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oosting is an ensemble method in which models

are trained sequentially, and their predictions

are combined. This approach differs from other
ensemble methods such as random forests,' in which
models are trained separately and their predictions are
averaged.

We introduce the concept of boosting using an anal-
ogy mentioned in a previous article on supervised
learning.” In this example, a person had to classify pic-
tures of vehicles into the correct categories (trucks,
cars, and motorbikes). After taking a test, it appears
the person performs weakly in case of some pictures.
Therefore, a smart person would devote additional study
time to these pictures to improve an understanding of
the content matter and hopefully obtain a better score
for the next test. This mechanism of studying harder
the concepts that are poorly understood is exactly
what boosting is about.

We will use the same classification task discussed in
the previous article to illustrate further boosting.'
Although we use a classification example, note that
regression tasks can also be performed with boosting.’

A graphical illustration of boosting is shown in the
Figure. It consists of training models in subsequent
steps.

In the first step, we train a model to predict the values
of the dependent variable (target), as shown in Figure A.
We use a decision tree with 1 node, which corresponds to
creating a decision boundary that is a straight line. Why
we use this model is discussed later. We need to calculate
2 things for this model. First, we calculate the classifica-
tion accuracy. Second, we calculate which observations
were misclassified.

In the second step, we train a new model (Fig B). The
model is again a decision tree with 1 node. However, the
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first step has an important difference: the training data
have been modified. Observations misclassified in the
previous step are more important for training this model:
errors on the observations deemed more important are
more strongly penalized in the model-training proced-
ure. The second model, therefore, depends on the first
model because the training data are influenced by the
(mis)classifications of the first model. This is illustrated
in Figure B: points that correspond to the more impor-
tant observations are marked with bigger symbols. After
training the model, we calculate the classification accu-
racy and which points were misclassified. The accuracy is
now dependent on how important each point is. Notice
that there is a mild analogy with the support points or
support vectors in support vector machines. These influ-
ential observations completely determine the placement
of the decision boundary.

This process can be continued as long as necessary to
reach a good predictive model. At each step, we reweigh
the importance of the training observations, train a
model, and calculate the (weighted) classification accu-
racy. In our example, we train 10 models, as shown in
Figure C.

The final boosting model is obtained by adding the
predictions of all models. More specifically, we add the
predictions but weigh them differently. The higher the
(weighted) accuracy of a model, the more it contrib-
utes to the final prediction. The final model is shown
in Figure D. This type of model is called an additive
model because models are added (eg, instead of aver-
aged).

The performance of boosting is optimal if the model
trained at each step is a weak learner. A weak learner
cannot learn complex patterns in the data, and the per-
formance of individual models is unlikely to be very
good. A typical model that is used as a weak learner is
a decision tree with a single node. Such models are called
(tree) stumps. This learning process is an example of
slow learning.

The algorithm which we described above is called
AdaBoost. There are other boosting algorithms. The
most popular one is gradient boosting. The differences
between the various boosting algorithms lie in how the
models are added and how the importance of each
observation for training the new model in the sequence
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Fig. An example of boosting with decision trees. The mandibular position (MP) and gender (male [M],
female [F], other [X]) are the features in the model: A, In the first step, a model is trained on the data
using a decision tree with a single decision node. Its accuracy is 75%; B, In the second step, a second
model is trained on the same data, but the importance of each observation is weighed: if it was misclas-
sified by the first model, then it becomes more important and vice versa. Training observations with
higher importance are shown as larger symbols. This procedure can be continued for an arbitrary num-
ber of models; C, There are 10 models in this case. A few observations are hard to classify, which are
the most important observations for this final model in the sequence; D, The final model is a weighted
sum of the models, and better models have a higher contribution.
is calculated. The general philosophy of all these boost- previous learners. Therefore, observations that are diffi-
ing algorithms is the same: train a sequence of weak cult to learn become more important for learners later in
learners, each focusing on the mistakes made by the the sequence.
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Table. Error table for the data of Konstantonis et al,”

for a gradient-boosting model

Predicted class

True class Nonextraction Extraction
Nonextraction 369 27
Extraction 72 73

Boosting is often the best method for datasets that
are not very large and do not consist of images. A neural
network (which will be discussed in more detail in one of
the next articles in this series on ML) is typically the best
model for large datasets or image data. Boosting can
require a lot of computation power because it is a slow
learning algorithm that requires many models to be
trained on the data. The typical number of models is in
the hundreds or thousands.

Unfortunately, sampling observations from the data
on the basis of whether they are difficult to learn will
render the out-of-bag predictions' inadequate for esti-
mating the prediction error. For boosting, we need to
perform cross-validation to assess the prediction error.”
The dataset is modified in each step, but the model is still
trained on the full training data. This differs from
bagging and random forests, as the previous article ex-
plains.’

Overfitting” can be controlled by limiting the number
of models trained in the sequence. Another solution is
shrinkage: when adding the models, the prediction of
each new model in the sequence is multiplied by values
between 0 and 1. This contributes to models trained later
in the sequence as less influential because the repeated
multiplication with a number between 0 and 1 leads to
increasingly smaller contributions. In practice, the best
strategy is to take a small value for shrinkage <0.1°;
this requires many models to be trained to obtain a
good performance because the contribution of an indi-
vidual model is relatively small.

The use of decision trees as classifiers allows their
interesting properties, as discussed in the previous
article,’ to be inherited. The situation is comparable to
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random forests but less interpretable than a single tree
miming human decision-making. Luckily, some
methods assign feature importance values to the fea-
tures used in the boosting algorithm. For instance, par-
tial dependence plots® can be used to visualize the
behavior of the classifier as a function of 1 or 2 variables,
in which the rest of the variables are averaged over.
Although these methods provide insight into how the
model works, they do not fully remove its “black box”
nature.

The performance of a gradient-boosting model
trained on the data of Konstantonis et al.” is shown in
the Table. The performance of the random forest is su-
perior to that of the decision tree. The evaluation was
performed using 5-fold cross-validation. In this case,
the performance is similar to a random forest model.'

To conclude, boosting is a powerful method for clas-
sification and regression tasks. 1t is usually the best
method available if the dataset is not large and lacks im-
ages. Good implementations are available in Python and
R. A popular software library is XGBoost, which provides
a highly efficient and portable implementation of
gradient boosting. The disadvantages of boosting are a
lack of interpretability and higher requirements
regarding computation time for training and deploying
the model.
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