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Abstract
This paper introduces a generic theoretical framework for predictive learning, and relates it to data-driven and learning applications in earth and
environmental sciences. The issues of data quality, selection of the error function, incorporation of the predictive learning methods into the
existing modeling frameworks, expert knowledge, model uncertainty, and other application-domain specific problems are discussed. A brief
overview of the papers in the Special Issue is provided, followed by discussion of open issues and directions for future research.
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1. Introduction
In this editorial paper, we have attempted to reach the
following goals (i) to introduce to practitioners a generic
framework of the predictive learning (PL) approach (Section 2);
(ii) to introduce a simple classification and a brief review of the
PL applications in earth and environmental sciences, and
discuss specific issues related to these applications (Section 3);
(iii) to briefly overview the papers included in this issue
(Section 4); and (iv) to highlight the open issues and future
research directions.

2. Framework for predictive learning
The problem of predictive learning (aka inductive learning,
machine learning, or learning from examples) can be described
in different ways (Mitchell, 1997; Ripley, 1996). In this paper,
we adopt the framework of statistical learning (Cherkassky &
Mulier, 1998; Friedman, 1994; Vapnik, 1982) shown in Fig. 1.
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The setting for predictive learning (PL) involves three
components:
† Generator of random input vectors x, drawn independently
from a fixed (but unknown) probability distribution P(x);
† System (or teacher) which returns an output value y for
every input vector x according to the fixed conditional
distribution P( yjx), which is also unknown;
† Learning machine, which implements a set of approximating
functions f(x,w), where w is a set of parameters of an arbitrary
nature.
The goal of learning is to select a function (from this set)
which approximates best the System’s response. This selection
is based on the knowledge of finite number (n) of training
samples (xi,yi), (iZ1,.,n) generated according to (unknown)
joint distribution P(x,y)ZP(x)P( yjx).
The quality of an approximation produced by the learning
machine is measured by the discrepancy or loss L(y, f(x,u))
between the true output produced by the System and its
estimate produced by the learning machine for given input x.
By convention, the loss takes on non-negative values, so that
large positive values correspond to poor approximation. The
expected value of the loss is given by the prediction risk
functional:
ð
RðuÞ Z Lðy; f ðx; uÞÞdPðx; yÞ

(1)
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Learning is the process of finding the function f(x,u0), which
minimizes the risk functional (1) over the set of functions
supported by the learning machine, using only finite training
data (since P(x,y) is unknown). We also point out that the loss
function L(y, f(x,u)) is given a priori based on the problem/
application requirements. The prediction risk (1) is unknown,
but in practice can be estimated using an independent test set,
or via resampling techniques. This formulation (as stated
above) is very general and describes many learning problems
such as interpolation, regression, classification, and density
approximation (Cherkassky & Mulier, 1998; Friedman, 1994;
Hastie, Tibshirani, & Friedman, 2001; Vapnik, 1982, 1995).
The problem encountered by the learning machine is to
select a function (from the set of functions it supports) that best
approximates the System’s response. The learning machine is
limited to observing finite number (n) examples in order to
make this selection. This training data as produced by the
generator and system will be independent and identically
distributed (iid) according to the joint probability density
function (pdf) p(x,y). The finite sample (training data) from this
distribution is denoted by:

an accurate model (in the sense of System’s identification)
would certainly provide good generalization (in the predictive
sense), but the opposite may not be true. The mathematical
treatment of system identification leads to the function
approximation framework, and to fundamental problems of
estimating multivariate functions known as the curse of
dimensionality. On the other hand, the goal of accurate system
imitation (via minimization of prediction risk) leads to more
tractable learning formulations under finite sample settings
(Vapnik, 1982, 1995). However, the VC-theoretical approach
to PL also requires an appropriate learning problem formulation. This problem specification step performs mapping of
application-domain requirements onto an appropriate PL
formulation, as discussed in Section 3.
Many learning methods are based on the standard
(inductive) formulation of the learning problem presented
above. For example, a given application is usually formalized
as either standard classification or regression problem, even
when such standard formulations do not reflect application
requirements. Such inductive learning settings assume that:

ðxi ; yi Þ;

† the number of future (test) samples is very large, as implied
in the expression for risk (1). Moreover, the input (x) values
of test samples are unknown during model estimation
(training);
† the goal of learning is to model the training data using a
single (albeit complex) model;
† the learning machine (in Fig. 1) has a univariate output;
† specific loss functions are used for classification and
regression problems.

ði Z 1; .; nÞ

(2)

With finite data, we cannot expect to find the solution
f(x,u0) minimizing prediction risk (1) exactly, so we denote
f(x,u*) as the estimate of the optimal solution obtained with
finite training data using some learning procedure. It is clear
that any learning task (regression, classification, etc.) can be
solved by minimizing (1) if the density p(x,y) is known. This
means that density estimation is the most general (and hence
most difficult) type of learning problem. The problem of
learning (estimation) from finite data alone is inherently ill
posed. To obtain a useful (unique) solution, the learning
process needs to incorporate a priori knowledge in addition to
data. For example, such a priori knowledge may be reflected in
the set of approximating functions of a learning machine.
Note that a generic learning system shown in Fig. 1 may
have two distinct interpretations. Under classical statistical
framework, the goal of learning is accurate identification of the
unknown System, whereas under predictive learning (PL) the
goal is accurate imitation (of a System’s output). It should be
clear that the goal of system identification is much more
demanding than the goal of system imitation. For instance,
accurate system identification does not depend on the
distribution of input samples; whereas good predictive model
is usually conditional upon this (unknown) distribution. Hence,
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Fig. 1. A learning machine using observations of the system to form an
approximation of its output.

These assumptions may not hold for many applications. For
example, if the input values of the test samples are known
(given), then an appropriate goal of learning may be to predict
outputs only at these points. This leads to the transduction
formulation (Vapnik, 1995). Relaxing the assumption about
estimating (learning) a single model leads to multiple model
estimation formulation (Cherkassky & Ma, 2005). Likewise, it
may be possible to relax the assumption about a univariate
output under standard supervised learning settings. In many
applications, it is necessary to estimate multiple outputs
(multivariate functions) of the same input variables. Such
methods (for estimating multiple output functions) have been
widely used by practitioners, i.e. partial least squares (PLS)
regression in chemometrics (Frank & Friedman, 1993).
Further, standard loss functions (in classification or regression
formulations) may not be appropriate for many applications.
Even though the problem specification step cannot be
formalized, we suggest several useful guidelines to aid
practitioners in the formalization process (Cherkassky, 2001,
2005). The block diagrams for mapping application requirements onto a learning formulation (shown in Fig. 2) advocates
the top–down process for specifying three important components of the problem formulation (loss function, input/output
variables, and training/test data) based on application needs. In
particular, this may include:

