5a; set fluorb5;
if (15 <= n and n <= 32);
run;

%et titlel=PLS Analysis of Unetrics Fluorescence Exanpl e;

%et xvars=f1 f2 f3 f4 f5 f6 f7 f8 f9 f10 f11 f12 f13 f14
f15 f16 f17 f18 f19 f20 f21 f22 f23 f24 f25 f26
f27 28 f29 f30;

% et yvars=tot_log tyr log try_log;

% et ypred=yhat1l yhat2 yhat 3;

% et yres=yresl yres2 yress3;

% et prednane=yhat;
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% et resnane=res;
% et xscrname=xscr;
% et yscrname=yscr;
% et num y=3;

% et num x=30;

/****************************************************/

/| Fit the PLS npdel to observations 15-32 /

/****************************************************/

proc pls data=fluor5a nethod=pls outnodel =est1 cv=split(9)
cvt est ( st at =PRESS) ;
nodel tot log tyr _log try_ log = f1-f30;
out put out=out pl s p=yhat 1-yhat 3 yresi dual =yresl-yres3
xresi dual =xres1- xres30 xscor e=xscr yscore=yscr
stdy=stdy stdx=stdx h=h press=press t2=t2
Xqr es=xqgres yqres=ygres;
run;

% et | v=6; *** Number of PLS conponents in nodel ***;

The PLS output appears in Output 3.1 and Output 3.2.
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Output 3.1. Cross-Validation Results

The PLS Procedure
Cross Validation for the Nunber of Latent Variables

Test for |arger
resi dual s than

m ni mum
Nunmber of Root

Lat ent Mean Prob >
Vari abl es PRESS PRESS
0 1. 0809 0
1 0. 8270 0
2 0. 5366 0
3 0.4110 0
4 0. 3266 0. 00100
5 0. 2870 0. 00200
6 0. 2627 1. 0000
7 0. 2765 0. 2030
8 0. 3284 0. 0660
9 0. 3621 0. 0260
10 0. 3859 0. 0150
11 0. 3991 0. 0400
12 0. 4446 0.0110
13 0.5215 0. 00200
14 0.5724 0
15 0.6013 0
16 0. 6013 0
17 0. 6013 0
18 0. 6013 0
19 0.6013 0
20 0.6013 0
21 0. 6013 0
22 0. 6013 0
23 0.6013 0
24 0. 6013 0
25 0. 6013 0
26 0.6013 0
27 0.6013 0
28 0. 6013 0
29 0.6013 0
30 0.6013 0

M ni mum Root Mean PRESS = 0.26268 for 6 |atent variables
Smal | est nodel with p-value > 0.1: 6 | atent variables

Output 3.2. Percentages of Variation Explained by Model

The PLS Procedure
Percent Variation Accounted For

Nunmber of
Lat ent Mbdel Effects Dependent Vari abl es
Vari abl es Current Tot al Current Tot a
1 81. 1648 81. 1648 48. 3383 48. 3383
2 16. 8119 97.9768 32.5471 80. 8854
3 1.7639 99. 7406 11. 4465 92. 3320
4 0. 1951 99. 9357 3.8334 96. 1654
5 0. 0276 99. 9633 1. 6857 97. 8510
6 0.0132 99. 9765 0. 7245 98. 5755
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You can see from the output that PROC PLS selected a model with six PLS
components (latent variabl es) that explain nearly all of thevariationin both predictors
and responses. Actually, the first three components capture most of the variation, so
it would be good to keep thisin mind when doing the analysis.

To check for possible improvements in the model, you can use the following
statements to examine plots of Y -scores versus the corresponding X-scores.

%l ot _scr(outpls);

The plotsfor thefirst three PLS components appear in Figures 25, 26 and 27. Recall
that the numbers on the plot represent observation numbersin the data set.
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Figure 26: Second X- and Y -scores for Fluorescence Model

In Figures 25-27, notice the interesting patterns formed by the scores. Recall that
observations 15-27 all have the same total concentration and observations 28-32
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Figure 27: Third X- and Y -scores for Fluorescence Model

also have the same tota concentration. Each group forms a distinctive pattern due
to the fact that within each group tyrosine gradually increases while the tryptophan
concentration gradually decreases from one observation to the next.

Y ou can see from the score plots that the first three components have considerably
higher correlated X- and Y -scores, as the R-square table suggested earlier. The score
plot for the third component hints at curvature. Y ou can test for curvature by taking
thethird X- and Y -scores from the PLS OUTPUT data set and fitting a regression of
the Y -score on the X-score with a quadratic term in X.

proc gl m dat a=out pl s;
nodel yscr3=xscr3 xscr3*xscr3;
run;

The output from the GLM procedure (not shown) reveals that there is a statistically
significant quadratic relationship, but incorporating thisinto the model changes very
little; thus, quadratic termsin the frequencies are not added to the model.

Y ou can plot as many pairs of consecutive X-scores against each other as you would
like by calling the %l ot xscr macro and specifying the MAX_LV parameter to be
the last PLS component to be included in a plot. For example, if MAX_LV=3, the
macro generates plots for X-score 2 versus X-score 1 and X-score 3 versus X-score
2.

%l ot xscr (out pl s, max_| v=3);

The plots are shown in Figures 28 and 29. The pattern between X-scores 1 and 2
again showsthetwo groupsbased on thetotal concentration and the pattern dueto the
increasing proportion of tyrosine (TYR) in the mix. Y ou might consider analyzing
the two groups separately, but this would further limit the applicability of the model
to differing amounts of total concentration.
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Figure 29: Second and Third X-scores for Fluorescence Model

X-scores 2 and 3 form an interesting pattern in Figure 29, but observation 20 appears
to deviate from it. Thisindicates it might be worthwhile to check observation 20 for
accuracy. To study the source of the patterns in the score plots, you can plot the
residual sversus the predicted values and anorma quantile plot of theresidualsusing
the following macro calls.

% es_pl ot (out pl s);
%nor _pl ot (out pl s);

Thethree plots of theresiduas versus predicted values appear in Figures 30, 31, and
32, while the three normal quantile plots appear in Figures 33, 34, and 35.

The plot of residuas versus predicted values for the first response (TOT_LOG) looks
granular, but this happens because there are only two values for TOT_LOG
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Figure 31: Residuals vs. Predicted Value of TYR.LOG

The residual versus predicted value plots for TYR LOG and TRY_LOG in Figures 31
and 32 show that the residuals may be heteroscedastic. In this case, it appears that
thereislessvariability in TYR.LOGand TRY_LOGfor higher relative concentrations
of TYR and TRY, respectively. Also, the variability seems to decrease when the
total concentration increases.

In the normal quantile plot for TOT_LOG, observations 15, 20, 29 and 32 do not fit
the pattern of the rest of the observations. Observations 15 and 20 do not fit well in
the normal plot for the TYR.LOG residuals either. In observation 15, the amino acid
is pure tryptophan, so it is not surprising that the residual for tyrosineis nonnormal.
The normal plot for the TRY_LOG residuals looksfine.

Since the normal plots indicate possible outliers for severa observations, it might
be useful to look at the distance of each observation from the model. The following
statements produce the appropriate plots.
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Figure 33: Normal Quantile Plot of TOT_LOG Residuals

%get _dnod(out pl s, dsdnod=d_nod, qr esnane=qr es, i d=n) ;

proc gpl ot data=d_nod;

pl ot drodx*n;

synmbol 1 i =needl es v=dot;
run;

proc gpl ot data=d_nod;

pl ot dnody*n;

synmbol 1 i =needl es v=dot;
run;

The plotsappear in Figures 36 and 37. In the figures, no observation stands out from
the othersin terms of distance from the moddl ineither X or Y.
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Figure 35: Normal Quantile Plot of TRY_LOG Residuals

When the score plotsreveal irregularities, the loadings plots are especially useful for
diagnosing prablems. First, you can plot the weights and loadings for the predictors.
Because the predictors are ordered by frequency, it makes sense to plot the weights
and loadings versus frequency for each PLS component. Y ou can do this using the
following statements.

/*********************************************************/

/ Conpute the X-Wights for each PLS conponent /

/*********************************************************/

Y%get _w s(est 1, dsxwt s=xwts);
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Figure 36: Distances from each Observation to the Model for X
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Figure 37: Distances from each Observation to the Model for Y

/*********************************7\'***********************/

/[ Plot the X-weights vs. the frequency on the sane axes /
/******************************)\—)\—*************************/

%l twt frg(xwts, pl ot yvar =w, pl ot xvar=n, max_| v=& v
| abel =W&i ght) ;

/**************************)\')\')\'****************************/

/  Conpute X-loadings pl-p6 for the six conponents /

/**********************)\')\')\')\')\')\')\')\')\')\'*************************/

%get x| oad( est 1, dsxl oad=x| oads) ;
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/*********************************************************/

/ Plot the X-loadings for each conponent vs. frequency /
/*********************************************************/

9%l t wt f r q( xI oads, pl ot yvar =p, pl ot xvar=n, max_| v=_& v
| abel =Loadi ng) ;

The plot of the X-loadings versus the frequency appearsin Figure 38. The X-weights
plot isvery similar.
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Figure 38: X-Loadings Across Frequencies for Fluorescence Model

The loadings plot shows that the PLS modd gives somewhat larger importance to
the lower frequencies. However, it does give nonzero weight to all frequencies.

