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Abstract

In this paper, we introduce Transformation-
Based Regression (TBR), a novel rule-based,
symbolic regression technique based on
Transformation-Based Learning (TBL). Al-
though Transformation-Based Learning has
been introduced already a couple of years
ago, it has not yet been considered for
regression-type tasks. The proposed method
should be particularly useful for learning
from examples with a given neighborhood re-
lation, where the dependent variable of one
example also depends on neighboring exam-
ples. Thus, the method should have a poten-
tial for learning from sequence and spatial
data. In the paper, we demonstrate the ca-
pabilities and limitations of the approach in
two highly complex real-world domains, mu-
sicology and speech synthesis.

1. Introduction

This paper introduces a new technique for rule-based,
symbolic regression that is based on Transformation-
Based Learning (TBL) [Brill 1995]. Transformation-
Based Learning has been devised for classification-
type tasks such as part-of-speech tagging or
spelling correction in natural language processing
[Mangu & Brill 1997]. Surprisingly, since the inven-
tion of TBL, noone has considered the potential of
this technique for regression problems yet [Brill 2002].

Transformation-based learning is particularly appeal-
ing in domains with neighborhood relations between

examples, where the dependent variable of one exam-
ple may depend on the one of neighboring examples.
So, it should in general be interesting for learning from
sequence or spatial data.

This paper is organized as follows. In the next section,
we will briefly review Transformation-Based Learning.
Section 3 will introduce Transformation-Based Regres-
sion (TBR), a novel regression technique based on
TBL. Subsequently, we will present experiments with
two complex real-world datasets, where the capabili-
ties and limitations of the TBR algorithm are demon-
strated. The final section of this paper touches upon
related work and concludes.

2. Transformation-Based Learning

Transformation-Based Learning (TBL) is a technique
originating from the field of Natural Language Pro-
cessing. TBL has been shown to work success-
fully in wide range of applications, such as part-
of-speech tagging and spelling correction [Brill 1995,
Mangu & Brill 1997].

Essential to transformation-based learning is that pre-
dictions are not performed in a single pass, but in sev-
eral passes. The algorithm starts off with assigning
baseline predictions to all examples in the training set.
In each subsequent iteration of the algorithm, the cur-
rent predictions are transformed. In other words, the
algorithm attempts to improve the predictions based
on the current predictions. The power of the learned
transformation lists stems from intermediate results,
which are reflected in the current label of an example
and available to be used for the prediction of other
examples.



Transformation-Based Learning differs from conven-
tional symbolic Machine Learning techniques in sev-
eral respects:

e First of all, TBL performs multiple passes of pre-
dictions, and not “one-shot” learning. In con-
ventional symbolic Machine Learning, exactly one
prediction is made once for each example, and this
prediction is not further refined.

e Secondly, TBL makes use of intermediate predic-
tion results. Intermediate results are stored and
can be used subsequently.

e Thirdly, TBL starts off with some plausible initial
baseline prediction and then refines it. The nice
thing about this approach is that one can input
“educated guesses” regarding the class or number
to be predicted (or even take the prediction from
some other system), and then attempt to get rid
of particularly hard cases (by transforming them
closer to the correct output). If the input from
another system is used, one can find out where
it makes the most errors. Many other interesting
things may be envisaged: for instance, attempt to
learn the difference between two sets of classifica-
tions or numbers.

Table 1 shows the pseudo-code of TBL. The input to
the algorithm is the training set Exzamples. In the
first step, the algorithm assigns a baseline prediction
to each example in the training set. For classifica-
tion, this could be, e.g., the majority class, the major-
ity class of some subgroup of examples, or some more
sophisticated choice. Subsequently, the algorithm se-
quentially constructs a transformation list Rules con-
sisting of transformation rules. A transformation rule
is a rule with conditions on the examples in the left-
hand side and a transformation of the class label in
the right-hand side (see below). In each iteration,
FindBestRule searches for the rule that transforms
the current prediction of the covered examples closest
to the actual values according to some scoring func-
tion. The best transformation rule BestRule is then
appended to the transformation list. Finally, the train-
ing examples are transformed according to BestRule.
In this step, the current prediction of each example
covered by the left-hand side of the transformation rule
is updated using the transformation in the right-hand
side. This process continues until no rule can be found
or no improvement can be achieved according to the
scoring function.

