
TECHNICAL MEMORANDUM NO. CIT-CDS 93-003 
February 8,1993 

"FLS Leads to Different Algorithms 
for Factor Analysis and Regression" 
Tyler R. Holcomb and Manfred Morari 

Control and Dynamical Systems 
California Institute of Technology 

Pasadena, CA 91125 



PLS Leads to  Different Algorithms for Factor Analysis and 

Regression 

Tyler R. Holcomb 

Manfred Morari * 

Chemical Engineering 210-41 

California I~lst,itute of Technology 

Pasadena CA 91125 

Keywords: biased regression, PLS, multivariable regressiolz, 

factor analysis, collinearity 

CIT-CDS Tecllllical Memo 93-003 

Febnlary 8, 1993 

Abs t rac t  

Two multivariable problems of genera.1 interest, are factor analysis and regression. 

This paper examines partial least squares (PLS) as a tool for both problems. For 

single out,put data  sets, t,he fan1ilia.r PLS algorithm is applica.ble to both problems. 

For multiple output problems the familiar PLS algorithm [I, 2, 31 (called fact-PLS in 

this paper) is appropriate for factor analysis. However fact-PLS leads t,o algebraically- 

incon~ist~ent results for regression problems. To a.ddress this issue, a new algebraically- 

consistent milltivariable PLS algorithm, C-PLS, is developed. Unlike fact-PLS, C- 

PLS does not rely on itera.tive calculations. Another PLS approach, "one-at-a-time" 

PLS (OAT-PLS), is closely related to  C-PLS; however OAT-PLS is also algebraically- 
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inconsistent. A simulation study of these various PLS methods shows C-PLS to have 

the best estimation and prediction performance. 

1. Introduction 

This paper examines problems of the form 

where X E W x n i  is a matrix of measured inputs, Y E SnaxnO is a matrix of measured 

outputs, R E s R n i X n O  is an unknown parameter matrix, and E  E iRnaXnO is an unobservable 

matrix of errors. For simplicity of development, fu~.ther assume that the elements of E  

are zero-mean, independent, and liornoscedastic random varial~les: C ( E )  = 0, C ( E T E )  = 

n,o:1 and C (EE') = n,o:I. The independence and homoscedasticity assumptions can 

be readily met using a suital~le rescaling of' the data, as in generalized least squares [4]. 

Throughout this paper the w~rial~les that comprise X will be called the "inputs" and 

the variables that comprise Y will l ~ e  called the  output^.^' This is merely a convenient 

nomenclature; these variables can equivalently be called "explanatory variables" and the 

"dependent variables." 

For such data, two problems cornlnonly addressed are: (1) what are the lower climen- 

sional su13spa.ces of @"i and Sno tl-iat clescril~e the "relevant" variances of the data, and 

(2) what is a "goocl" approximation for the unol~serval~le R? We refer to  the former as 

the factor analysis problem and the latter as the regression l~roblem. The regression prob- 

lem itself has two interesting variants: the estimation problern, wherein one determines 

a B that is "close" to R, and the prediction problem, wherein one determines a B that 

is "good" for predicting futures IT's from future X's. Partial Least Squares (PLS) [I] is 

useful for all of these problems. IIowever, past inve~tiga~tions have not always carefully 

distinguished between the factor analysis asnd regression problems. This paper examines 

PLS for appli~a~tion to both ~ ~ r o b l e ~ l s ;  i11 tloing so, a new PLS algorithm is developed that 

is more appropriate for multivariable regression. 






































