
UvA-DARE is a service provided by the library of the University of Amsterdam (https://dare.uva.nl)

UvA-DARE (Digital Academic Repository)

Ensemble approaches to semi-supervised learning

Tanha, J.

Publication date
2013

Link to publication

Citation for published version (APA):
Tanha, J. (2013). Ensemble approaches to semi-supervised learning. [Thesis, fully internal,
Universiteit van Amsterdam].

General rights
It is not permitted to download or to forward/distribute the text or part of it without the consent of the author(s)
and/or copyright holder(s), other than for strictly personal, individual use, unless the work is under an open
content license (like Creative Commons).

Disclaimer/Complaints regulations
If you believe that digital publication of certain material infringes any of your rights or (privacy) interests, please
let the Library know, stating your reasons. In case of a legitimate complaint, the Library will make the material
inaccessible and/or remove it from the website. Please Ask the Library: https://uba.uva.nl/en/contact, or a letter
to: Library of the University of Amsterdam, Secretariat, Singel 425, 1012 WP Amsterdam, The Netherlands. You
will be contacted as soon as possible.

Download date:24 May 2023

https://dare.uva.nl/personal/pure/en/publications/ensemble-approaches-to-semisupervised-learning(5e684172-e1fa-4baa-8d2e-2434d8315c4f).html


Chapter 6

Application of Multiclass
Semi-Supervised Learning

In this chapter, we apply two proposed algorithms in Chapter 5 to bird behaviors
recognition and text classification problems. First we consider the task of semi-
supervised learning to recognize bird behavior from accelerometer data. We then
evaluate the proposed algorithms on the text classification problem using the
popular text datasets from TREC and Reuters.

This chapter is an extension of the published paper by Tanha et al. [96], at the
24rd IEEE International Conference on Tools with Artificial Intelligence (ICTAI)
in 2012.

6.1 Behavior Recognition from Accelerometer

Data

Recently, methods for studying animal behavior have been extended with the
logging and analysis of sensor data. The improved technology allows biologists
to study behaviors of animals in all circumstances. However, given the nature
and the abundance of the resulting data from sensor, manual interpretation is
often difficult, time consuming, and in some cases infeasible. Therefore, machine
learning methods can be a welcome approach for analyzing animal behaviors from
sensor data.

We consider the task of semi-supervised learning to recognize animal behavior
from accelerometer data. Using animal-borne sensors, accelerometers data can
be collected remotely and as a result aspects of animal behavior can be studied
for which no suitable data were previously available. Questions about migration,
foraging, breeding and effects of environmental conditions can now be answered
by following animals for a longer period. As an intermediate step in the analy-
sis, behaviors must be recognized in the accelerometer data. Several studies have
shown that this is possible and useful. One of the first studies using accelerometer
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92 Chapter 6. Application of Multiclass Semi-Supervised Learning

data was that of Yoda et al. [106], using bi-axial accelerometers to differentiate
whether Adelie penguins (Pygoscelis adeliae) were upright, prone, walking, por-
poising, or tobogganing. Data were labeled by the authors from inspecting the
accelerometer data. In [67], cow behaviors are classified from accelerometer data
using Support Vector Machines. This achieved a reasonable recognition of behav-
iors such as standing, lying, and feeding. In [83], European shags were equipped
with a one-dimensional (surge) accelerometer logger. Parameters of wavelets were
clustered and used to recognize behavior. The approach was not empirically val-
idated. Experiments with recognizing human behaviors are described in [75].
Recently [70] compared several learning algorithms on accelerometer data from
vultures that were labeled from observations at locations where vultures spend
much time. Differences between the algorithms were small. Shamoun-Baranes
et al. [87] describes in detail how a decision tree learner is applied to accelerome-
ter data from oystercatchers. However, labeling accelerometer signal manually is
difficult and time-consuming process and requires detailed knowledge of animal
behavior and understanding of the tri-axial accelerometer data. Therefore, this
problem seems very well suited for semi-supervised classification problem, when
the task is multiclass classification.