TRANSFORMATIONBASEDLEARNING(Ezamples)
1 for each example e; € Examples

2 do assign baseline prediction to e;
3 Rules + []
4 while true
5 do
6 BestRule «+ FindBestRule(Examples)
7 if (BestRule = none) V no improvement
8 then return Rules
9 else Rules <+ append(BestRule,
10 Rules)
11 Examples « apply(BestRule,
12 Examples)

Table 1. Pseudo-code of transformation-based learning

3. Transformation-Based Regression

In the area of natural language processing,
transformation-based learning has predominantly been
used for classification-type learning, mainly in the con-
text of part-of-speech tagging. Here, we adapt the
general TBL framework and present a new regression
rule learning algorithm based on continuous transfor-
mations. We call it Transformation-Based Regression
(TBR).

In the following, we will explain the basic concepts in-
volved, describe an algorithm for learning regression
rules in this setting, and comment briefly on the ex-
pressiveness of the corresponding class of models.

3.1 Basic Concepts

In the following, an example e; is a pair (x;,¥;), where
x; is a vector of attribute values, and y; is the nu-
merical value to be predicted. Since we transform the
current prediction from iteration to iteration, we need
a notation for the prediction of example e; in iteration
t. In the following, y;(t) denotes the prediction for
example e; in iteration t. The next transformation of
value y;(t) is obviously denoted y;(t + 1).

The representation of transformation rules for regres-
sion looks as follows:

if c(e;) then y;(t+ 1) + a+ bx*y;(t) (1)

In the left-hand side (LHS) of these rules (also called
the rule bodies in the following), c(e;) denotes some
conditions on the examples e;, and in the right-hand
side (RHS, also called head in the following), the new
prediction for example e;, y;(t + 1) is defined as a lin-
ear transformation of the current prediction for the
example, y;(t). For all examples e; covered by c(e;),



the current prediction at step ¢ is transformed linearly
into the new prediction at step ¢t + 1, y;(¢t + 1).

Example: Figures 1 and 2 illustrate the effect of
transformation-based regression. In the toy example in
Figure 1, points (a) and (b) are covered by the condi-
tions on the left-hand side, and mapped to the correct
values of y by the linear transformation. The other
example in Figure 2 shows how points near a steeply
ascending line are picked by some rule and mapped to
the diagonal, that is, the correct value for y. O

Parameters a and b obviously should be chosen such
that the resulting error after the transformation is
minimized. If the chosen error function is the mean
squared error, then we would like to find parameters
a and b that minimize

n

D Wi (a+bxyi()’ (2)

i=1

where index ¢ runs over the examples covered by the
rule body. That is, the task is simply to perform linear
regression of the target value y on y(t). Since y(t) takes
the role of z in linear regression, parameter b is simply
the covariance s, divided by 532;(15)7 the variance of
y(t). The optimal value for a can be found analogously.
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Figure 1. Example of effect of transformation: two erro-
neous points are swapped

The conditions in the body may contain tests on at-
tributes of the example itself, and even the current pre-
diction of the example. Since we aim at applications
where each example has a defined set of neighboring
examples (such as in spatial or sequence data), the
conditions may also refer to the neighbors’ attributes
or even their current predictions. Since we only deal
with sequence data in this paper, we just have to de-
fine succ.xz; as the attribute z; of the successor ex-
ample, and pred.z; as the attribute of the predecessor
example. This schema can easily be extended to ar-
bitrary neighborhood relations. If we want to refer to
a neighbor’s current prediction, we have to use tests
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Figure 2. Example of effect of transformation: points near
a steeply ascending line are transformed towards the (cor-
rect) diagonal

on succ.y;(t) and pred.y;(t). In the section on experi-
mental results, we investigate whether the use of y;(t),
succ.y(i) or pred.y(i) in the LHS of transformation
rules improves the performance of the learner.

3.2 Algorithm

The top-level algorithm of TBR differs from the gen-
eral one in Table 1 in minor details. Actually, the only
changes concern the stopping criterion and some ad-
ditional effort for selecting the “right” transformation
list based on some validation set.

Since we are using TBL for predictive purposes, and
not, for instance, part-of-speech tagging, we need a
way to decide when further transformations actually
harm the generalization performance of the learner.
Our approach to this problem is rather straight-
forward: We use one third of the training examples
for validating the results and two thirds for learning.

