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Chapter 7

Conclusion and Discussion

In this chapter, we first look at the questions posed in the Introduction chapter
and how they are answered through our approach, as presented in Chapters 3 to
6. We then point to some directions for future work.

7.1 Answers to Research Questions

As addressed in the Introduction chapter, we employ the decision tree as the base
learner for self-training. For that, we addressed the following research questions:

1. How to effectively use a decision tree as the base learner in self-training?

2. How to find a subset of high-confidence predictions at each iteration of train-
ing process?

In Chapter 3, we first use a decision tree as the base learner for self-training.
This chapter deals with the research questions 1 and 2. A self-training algorithm
wraps around a base learner, trains a classifier, and predicts labels for unlabeled
data. Then, a set of newly-labeled data is selected for the next iterations. As
addressed in Chapter 3, the selection metric plays the main role in self-training.
The probability estimation of the base learner is often used as the selection metric
to select among the newly-labeled data. With our experiments, we demonstrate
that the current probability estimation of the decision tree is not an adequate
selection metric for self-training. This is due to the fact that the distributions
at the leaves of the decision trees provide poor ranking for probability estima-
tion. Therefore, there is a need for methods that can improve the probability
estimation of the decision tree. In order to answer questions 1 and 2, we have
made several modifications to the basic decision tree learner that produce better
probability estimation. We show that these modifications do not produce better
performance when used only on the labeled data, rather they do benefit more
from the unlabeled data in self-training. The modifications that we consider are:
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102 Chapter 7. Conclusion and Discussion

Naive Bayes Tree, a combination of No-pruning and Laplace correction, grafting,
and using a distance-based measure. Based on the results of our experiments
we can conclude that improving the probability estimation of the tree classifiers
leads to better selection metric for the self-training algorithm and produces bet-
ter classification model. We then extend these modifications to algorithms for
ensembles of decision trees. We show that when a modified decision tree is used
as the base learner, the ensemble learner does benefit from unlabeled data as well.
Our experimental results on a number of benchmark UCI datasets show that the
proposed methods improve the classification performance of self-training.

Chapter 4 addresses the following research questions, when ensembles of learn-
ing algorithms are used in the style of co-training.

3. How to select a subset of high-confidence predictions in an ensemble?

4. What is the effect of the number of newly labeled data on the error rate of
a component classifier in an ensemble?

In Chapter 4, we propose a method that uses an ensemble of classifiers for co-
training rather than feature subsets, named Ensemble-Co-Training. The Ensemble-
Co-Training first uses N different learning algorithms to construct the ensemble
classifiers. Then, the ensemble of N − 1 classifiers predicts labels for unlabeled
data based on the agreement among classifiers for a component classifier. This
procedure is repeated for every component classifier. Next, the ensemble clas-
sifiers are all updated for the next iterations. This training process is repeated
until it reaches a stopping condition. To answer questions 3 and 4, we first derive
the stopping criterion based on the error rate and the size of training set at each
iteration. The ensemble is used to estimate the probability of misclassification
and this is used with a theorem by Angluin and Laird [1] to derive a measure for
deciding if the adding of a set of unlabeled data will reduce the error of a compo-
nent classifier or not. The derived measure, on the other hand, evaluates the effect
of the added set of newly-labeled data on the error rate. We then derive an upper
bound for the required number of unlabeled examples. Our experimental results
on a number of UCI datasets show that the proposed algorithm outperforms the
other iterative methods for semi-supervised learning.

For the additive approach, which builds a linear combination of weak classi-
fiers, a method is needed to assign weights to the unlabeled data and to the com-
ponent classifiers. In Chapter 5 we address this issue and answer the following
specific research questions, where we propose an additive method for multiclass
semi-supervised learning.

5. How to design an additive algorithm for multiclass semi-supervised learn-
ing?

5a. How to assign weights to classifiers and unlabeled examples?
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5b. How to use these weights to assign pseudo-labels to the unlabeled ex-
amples?

In Chapter 5, in order to answer the question 5 and its sub-questions, we
design two multiclass loss functions from which we derive two algorithms for
semi-supervised learning, named Multi-SemiAdaBoost (MSAB) and Multiclass
SemiBoost (MCSB). MCSB minimizes the inconsistency over the data and mar-
gin cost for the unlabeled data. In addition MSAB minimizes the margin cost
for the labeled data. These give better solutions than existing algorithms which
use approaches such as one-versus-all to convert the multiclass problem to sev-
eral binary classification problems. The proposed methods have the following
properties:

• they work well in domains for which the manifold or the cluster assumption
hold. This is achieved by a loss function based on consistency between data.

• they can boost any supervised learning algorithm as the base learner. This
property makes it possible to select a learning algorithm that is suitable
for a domain because of its: learning bias, computational costs or other
reasons.

• they maximize consistency in the sense that instances that are similar are
more likely to have the same class label and they maximize the margin.

• they do not have a parameter to control the number of iterations (although
a threshold can be added to limit computation time). The only remaining
parameter is the proportion of data that is sampled and labeled at each
iteration. We show that the results are not very sensitive to this param-
eter. Finally, a parameter is needed to balance the weight of labeled and
unlabeled data in the loss function. The similarity measure may have a
parameter (for example the σ in the Radial Basis Function for similarity
measure).

From the loss functions we derive criteria to assign weights for the unlabeled
examples. The sampling process is then performed based on the weights. Next,
the weights are used to assign “pseudo-labels” to unlabeled examples. Our ex-
perimental results on a number of benchmark UCI datasets show that the pro-
posed algorithms perform better than the state-of-the-art algorithms for multi-
class semi-supervised learning. We also observe that the resulting classification
models generated by the proposed methods are more stable than the correspond-
ing supervised classification models. Another interesting observation is that there
are datasets where the proposed algorithms may not significantly improve the
performance of the base classifiers. In these cases the supervised algorithm out-
performs all the semi-supervised algorithms. This kind of result emphasizes that
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the unlabeled examples do not guarantee that they are always useful and improve
the performance.