Note from the figure that the loading curves are much bumpier for components 4-6
than for components 1-3. This raises the possibility that components 4-6 are just
modeling noise. Recall that the R-square table showed much smaller improvements
to the fit for components 4-6.

This plot may seem somewhat cluttered, especially in black and white. If you want
to see the plot of loadings for only the first three PLS factors, you can reinvoke the
%l t wt f r g macro with MAX_LV=3.

The X-loadings plot appears to indicate that the lower frequencies are the most
important for the model. To further study how the frequencies contribute to the
model, you can plot the PL S coefficients and the VIP using the foll owing statements.

%get _bpl s(est 1, dsout =bpl s);
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/*********************************************************/

/ Standardi ze the PLS regression coefficients /
/*********************************************************/

proc standard data=bpls out=bpls nean=0 std=1 vardef=n
var b:;

data bpls; set bpls;
array b b:
doi =1todimb); b{i} =Db{i} / 27, end; drop i
run;
/**********************************************************

/  Plot the standardi zed PLS regression coefficients /
**********************************************************/

%l t _bpl s(bpl s);

/**********************************************************

/ Get VIP and plot it across frequencies /
*********************************)\-)\-)\-**********************/

%get _vi p(estl, dsvi p=vi p_data);

%l ot _vi p(vi p_dat a);

Figures 39 and 40 display the coefficient and VIP plots, respectively.

0.110
C
o
e 0.053 -
f
f
i —0.005
c
i
e —0.063 1
n
t

—0.120 : : : :
0 10 20 30
Frequency
PLOT — B1 @ - ---- B2
———- B3

Figure 39: Standardized Regression Coefficient vs. Frequency

Figures 39 and 40 show that the first ten frequencies have the most impact on the
model, while the highest frequencies have slightly more impact than the middle
frequencies. The coefficients for each of the three responses form a fairly bumpy
curve, indicating again that partial least squares regression may be attempting to
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Figure 40: Variable Importance for the Projection for each Frequency

mode noise.

The R-square table, the X-weights plot, and the PL S coefficients plot have al given
evidence that the model is overfit, which means it fits the observations used in
modeling well but will predict new observations poorly. To check this, you can use
the model to predict observations 1-14 and 33.

Prediction of New Observations

The following statements set the responses in observations 1-14 and 33 to missing,
then fits the same PLS model to observations 15-32 and makes predictions for
observations 1-14 and 33. It then compares the predictionsfor the new observations
to their actual values and plots the residual s versus the predicted values.

/*********************************************************/

/ Refit the nodel with missing values at the points /
/ to be predicted. /

/*********************************************************/

data fluor5b; set fluorb5;

if ( n<=14 or n = 33) then do; *** for predictions;
tot _I og=.;
tyr_I og=.
try_log=.;

end;

proc pls data=fluor5b nethod=pls outnodel =est2 cv=split(9)
cvt est (st at =PRESS) ;
nodel tot _log tyr_log try_ | og=f1-f30;
out put out =out pl s2 p=yhat 1-yhat 3 yresi dual =yresl-yres3
xresi dual =xres1- xres30 XsScor e=xscr yscore=yscr
stdy=stdy stdx=stdx h=h press=press t2=t2
Xqres=xqgres yqres=yqres;
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run;

/*********************************************************/

/ Put the predicted values and actual observations in /

/ t he sane data set. /
/*********************************************************/

dat a out pl s2a; set outpl s2(keep=yhatl yhat2 yhat 3);
n=_N_;
run;

data fluor5c; set fluor5(keep=TOT_LOG TYR_LOG TRY_LOG);
n=_N_;

run;

data predict; merge fluor5c outpls2a; by n; run

/*********************************************************/

/| Calculate the residuals at the points in the test set.

/*********************************************************/

data predict; set predict;
yres1=TOT_LOG yhat 1;
yres2=TYR LOG yhat 2
yr es3=TRY_LOG yhat 3;
run;

/*********************************************************/

/| Conpare the test set and training set residuals.

/*********************************************************/

% es_pl ot (predict);

Theresidual plotsfor the three responses for all observations based on the model for
observations 15-32 appear in Figures 41, 42, and 43.

Theresidua plotsfor the second and third responses, TYR LOGand TRY_LOG, show
much more variability in predicting the new observations than in predicting those
observations used in modeling. Thisindicates that the model for observations 15-32
may not apply to observations 1-14 and 33. The distances of the new observationsto
the PLS model for the predictors illuminate this further, seen in the plots produced
by the following statements.

%get _dnod( out pl s2, dsdnmod=d_nvod, gr esnanme=qr es, i d=n);
proc gpl ot data=d_nod;
pl ot drmodx*n;

synmbol 1 i =needl es v=dot;
run;

The plot appears in Figure 44.
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Figure 42: Residual Plot of TYR.LOGfor all Observations

The plot shows that the new observations are much farther from the model than the
first set of observations. So now the question is, how can you improve this model?
Recall that theimprovement in the R-square for the responsestailed off considerably
after thethird PL S component, even though cross-validation recommended asix-term
model. Also recall the evidence from the weights and loadings plots, as well as the
regression coefficients, which indicated that components 4-6 may be modeling noise.
Thus, anatural approach would beto fit aPLS model with three components.
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Figure 44: Distances to the Model for X Based on Observations 15-32

Second PLS Model
Y ou can fit athree-term PLS model by specifying LV=3.

proc pls data=fluor5a nethod=pls outnodel =est3 | v=3;
nodel tot log tyr log try_ log = f1-f30;
out put out =out pl s3 p=yhat 1-yhat 3 yresi dual =yresl-yres3
xresi dual =xres1- xres30 xscore=xscr yscore=yscr stdy=stdy
stdx=stdx h=h press=press t2=t2 xqgres=xqres yqres=yqres;
run;

Wet |v=3; *** Number of PLS conponents ***;

The output isthe same as the first three componentsin Output 3.2
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Y ou can study the X-loadings for each PLS component across frequencies by again
plotting the loadings with the following commands.

%get x| oad( est 3, dsxl oad=x| oads3);

%l twt frg(xl oads3, pl ot yvar =p, pl ot xvar =n, max_| v=& v
| abel =Loadi ng) ;
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Figure 45: X-Loadings Across Frequencies for Fluorescence Model 2

The loadings plot appears in Figure 45. Note that the first PLS component appears
to contrast frequencies 1-7 with the remaining ones. The second component appears
to represent the weighted average of the first 10 frequencies. The third component
appears to be a contrast between frequencies 1-5 and 6-10 or so.

You can judge the impact of simplifying the model on the PLS coefficients by
looking at the coefficient plot. The following statements plot these coefficients and
also plot the Variable Importance for the Projection (V1P) for the new model.

/*********************************************************/

/ Get B(PLS), the matrix of regression coefficients /

/****************************)\')\')\')\'*************************/

%get _bpl s(est 3, dsout =bpl s3) ;

/***************************)\')\')\')\')\'*************************/

/ Standardi ze the PLS regression coefficients /
/*******************************)\-*************************/

proc standard dat a=bpl s3 out =bpl s3 mean=0 std=1 vardef=n
var b:;

data bpl s3; set bpls3
array b b:
doi =1todimb); b{i} =b{i} / 30; end; drop i;
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run;

/*********************************************************/

/  Plot the standardi zed PLS regression coefficients /
/*********************************************************/

%l t _bpl s(bpl s3);

/*********************************************************/

/  Get VIP and plot it across frequencies /
/*********************************************************/

%get _vi p(est 3, dsvi p=vi pdat a3) ;

%l ot _vi p(vi pdat a3) ;

The coefficient and VIP plots appear in Figures 46 and 47, respectively.
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Figure 46: Standardized Regression Coefficients for Second Model

Notice the dramatic difference in the coefficient plot by comparing it to the one
generated in the six-component model. It is much smoother than before. The VIP
plot shows that the new model still emphasizes the lower frequencies but uses all
frequencies, since VIP islarger than the 0.8 cutoff of Wold (1994).

To see how well this three-term model predicts new observations, you can redo the
predictions and plot the residuals.

/**********************************************************/

/  Redo predictions again

/

/********************************)\'*************************/

proc pls data=fluor5b nethod=pls outnodel =est4 | v=3 noprint;
nodel tot _log tyr log try_ | og=f1-f30;
out put out =out pl s4 p=yhat 1-yhat 3 yresi dual =yresl-yres3
xresi dual =xres1- xres30 XsScor e=xscr yscore=yscr
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Figure 47: VIP for Second PLS Model

stdy=stdy stdx=stdx h=h press=press t2=t2
Xqr es=xqgres yqres=ygres;
run;

Y%et title3=Predicting Obs. 1-33 fromFit for Obs. 15-32;

dat a out pl s4a; set outpl s4(keep=yhatl yhat?2 yhat 3);
n=_N_;
run;

data fluor5c; set fluor5(keep=TOT_LOG TYR LOG TRY_LOG);
n=_N_;
run;

data predict2; nerge fluor5c outplsda; by n; run;

data predict2; set predict?2;
yres1=TOT_LOG yhat 1;
yres2=TYR LOG yhat 2;
yres3=TRY_LOG yhat 3;

run;

% es_pl ot (predict?2);

Thethree residua plotsfor all observations based on the three-factor PLS model for
observations 15-32 appear in Figures 48, 49, and 50.