The algorithm adds transformation rules to the trans-
formation list for a predefined number of iterations.
While the transformation list is built, we record the
mean squared error on the validation set. After the
construction of the full transformation list, we choose
a part of it (actually, the first m rules) based on the
error on the validation set. Here, we have two options:
either we choose the transformation list with the min-
imum error on the validation set, or the smallest one
within one standard error of the best rule on the vali-
dation set.

The algorithm for finding the best transformation rule
is described in Table 2. The algorithm starts with
the trivial transformation rule (the one that does not
change anything), and continually refines it by greedy
search. As such, the algorithm is reminiscent of rule
building algorithms in regular classification rule learn-
ing. One detail deserves special attention: The algo-



FINDBESTRULE(Ezamples)
1 BestRule < 'if true then 041 % y;(t)’
2 BestError < RMSE(BestRule, Exzamples)
3 while true
4 do
5 (Rule, Error)
6 FindBestRe finement(BestRule,
7
8

Ezamples)
if Error < BestError
9 then
10 BestRule < Rule
11 BestError < Error
12 else return BestRule

Table 2. Pseudo-code of greedy search for best transforma-
tion rule in transformation-based regression

FINDBESTREFINEMENT (Rule, Exzamples)
1 LHS <+ LHS of Rule
2 BestError « +inf
3 for Cond € PossibleConditions
4 do NewLHS « Refine(LHS, Cond)
5 CoveredExamples +
6 Covered(NewLH S, Examples)
7 Calculate optimal a and b
8 for CoveredExamples
9 NewRule < NewRule(NewLH S,a,b)
10 NewError <+ RMSE(NewRule, Examples)

11 if NewFError < BestError
12 then BestRule < NewRule
13 BestError < NewError

14 return (BestRule, BestError)

Table 3. Pseudo-code of finding the best refined rule, given
some rule, in transformation-based regression

rithm stops growing a rule as soon as the error would
increase after the refinement of the LHS. The eval-
uation function is 1/N > (y;(t + 1) — y;)?, the mean
squared error of all examples after the transformation.
The evaluation of the rule (list) before the refinement
is obviously 1/N > (y;(t) — y;)?. If we want to know
whether a refinement pays or not, we just have to con-
sider those examples that are covered by the rule so far.
The chosen stopping criterion makes sense for trans-
formation rules, because the error on the training set
can increase after refining a rule.

Example: As an illustration of this, let us consider
that the LHS of a rule at one point covers the four
examples e, ez, e3 and e4. The best refinement of the
rule only covers examples e; and e2. The pairs (y(t),y)
of these examples are as follows: e; = (3,6), ex =

(9,12), e3 = (10,110), es = (15,115). In the ex-
ample, the instances with the biggest discrepancy be-
tween the current prediction and the actual value are
not transformed after the refinement. In contrast, the
two remaining examples covered by the rule after the
refinement can be “perfectly” transformed (i.e, with-
out error).! Thus, the sum of the squared error is
1002 + 1002 + 02 + 0% = 20, 000.

Performing linear regression for all four points (before
the refinement) gives a sum of the squared error of
only approximately 3,942. Thus, the refinement does
not pay and we choose to stop at this point of the rule
growing process. O

The pseudo-code for the refinement of a given rule is
shown in Table 3. The algorithm simply takes all pos-
sible refinements of the rule (in other words, the ad-
ditional conditions for the LHS), and then determines
the optimal parameters a and b for the covered ex-
amples. From all candidate refinements, we choose
the one with the minimum error on all examples (see
above).

3.3 Expressiveness

As for the expressiveness of TBR rules, we have not
yet proven any results, but it is easy to see that TBR
rules can in principle represent the same functions as
regression trees. (This can be constructed in the same
way as for the classification variant of transformation-
based learning, where all decision trees can in theory
be emulated by transformation rules [Brill 1995].) To
do this, one has to set value b to zero (that is, the
current prediction does not matter), and choose the
value of a in the head appropriately. For each split,
we obtain two more transformation rules of this kind.

4. Experimental Results

The TBR algorithm was experimentally tested on two
large, real-world datasets representing sequential phe-
nomena. TBR’s results were compared to the state-
of-the-art regression rule learning algorithm CUBIST
[RuleQuest Research 2002].