We further apply the methods to bird behavior recognition and text classifi-
cation in Chapter 6. First, we consider the task of semi-supervised learning to
recognize bird behavior from accelerometer data. Labeling accelerometer signals
manually is a difficult, time-consuming process, and requires detailed knowledge
of animal behavior and understanding of the tri-axial accelerometer data. This
is a multiclass classification task and seems very well suited for semi-supervised
learning. We use different proportions of labeled data, which vary from 1% to
20% in the experiments. With 1% labeled data we achieve 7% improvement,
when the decision tree learner is used as the base learner. We demonstrate how-
ever that with 20% labeled data MCSB gives results that are comparable with the
results of fully labeled data. In addition, we evaluate the proposed algorithms on
the text classification problem using the popular text datasets from TREC and
Reuters. The results show significant improvements on the performance, when
there is only 10% labeled data. We end with comparing MSAB and MCSB to the
state-of-the-art methods on text datasets. The results of our experiments show
that our proposed algorithms significantly outperform the other methods.

7.2 General Conclusion

The main difficulty for using unlabeled data in a semi-supervised setting is how
to select a set of informative unlabeled instances, such that it can improve the
classification performance of the base learner. We presented several algorithms
that advance the state-of-the-art in semi-supervised learning. At first, we used
the probability estimation of decision tree as the selection metric, in order to
find a set of high-confidence predictions at each iteration of self-training. We
observed that a good probability estimation leads to selecting reliable subset of the
newly-labeled data. We then combined a distance-based measure with probability
estimation of decision tree, as the selection metric. Our experiments showed
that this combination results in better classification performance and outperforms
the other methods. Therefore, we could conclude that using a combination of
probability estimation of the base learner and a distance-based measure can be a
proper selection metric for self-training, though our conclusion is limited to the
decision tree as the base learner.

So, we further performed experiments on ensembles of different classifiers in
the style of co-training, in order to select a subset of high-confidence predictions.
We observed that using an ensemble of classifiers in co-training style, besides
providing a criterion for controlling the error rate, is an effective method to im-
prove classification performance and benefits from the unlabeled data. Although,
our proposed method achieved better results than self-training and several other
related methods, as addressed in Section 4.3.1 it only relied on the agreement
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among classifiers for sample selection.

At the end, we used both the classifier predictions and pairwise similarities
among data to sample from unlabeled data. We showed that this combination
achieved better results than the state-of-the-art methods. Indeed, as shown, this
combination is used to guide the ensemble classifier more effectively, in order to
select the informative unlabeled data, which are now consistent with the clas-
sifier predictions and pairwise similarities. However, there are some datasets
for which the proposed methods may not improve the classification performance
significantly. These kinds of results emphasize that there is no guarantee that un-
labeled data is always helpful and can add more information to the classification
model of labeled data.

7.3 Future Work

In this section, we address some potential further research directions that are
related to the covered topics in this dissertation.

Self-training wraps around a given classifier and iteratively assigns labels to
unlabeled examples. We proposed a combination of classification confidence and
distance-based measure as the selection metric, when the base learner was the
decision tree. It is interesting to study the limitation of the other classifiers as the
base learners for self-training and to analyze their probability estimates, especially
for multiclass classification. Also theoretical analysis of the relation between base
classifier confidence and the result of self-training is an interesting direction for
research. In addition, we propose an ensemble of N different learning algorithms
in the style of co-training to semi-supervised learning using iterative method.
In this direction, we have employed the agreement among classifiers to assign
labels to the unlabeled examples. However, in the agreement-based method for
assigning labels, all classifiers have identical weight, which is not always optimal.
An interesting research direction in this case is to find an optimal way to combine
the different hypotheses.

We have used a similarity function to compute pairwise similarities between
examples in proposed additive methods for multiclass classification. As we men-
tioned in Chapter 5, the choice of similarity function has an effect, and in many
similarity functions the parameters need to be tuned, which is computationally
expensive. An interesting direction is to automatically choose and tune the sim-
ilarity information using a boosting approach and to combine this function with
the ensemble.

As was recently pointed out by Saberian and Vasconcelos [79], there is an op-
timal way to define the margin for multiclass problems. Defining margin for mul-
ticlass case needs an optimal way to map labels {1, 2, 3, .., K} to N-dimensional
(N ≤ K) space. For that, Saberian and Vasconcelos [79] employ the vertices of
n-regular simplex as labels in N-dimensional space. An interesting possibility is
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to adapt the loss function proposed in [79] to multiclass semi-supervised learning.
Online semi-supervised learning is another interesting research direction, by

analogy with our work. Online supervised boosting methods can probably be
adapted to the semi-supervised setting. Developing methods to use the super-
vised online learning approaches for semi-supervised learning may lead to efficient
algorithms in many practical learning tasks. Also combining active learning with
semi-supervised learning seems a promising direction for future work.

Another interesting research direction related to this thesis is the possibility
of learning from different sources. We have tried to use ensemble learning to
improve performance of the base classifier employing unlabeled examples. The
goal here is to use prior knowledge of different sources to improve performance
of a base classifier, which only uses a limited number of labeled data. The well-
known approach for learning from several sources is transfer learning. Combining
methods in semi-supervised learning with transfer learning can result in very
efficient algorithms in many practical learning tasks.


