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Getting Started with Correlated Component Regression (CCR) in
CORExpress®

Dataset for running CCR Linear Regression (CCR.Im)

This tutorial is based on data provided by Michel Tenenhaus and used in Magidson (2011), “Correlated
Component Regression: A Sparse Alternative to PLS Regression”, 5th ESSEC-SUPELEC Statistical
Workshop on PLS (Partial Least Squares) Developments.

The data consists of N=24 car models, the dependent variable PRICE = price of a car, and 6 explanatory
variables (predictors), each of which has a positive correlation with PRICE

Explanatory Variable Correlation with PRICE
CYLINDER (engine measured in cubic centimeters) .85

POWER (horsepower) .89

SPEED (top speed in kilometers/hour) 72

WEIGHT (kilograms) .81

LENGTH (centimeters) .75

WIDTH (centimeters) .61

Table 1.

but each predictor also has a moderate correlation with the other predictor variables

Predictor | v\ INDER| POWER | SPEED | WEIGHT | LENGTH
CYLINDER 1

POWER .86 1

SPEED .69 .89 1

\WEIGHT .90 75 49 1
LENGTH .86 .69 .53 .92 1
\WIDTH 71 .55 .36 .79 .86
Table 2.

A SPSS (.sav) file of the dataset used in this tutorial can be downloaded by clicking here.


http://statisticalinnovations.com/products/DemoData/autoprice.sav
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Goal of CCR for this example

CCR will apply the proper amount of regularization to reduce confounding effects of high predictor
correlation, thus allowing us to obtain more interpretable regression coefficients, better predictions,
and include more significant predictors in a model than traditional OLS regression.

As shown in Table 3 below, traditional OLS regression yields large standard errors and unrealistic
negative coefficient estimates for the predictors CYLINDER, SPEED, and WIDTH.

Unstandardized Standardized
OoLS Coefficients Coefficients
Regression

B Std. Error Beta t Sig.
(Constant) | 12070.41| 194786.56 .06 .95
CYLINDER -1.94] 33.62 -.02 -.06 .95
POWER 1315.91 613.51 .89 2.14 .05
SPEED -472.51 740.32 -.21 -.64 .53
WEIGHT 45.92 100.05 .18 .46 .65
LENGTH 209.65 504.15 15 42 .68
WIDTH -505.43 1501.59 -.07 -.34 T4

Table 3: Results from traditional OLS regression: CV-R* = 0.63

Moreover, POWER is the only predictor that achieves statistical significance (p=.05) according to the
traditional t-test.

CCR’s Cross-Validation Component (CV-R?) Plot shows that substantial decay in the cross-validated R®
occurs for K>2. Thus, a substantial amount of regularization is required (K<3) to obtain a reliable result.
Since OLS regression applies no regularization at all (K=6), this plot indicates that the CCR model (with
K=2) should predict PRICE better than traditional OLS regression when applied out-of-sample to new
data (results based on all 6 predictors: CV- R* = .75 for CCR vs. CV- R = .63 for OLS regression).
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Fig. 1. Cross-Validation Component (CV-R?) Plot

Also, in contrast to OLS regression which yields some negative coefficient estimates, CCR yields more
reasonable positive coefficients for all 6 predictors as shown below.

Predictor B Beta
CYLINDER 20.9 0.19
POWER 5455 0.37
SPEED 4457 0.20
WEIGHT 43.4 0.17
LENGTH 32.6 0.02
WIDTH 343.6 0.05
(Constant) -177941

Table 4. CCR solution with K=2 components.

Part A of this tutorial shows how to use CORExpress to obtain these results. Part B shows how to
activate the CCR step-down procedure to eliminate extraneous predictors and obtain even better results
as indicated in the following table.
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CV-R’= 0.77
Predictor B Beta
POWER 673.3 0.45
SPEED 222.9 0.10
WEIGHT 110.9 0.44
[Constant] -115044

Table 5. Results from CCR with step-down algorithm
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Part A: Setting up a Correlated Component Regression

Opening the Data File

For this example, the data file is in SPSS system file format.