6.1.1 Recognizing Bird Behavior from Accelerometer Data

Accelerometer data are acquired using UvA-BiTS data loggers (UvA-Bird Track-
ing System, www.uva-bits.nl). These devices are attached to the back of a bird
using a specially designed harness. The logger includes a tri-axial accelerometer
which has a sampling rate of 20 Hz, a GPS system, a solar panel and a chip
with 4MB memory. Figure 6.1 shows the used GPS. The data collection scheme
can be (remotely) programmed. The device is capable of recording 10 seconds
(200 samples) of accelerometer data and a GPS fix every 3 seconds. However,
because of the power consumption this setting is rarely used. Data are offloaded
automatically when the device is near a (portable) base station. A Zigbee radio
transceiver manages the communication. The loggers are small and relatively
light compared to the body size and weight of the species and thus birds are not
hindered in exhibiting their normal behaviors. Some birds wear the device for
two years or more.

The data acquired from the accelerometers represent tri-axial acceleration
(surge (x), sway(y), and heave(z)). For example, if the data logger is in a static
and horizontal position, gravity causes a heave which equals 1 (1 g-force = 9.81
m.s-2) while sway and surge are both 0. The time interval at which accelerometer
data is measured and stored depends on the settings defined by the researcher
and on the battery status.

Several bird species have been equipped with the data loggers, such as the
oystercatcher, peregrine, lesser black-backed gull and Montagu’s Harrier. The
present study deals with the lesser black-backed gull, a bird species that exhibits
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Figure 6.1: Black-backed Gull and GPS

Table 6.1: Features from the accelerometer data

mean, standard deviation and trend of pitch and roll
mean, standard deviation of x, y and z values
correlations between x, y and z
autocorrelations for x, y and z with 4 legs
motionlessness [40] (normalized for signal length)
maxamplitudeinfrequency-domain for x, y, z
energy in ranges 0-2.5, 2.5-5, 5-7.5 and 7.5-10 Hz for x, y and z
entropy of the energy spectrum for x, y and z
speed in 2 dimensions
estimate of noise in x, y and z
added noise (over x, y and z)

a wide range of behaviors. The dataset consists of data from seven different lesser
black-backed gulls (Larus fuscus) collected in June and July 2010. The record-
ing settings varied per bird and date, and therefore the number of measurements
varies between birds. Logs were split into segments of 1 second and these were
classified into seven behavioral categories from graphical plots of the accelerom-
eter data by an expert in bird behavior who is also familiar with mathematical
models. The categories are: stand, flap, soar, walk, fight, care and brood. The
number of calculated features over a 1 second segment is 59 features, which are
summarized in Table 6.1. The resulting dataset consists of 5589 segments.
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6.1.2 Experiments with the Bird Dataset

We perform several series of experiments to evaluate if Multiclass SemiBoost
(MCSB) benefits from the unlabeled bird data, how this depends on the amount
of labeled data and the base classifier. We also compare Multiclass SemiBoost
to two semi-supervised learning algorithms ASSEMBLE and SemiMultiAdaBoost
(MultiAdaBoost) [90]. Furthermore, we include the (supervised) multiclass Ad-
aBoost meta classifier in the comparisons. As base learner we use the Decision
Tree (J48 is Java implementation of C4.5 tree classifier), the Naive Bayes (NB),
and the Support Vector Machine (WEKA implementation of SVM with default
setting is used) classifiers. The selected classifiers are also used in the AdaBoost
meta classifier as base classifiers. The reason for selecting these classifiers is that
they give good classification models for this domain as we will show in the exper-
iments. The results give an idea of how generally Multiclass SemiBoost improves
the performance. In our experiments, we use the WEKA classes with the default
settings [42] in Java to implement the proposed method.

We report on experiments with recognition of bird behavior. In the experi-
ments 30 percent of the data are kept as test set and the rest is used for training.
Training instances in each experiment are first partitioned into labeled and unla-
beled data, keeping the class proportions in all sets similar to the original data set.
We run each experiment 10 times with different subsets of training and testing
data.

In our experiments, we select the top 15% of the unlabeled data based on the
weights and add them to the training set at each iteration of the boosting process.

6.1.3 Results of recognition of bird behavior

Tables 6.2, 6.3, and 6.4 show the performance (average classification accuracies
and standard deviations) of two supervised and three semi-supervised learning
algorithms. The first column of the tables show the percentage of the labeled data,
which is used in each experiment, and the second column gives the performance of
supervised base classifiers. The next columns show the performance of two semi-
supervised algorithms ASSEMBLE and SemiMultiAdaBoost (MultiAdaboost).
We also report the results of using supervised AdaBoost with three base classifiers.

