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Abstract
Because of its many advantages, the use of decision trees has become an increasingly popular
alternative predictive tool for building classification and regression models. Its origins date
back to about five decades where the algorithm can be broadly described by repeatedly partitioning the regions of the explanatory variables and thereby creating a tree-based model for
predicting the response [3]. The use of decision trees for predictive analytics has many advantages. First, a decision tree model is considered to be a nonparametric and thereby does not
require distribution assumptions. Second, apart from the ability to handle missing data, it can
detect non-linear effects and possible interactions between the explanatory variables. Third, it
can be considered as a variable selection process by assessing the relative importance of the explanatory variables. Finally, decision trees, especially smaller-sized trees, are straightforward to
interpret by a visualization of the tree structure in the plot. These advantages are particularly
useful for insurance and actuarial data.
Innovations and extensions to the original methods, such as random forest and gradient boosting, have further improved the capabilities of using decision trees as a predictive model. Random
forest refers to ensembles of trees whereby a set of unpruned fully-grown trees are generated
based on a bootstrap sampling of the original data using a subsample of the explanatory variables. The boosting algorithm builds trees sequentially so that for each new iteration, a tree is
grown using the residuals from previously grown trees.
In addition, the extension of using decision trees with multivariate response variables started to
develop and it is the purpose of this paper to apply multivariate tree models to insurance claims
data with correlated responses. Multivariate trees extends the univariate trees by identifying
important explanatory variables across a set of responses that covary thereby allowing for a
more logical grouping of the responses. For the purpose of this paper, we examined two methods
of multivariate tree models: multivariate regression tree [1] and multivariate tree boosting [4].
The extension to multivariate response variables inherits several advantages of the univariate
tree models such as its distribution-free feature, ability to rank essential explanatory variables,
and high predictive accuracy.
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To illustrate the approach, we analyze a data drawn from the Wisconsin Local Government
Property Insurance Fund (LGPIF) which offers multi-line insurance coverage of property, motor
vehicle, and contractors’ equipments. This dataset has been used in [2] where the multivariate
analysis of the data is based on the use of copulas which is a departure from our method. With
multivariate tree models, we were able to capture the inherent relationship among the response
variables. We compared marginal results from multivariate tree models to some univariate
tree models and we find that the marginal predictive model based on multivariate trees is an
improvement from that based on simply the univariate trees.
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