The residual plot for TOT_LOG looks about the same, but those for TYR.LOG and
TRY_LOG show that this model does a much better job of predicting observations
1-14 and 33, which include observations with smaller total concentration than those
in the set used for the modd fit.

On the TYR_LOG (response 2) residual plot, observations 1 and 8 are more outlying
than the rest. However, it isinteresting that these are the observations that contain no
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Figure 49: Second Residua Plot of TYR.LOGfor all Observations

tyrosine, the quantity you are trying to predict. The same problem shows up on the
plot for TRY_LOG (response 3). Here, new observations 7, 14, and 33 have outlying
residuals, but note that they are the observations with no tryptophan. Observation 27
comes from the set used for the model, but it also contains no tryptophan.

Conclusion

This example demonstrates that athough cross-vaidation helps in selecting the
number of PLS components, you should not use it blindly. The model recommended
by the cross-validation test overfit the data and failed to predict new observations
well. However, the R-square table, the X-weight plot, and the coefficient plot al
were useful in diagnosing overfitting as a possible problem.

Themodel with three PL S components predicted new observationswell, even though
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Figure 50: Second Residua Plot of TRY_LOGfor all Observations

the new samples (except observation 33) had much lower total concentration. The
only exceptions were the cases where there was no tyrosine or no tryptophan. In
those cases it predicted a nonzero quantity for the given amino acid. Overall, the
three-term model does very well.
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Appendix 1: Data Sets

For each of the three data sets, the variable n represents the observation number and
appears at the extreme left.

dat a penta;
input n obsnam$ S1 L1 P1 S2 L2 P2 S3 L3 P3 S4 L4 P4
S5 L5 P5 log_RAI @

dat al i nes;
1 VESSK -2.6931 -2.5271 -1.2871 3.0777 0. 3891 -0.0701
1.9607 -1.6324 0. 5746 1.9607 -1.6324 0.5746 2.8369
1.4092 -3.1398 0
2 VESAK -2.6931 -2.5271 -1.2871 3.0777 0. 3891 -0.0701
1.9607 -1.6324 0. 5746 0. 0744 -1.7333 0. 0902 2.8369
1.4092 -3.1398 0. 28
3 VEASK -2.6931 -2.5271 -1.2871 3.0777 0. 3891 -0.0701
0. 0744 -1.7333 0. 0902 1.9607 -1.6324 0.5746 2.8369
1.4092 -3.1398 0.2
4  VEAAK -2.6931 -2.5271 -1.2871 3.0777 0. 3891 -0.0701
0. 0744 -1.7333 0. 0902 0.0744 -1.7333 0. 0902 2.8369
1.4092 -3.1398 0.51
5 VKAAK -2.6931 -2.5271 -1.2871 2.8369 1.4092 -3.1398
0. 0744 -1.7333 0. 0902 0. 0744 -1.7333 0. 0902 2.8369
1.4092 -3.1398 0.11
6 VEWAK -2.6931 -2.5271 -1.2871 3.0777 0. 3891 -0.0701
-4, 7548 3.6521 0. 8524 0. 0744 -1.7333 0. 0902 2.8369
1.4092 -3.1398 2.73
7 VEAAP -2.6931 -2.5271 -1.2871 3.0777 0. 3891 -0.0701
0.0744 -1.7333 0. 0902 0. 0744 -1.7333 0. 0902 -1.2201
0. 8829 2.2253 0.18
8 VEHAK -2.6931 -2.5271 -1.2871 3.0777 0. 3891 -0.0701
2.4064 1.7438 1.1057 0. 0744 -1.7333 0. 0902 2.8369
1. 4092 -3.1398 1.53
9 VAAAK -2.6931 -2.5271 -1.2871 0. 0744 -1.7333 0. 0902
0.0744 -1.7333 0. 0902 0. 0744 -1.7333 0. 0902 2.8369
1. 4092 -3.1398 -0.1

10 GEAAK 2.2261 -5. 3648 0. 3049 3.0777 0. 3891 -0.0701
0.0744 -1.7333 0. 0902 0.0744 -1.7333 0. 0902 2.8369

1.4092 -3.1398 -0.52
11 LEAAK -4.1921 -1.0285 -0.9801 3.0777 0. 3891 -0.0701
0.0744 -1.7333 0. 0902 0.0744 -1.7333 0. 0902 2.8369
1.4092 -3.1398 0.4
12 FEAAK -4.9217 1.2977 0.4473 3.0777 0. 3891 -0.0701
0.0744 -1.7333 0. 0902 0.0744 -1.7333 0. 0902 2.8369
1.4092 -3.1398 0.3
13 VEGXK -2.6931 -2.5271 -1.2871 3.0777 0. 3891 -0.0701
2.2261 -5.3648 0. 3049 2.2261 -5.3648 0. 3049 2.8369
1.4092 -3.1398 -1
14 VEFAK -2.6931 -2.5271 -1.2871 3.0777 0. 3891 -0.0701
-4.9217 1.2977 0.4473 0.0744 -1.7333 0. 0902 2.8369
1.4092 -3.1398 1.57

15 VELAK -2.6931 -2.5271 -1.2871 3.0777 0. 3891 -0.0701



16

17

18

19

20

21

22

23

24

25

26

27

28

29

30

31

-4.1921

0.0744

AAYAA
-1.3944

AAVAA
-4.7548

VAVAA
-4.7548

VAVWAK
-4.7548

VKWAA
-4.7548

VWAAK
0.0744

VAAVWK
0.0744

EKWAP
-4.7548

VKWAP
-4.7548

RKWAP
-4.7548

VEW/K
-4.7548

PGFSP
-4.9217

FSPFR
-1.2201

RYLPT
-4.1921

Appendix 1: Data Sets

-1.0285 -0.980
1.4092 -
0.0744 -1.7333
-1.7333 0. 0902
-1.7333
0.0744 -1.7333
2.323 0. 0139
-1.7333
0.0744 -1.7333
3. 6521 0. 8524
-1.7333
-2.6931 -2.5271
3. 6521 0. 8524
-1.7333
-2.6931 -2.5271
3. 6521 0. 8524
1.4092 -
-2.6931 -2.5271
3.6521 0. 8524
-1.7333
-2.6931 -2.5271
-1.7333 0. 0902
1.4092 -
-2.6931 -2.5271
-1.7333 0. 0902
1.4092 -
3.0777 0. 3891
3. 6521 0. 8524
0. 8829 2
-2.6931 -2.5271
3.6521 0. 8524
0. 8829 2
2.8827 2.5215
3.6521 0. 8524
0. 8829 2
-2.6931 -2.5271
3.6521 0. 8524
1.4092 -
-1.2201 0. 8829
1.2977 0.4473
0. 8829 2
-4.9217 1.2977
0. 8829 2.22583
2.5215 -
2. 8827 2.5215
-1.0285 -0.9801
-2.0921 -
2.2261 -5.3648
-5.3648 0. 3049

-5. 3648

1 0.0744
3. 1398
0. 0902
0.0744
0. 0902
0. 0902
0.0744
0. 0902
0. 0902
0.0744
0. 0902
-1.2871
0.0744
0. 0902
-1.2871
0.0744
1398
-1.2871
0.0744
0. 0902
-1.2871
0.0744
1398
-1.2871
-4.7548
3.1398
-0.0701
0.0744
. 2253
-1.2871
0.0744
. 2253
-3.4435
0.0744
. 2253
-1.2871
-2.6931
3.1398
2.2253
1. 9607
. 2253
0.4473
-4.9217
3. 4435
-3.4435
-1.2201
3996
0. 3049
2.2261
0. 3049

3.

3.

1.

-1.7333
0.59
0.0744

-1.7333
-0.1
0.0744

-1.7333

0. 46
0.0744
-1.7333
0.75
0.0744
-1.7333
1.43
0.0744
-1.7333
1.45
2.8369
-1.7333
1.71
-4.7548
-1.7333
0.04
0.0744
3. 6521
0.23
2.8369
-1.7333
1.3
2.8369
-1.7333
2.35
2.8369
-1.7333
1.98
3.0777
-2.5271
1.71
2.2261
-1.6324
0.9
1. 9607
1.2977
0.64
-1.3944
0. 8829
0.4
2.2261
-5.3648

ooo 51
0. 0902 2. 8369
-1.7333 0. 0902
0. 0902 0.0744
-1.7333 0. 0902
0. 0902 0.0744
-1.7333 0. 0902
0. 0902 0.0744
-1.7333 0. 0902
0. 0902 0.0744
-1.7333 0. 0902
0. 0902 2.8369
1.4092 -3.1398
0. 0902 0.0744
3. 6521 0. 8524
0. 0902 2.8369
-1.7333 0. 0902
0. 8524 2.8369
1.4092 -3.1398
0. 0902 -1.2201
1.4092 -3.1398
0. 0902 -1.2201
1.4092 -3.1398
0. 0902 -1.2201
0. 3891 -0.0701
-1.2871 2.8369
-5.3648 0. 3049
0. 5746 -1.2201
-1.6324 0. 5746
0.4473 2.8827
2.323 0. 0139
2.2253 0.9243
-5.3648 0. 3049
0. 3049 2.2261
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data nmswkal ;