4.1 Expressive Music Performance: Predicting
a Concert Pianist

The data used in the first study stems from a large
research project that studies the fundamentals of ex-
pressive music performance with machine learning
[Widmer 2001]. Expressive performance is the art of

'Two points can always be perfectly transformed using
linear regression (see also the example above).



shaping a piece of music, by continuously varying pa-
rameters like tempo, loudness, etc. while playing a
piece (beyond what is prescribed in the written music
score). Expressive performance is what makes music
sound musical, and what makes certain musicians fa-
mous.

Can an ‘artistic’ behavior like this be predicted at all?
Recent studies show that it can, to a surprising extent.
This raises a number of interesting questions, which
are beyond the scope of this paper. Here, we simply
use expressive performance as a source of test data.

The data sets used in the following experiments are
based on performances of 13 complete piano sonatas
by W.A. Mozart (K.279-284, 330-333, 457, 475, and
533) by a Viennese concert pianist. The pieces were
played on a Bosendorfer SE290 computer-monitored
concert grand piano, which measures every key and
pedal movement with utmost precision. From these
recordings, the ‘melodies’ (mostly the soprano parts)
were extracted, which gives an effective training set
of 46,378 notes. Each note is described by a number
of attributes that represent both intrinsic properties
(such as scale degree, duration, metrical position) and
some aspects of the local context (e.g., melodic proper-
ties like the size and direction of the intervals between
the note and its predecessor and successor notes). The
total number of attributes per note is 20.

There are three numeric target attributes, correspond-
ing to three different dimensions of expressive varia-
tion: timing (the actual time between onsets of suc-
cessive played notes, versus the time prescribed by the
score and the current tempo), dynamics (the relative
loudness of individual notes), and articulation (the ac-
tual sounding duration of a played note, i.e., whether
it is held for the entire time interval dedicated to it
(legato) or shortened and followed by a period of si-
lence (staccato)).

As the examples are based on melodies, they natu-
rally form a sequence where it makes perfect sense to
speak of successors and predecessors. Moreover, it is
intuitively clear that there should be dependencies be-
tween neighboring examples: for instance, the loud-
ness with which a particular note is going to be played
should depend on musical properties of the note and
its neighbors as well as on the loudness of these neigh-
bors.

4.1.1 QUANTITATIVE RESULTS

Due to the size of the datasets (46,378 examples), a
one-time evaluation on a randomly generated training
(2/3) and testing set (1/3) was considered sufficient.

correlation coefficient
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Figure 4. Dynamics: Mean Absolute Error

The training set was further divided randomly into
the learning (2/3) and validation set (1/3), where the
validation set was used by TBR to pick the “right”
transformation list (see above).

For the following plots, TBR was made to learn a fixed
number (50) of rules, in order to see how correlation,
error, etc. evolve over a fixed range of cumulatively
applied rules. From all possible transformation lists,
TBR selects either the one with the minimum error on
the validation set, or, alternatively, the smallest one
within one standard error of the best transformation
list.

For graphical illustration, we look at the learning re-
sults for one particular target variable (dynamics).
Figures 3, 4, and 5 plot the correlation coefficient,
mean absolute error, and relative absolute error? on
the test set, as the number of applied rules grows

2These are also the measures that CUBIST reports.



relative absolute error
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Figure 5. Dynamics: Relative Absolute Error

from 1 to 50. Four variants of TBR with different
capabilities are compared: TBR-a has access both
to (the attribute values of) an example’s neighbors
(succ.xj, pred.z;) and the currently predicted values
yi(t), pred.y;(t), and succ.y;(t). TBR-b has access
to the neighbors, but none of the current predictions
yi(t), TBR-c can look at y;(t), but not the neighbors,
and TBR-d has neither.

The plots show the expected types of learning curves,
with errors starting to rise again in some cases as too
many rules are used — the usual overfitting scenario.
Among the four TBR variants, the two that have ac-
cess to an example’s neighbors (TBR-a/b) are usu-
ally better than those that do not. Surprisingly, also
having access to the current predictions of the target
values (y;(t)) seems to hurt rather than help: in all
domains but timing, TBR-a seems slightly inferior to
TBR-b.

This is also visible from table 4, which gives a com-
parison, over all three target variables, between CU-
BIST and TBR, where TBR used the validation set to
decide when to stop learning rules, according to the
heuristic proposed in [Breiman et al. 1984] (i.e., TBR
chooses the smallest rule list within one standard er-
ror of the best one on the validation set). In the table,
the row following CUBIST-b shows the results of CU-
BIST with access to the example’s attributes as well
as the neighbors’ attributes. So, in principle, the same
conditions may occur in the bodies of TBR and CU-
BIST rules. The rows for CUBIST-d give the results
of CUBIST with only the example’s own attributes
available.