To open the file, from the menus choose:
» Click File = Load Dataset...
» Select ‘autoprice.sav’ and click Open to load the dataset

Edit ‘iew Plot Model Help

Mew Project Ctrl+M g X

Contral a5 X |

Load Dataset...

Load Project...
Save Project &,

Close Project
Close &ll Projects

Exit

Data g X

Fig. 2: File Menu
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Fig. 3: Loading a Dataset

You will now see the “autoprice” dataset loaded in the “Projects” Window on the left. In the middle
(currently a dark gray box) is the workspace which will eventually show “Model Output” windows once
we have estimated CCR models. On the right is the “Model Control” window, where models can be

specified and graphs can be updated. The “Data” Window on the bottom shows various data from the
dataset.
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Fig. 4: CORExpress Windows

You can view the complete dataset in a new window by double clicking on “autoprice” in the Projects
window. After estimating a model, the predicted scores will automatically be added to the file (and if
any cases were not used to estimate the model -- validation cases — they would also be scored).
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Fig. 5: CORExpress Dataset View

Step 1: Determining the Optimal Number of Components

Selecting the Type of Model:
» Double click on “CREATE NEW MODEL” in the Workspace window under “autoprice”

Model setup options will appear in the Control window.
Selecting the Dependent Variable:

> In the Control window below “Dependent”, click on the drop down menu and select “PRICE”
as the dependent variable.

The prices are the "Ys" of the model as we want to predict these prices as a linear function of the other

car attributes.

Selecting the Predictors:
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» In the Control window below “Predictors”, click and hold on “CYLINDER” and move the
cursor down to “WIDTH” to highlight all 6 predictors. Click on the box next to “WIDTH” to
select all 6 predictors.

Alternatively, you can open a Predictors Window to select the predictors:
» In the Control window below the “Predictors” section, click the “...” button.
» The Predictors Window will open.
» Click and hold on “CYLINDER” and move the cursor down to “WIDTH” to highlight all 6
predictors in the left box.
» Click on the “>>" box in the middle to select all 6 predictors and move them to the right box
as candidate predictors.
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Fig. 6: Predictor Window
To obtain the OLS regression solution, fix the number of components at 6, so it equals the number of
predictors.

Selecting the Number of Components:
» Under Options, click in the box to the right of “# Components”, delete “4”, and type “6”

Selecting the Model Type:
> Click on “CCR.Im” to select a CCR linear regression model

Selecting the Case ID:
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» Click on the Case ID drop down menu and select “ID” to select the name of the car models

as case ids.

Your Control window should now look like this:
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Fig. 7: Control Window

Estimate the Specified Model:

» Click on the “Estimate” button to estimate the specified model.
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Interpreting CCR Model Output

Following the basic statistics output section, the coefficients (unstandardized and standardized) are
presented. In addition to the standard OLS regression coefficients, the right-most columns of the output
contain loadings for each predictor on each of the K=6 components (CC1, CC2, ..., CC6) as well as the

component weights for the components.

’ .
autoprice ; CCR 1 (= | T I

Copy

Coefficients -
0,0089 0.123% 02035 06271 0.4221 01667

Predictors Coefficient CC1 cCz2 cC3 cC4 CCS CCE

CYLIMGER. -1.9361 92,7743 1.2807 -3.7276 -11.0157 15,1896 50525

P ER. 1215.,9072 13208041 7285597 12285278 4729994 -198.6320 1079355

SPEED -472. 5088 16420541 2393236 -218.4762 GB12.1331 -367.9256 -119.7357

WEIGHT 45,9232 2030576 -40659 88,3356 -37.3502 0 -3.2185 0 -RUFFLE

LEMGTH 209.6538 10387758 -GE3.2FFY0 520949 2832096 1542823 -Er.7e24

wIDTH -E05.4307  4588.2113 -1915.9397 -191.908F -29.4433 -343.7298 1364489

[Constant] 120706
Std. Coefficients

m

00240 00654 06675 03042 00734 00066
Predictors Std.Coefficient CC1 CC2 CC3 CC4 CCS CCe