10

11

12

13

14

15

16

17

input n OBSNAM $ v1-v27 LS HA DT @
dat al i nes;

EML 2766 2610 3306 3630 3600 3438
2844 2796 2787 2760 2754 2670 2520
1602 1467 1353 1260 1167 1101
Enve 1492 1419 1369 1158 958
887 800 710 617 535 451 368
128 106 89 70 65 56 50
EMB 2450 2379 2400 2055 1689 1355
673 644 640 630 618 571 512
196 156 120 98 80 61 50
EMv4 2751 2883 3492 3570 3282 2937
2070 2007 1974 1950 1890 1824 1680
984 888 810 732 669 630 582
ENVB 2652 2691 3225 3285 3033 2784
2148 2094 2049 2007 1917 1800 1650
909 810 726 657 594 549 507
ENVB 3993 4722 6147 6720 6531 5970
4200 4077 4008 3948 3864 3663 3390
2028 1830 1680 1533 1440 1314 1227
EM7 4032 4350 5430 5763 5490 4974
3474 3357 3300 3213 3147 3000 2772
1599 1440 1320 1200 1119 1032 957
EMVB 4530 5190 6910 7580 7510 6930
4670 4490 4370 4300 4210 4000 3770
2230 2060 1860 1700 1590 1490 1380
EMD 4077 4410 5460 5857 5607 5097
3708 3588 3537 3480 3330 3192 2910
1638 1476 1350 1236 1122 1044 963
EMLO 3450 3432 3969 4020 3678 3237
2061 2001 1965 1947 1890 1776 1635
867 753 663 600 552 507 468
EML1 4989 5301 6807 7425 7155 6525
4380 4197 4131 4077 3972 3777 3531
2004 1809 1620 1470 1359 1266 1167
EML2 5340 5790 7590 8390 8310 7670
5380 5200 5110 5040 4900 4700 4390
2490 2240 2060 1870 1700 1590 1470
EML3 3162 3477 4365 4650 4470 4107
3093 3009 2964 2916 2838 2694 2490
1431 1305 1194 1077 990 927 855 2
EML4 4380 4695 6018 6510 6342 5760
3948 3807 3720 3672 3567 3438 3171
1857 1680 1548 1413 1314 1200 1119

3213
2310
1017
887
296
0
1109
440
0
2634
1527
1.482
2520
1464
1.116
5382
3090
3. 397
4452
2490
2.428
6150
3420
4.024
4605
2610
2.275
2814
1452
0. 958
5784
3168
3.19
6890
3970
4.132
3717
2253
.16 0.
5151
2880
3.094

3051 2907
2100 1917 1755
3.011 0 0
905 929 920
241 190 157
0. 4005 0
908 750
368 305 247
0 90. 63
2370 2187
1350 1206 1080
0. 158 40
2340 2235
1299 1140 1020
0. 4104 30. 45
4842 4470
2787 2481 2241
0.3032 50.82
3990 3690
2220 1980 1779
0.2981 70.59
5490 4990
3060 2760 2490
0.1153 89.39
4170 3864
2325 2064 1830
0.504 81.75
2487 2205
1278 1128 981
8 0. 145 101.1
5166 4695
2835 2517 2244
0.253 120
6190 5700
3540 3170 2810
0.5691 117.7
3432 3228
2013 1788 1599
436 27.59
4596 4200
2571 2280 2046
0.2471 61.71

EMLS
2970
1284
EMLG
4422
2088
EML7

4587
2850
1134
4017
4314
1917
3933

4200
2814
1020
4725
4287
1734
4518

5040
2748
918

6090
4224
1587
5637

5289
2670

4965
2529

4449
2328

3939 3507 3174
2088 1851 1641

840 756 714 1.604 0.2856 108.8

6570
4110
1452
6006

6354
3915
1356
5721

5895
3600
1257
5187

5346 4911 4611
3240 2913 2598
3.162 0.7012 60
4641 4149 3789

1431

2325
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3579 3447 3381 3327 3234 3078 2832 2571 2274 2040 1818

1629 1470 1350 1245 1134 1050 987 2.5 0.3 80
18 EM5 2904 2997 3255 3150 2922 2778 2700 2646 2571

2487 2370 2250 2127 2052 1713 1419 1200 984 795 648

525 426 351 291 240 204 162 30 40 150
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data fluor5

1

input n OBSNAM $ f1-f30 TOT_LOG TYR LOG TRY_LOG @

dat al i nes;

43t r p6

-5.10275
- 3.63439
-3.77226
-4.22673
-5.42843
59mi x6

-5.08321
-4.09835
-4.09835
-4.47414
-5. 41037
51mi x6

-4.84343
-3.91202
-4.00085
-4.64183
-5. 41485
49m x6

- 4. 84597
-4.21991
-4. 34281
-4. 84597
-5.90712
53mi x6

-4.47414
-4. 64080
-4.83836
-5.40813
-6.90776
57m x6

-4.63563
-5.40813
-5.40813
-5. 89980
-6.90776
41t yr o6
-4.50081
-5.91821
-5.91821
-6.90776
-5.91821
28trp5

- 3. 17009
-1.30383
-1. 45333
-2.19804
- 3. 60087
37m x5

-5.
-4.
- 3.
- 3.
-4,
-6
-5.
-4.
-4.
-4,
-4.
-6
-5.
-4.
- 3.
-4,
-4.
-6
-5.
-4.
-4.
-4.
- 5.
-6
- 5.
-4,
-4.
-5.
-5.
-6
-5.
-4.
-5.
-5.
-5.
-6
-5.
-4,
-5.
-5.
-5.
-6
-5.
-2.
-1.
-1.
-2.
-5
-5.

91450
65963
57199
84436
49184

90345
83836
00085
20639
63873

90712
84343
83044
21313
84089

41936
64808
11047
48295
09293

08321
63873
64080
08321
40813

08159
63769
08159
40813
89980

10440
66174
91821
91821
91821

93698
57308
24355
57070
46864

10935

-5.
-4.
- 3.
- 3.
-4.
-8
-5.
-4.
-4.
-4.
-4.
-7
-5.
-4.
- 3.
-4.
-5.
- 6.
-5.
-4.
-4.
-4.
- 5.
- 6.
-4.
-4.
-4.
-5.
-5.
- 6.
-4.
-4.
-5.
-5.
-5.
- 6.
-4.
-4.
-5.
-5.
-5.
-6
-5.
-2.
-1.
-1.
-2.
-8
-4.

91821
35053
51325
93223
65963

90345
63873
00085
09835
83836

90712
48295
83044
21313
08806
60206
09130
48295
11047
48295
09130
30103
83710
83836
63873
08159
89980
12494
83584
63769
07999
40813
89980
04576
66174
85877
91821
91821
91821

93698
11470
21322
69679
70605

86524

- 6.
-4.
- 3.
-4.
-4.
-6
-5.
-4.
- 3.
-4.
-4.
- 6.
-5.
-4.
- 3.
-4.
-5.
- 6.
-5.
-4.
-4.
-4.
- 5.
- 6.
-4.
-4.
-4.
-5.
-5.

-6. 60206

-4.
-4.
-5.
-5.
-5.
-7
-4.
-5.
-5.
-5.
- 6.
-8
-5.
-1.
-1.
-1.
- 2.
-5
-4.

90776
02295
63439
01738
85491

90345
47414
90704
21313
83710
04576
41485
34281
75502
33514
08806
12494
09130
34281
11047
65017
41936
30103
83710
83710
63873
08321
41037

63873
83710
40813
40813
89980

66174
10440
43071
91821
90776

93698
79234
23953
80060
98975

50081

-5.
- 3.
- 3.
-4.
-5.

-5.
-4.
-4.
-4.
-5.

- 4.
- 4.
- 3.
- 4.
-5.

- 4.
- 4.
- 4.
- 4.
-5.

-4.
-4.
-4.
-5.
-5.

-4.
-5.
-5.
-5.
-5.

-4.
-5.
-5.
-5.
- 6.

-4.
-1.
-1.
-1.
- 3.