Table 6.2 shows that Multiclass SemiBoost (MCSB) improves the performance
of J48 base classifier on all used datasets. Using statistical test (t-test), we ob-
served that MCSB significantly performs better that J48 on 6 out of 7 datasets.
It also outperforms the other semi-supervised learning algorithms used in this
study on 6 out of 7 datasets. Furthermore, the standard deviations of classifica-
tion accuracies of the results indicate that the classification model generated by
MCSB is more stable than the corresponding classification model using J48 as
base classifier. We see same results in Tables 6.3 and 6.4.

To study the sensitivity of MCSB and dataset to the base classifier, we run a
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Table 6.2: Average Classification Accuracy and Standard Deviation of J48 for
Bird dataset with different proportions of labeled data

Supervised Learning Semi-Supervised Learning
Labeled%(#) J48 AdaBoost ASSEMBLE MultiAdaboost MCSB

1%(37) 69.40 69.89 67.45 70.10 76.33
5.11 5.23 2.61 2.18 3.71

2%(75) 78.08 83.78 82.19 78.92 84.49
4.99 2.54 3.14 3.51 1.40

3%(113) 80.68 84.61 84.71 82.12 86.04
1.16 1.73 1.62 1.22 1.35

5%(188) 83.89 87.45 87.06 87.76 88.03
3.67 1.13 1.32 0.64 0.28

7%(262) 85.92 89.86 90.47 87.16 90.74
1.10 1.54 0.65 1.37 0.50

10%(375) 87.50 90.47 90.72 87.81 90.98
1.10 0.52 1.45 0.76 0.65

20%(750) 90.26 93.23 93.03 89.41 91.75
0.33 0.45 0.86 0.64 0.57

Table 6.3: Average Classification Accuracy and Standard Deviation of Naive
Bayes for Bird dataset with different proportions of labeled data

Supervised Learning Semi-Supervised Learning
Labeled%(#) NB AdaBoost ASSEMBLE MultiAdaboost MCSB

1%(37) 78.32 78.25 76.01 78.17 78.81
4.59 4.95 5.03 3.80 3.20

2%(75) 83.92 83.74 82.94 83.25 84.45
1.95 1.52 2.52 3.24 1.42

3%(113) 85.78 85.23 85.96 85.24 86.21
1.37 2.32 1.02 4.10 1.03

5%(188) 85.41 85.15 85.53 85.58 86.38
0.42 0.62 0.30 1.60 0.61

7%(262) 85.54 85.67 86.61 85.77 86.53
2.38 2.36 1.51 0.70 2.36

10%(375) 85.75 85.75 86.21 85.80 86.77
1.03 1.03 1.10 2.27 1.06

20%(750) 86.81 86.81 87.10 86.35 86.88
1.80 1.80 1.05 1.91 1.87

set of experiments with three different base learners, J48, Naive Bayes, and SVM.
Figure 6.2 and 6.3 show the results. As can be seen, J48 as supervised classifier
and base classifier in MCSB outperforms the others. Figure 6.3.a shows that in
the supervised case, J48 outperforms the other supervised classifiers. There is an
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Table 6.4: Average Classification Accuracy and Standard Deviation of SVM for
Bird dataset with different proportions of labeled data

Supervised Learning Semi-Supervised Learning
Labeled%(#) SVM AdaBoost ASSEMBLE MultiAdaboost MCSB

1%(37) 74.07 73.20 73.32 71.87 75.55
2.54 4.70 3.21 1.15 2.92

2%(75) 76.43 77.61 80.10 78.59 80.26
2.05 3.13 1.06 2.38 2.33

3%(113) 79.14 79.24 79.66 79.79 81.21
1.58 2.44 1.48 0.36 2.60

5%(118) 81.70 82.71 83.24 83.30 84.87
2.95 1.47 1.35 2.18 0.47

7%(262) 82.60 83.18 82.61 85.05 86.09
1.09 1.21 0.33 1.46 1.47

10%(375) 84.89 84.46 84.40 86.88 87.90
1.59 0.96 0.71 1.01 0.82

20%(750) 87.00 88.42 86.05 88.58 88.82
0.90 0.52 0.53 2.15 0.33

exception while the labeled data is less than 5%. In this case, the Naive Bayes
classifier performs better.
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Figure 6.2: Performance Comparison of Multiclass SemiBoost to Supervised clas-
sifier and Supervised AdaBoost with different base classifiers and with different
proportions of labeled data