Note that to be perfectly fair to CUBIST, which does

correl. MAE rellAE  # rules
timing
TBR-a .38 0.09 0.94 33
TBR-b .22 0.09 0.98 2
TBR-c .28 0.09 0.96 7
TBR-d .29 0.09 0.96 40
CUBIST-b .25 0.09 0.96 44
CUBIST-d .28 0.09 0.96 44
dynamics
TBR-a .30 0.11 0.95 22
TBR-b 31 0.11 0.95 15
TBR-~c .26 0.11 0.96 11
TBR-~d .25 0.11 0.96 8
CUBIST-b .35 0.10 0.93 48
CUBIST-d .32 0.11 0.94 48
articulation

TBR-a .02 0.32 0.81 11
TBR-b .02 0.32 0.82 9
TBR-c .01 0.33 0.83 11
TBR-~d .02 0.32 0.82 14
CUBIST-b .95 0.21 0.74 49
CUBIST-d .03 0.31 0.79 49

Table 4. TBR vs. CUBIST in musical domain.

not require a validation set, it was given the full train-
ing set (learning + validation) for learning, so it had
more examples to learn from than TBR.

As table 4 shows, TBR performs slightly better than
CUBIST in one and slightly worse in two of the
domains. In the fourth domain (see below), TBR
again performs slightly better than CUBIST. Obvi-
ously, having access to an example’s neighbors leads
to improved results in this sequential domain: TBR-
a/b are consistently better than TBR-c/d (see also
the above plots). Why TBR-a is usually (though not
drastically) weaker than TBR-b definitely needs some
more investigation.

4.1.2 MUSICAL INTERPRETATION

One problem with TBR, at least in its current form,
is that the learned rules are not easily interpretable
because they have a cumulative effect by referring to,
and transforming, the current, intermediate prediction
of the example itself. Still, the learning results offer
a number of interesting insights. For one thing, the
rules close to the top of the rule list operate more or
less from the baseline prediction, so their effect can be
quite directly interpreted. Here we find a number of
rules that are not only musically sensible, but in fact
nicely support some hypotheses postulated by other
performance researchers in musicology. For instance,
one of the top rules in the rule set learned for timing
(local tempo) reads



IF abstr_dur_context = equal_longer AND
0.0 <= next_dur_ratio < 0.8 AND
1 <= int_prev < 20
THEN local_tempo = 0.582%local_tempo + 0.318

which essentially predicts a lengthening of notes that
are followed by a longer note and are not preceded by
horizontal melodic motion. (We lack the space here
to explain the exact meaning of the attributes and the
target variable.) This corroborates a recent — and
quite surprising — discovery that exactly this simple
kind of rhythmic pattern accounts for a large number
of observed note lengthenings (or note delays).

It is also interesting to see which neighbor attributes
seem most important to the learner; that gives an indi-
cation of what aspects of musical contexrt are most rel-
evant to a performer’s expressive decisions. An initial
analysis of the rules suggests that the rhythmic context
of a note plays a more important role in the prediction
of the pianist’s timing than in dynamics and articu-
lation. Again, that confirms experimental results in
a recent empirical study. It will be interesting to in-
crease the size of the context the learner can refer to
beyond an example’s immediate neighbors.

One of the distinguishing features of TBR is the
learner’s access to the (currently predicted) target val-
ues of an example’s neighbors (i.e., pred.y;(t) and
succ.y;(t)).® As the above quantitative results show,
this does not necessarily improve the numeric pre-
diction accuracy, but it may improve other qualities.
Looking at the learned rules that do explicitly refer
to their neighbor’s expression values, we observe some
musically sensible uses of this device. For instance,
in the dynamics (loudness) domain, we find rules that
raise a note’s loudness value if both the note’s pre-
decessor and successor already have a high predicted
loudness. That presumably improves the smoothness
of the dynamics contour. That is a kind of effect that
would be very difficult, if not impossible, to achieve
in other learning schemes. We still have to produce
a synthesized performance of the test pieces from the
predicted expression values and conduct listening tests
to verify whether this improved smoothness is indeed
perceptible.