-4,

42843
84905
57199
02295
42843

08159
21313
00085
21313
08482

84343
00633
91202
48295
41485

64808
21991
21991
65017
41710

47414
63873
83710
41037
90345

47414
08159
40813
89980
89980

35831
43071
91821
91821
90776

52636
56446
29182
87269
20893

02856

. 11659
. 63439
. 77226
. 11659
. 10275

. 21313
. 00085
. 09835
. 33514
. 41037

. 21313
. 00633
. 00633
. 48295
. 41485

. 00633
. 21991
. 21991
. 84597
. 41710

. 82585
. 63873
. 83836
. 41037
. 89980

. 82585
. 08159
. 40813
. 89980
. 90776

. 70501
. 43299
. 91821
. 91821
. 91821

. 54391
. 40039
. 37255
. 00828
. 38434

. 31870



10

11

12

13

14

15

16

17

18

-3. 07046
-1. 42325
-1.59613
-2.33304
-3. 78099
33m x5
-2.93935
-1.56518
-1. 75776
-2. 46510
-3.93734
31m x5
-2.71810
-1. 90160
-2.12746
-2.82683
-4. 36615
35m x5
-2.54849
-2.48651
-2.79198
-3.46734
-4.86524
39m x5
-2.50226
-3.10332
-3. 57555
-4.23361
-5. 43299
26t yro5
-2.44415
-4.06285
-5.46084
-5.13790
-5.46084
17m x35
-2.26905
- 0. 39499
- 0. 54938
-1. 26642
-2.71357
19m x35
-2.24885
- 0. 40046
- 0. 55436
-1.27154
-2.71206
21m x35
-2.27985
-0. 44429
- 0. 59566
-1. 29430
-2.72876
23m x35

. 56916
. 36735
. 71786
. 56655

. 36615
. 59294
. 51978
. 88217
. 76145

. 78981
. 55490
. 85957
. 23036
. 11677

. 32146
. 61593
. 48771
. 90772
. 78099

. 14191
. 58893
. 18206
. 70501
. 50081

. 03655
. 60234
. 39816
. 46319
. 13790

. 21461
. 67467
. 33528
. 65764
. 52028
. 52288
. 51647
. 68341
. 34455
. 66538
. 54145
. 52288
. 51896
. 71641
. 38413
. 70627
. 56523
. 52288
. 29433

Appendix 1:

. 20673
. 34777
. 83898
. 87351

. 12894
. 26799
. 50882
. 03707
. 03655
. 60206
. 37261
. 39800
. 83678
. 38055
. 37261
. 30103
. 97006
. 61730
. 48651
. 03655
. 02856
. 12494
. 81175
. 70605
. 26754
. 84905
. 66386
. 04576
. 69563
. 82346
. 69948
. 94458
. 46319

. 80914
. 23488
. 31482
. 79673
. 80393

. 29433
. 21817
. 32288
. 80267
. 81419
. 52288
. 29433
. 26185
. 36852
. 82383
. 84118
. 12494
. 70499

-1.
-1.
-1.
- 3.
-5.
- 3.
-1.
-1.
- 2.
- 3.
-5.
- 3.
- 2.
-1.
- 2.
- 3.
-5.
- 2.
- 2.
- 2.
- 3.
-4.
-5.
-2.
- 2.
- 3.
- 3.
-4.
-6
- 2.
- 3.
-4.
-5.
-5.
-8
-5.
- 0.
- 0.
- 0.
- 2.
-4.
-4.
- 0.
- 0.
- 0.
- 2.
-4.
-4.
- 0.
- 0.
- 0.
- 2.
-4.
-4.

Data Sets

89492
37397
92730
10555
04576
78099
98843
52413
08998
27017
12494
11903
22868
88118
45457
58632
30103
76462
57177
52949
14888
24053
60206
56395
84215
36102
93223
86006

46393
14423
89285
46084
46084

11433
89988
33327
87789
04400
52288
82333
90731
34172
88717
05760
52724
50081
93918
37726
91732
08353
53387
26158

ooo 55
-1.68438 -1.
-1.41461 -1.
-1.99746 - 2.
- 3. 31319 - 3.
-3.46734 - 3.
-1.79078 -1.
-1.57968 -1.
-2.16204 - 2.
-3.51998 -3
-2.91507 - 2.
-2.08482 -1.
-1.94890 - 2.
-2.51331 - 2.
- 3. 78539 -4.
-2.59428 - 2.
-2.54977 - 2.
-2.59294 - 2.
-3.18932 - 3.
-4.50081 -4
-2.40351 - 2.
-2.96423 - 3.
-3.41125 - 3.
- 3.93223 -4.
-5.10440 - 5.
-2.32075 - 2.
-3.39621 - 3.
-5.13790 - 5.
-5.13790 - 5.
-5. 46084 - 5.
- 3.96332 - 2.
- 0. 65865 - 0.
-0. 37679 - 0.
- 0. 95412 -1.
-2. 26905 - 2.
- 3. 85848 - 2.
-0. 65764 - 0.
- 0. 38656 - 0.
- 0. 95996 -1.
-2.28868 - 2.
- 3. 86323 - 2.
- 0. 69417 - 0.
- 0. 42065 - 0.
- 0. 98824 -1.
-2.31973 - 2.
- 3. 60454 - 2.

51645
50292
11752
57913

03655
64880
66474
28435
70908

67075
97091
00909
62417
03986

44646
50838
68825
27280
66918

28102
06830
51661
02856
43071

23942
74228
13961
13961
46084

89679
49687
45271
06022
49617

82683
50083
46080
07186
49617

82683
53556
49458
10265
52074

72571
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19

20

21

22

23

24

25

26

27

-2.23933
- 0. 43660
-0.59102
-1.30978
-2.74264
25m x35
-2.19122
-0.47042
-0. 63925
-1. 35658
-2.79198
27m x35
-1.91916
-0.57024
-0. 78145
-1.50260
-2.97006
29m x35
-1.91332
- 0. 96260
-1.15655
-1.87987
-3.31870
28mi x35
-1.79078
-1.59057
-1.85732
-2.57046
-4.01184
26m x35
-1. 65475
-2.21147
-2.66787
- 3. 37553
-4.59919
24m x35
-1.62877
-2.58495
- 3. 26492
-4.01184
-5.29234
22m x35
-1.62979
-2.84387
-3.81218
-4.50081
-5. 29433
20m x35
-1.64010
- 3. 09445
-4. 41455
-5.11101
-5. 80582
18mi x35

-1.
- 0.
- 0.
-1.
-4.
-4.
-1.
- 0.
- 0.
-1.
-4.
- 3.
-1.
- 0.
- 0.
-1.
-4.
- 3.
-1.
- 0.
-1.
-2.
-4.
-2.
-1.
-1.
-1.
-2.
-4,
-2.
-1.
-2.
-2.
- 3.
-4.
-2.
-1.
-2.
- 3.
-4.
-4.
-2.
-1.
- 3.
- 3.
-4.
-4.
-2.
-1.
- 3.
-4.
-5.
-4.
-2.

68142
38066
70124
57876
52288
60018
68040
42223
75341
61858
52288
81218
54145
52843
90929
78379
52288
05336
72760
91882
27054
13962
52288
62555
78576
57489
98181
85771
52288
36979
77190
26702
80677
68489
52288
32585
77090
69563
37553
26158
52288
27682
79078
03240
95807
82333
52288
26606
80090
37553
50081
11101
52288
25838

-1.
- 0.
- 0.
-1.
-5.
-4.
-1.
- 0.
- 0.
-1.
-5.
- 3.
-1.
- 0.
-1.
-2.
-5.
-2.
-1.
- 0.
-1.
-2.
-4.
-2.
-1.
-1.
-2.
- 3.
-4.
-1.
-1.
-2.
-2.
- 3.
-4.
-1.
-1.
-2.
- 3.
-4.
-4.
-1.
-1.
- 3.
-4.
-5.
-4.
-1.
-2.
- 3.
-4.
-5.
-4.
-1.

25026
35928
84262
85189
82391
06868
27314
40699
88702
88552
52288
37553
19799
52503
03145
05760
12494
64086
51567
91529
40870
41463
82391
24781
77190
57973
11428
11677
64782
99011
89885
31668
95076
90704
56864
95200
94498
80842
53359
50081
54516
91237
96933
21389
12894
11101
53387
91237
01141
57199
70499
51647
52724
89986

. 92541
. 36941
. 92541
. 08957
. 54516
. 76360
. 95795
. 42223
. 96751
. 14064
. 56864
. 02619
. 95112
. 54986
. 12621
. 29660
. 64782
. 38163
. 31651
. 93306
. 50458
. 65498
. 82391
. 00396
. 72760
. 61858
. 21046
. 34671
. 12494
. 75429
. 98181
. 36872
. 03032
. 12894
. 52288
. 70227
. 11528
. 91323
. 64200
. 70389
. 82391
. 67702
. 20328
. 37846
. 19306
. 11267
. 12494
. 68783
. 27682
. 81218
. 82333
. 52396
. 52288
. 66633

. 69720
. 42632
. 98926
. 31567

. 26231
. 72904
. 46780
. 03713
. 35916

. 72571
. 76402
. 60647
. 19132
. 50715

. 19427
. 15757
. 98118
. 54618
. 87884

. 83917
. 66633
. 67068
. 25838
. 56843

. 62364
. 07449
. 46041
. 07478
. 33514

. 58265
. 29660
. 03032
. 72140
. 82208

. 55566
. 43726
. 50323
. 26158
. 29433

. 54618
. 54466
. 01184
. 82333
. 80582

. 52386

. 53357
. 49918
. 10875
. 52074

. 59830
. 57281
. 53772
. 14718
. 58495

. 24885
. 63925
. 68914
. 30335
. 72723

. 97652
. 02882
. 05532
. 67504
. 07478

. 74171
. 61863
. 75429
. 37947
. 76360

. 56041
. 15684
. 54466
. 21389
. 50081

. 50715
. 44761
. 16297
. 85848
. 95615

. 48665
. 65498
. 64582
. 41455
. 29035

. 50009
. 82346
. 26158
. 95615
. 80582

. 47880



28

29

30

31

32

33

-1. 62055
-3.21389
-5.11101
- 5. 80582
- 6. 21461
trp2
-1.39235
0. 49048
0. 31276
-0. 41066
-1. 85457
m x5
-1.30800
0. 39427
0.21986
- 0. 50580
-1.96962
m x4
-1.12646
0. 28803
0. 10508
-0. 62590
-2.07147
m x3
-0. 87745
0. 032467
-0.17910
-0. 89794
- 2. 34968
m x6
-0.41241
-1. 04001
-1. 54253
- 2. 24857
- 3. 57555
tyro2
-0. 43286
-2.12085
-4.02856
-4.50081
-5.11101

-1.80290  -2.
-3.56843 - 3.
-5.11101  -5.
-5.80582  -5.
-4.52288  -4.
-5.92194 -5,
-0.78025  -0.