As can be seen from Tables 6.2, 6.3, 6.4 and Figures 6.2 and 6.3, there are
clear patterns in the results. The performance of the AdaBoost meta classifier is
nearly equal to its base learner, when the base learners are the Naive Bayes and
SVM classifiers. It also outperforms its base learner for the Decision Tree learning
algorithm when the number of labeled data is increasing. Another observation is
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that J48 as base learner outperforms the other base learner in both the supervised
and the semi-supervised case. When there is more than about 600 (15%) labeled
data, the unlabeled data is not helpful and does not improve the performance of
the base classifier anymore, which is an interesting observation for biologists.
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Figure 6.3: Performance Comparison of Multiclass SemiBoost and Supervised
classifiers with different proportions of labeled data

6.2 Text Classification

Text categorization or classification is the task of assigning text documents to
pre-specified classes of documents. Text categorization presents unique challenges
due to the large number of attributes and the large number of training examples.
This provides an opportunity to make more effective use of these collections.
We here consider text classification problem in the semi-supervised setting, when
there is a limited number of labeled documents and a huge number of unlabeled
documents. Specially, we focus on multi-category text classification problems
using the methods from Chapter 5.

We use several datasets from different resources. The specification of the
used datasets are summarized in Table 6.5. Datasets re0 and re1 are derived
from Reuters-21578 [59] and tr11, tr12, tr21, tr23, tr31, tr41, and tr45 are from
TREC[5-7] [98]. Finally, dataset wap is from the webACE project [11]. These
datasets were used in many text classification studies, e.g.[43]. We took these
datasets from [97].

6.2.1 Experiments on Text Classification

We evaluate the Multi-SemiAdaBoost (MSAB) and Multiclass SemiBoost (MCSB)
algorithms on the text classification problem using the popular text datasets.
The goal in this experiment is if Multi-SemiAdaBoost (MSAB) and Multiclass
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Table 6.5: Overview of Text Classification Datasets

Dataset Source #Samples #Words # Min class size # Classes

re0 Reuters-21578 1504 2886 11 13
re1 Reuters-21578 1657 3758 10 25
tr11 TREC 414 6429 6 9
tr12 TREC 313 5804 9 8
tr21 TREC 336 7902 4 6
tr23 TREC 204 5832 6 6
tr31 TREC 927 10128 2 7
tr41 TREC 878 7454 9 10
tr45 TREC 690 8261 14 10
wap WebACE 1560 8460 5 20

SemiBoost (MCSB) benefit from the unlabeled data and how this depends on
the base classifier. We also compare the proposed algorithms to four semi-
supervised algorithms ASSEMBLE (ASML), SemiMultiAdaBoost (SMBoost),
RegBoost (RBoost) [20], and SemiBoost (SBoost) [65]. RegBoost and SemiBoost
use the one-vs-all approach to handel the multiclass text classification problem in
our experiments. Furthermore, we include the (supervised) multiclass AdaBoost
(SAMME) meta classifier in the comparisons. As base learner we use the Decision
Tree and the Naive Bayes (NB) classifiers.

In the experiments 30 percent of the data are kept as test set and the rest is
used for training. We use only 10% labeled data in the experiment. We run each
experiment 10 times with different subsets of training and testing data.

6.2.2 Results on Text Classification

Table 6.6 gives the results of the experiments on the text classification datasets.
The results show that MSAB improves the performance of the supervised base
classifier for nearly all datasets. Using a statistical test (t-test), we find that
MSAB significantly improves the performance of J48 on 9 out of 10 datasets. It
also outperforms the other semi-supervised algorithms on 8 out of 10 datasets,
when the base classifier is J48. Another observation is that MCSB also signifi-
cantly improves the performance of J48 classifier on 8 out of 10 datasets.

