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Regression Methods

Process Analysis & Chemometrics
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Regression: Example (1)Regression: Example (1)

Predict octane number of gasoline from NIR spectrum:
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Regression: Example (2)Regression: Example (2)
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Predict yarn quality:

Use process measurements
to predict yarn breaking strength
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Regression ProblemRegression Problem

Predictors X:

- absorbances at different wavelengths
- temperature and other process variables

Responses (predictands) y:

- octane number
- yarn quality

Predictors X are used to predict response y
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UnivariateUnivariate Regression: Idea (1)Regression: Idea (1)
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Intermezzo: plotting matricesIntermezzo: plotting matrices
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Column-space:
Point = column

Row-space:
Point = row

Relationships between objects:
(dis)similarities

Relationships between variables:
correlation, variance
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UnivariateUnivariate Regression: Idea (2)Regression: Idea (2)
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UnivariateUnivariate Regression: Regression: 
GeometryGeometry
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UnivariateUnivariate Regression: Model Regression: Model 
Assumption:

Linear model between x and y

Sample or object i:

response yi and predictor xi

Model:

iii xy εββ ++= 10
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Multiple Regression: Idea (1) Multiple Regression: Idea (1) 
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Multiple Regression: Idea (2) Multiple Regression: Idea (2) 
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Multiple Regression: Model (1)Multiple Regression: Model (1)
Assumption:

Linear model between X and y

Sample or object i:

response yi and predictors xi1,…,xij,….,xiJ

Model:

iiJJii xxy εβββ ++++= ....110
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Multiple Regression: Model (2)Multiple Regression: Model (2)

iiJJii xxy εβββ ++++= ....110

iy : response of ith object  

ijx : jth predictor for ith object

: intercept or offset0β

jβ

iε
: jth regression coefficient

: error of ith object
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Multiple Regression: Model (3)Multiple Regression: Model (3)
iiJJii xxy εβββ ++++= ....110

1111101 .... εβββ ++++= JJ xxy

IIJJII xxy εβββ ++++= ....110

.

.

.

εβββ ++++= J1 xx1y J....10

εβ += Xy
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Multiple Regression: Model (4)Multiple Regression: Model (4)

εxx1y J1 ++++= Jβββ ....10

εXy += β
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MultMult. Regression: Example (1). Regression: Example (1)
tol

benz

Predict toluene in 
presence of others
using NIR
Training set:
21 samples;
some in duplo

Test set:
6 samples

p-xyl
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MultMult. Regression: Example (2). Regression: Example (2)
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MultMult. Regression: Example (3). Regression: Example (3)
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MultMult. Regression: Example (4). Regression: Example (4)
exxxytol ++−−= 464359115984 42.620.590.377.1
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998.02 =MLRR

0175.0=RMSEC

%43.5% =RMSEC
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MultMult. Regression: Example (5). Regression: Example (5)
Test set predictions:
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MultMult. Regression: Example (6). Regression: Example (6)
Predicting toluene in unknown samples:

True:Predicted :
0.1379
0.6939
0.0352
0.6065

-0.0065
0.6390

0.1600    
0.7100   
0.0400   
0.6300  
0.1000        
0.4400 

OK!

Tert.butylbenz.
Meth. cyclohex.

No error message!!
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MultMult. Regression: Problems (1). Regression: Problems (1)
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No residual

Realistic?
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Intermezzo: basesIntermezzo: bases
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MultMult. Regression: Problems (2). Regression: Problems (2)
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MultMult. Regression: Problems (3). Regression: Problems (3)
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Very unstable predictions!!
Multicollinearity
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MultMult. Regression: Problems (4). Regression: Problems (4)

Large number of variables:
- collinearity
- perfect fit
- nonunique regr.coeff.

Nonrepresentative samples:
- large errors
- no diagnostics
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Intermezzo: subspacesIntermezzo: subspaces

• Line through origin
• Plane through origin
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Subspace Regression: Idea (1)Subspace Regression: Idea (1)
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Subspace Regression: Idea (2)Subspace Regression: Idea (2)
Select PC1 (= t)Select x1

PCRŷ

y

2x

1x ty
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1vx
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Principal Component
Regression (PCR)

Variable Selection
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Subspace Regression: PCR (1)Subspace Regression: PCR (1)

PCRŷ

y

2x

1x tMLRŷ

MLRŷ y PCRŷcloser to than MLR fits better than PCR



UNIVERSITY OF AMSTERDAM 31

Subspace Regression: PCR (2)Subspace Regression: PCR (2)
Second:First:

y
1x~ 2

~xt

PCRŷ

1x
2x

y
t
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PCR gives stable predictions!!
t  is more stable than x1, x2
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PCR: Example (1)PCR: Example (1)
tol

p-xyl benz

Predict toluene in 
presence of others
using NIR
Training set:
21 samples;
some in duplo

Test set:
6 samples
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PCR: Example (2)PCR: Example (2)
eXbeXPbeTby PCR +=+=+=

998.02 =PCRR

0184.0=RMSEC

%72.5% =RMSEC
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PCR: Example (3)PCR: Example (3)
Test set predictions:

%02.4% =RMSEP
0129.0=RMSEP
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PCR: Example (4)PCR: Example (4)
Predicting toluene in unknown samples:

True:Predicted :
0.1597
0.6948
0.0254
0.5998
0.0463
0.4608

OK!

Tert.butylbenz.
Meth. cyclohex.

0.1600    
0.7100   
0.0400   
0.6300  
0.1000        
0.4400 

Error message??
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PCR: Example (5)PCR: Example (5)

X=TP’+E
RMSEX: 0.0028
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