CYLIMDER -0.0178 02079 00240 -0.0412 -0.2085 07502 1,154

PiiER. 08875 02175 09299 09975 06573 -0.7212 1.0443

SPEED -02072 0L IFSE 0.1986 -0.4321 04630 -0.868F -1.3305

WEIGHT 0,1839 00,1985 -0.0308 04259 -0.3084 -0.0893 -0.5358

LEMGTH 015807 0,1823 -0.7663 00451 04199 05972 -1.2345

WiILTH -0L06F2 0,1491 -0.4826 -0.0207 -0.0081 -0.2462 04602 il
rl 1 3

Fig. 8. Coefficient estimates obtained from the 6-component (saturated) CCR model

Comparing Figure 8 to Table 3, we see that the results match the OLS regression coefficients. These
coefficients can be decomposed into parts associated with each of the 6 components using the
component weights provided (numbers above CC1, CC2, ..., CC6) and the component coefficients
(loadings) provided below CC1, CC2, ..., CC6.
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For example, the coefficient -1.9361 for CYLINDER, is decomposed as follows:

-1.94 = .006*(92.774) + .124*(1.381) + .804*(-3.728) + .627*(-11.016) + .422*(15.190) + .167*(5.053)

Since N is relatively small (N=24) and the correlation between the predictors is fairly high, this saturated
regression model overfits these data. We will now show how to activate the M-fold cross-validation (CV)
option and show that this model is overfit, and that eliminating CCR components 3-6 provides the
proper amount of regularization to produce more reliable results. To allow CV to assess all possible
degrees of regularization, we will estimate all 6 CCR models (K<6). We do this by activating the
Automatic option in the Model Control Window.

The number of folds M is generally taken to be between 5 and 10, so we select M=6, since 6 is the only
integer between 5 and 10 that divides evenly into 24. In the Validation tab we activate ‘Cross-validation’
and request 10 rounds of 6-folds. By requesting more than 1 round, we obtain a standard error for the
CV-R’,

Activating the Automatic Option:
» Under Options, check the “Automatic” box

Note that activating the ‘Automatic’ option also requests the Cross-Validation Component Plot to be

generated shown earlier in Fig. 1.

Specifying Cross Validation:
» In the Model Control Window, click on the “Cross Validation” box and cross validation
options will appear.
Click on the “Use Cross Validation” box to enable the cross validation feature.
In the “# Rounds:” box, type “10”
In the “# Folds:” box, type “6”
Keep the “<none>" in the Fold Variable drop down drop down menu

YV VVY

12



Copyright © 2011 by Statistical Innovations Inc. All rights reserved. (version: 9/9/2011)

CCR 1 g X

Opkions

# Components: & = Autamatic
@ CCR.m ) PLS.skd () PLS.unsk

() CCRIda () CCR.logistic ) CCR.Lsury

Iterations: 4 % Ridge: 0,001
Weights: [-::nu:une} "]
Case Id: [ID "]

[ tnelude Missing [] mMSE

[ Yalidation ]

[ Cross Validation ]

m

Use Cross validation

# Rounds: 1n =
# Falds: & =
Stratify

Randamization Seed: 09302010

Fald Yariable: [::nu:une:: -

Fig. 9. Model Control Window with Automatic activated and Cross-validation specified

Estimate the Specified Model:
> Click on the “Estimate” button to estimate the specified model.

Note that CORExpress removed the checkmark from the Stratify CV option, which is not applicable in
linear regression.

The Summary Statistics show that the resulting model has K=2 components. For this model, the CV-R?

increases to .75 with a standard error of only .02, providing a significant improvement over the OLS
regression CV-R’ =.63.
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autoprice : CCR 1 = = ES
Copy

Coefficients -
0.2206 0.23488

Predictors Coefficient CC1 CCZ2

CYLIMDER 20,9438 92,7743 1.3807
PoiER. E4b.4633 132008041  F28.5597
SPEED 4456536 16420541 2393236
WEIGHT 42,3677 203.0576 -4,0659
LEMGTH 32,6183 10387758 -GE3.2FF0
WIDTH 3436158 45882113 -1915.9397

m

[Constant] -177941
Std. Coefficients
09024 0,1842

Predictors Std.Coefficient CC1 CC2

CYLIMDER. 01922 02079 0.0240

POER. 03679 0.2175  0.9299

SPEED 0,1954 0,175% 0.1986

WEIGHT 01737 0,1985 -0.0308

LEMGTH 00224 01823 -0.F6R2

WIDTH 00457 0,1491 -0.4826 -
Fl 1T} 3

Fig. 10. Model Output

From the Coefficients Output in Figure 10 we see how the coefficients are now constructed based on

only 2 components. For example, the coefficient for CYLINDER can be decomposed as follows:

20.944 = .221%92.774 + .349*1.381

14
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Part B: Activating the Step-down Algorithm

To eliminate extraneous and weak predictors, in the options section we will now activate the step-down
algorithm as shown below.