Table 6.7 shows the results of the experiments on text classification datasets,
when the base learner is the Naive Bayes classifier. We observed that MSAB
performs better than the supervised Naive Bayes classifier on all used datasets.
It also outperforms the other four semi-supervised learning algorithms on 6 out of
10 datasets. Another comparison is between Multi-SemiAdaBoost and Multiclass
SemiBoost algorithms. The performance of MSAB is comparable to MCSB in
these datasets. The results also suggest that whenever boosting the base classifier
improves the performance of the base classifier then MSAB outperforms MCSB,
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Table 6.6: The classification accuracy and standard deviation of different algo-
rithms with 10% labeled examples and J48 as base learner

Supervised Semi-Supervised Learning
DataSets J48 SAMME ASML SMBoost RBoost SBoost MCSB MSAB

re0 63.35 65.43 66.17 65.33 65.23 59.63 67.11 68.74
1.4 2.1 1.2 3.6 3 2.8 2.2 2.3

re1 67.33 67.18 64.36 62.06 67.12 68.65 71.052 69.69
2.6 3 5 3.8 2.5 1.5 0.2 1.7

tr11 69.84 72.13 69.72 68.95 68.12 69.57 77.73 77.6
5.6 4.9 5.4 1.7 7 8.3 3.1 2.6

tr12 73.97 75.85 65.56 65.73 68.87 65.13 79.67 80.1
4.5 3.8 8 6.7 7.3 7 3.1 2.8

tr21 73.45 75.3 77 79.62 77.5 76.23 79.16 80.86
4.7 6.3 3.9 3.6 4.3 5.1 3 3.3

tr23 72.02 77.77 71.23 67.06 78.34 77.57 84.32 85.51
8.7 11 13 8.4 8 7.5 1.3 3.2

tr31 88.43 91.29 92.02 84.58 80.33 80.33 90.96 92.22
3.3 3.5 1.8 4.6 8 8 2.4 2.1

tr41 79.92 84.15 83.8 78.69 76.89 76.93 87.08 87.32
3 3.1 2.8 2.8 4.5 4.8 2.2 2.1

tr45 80.86 86.73 86.03 76.7 77.65 74.71 86.2 89.67
3.5 2.4 2.2 2 5.6 5.8 1.8 2.3

wap 52.19 58.58 55.64 57.74 53.4 52.57 59.32 62.36
4.2 3.3 6.2 4.3 4.1 3.4 3.6 3.6

which is what we would expect.

6.3 Conclusion and Discussion

First, we apply the Multiclass SemiBoost (MCSB) algorithm to bird behavior
recognition. Different proportions of labeled data are used in the experiments.
We observed that with only 1% labeled data, MCSB improved the performance
of J48 learning algorithm about 7%. Another observation is that with only 20%
labeled data MCSB gives the results comparable with the performance of the
fully labeled data. We then employ Multi-SemiAdaBoost (MSAB) and Multiclass
SemiBoost (MCSB) to classify text datasets, when there is only 10% labeled data.
The results of experiments show significant improvements.
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Table 6.7: The classification accuracy and standard deviation of different algo-
rithms with 10% labeled examples and Naive Bayes as base learner

Supervised Semi-Supervised Learning
DataSets NB SAMME ASML SMBoost RBoost SBoost MCSB MSAB

re0 58.73 63.96 61.39 59.23 50.5 45.56 63.32 64.11
7 3.7 8.5 4 4.3 4.3 4.7 4.9

re1 64.62 65.37 64.64 62.44 64.89 47.55 66.95 67.48
5 4.4 5.5 8.3 7 3.1 4.2 5.2

tr11 64.37 67.93 74.04 61.06 56.75 54.19 71.14 71.75
2.2 2.7 3.5 10 8 5 3.3 2.8

tr12 64.79 63.64 57.39 59.43 50.21 52.04 73.98 73.72
3.6 4.2 7.1 6.6 4.5 3.3 5.6 4.4

tr21 61.8 62.26 0 54.55 77.12 76.62 66.66 66.97
11 11.3 6.5 5.8 4.6 10.7 10.2

tr23 72.38 72.38 76.82 54.28 61.9 61.9 76.71 79.04
10.8 10.8 3.4 7.3 11.5 11.5 8.1 9.5

tr31 87.7 88.2 89.92 80.89 77.09 76.3 90.36 90.19
2.6 3.2 3.3 1.8 2.7 3 1.5 1.1

tr41 77.46 75.63 81.19 71.47 58.9 60.63 81.12 80.84
1.7 5.1 2.1 1.9 5 5.9 1.5 1

tr45 76.12 77.02 77.2 69.63 64.39 60.63 79.9 79.36
5.4 5.7 3.6 7.5 7 6.7 4.5 3.1

wap 57.95 57.85 60.13 56.33 45.6 46.93 60.16 59.63
1.3 1.1 3.4 2.7 3 2.3 1.7 1.9


