
Figure 2: PLS-DA and OPLS-DA regression coeffi cients. Each proteomic profi le consists of 15.154 variables (m/z values 
obtained from SELDI-TOF mass spectrometry).
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Orthogonal PLS, OPLS, is a recent modifi cation of 
the PLS method [1]. In comparison with PLS, OPLS 
produces models which are more transparent and 
therefore easier to interpret. 

Enhanced discrimination
The objective of OPLS is to divide the systematic 
variation in the X-block into two model parts, one 
part which models the co-variation between X and 
Y, and another part which expresses the X-variation 
that is not related (orthogonal) to Y. This may lead 
to better class-resolution in a discriminant problem 
(Figure 1).
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Figure 1: Ovarian cancer data set [3,4]. Proteomic profi les of 100 cancer patients and 92 unaffected women (controls) were analyzed using PLS-DA 
and OPLS-DA. The training set was identifi ed through multivariate design. OPLS-DA enhances class separation.

Improved interpretation
OPLS leads to a more straight-forward and realistic model interpretation 
as it is possible to focus on the variation in X that really correlates with 
Y (Figure 2).

Analysis of the non-correlating variation
OPLS gives an opportunity to analyze the orthogonal variation in the X-
data that does not correlate with Y, and understand what the sources 
are for that. 

Extension of OPLS
Non-linear and hierarchical extensions of OPLS may lead to stabilized 
QSAR models in complex problems in pharmaceutical industry (Figure 3).

Discussion
The OPLS method does not change predictive power, but its great asset 
lies in making model interpretation much easier [2]. Additionally, the 
number of predictive PLS components becomes smaller. In the case of 
a single-Y problem, OPLS assembles the predictive X-variation in the 
fi rst component, and, when dealing with multi-Y problems, in the fi rst 
few predictive components. 

Figure 3: Relationship between observed and predicted log biological activity in an ADME investigation. In this case, the 
non-linear OPLS method leads to a stabilized QSAR model.
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