4.2 Improving Naturalness of Synthetic
Speech: Predicting Durations of Sounds

The speech related data used in this study was col-
lected within a project that is concerned with the

3 Another one is that the rules can repeatedly pick sub-
sets of examples and bring them closer to the desired
target.

modeling of the durational variation of spoken sounds
[Neubarth et al. 2000]. From a practical point of view
this work is motivated by the fact that the ‘proper’
prediction of durations is indispensable in order to im-
prove the naturalness and thus acceptability of syn-
thetic speech.

The duration of a given sound within a language is
influenced by a number of factors, e.g. its ‘intrinsic’
length, the identity of neighboring sounds, accentual
status, position within a phrase etc. Thus the length of
a single sound can well be varying in the range between
40 to 220 ms. Though many of these factors are known
to have an influence on the duration, their number and
complex interdependencies make a prediction of their
joint effects difficult.

The data for the experiment is extracted from a cor-
pus which comprises approx. 50,000 phones (2 hours
of speech) of read Standard Austrian German. It was
recorded by a single speaker and contains 2 short sto-
ries, 22 texts from newspapers, 300 isolated sentences
and 250 sentences from question-answer pairs. The
speech data was semi-automatically segmented into
sounds and annotated with a number of linguistic at-
tributes. As in the musical domain above, these data
have a sequential interpretation, and it is also known
that there are strong influences of the neighboring
sounds.

The feature set employed was taken from [Riedi 1998].
Each sound in the database is labelled with attributes
that convey the following information: Segmental
properties (e.g. for consonants: place and manner of
articulation) of the sound itself as well as for its two
neighbors to the left and right, positional information
(e.g. its position within a syllable, the syllable’s po-
sition within a word), information on the size of em-
bedding constituents (e.g. number of syllables in the
word) and its accentuation level. The target attribute
is simply the sound’s measured duration expressed in
[ms].

4.2.1 QUANTITATIVE RESULTS

Table 5 compares the four TBR variants to CUBIST
on this data set. As before, TBR-b takes the lead, fol-
lowed by TBR-a, CUBIST-d, and CUBIST-b. TBR-b
is clearly better than CUBIST-b, indicating that be-
ing able to transform predicted values can be a real
advantage in this domain.

Having access to the currently predicted target values
yi(t) can hurt as it can help: TBR-b performs better
than TBR-a, but TBR-c performs better than TBR-d.

As in the musical application, a number of interesting



correl. MAE rellAE  # rules
TBR-a .76 15.89 0.64 103
TBR-b .79 15.10 0.61 150
TBR-c .74 16.79 0.68 180
TBR-d 72 1712 0.69 84
CUBIST-b .72 16.50 0.66 57
CUBIST-d .74 16.10 0.65 60

Table 5. TBR vs. CUBIST on speech data.

qualitative insights could be gleaned from the learned
rules. Space limitations prohibit us from discussing
these here.

5. Conclusion

This paper has briefly introduced Transformation-
based Learning (TBL) as a general learning tech-
nique, and has presented a new algorithm called
Transformation-based Regression (TBR) for learning
regression rules in this paradigm. Experiments with
two large, complex data sets have shown that TBR
seems competitive with the state-of-the-art regression
rule algorithm CUBIST. The results show clearly that
the ability to look at an example’s neighbors, as im-
plemented in TBR, leads to improved results. Also,
in a number of cases, although not always, the trans-
formation approach itself pays in terms of numerical

error measures, as can be seen by the comparison with
CUBIST.

The transformation approach has other potential ad-
vantages. As it starts from a given baseline, which it
tries to improve step by step, we can input educated
guesses as baseline (or even take predictions from some
other system as starting point), and then use TBR
to refine these predictions or fix errors in these. One
might also try to use TBR to model the difference be-
tween one set of predictions and another, by using the
former as the starting set of baseline predictions, and
the latter as the target values.

Transformation-based regression is related to a large
number of Machine Learning techniques. To mention
only few of them, we believe there exists a connec-
tion between the presented research and meta-learning
or ensemble learning schemes, especially methods like
Stacking [Wolpert 1992] or Cascading [Gama 1998],
where the predictions made by one classifier are fed
as new or additional attributes into a meta-learner.

Transformation-based learning originated in the field
of natural language processing. With this paper, we
hope to have brought this interesting approach to the

attention of an even wider machine learning audi-
ence, and to have encouraged further research on this
methodology.
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