0.54040 0.
0.20302 0.
-0.67788  -0.
-4 -8

-3.93223 -3,

-0.79573  -0.
0.44635 0.
0.098849 -0.

-0.78458  -1.

-4 -5

-2.99573  -2.

-0.76096  -0.
0.33740 0.
-. 0091618 - 0.

-0.89213  -1.

-4 -4,

-2.12830 - 1.

-0.69621  -0.
0.069339 0.

-0.29480  -0.

-1.17795 -1

-4 -4,

-1.14031  -o0.

-0.51309  -0.

-1.10407  -1.

-1.66142 -1

-2.50226  -2.

-4 -4,

-1.08069  -0.

-0.60152  -0.

-2.44877  -2.

-4.24053 -4,

-4.66811 -4,

-4 -4

Appendix 1: Data Sets

04299
90704
51647
80582
52288
43528
33607
56258
062505
95290

41125
38976
46027
033453
04962

47932
42355
35417
14767
17247
60206
66142
49467
078719
43561
44647
30103
75713
64670
16165
80436
73183
04576
70970
84051
81842
36615
66811

- 2.
-4.
-5.
-5.
-8
-4.

30760
19306
51647
80582

36615

-. 0023427

0.
- 0.
-1
-4
- 2.
- 0.
0.
- 0.
-1
- 4.
- 2.
- 0.
0.
- 0.
-1,
- 4.
-1,
- 0.
0.
- 0.
-1
- 4.
- 0.
- 0.
-1,
- 1.
- 2.

- 0.
-1.
- 3.
-4.
-4.
-8

54070
027813
20845

96423
076017
44308
12807
31256
04576
09867
14402
32966
24188
42520
12494
34438
31308
050408
52271
69592
30103
49745
77158
23258
87712
96423
-5
46975
11933
11002
50081
86524

ooo 57
-2.62555 - 2.
-4.42285 -4.
-5.51647 - 5.
-5. 80582 - 6.
-3.14888 -2

0. 23325 0
0. 48846 0
-0.097227 -0
-1.41795 -1
-2.46158 -1
0. 14652 0
0. 38913 0
-0.19739 -0
-1.52855 -1
-1.80272 -1
0. 059966 0
0. 27361 0
- 0. 30620 -0
-1.63342 -1
-1. 15996 - 0.
-0. 16542 - 0.
-. 0057666 -O0.
- 0. 58431 - 0.
-1.92230 - 2.
-0. 36199 - 0.
-0. 87745 - 0.
-1.31718 -1.
-1.95921 - 2.
-3.14191 - 3.
-0. 33675 - 0.
-1.42325 -1.
-3.46734 - 3.
-4. 36615 -4
-4.86524 - 5.

89498
82457
51647
20962

. 12419
. 39096
. 41390
. 21480
. 65052

. 83559
. 29386
. 31379
. 30848
. 74474

. 45921
. 19516
. 20620
. 42355
. 87712

99631
042031
081633
70641
12830

32937
95763
42520
03370
31319

32674
74973
78099
50081
10935
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Appendix 2

Macros
/****************************************************************/
/* */
/* NOTE: These macros work with rel eases 6.12 and up. */
/* For nore information, send e-mail to Bruce */
/* El shei mer at sasbze@nx. sas.com or Randy Tobi as */
/* at sasrdt @inx. sas.com */
/* */

/****************************************************************/

DI SCLAI MER:

THI'S | NFORVATI ON | S PROVI DED BY SAS INSTITUTE INC. AS A SERVICE TO
ITSUSERS. IT IS PROVIDED "AS [S". THERE ARE NO WARRANTI ES,
EXPRESSED OR |IMPLIED, AS TO MERCHANTABILITY OR FITNESS FOR A
PARTI CULAR PURPOSE REGARDI NG THE ACCURACY OF THE MATERIALS OR CODE
CONTAI NED HEREI N.

%racro res_plot(ds);

/************************************************************

/| Plots Y-residuals vs. predicted values for each PLS /
/ conponent . /
[ Vari abl e: /
/ DS - The input data set: Must at |east /
/ contain variables for observation /
/ nunbers, predicted val ues and residuals /
/ and shoul d not contain mssing val ues. /
************************************************************/

data ds; set &ds;

data NULL_ ; set &ds;
call synput(’'max_n’,n);

run;

%lo i =1 %0 &numy;

axi s1 | abel =(angl e=270 rot at e=90 "Resi dual ")
maj or =( nunber =5) mi nor =none;

axi s2 | abel =("Prediction for Response & ") m nor=none;

data res_anno; *** Annotation Data Set for Plot ***;
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length text $ % ength(&max_n);
retain function 'l abel’ position '5 hsys '3 xsys '2' ysys '2
set ds;
text=Ustr(n); x=&prednane& ; y=y& esnaned ;
run;
proc gpl ot data=ds;
pl ot y& esnanme& *&predname& / anno=res_anno vaxi s=axi sl
haxi s=axi s2 vref=0 |vref=2 frane;

synmbol 1 v=none i =none;
run;

%end;
%rend;

%racro nor_plot(ds);

/************************************************************

/| Plots Y-residuals vs. Normal quantiles for each PLS /
/  conponent. /
[ Vari abl e: /
/ DS - The input data set: Mist at |east /
/ contain variables for observation /
/ nunbers, predicted val ues and residuals /
/ and shoul d not contain nissing val ues. /
**************************)\'**)\')\')\')\')\'**************************/

data ds; set &ds;
run;

data NULL ; set &ds;
call synmput ('’ max_n’,n);
run;

%lo i =1 %0 &numy;
data ds; set ds;
if y&r esnane& =. then del ete;
run;
%end;

data _NULL_; set ds;
call synput (' nunpbbs’, N);
run;

%lo i =1 %0 &numy;

proc sort data=ds; by y&r esnane& ;

/************************'k'k'k'k*******************************

/ Calcul ate the expected val ues under normality for each /
[/ residual. /

*******************************)\')\')\'*************************/
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data resid& ; set ds(keep=n yé&r esnaned&);
v=(_n_ - 0.375)/(&nunmobs+0. 25) ;
z=probit(v);

run;

axi sl | abel =(angl e=270 rotate=90 "Y& Residual")
maj or =( nunber =5) m nor =none;

axi s2 label =(" Normal Quantile’) m nor=none;

data nor _anno; *** Annotation Data Set for Plot ***;
length text $ % ength(&max_n);
retain function 'label’ position '5 hsys '3 xsys '2' ysys '2’
set residé&i
text=%str(n); x=z; y=y& esnanedi;

run;

proc gpl ot data=resid& ;
pl ot y& esname& *z/anno=nor _anno vaxi s=axi s1 haxi s=axi s2

frame;
synmbol 1 v=none i =none;
run;
%end;
%rend;

%racro pl ot_scr(ds,
max_| v=_&l v);

/************************************************************

/| Plots the Y-scores vs. the correspondi ng X-scores for /
/ each PLS conponent. /
[/ Vari abl es: /
/ DS - The data set containing the scores and /
/ observati on nunbers. /
/ MAX_ LV - Nunber of the last PLS conponent to have /
/ its scores plotted. /
************************************************************/

data dsout; set &ds; *** Uses nonm ssing observations ***;
if n*=_;

run;

data _NULL_; set &ds;
call synput(’ max_n’,n);
run;

%do i =1 %0 &rax_|v;

data pltanno; *** Annotation Data Set for Plot ***;
length text $ % engt h(&max_n);
retain function ’'label’ position’'5 hsys '3 xsys '2" ysys '2
set dsout;
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text=Ustr(n); x=&xscrnane& ; y=&yscrnanme& ;
run;

axi sl | abel =(angl e=270 rotate=90 "Y score & ")
maj or =( nunber =5) m nor =none,;

axi s2 | abel =("X-score & ") mninor=none;

proc gpl ot data=dsout;
pl ot &yscrname& *&xscrnane& / anno=pl tanno vaxi s=axi sl
haxi s=axi s2 frane;
synbol 1 v=none i =none;
run;

%end;
%rend;

%racr o pl ot xscr(ds,
max_| v=&l v);

/**************************)\'*)\')\')\')\')\')\'**************************

/| Plots X-scores for a given nunber of PLS conponents /
/ vs. those of the preceding PLS conponent. /
[/ Vari abl es: /
/ DS - The data set containing the X-scores and /
/ observati on nunbers. /
/ MAX LV - Nunber of the | ast PLS conponent to have /
/ its scores plotted. /
***************************)\')\')\')\'*)\')\')\'*************************/
data dsout; set &ds;
if nn"r=_; *** Uses nonmi ssing observations ***;

run;

data NULL ; set &ds;
call synmput ('’ max_n’,n);
run;