Specifying the Number of Predictors to Step Down:
» In the Model Control Window, click on the “Step Down” box and step down options will
appear.
» Click on the “Perform Step Down” box to enable the step down feature.
» Keep the default values for “Min # Predictors” and “Max # Predictors”.

Activation of the step-down option automatically requests the step-down predictor selection and the
Predictor Count table.

CCR 1 g X

l Skep Down

Petfarm Step Down
Min # Predictors: 1

[k

Max # Predictors: 6
Remove by Percent

[k

Percent: 1

4|k

m

l Opkions

# Components: & = .ﬁ.utumatic
@ CCR.m () PLS.std () PLS.unsk
CCR.Ida () CCR.ogistic ) CCR,sury

Iterations: 4 % Ridge: 0,001
Weights: I-::ncnne:b "J
Case Id: IID "I

[ tnelude Missing [] mMSE

Estirnake

Fig. 11. Model Control Window with Step-down options specified
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Estimate the Specified Model:
» Click on the “Estimate” button to estimate the specified model.

The predictor selection plot suggests that inclusion of 3 predictors in the model is optimal.
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Fig. 12.

The Predictor Count table suggests that POWER and WEIGHT are the most important predictors, being
included in 60 and 59 of the 186 cross-validated regressions respectively. Also, we see that among the
10 rounds, P*=3 predictors was obtained as the optimal number 7 of the 10 times.
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- .
autoprice : CCR 1 = | =) ES
Copy
Predictor Table i
Predictor A&ll 1 2 3 4 5 6 7 & 910
P ER. E0 B B B B B B B B B K
WEIGHT B9 6 B B B B B B B B K
SPEELD 2F 3 0B 2 02 2 0 2 4 0 32
CYLIMDER 23 2 B ZF 2 301 3 1 0 2
LEMGTH m 1 & 00100 101
WwiIBTH F 0 & 01 0 00000
Tatkal 186 18 36 18 1% 12 12 18 12 12 1% =
Predictors I 63 F F 2 F F 2 3
F T 3
Fig. 13.

The final model has CV-R® = .77 and includes the predictors POWER, SPEED and WEIGHT:

r N
autoprice : CCR 1 =1 [T |
Copy
Fit -
Training Cross-Yalidation
B2 08362 07690 0.0284
Coefficients

0.4017 0.6196

Predictors Coefficient CC1 CC2 E
POWER, EF3. 3075 132008041 230.4683
SPEED 2228506 16420541 -F04,8570
WEIGHT 1109286 2030576 474012

[Constant] -115044
Std. Coefficients

08779 01469
Predictors Std.Coefficient CC1 CC2
PoiER. 04541 04076 0.BEEF
SPEED 00977 0,3295 -1.3039
WEIGHT Ot 02721 0.8008
1 1 3

Fig. 14
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General Discussion and Additional Tutorials

Key driver regression attempts to ascertain the importance of several key explanatory variables
(predictors) Xy, X,, ..., Xp that influence a dependent variable. For example, a typical dependent variable
in key driver regression is “Customer Satisfaction”. Traditional OLS regression methods have difficulty
with such derived importance tasks because the predictors usually have moderate to high correlation
with each other, resulting in problems of confounding, making parameter estimates unstable and thus
unusable as measures of importance.

Correlated Component Regression (CCR) is designed to handle such problems, and as shown in Tutorial 2
it even works with high-dimensional data where there are more predictors than cases! Parameter
estimates become more interpretable and cross-validation is used to avoid over-fitting, thus producing
better out-of-sample predictions.
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