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Introduction
Partial least squares (PLS) regression is an alternative to classical regression for handling multicollinearity by
combining the merits of principal component analysis and multiple linear regression. The aim of PLS is to predict
a set of responses from a set of predictors by finding latent variables that capture the variability in both responses
and predictors. Latent variables used in PLS are defined as the linear combinations of original variables. Among
predictors, some variables can come from an extremely different nature or some can be indirectly related to
responses. In that case, taking all predictors into account for extracting latent variables is not suitable from the
model selection point of view. More latent variables can be selected for model fitting. If the variable from other
natures has a different role rather then a predictor in PLS, it can be possible to improve the prediction performance
by using the less number of latent variables. A disadvantage of PLS would be the deficiency in data visualization
and model interpretation among others, which may be as important as building an optimal predictive model.
A recursive partitioning algorithm emerges as one of the solutions capable of achieving these purposes. We
here propose new piecewise regression by combining the model-based recursive partitioning and PLS in order to
improve prediction performance, and provide a visually interpretable model. Recursive partitioning, also known
as tree-structured modeling, has been widely used because they allow us to give easy data visualization and
interpretation. The objective of our proposed method is to select the most relevant predictors recursively, and
provide more accurate prediction performance. Instead of fitting a global PLS to the whole data, one might fit a
collection of local PLS to subsets of the data so that a better fit and higher predictive accuracy are obtained. We
alleviate variable selection bias using the merits of the residual analysis approach of [1] and conditional inference
of [2]. Our developed software program can be obtained from the authors upon request.

Proposed Method
Let (Y, X, Z) be matrices of the response, predictor, and partitioning variables where Y and X are the q- and pdimensional spaces, and Z = (z1 , z2 , . . . , zr ) with r-dimensional space, respectively. As a basic model, we employ
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the following PLS regression
X
Y

= TPT + E,

(1)

T

= UQ + R,

where T and U are n × K matrices that are projections of X and Y, i.e., the score matrices of X and Y. The P
and Q are p × K and q × K orthogonal loading matrices, respectively. It is assumed that the error matrices E and
R are independent and identically distributed random normal. Simply, the NIPALS algorithm is used to obtain
parameters [3]. The basic model is fitted to have estimates that are different at each node so that terminal nodes
might have different estimates. As an impurity function at node t, R(t), mean squared errors are used.
For the partitioning, the partitioning variables Z are used to divide the data set into two subregions in which
the basic model is fitted. Split rules are utilized to find the best split variable and point by evaluating the impurities
between parent and child nodes over all possible splits. We here propose new split rule algorithms to provide the
unbiased variable selection and visually interpretable model. The approach selects split rules by investigating
the randomness of residuals after fitting the basic model to the data at each node, resulting in fast and ignorablebias selection of split rules [1, 2]. This selection rule consists of univariate and bivariate algorithms. For the
determination of tree size, the permutation test with multi-step stopping rule [4] is utilized.

Results and Conclusions
We applied the proposed method and the standard PLS regression to the craniofacial X-ray data set used in [5, 6].
The data sample consists of a lateral cephalogram, an X-ray image of craniofacial area on which the variables are
gathered by the two-dimensional coordinates. The response variable Y is the coordinates on the post-surgery facial
landmarks. The coordinates on the skeletal structure before and after surgery and pre-existing facial landmarks
are used for predictors X. Moreover, demographic variables, such as age, gender, interval time after surgery,
operation type, and so on are used to partitioning variables Z.
For comparison, the mean squared error of prediction (MSEP) is calculated by 10-fold cross validation. The
overall MSEP of the proposed method is 3.70 with standard deviation 0.82, compared to those of the standard
PLS are 4.51 (mean) and 1.02 (SD). When it comes to the errors of each response, our proposed method also
outperforms the standard PLS. Our proposed method provides easy interpretation of the interrelation between
terminal nodes by data visualization since the structure of the tree has a biplot per each terminal node. Throughout
data analysis, we see that our proposed method attains better performance in terms of the prediction and the data
visualization compared to the standard PLS.
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