%lo i =1 % o0 %val (&max_Iv-1);
%et j=%val (& +1);

dat a pltanno; *** Annotation Data Set for Plot ***;
length text $ 9% engt h(&max_n);
retain function 'label’ position’'5 hsys '3 xsys '2' ysys '2
set dsout;
text=Ustr(n); x=&xscrnane& ; y=&xscrnanme&j;

run;

axi sl | abel =(angl e=270 rotate=90 "X score & ")
maj or =( nunmber =5) mi nor =none;

axi s2 | abel =("X-score & ") m nor=none
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proc gpl ot data=dsout;
pl ot &xscrnanme& *&scrnane& / anno=pl t anno vaxi s=axi sl
haxi s=axi s2 frane;
synmbol 1 v=none i =none;
run;

%end;
%rend;

%racro get _wt s(dsout nod,
dsxwt s=xwt s) ;

/********************************)\')\'*************************

/|  Gets X-weights w from QUTMODEL data set: /
/ 1. Gets appropriate section of OUTMODEL data set. /
/ 2. Qutputs this data set as DSXWIS1 (will be used /
/ in VIP cal culation.) /
/ 3. Transposes the data set so the ws are the /
/ vari abl es. /
/ 4. Renanes the colums to wl - wA, where Ais the /
/ nunber of PLS conponents LV in the final nodel. /
[/ Vari abl es: /
/ DSOUTMOD - Nane of the OQUTMODEL data set generated /
/ by proc PLS. /
/ DSXWI'S - Nane of the data set containing the /
/ X-wei ghts as variables that is output /
/ by this macro. /
***********************************************************/

data &dsxwts; set &dsout nod(keep= _TYPE LV _ &xvars);
if _TYPE_ ="WB then output;

proc transpose data=&Jdsxwts out =&dsxwts; run;

data &dsxwts; set &dsxwts;
if NAME = LV ' then del ete;
n=_n_-1;

run;

%o i=1 %o & v;

data &dsxwts; set &dsxwts;
rename col & =w&i ;

run;

%end;

%rend;
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%racro pl ot _wt (ds,
max_| v=_&l v);

/************************************************************

/ Plots X-weights for a given nunber of PLS conponents /
/ vs. those of the preceding PLS conponent. /
[/ Variabl es: /
/ DS - Nane of the data set containing the /
/ wei ghts as vari abl es wl-wA, where A=LV, /
/ t he nunber of PLS conponents, and a /
/ character variable _NAME_ containing the /
/ X-vari abl e nanes. /
/ MAX_ LV - Nunber of the | ast PLS conponent to have /
/ its weights plotted. /
************************************************************/

/***********************************************************

/| Determine the largest |abel to be put on plot /

***********************************************************/

% et nane_| en=1;

%lo i =1 %0 &um Xx;
% et temp=%can(&xvars, & ,%tr( ));
% f % ength(& enp)>&nane_| en % hen %do;
% et nane_| en=% engt h( & enp) ;
%end;
%end;

/*********************************)\'*************************

[/ Plot X-weights for each PLS conponent /

*****************************)\—)\—)\—)\—)\—)\—)\—***********************/
%lo i =1 % o0 %val (&max_Iv-1);
%et j=%val (& +1);

data wt_anno; *** Annotation Data Set for Plot ***;
length text $ &name_l en;
retain function 'label’ position’'5 hsys '3 xsys '2' ysys '2’
set &ds;
text=Ustr(_name_); X=W& ; y=wg&;

run;

axi s1 | abel =(angl e=270 rotate=90 "X weight & ")
maj or =( nunmber =5) mi nor =none;

axi s2 | abel =(" X-wei ght & ") m nor=none;
proc gpl ot data=&ds;

pl ot W& *wW& / anno=wt _anno vaxi s=axi s1 haxi s=axi s2 frane;
synbol 1 v=none i =none;
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run;
%end;
%rend;
%racro pltwfrq(ds,
pl ot yvar =W

pl ot xvar =f ,
max_| v=&l v,

| abel =W&i ght) ;
/********************************)\-***************************
/[ Plots X-Wights or X-Loadings versus the frequency for /
/ spectrometric calibration data sets. /
[/ Vari abl es: /
/ DS - Data set containing the weights/loadings /
/ as variables with each observation /
/ representing the weights for a particular /
/ X-variable, which in this case is a /
/ frequency. /
/ PLOTYVAR - The name (excluding the component nunber) /
/ of the weight/l|oading variables. For /
/ exanpl e, PLOTYVAR=w if the variables to /
/ be plotted are wl, w2, w3, ... /
/ PLOTXVAR - The variabl e name of the frequency /
/ vari abl e. /
/ MAX LV - Nunber of PLS conponents to be plotted /
/ LABEL - The | abel for the vertical axis in the /
/ pl ot . /
******************************)\-*)\-***************************/

axi s1 | abel =(angl e=270 rot ate=90 "&l abel ")
maj or =( nunber =5) m nor =none;

axi s2 | abel =("Frequency") mi nor =none;
%et plotvars=%str( );

%lo i =1 %o &max_|v;
% et plotvars=%tr(&pl otvars &pl otyvar&)
%end;

proc gpl ot data=&ds;
pl ot (&pl otvars)*&pl ot xvar/overlay | egend vaxi s=axi sl
haxi s=axi s2 vref=0 |vref=2 frane;
synmbol 1 v=none i =spline;
run;

%rend;
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%racr o get x| oad( dsout nod,
dsxl oad=xl oads) ;

/***********************************************************

/| Gets X-loadings p from OUTMODEL data set:

/ 1. Cets appropriate section of OQUTMODEL data set.

/ 2. Transposes it so the p’s are colum vectors.

/ 3. Renanes the colums to pl - pA where Ais the
/ nunber of PLS conponents in the final nodel.

[/ Vari abl es:

/ DSOUTMOD - Nane of the OUTMODEL data set produced
/ by proc PLS.

/ DSXLOAD - Nane of the data set to contain the

/ X-1 oadi ngs as vari abl es.

*

khkhkkhkhkhhkhkhhhkhhhkhhhkhhhkhhhkhhhhhdhhhdhhhdhdhddhdddhddxhddxh*drxk*x*x%

B e e Y

dat a &dsxl oad; set &dsout mod(keep=_TYPE_ &xvars);
if _TYPE =" PQ then output;

proc transpose dat a=&dsxl oad out =&dsx| oad; run
dat a &dsxl oad; set &dsxl oad;
n=_N_;
run;
%lo i =1 %o & v;
dat a &dsxl oad; set &dsxl oad;
rename col & =p&i
run;

%end;

%rend;



66 0O O O Examples Using the PLS Procedure

%racro pltxl oad(ds,
max_| v=_&l v);

/************************************************************

/  Plots X-1oadings for a given nunber of PLS components /
/ vs. those of the preceding PLS conponent. /
[/ Vari abl es: /
/ DS - Nane of the data set containing the /
/ | oadi ngs as variabl es pl-pA, where A=LV, |/
/ t he nunber of PLS components, and a /
/ character variable _NAME_ containing the /
/ X-vari abl e nanes. /
/ MAX_ LV - Nunber of the last PLS conponent to have /
/ its |l oadings plotted. /
************************************************************/

/***********************************************************

/| Determine the |largest |abel to be put on plot /

***********************************************************/

% et nane_| en=1;

%lo i =1 %0 &um Xx;
% et tenp=%can(&xvars, & ,%tr( ));
% f % engt h(& enp)>&nane_| en % hen %do;
% et nane_| en=% engt h( & enp) ;
%end;
%end;

/***********************************************************

/  Plot X-loadings for each PLS conponent /

***********************************************************/

%lo i =1 % o0 %val (&max_|v - 1);
%Wet j=%val (& +1);

data pltanno; *** Annotation Data Set for Plot ***;
length text $ &nane_l en;
retain function '|abel’ position’'5 hsys '3 xsys '2' ysys '2
set &ds;
text=Ustr(_name_); x=p& ; y=p&;

run;

axi sl | abel =(angl e=270 rotate=90 "X loading & ")
maj or =( nurber =5) m nor =none;

axi s2 |l abel =("X-1oading & ") m nor=none;
proc gpl ot data=&ds;

pl ot p& *p& /anno=pl tanno vaxi s=axi s1 haxi s=axi s2 frane;
synbol 1 v=none i =none;
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run;
%end;
%rend;

%racr o getyl oad(dsout nod,
dsyl oad=yl oads) ;

/***********************************************************

/| CGets Y-loadings g from OQUTMODEL data set:

/ 1. Cets appropriate section of OUTMODEL data set.
/ 2. Transposes it so the gq's are colum vectors.

/ 3. Renanes the colums to ql - gA where Ais the
/ nunber of latent variables in the final nodel

[/ Vari abl es:

/ DSOUTMOD - Nane of the OUTMODEL data set produced
/ by proc PLS.

/ DSYLOAD - Nane of the data set to contain the

/

*

Y-1 oadi ngs as vari abl es.
khhkkkhhkkhhhkhkhhhkkhhhkddhddhhkddhdxddhddhdxddxdddxrxdxdx*d*x*d*x*x*x*kx*x%

B e e e L U

dat a &dsyl oad; set &dsout nod(keep=_TYPE_ _LV_&yvars);
if _TYPE =" PQ then output;

proc transpose dat a=&dsyl oad out =&dsyl oad; run
dat a &dsyl oad; set &dsyl oad;
if NAME = LV ' then delete;
run;
%do i =1 %o &v;
dat a &dsyl oad; set &dsyl oad;
rename col & =q&i
run;
%end,;

%rend;

%racro plt_y_ |v(dsoutnod);

/***********************************************************

/  Plots Y-loadings for each Y-variable versus the PLS /
/  conponent. /
[ Vari abl e: /
/ DSOUTMOD - The OUTMODEL data set from proc PLS. /

***********************************************************/

dat a dsyl oad; set &dsoutnod(keep=_TYPE_ _LV_ &yvars);
if _TYPE =" PQ then output;

axi sl | abel =(angl e=270 rotate=90 'Y | oadi ng’)
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maj or =( nunber =5) m nor =none;
axi s2 | abel =(’ PLS Conponent’) order=(1 to & v by 1) m nor=none;

proc gpl ot dat a=dsyl oad;
pl ot (&vars)*_LV /overlay | egend vaxi s=axi s1 haxi s=axi s2
vref=0 |vref=2 frane;
run;

%rend;

%racro pltyl oad(ds,
max_| v=_&l v);

/************************************************************

/ Plots Y-loadings for a given nunber of PLS conponents /
/ vs. those of the preceding PLS conponent. /
[ Vari abl es: /
/ DS - Nane of the data set containing the /
/ | oadi ngs as variabl es ql-gA, where A=LV, |/
/ t he nunber of PLS conponents, and a /
/ character variable _NAME_containing the /
/ Y-vari abl e nanes. /
/ MAX_ LV - Nunber of the last PLS conponent to have /
/ its [oadings plotted. /
************************************************************/

/***********************************************************

/ Determine the largest |abel to be put on plot /
***********************************************************/

% et nane_| en=1;

%lo i =1 %0 &umy;
%et tenp=%can(&vars, & ,%tr( ));
% f 9% engt h(&t enp)>&ane_| en % hen %do;
% et nane_| en=% engt h( & enp) ;
%end;
%end;

/***********************************************************

/  Plot Y-loadings for each PLS conponent /

***********************************************************/

%lo i =1 %o Y%eval (&rax_|v+1);
%Wet j=%val (& +1);

data pltanno; *** Annotation Data Set for Plot ***;
length text $ &nane_l en;
retain function '|abel’ position '5 hsys '3 xsys '2' ysys 2 ;
set &ds;
text=Ustr(_NAME ); x=0& ; y=Qq& ;

run;



Macros 0O 0O 0O 69

axi sl | abel =(angl e=270 rotate=90 "Y loading & ")
maj or =( nunmber =5) mi nor =none;
axi s2 | abel =("Y-loading & ") m nor=none;
proc gpl ot data=&ds;
pl ot & *q& /anno=pl tanno vaxi s=axi s1 haxi s=axi s2;
synmbol 1 v=none i =none;
run;
%end;

%rend;

%racro get bpl s(dsout nod,
dsout =bpl s);

/************************************************************

/|  Gets B(PLS), the matrix of PLS regression coefficients /
/ of Y on X  For each Y, the values represent the /
[/ inportance of each X-variable in the nodeling of the /
[/  corresponding Y-vari abl e. /
[/ Vari abl es: /
/ DSOUTMOD - Nane of the OUTMODEL data set produced /
/ by proc PLS. /
/ DSQUT - Name of the data set to contain the /
/ regression coefficients, with the /
/ vari abl es representing colums in /
/ B(PLS), and one variabl e nam ng the /
/ X-variable for each row of B(PLS). /
****************************)\')\')\')\')\'***************************/

data est_wb; set &dsoutnod; if _TYPE ="WB then output; run;
data est_pqg; set &dsoutnod; if _TYPE = PQ then output; run;

proc inm;

use est_ wb;
read all var {&vars} into w_prine;
read all var {_Y_} into b;

use est_pgq;
read all var {&vars} into p_prine;
read all var {&yvars} into qg_prine;
WEw_pri me’;
P=p_prinme';
Q=q_prine‘;
B PLS = Winv(P *W*diag(b)*Q ;
b col=("B1":"B&umy");
X_var ={ &var s};

create &dsout from B_PLS[ col name=b_col rownanme=x_var];

append from B_PLS[rownane=x_var];
quit;

%rend;
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%racro plt_bpls(ds);

/***********************************************************

/ Plot the PLS predictor (regression) coefficients in /
/  B(PLS) vs. the frequency, for each response vari abl e. /
[/ Vari abl es: /
/ DS - Dat a set containing the col ums of /
/ B(PLS) as variables, as well as a /
/ variable for the frequency. /
***********************************************************/

data &ds; set &ds;
f=n_;
run;

% et plotvars=%str( );

%lo i =1 %0 &numy;
% et plotvars=%tr(&plotvars b&);
%end;

axi sl | abel =(angl e=270 rotate=90 ' Coefficient’)
maj or =( nunmber =5) m nor =none;
axi s2 | abel =(’ Frequency’) m nor=none;

proc gpl ot data=&ds;
pl ot (&plotvars)*f / overlay |egend vaxi s=axi sl haxi s=axi s2
vref=0 |vref=2 frane;
synmbol 1 v=none i =spline;
run;

%rend;

%racro get _vi p(dsout nod,
dsvi p=vi p_dat a) ;

/************************************************************

/ Calculate VIP: Variable Inportance for the Projection. /
/ This represents the inmportance of each X-variable in /
[/ the PLS nodeling of both the X- and Y-vari abl es. /
[/ Vari abl es: /
/ DSOUTMOD - Nane of the OUTMODEL data set produced /
/ by proc PLS. /
/ DSVI P - Name of the data set to contain the /
/ vari abl e named ' VIP" and the nanes of /
/ X-vari abl es. /
************************************************************/

data dsxwts; set &dsoutnod(keep=_TYPE_ LV _ &xvars);
if _TYPE ="WB' then output;

data y_rsq; set &dsoutnod(keep=_LV_ _TYPE_ &yvars _Y);
if _TYPE ="V then output;
drop _TYPE_;
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run;

data y_rsqg; nerge y_rsq dsxws; by _LV ;
if LV =0 then del ete;

run;
proc inm;
use y_rsq;
read all var {_Y_} into rsq._y;
read all var {&xvars} into w_prime;
A=nrow(rsq._y);
K=ncol (w_prime);
WEW_pri me' ;
Whor meWE( 1/ sqrt (W##,]1));
part_rsq=rsq_y-(0//rsq_y[1:(A-1),]);
tot_rsq=rsq_y[A];
Vi p_sq=((Whor m##2) *part _rsq)#( K/ tot _rsq);
VI P=sqrt (vi p_sq);
x_var ={ &var s};
create &svip from VI P[ col name=" VI P rownanme=x_var];
append from VI P[ r ownane=x_var];
quit;
%rend;

%racro plot_vip(ds);

/************************************************************

/ Plot the VIP: Variable Inportance for the Projection. /

[/ Variabl es: /
/ DS - Data set containing the frequencies /
/ the VIP for each frequency. /

************************************************************/

data &ds; set &ds;
f= N ;
run;

axi sl | abel =(angl e=270 rotate=90 'VIP)
maj or =( nunber =10) m nor =none;
axi s2 | abel =(’ Frequency’) mi nor =none;

proc gpl ot data=&ds;
pl ot vip*f / overlay vaxi s=axi sl haxi s=axi s2 vref=0.8 | vref=2
frame;
synbol 1 v=none i =j oi n;
run;

%rend;
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%racr o get _dnod(dsout put,
dsdnod=dnod,
gr esnane=qr es,
i d=n);

/************************************************************

/ Calculate the distance fromeach data point to the nodel /
/ in both the X-space (DMODX) and in the Y-space (DMODY). /
/  Vari abl es: /
/ DSCQUTPUT - OUTPUT data set from proc PLS. /
/ DSDMOD - Data set to contain the distances to /
/ t he nodel . /
/ QRESNAME - Suffix of variable names for XQRES and /
/ YOQRES assigned by the user in the /
/ proc PLS OQUTPUT st at enent. /
/ ID - onservation identification variable /
/ in input data set. /
************************************************************/

data trn_out; set &dsoutput;
if y&gresname = . then output;
run;

proc neans data=trn_out noprint;

var Xxgres;

out put out =out means n=n nmean=xqres_m,;
run;

data _NULL_; set outneans;

call synput (' numtrn’,n);

call synput(’ xgres_mm’, xgres_mm);
run;

proc im;
use &dsout put;
read all var {x&gresname} into xgres;
read all var {y&qgresname} into yqgres;
read all var{& d} into id;
dnodx=sqrt (xqres/ &qres_m);
do i=1 to nrow( xgres);
if ygres[i]=. then
dnodx[i]=drmodx[i]/sqgrt(&umtrn/(&umtrn-& v-1));
end;
dnody=sqrt (ygres*(&umtrn/ (&umtrn-& v-1)));
drnodbot h=i d| | dmodx| | dnody;
col ={ & D DMODX DMODY};
create &dsdnod from dnodbot h[ col nane=col ];
append from dnodbot h;
quit;

%rend;



