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In active learning, a machine learning algorithm is giverualabeled set of examples
U, and is allowed to request labels for a relatively small stilo$ U to use for training.
The goal of active learning is to judiciously choose whichmples in to have labeled in
order to optimize some performance criterion, e.g. geizat@édn accuracy. ROC (Receiver
Operating Characteristic) analysis has attracted higmatin in machine learning research
in the last few years. ROC curves have been advocated andaiiraddopted as an al-
ternative to classical machine learning metrics such aslassification rate. We present
several heuristics for active learning designed to op&marza under the ROC curve (AUC)
and extensively evaluate them, along with other commosbduactive learning algorithms.
One of our algorithms (ESTAUC) was the top performer. Wheodyoosterior probability
estimates were available, ESTAUC and another of our he&siéRAR) were by far the

best.
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Chapter 1

Introduction

The field of machine learning is concerned with the develagréalgorithms and tech-
niques that allow programs to improve with experience. laisroad, interdisciplinary
field that draws from artificial intelligence, probabilitp@ statistics, philosophy, informa-
tion theory, cognitive science, computational complexayd control theory. In general,
a learning algorithm gains experience by being provideti déata composed of examples
of a domain to be learned. The algorithm uses this data t@desdhe underlying rules
and patterns that govern the task. Machine learning algostcan be broken down into
three major paradigms, which are supervised, unsupervasatireinforcement learning.
A supervised learning algorithm tries to learn a mappingveeh an input: and desired
outputy. For an unsupervised learning algorithm, the task is to tgtded the relationships
between data components. Finally, a reinforcement legraligorithm learns to act in an
environment based on delayed rewards or penalties. The iwahis thesis falls into the
realm of supervised learning; specifically supervisedsif@sition.

In supervised classification, a learning problem is defingd et of example® =
{(z1,91),-- -, (xm,ym)} € X x Y, wherexz; is called thepatternand y; is the label

for ;. Each pattern (or example) is a vector of attributes, ..., «,, each of which
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can be discrete- or continuous-valued. The label spaceistens a finite set of dis-
crete values” = {f,..., 0k} that serve to categorize the patternsXin For simplicity
we will only consider binary classification problems for whithere are two possible la-
belsY = {+1,—1}. A learning algorithmA is trained onD resulting in a hypothesis
h : X — Y, which can be used to predict labels on future examples. Aameike of such

a learning problem is to predict whether a tumor is maligrariienign. Each pattern
might consist of a series of attributes that describe a tisuch as size, shape, consistency,
and the results of lab tests. The lahghssociated with each is either+1 for malignant

or —1 for benign.

The supervised classification model for learning assumegs/?his sufficiently large
for learner A to build an adequate hypothesis, which is not always the. cibere are
many interesting learning problems that offer large am®whtdata, but only a relatively
small portion of it is labeled. In such a problem the learnas dataD = L U U,
whereL = {(z1,21),...,(@m,ym)} € X x Y is the set of labeled examples, abid=
{(z1,7),...,(x,,7)} is @ much larger set of unlabeled examples. In addition, waras
that it is possible to request labels for example&ifrom some oracle (e.g. a human ex-
pert), which we can then move th. There is, however, a cost associated with labeling
these examples (e.g. the time of the human expert). Thehegptask for these problems,
which is known agpool-based active learnings to judiciously choose a small subset of
to label and move td.. In active learning there are two competing goals: to oewi’s
performance relative to some performance measure (e.@ra@geation accuracy), and to
minimize the cost incurred.

ROC (Receiver Operating Characteristic) analysis haadé#d high attention in ma-
chine learning research in the last few years. Due to itsgl®ss in imprecise envi-
ronments, ROC curves have been advocated and graduallyealdap an alternative to

classical machine learning metrics such as misclassdicatite. The area under the ROC
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curve (AUC) is of particular interest in that both strongistécal properties and real world
experiments have indicated it superior to empirical mssikcation rate as an evaluation
measure [11]. Despite this, there is a notable absence €tbdkt of our knowledge) of
any research into the affect of active learning on ROC psréorce, and on heuristics to
optimize it. The contribution of this thesis is to fill thatma

We study how active learning affects AUC. We examine twotegsalgorithms from
the literature: Roy and McCallum’s [33] Error Reduction Sdimg (ERS) algorithm (de-
signed to directly minimize prediction error) and the “GdesSampling” method [8, 35, 38]
(sampling closest to the decision boundary; well-knownsiswple, fast, high-performance
active sampler). We also present our own active learningrélgns designed to maximize
the AUC of the hypothesis. In addition, we evaluate two papbhse learning algorithms
used in active learning (naive Bayes and support vectohmes (SVMs)), and compare
their performance in optimizing AUC.

One of our algorithms (ESTAUC) was the top performer, ands€b often came in
second behind it. When good posterior probability estisatere available, ESTAUC and
another of our heuristics (RAR) were by far the best. We atamd that naive Bayes
out-performed the SVM when the labeled set was small, buS\! generally proved
superior ad. got larger.

The remainder of the thesis is organized as follows: Chaptermalizes the prob-
lem and provides background information about SVMs, n&ages, and ROC analysis.
Chapter 3 provides a survey of active learning heuristmsifthe literature, and Chapter 4
details our heuristics for maximizing AUC. Chapter 5 detailr experiments and results.

Conclusions and future work are provided in Chapter 6.



Chapter 2

Background

2.1 Problem Formulation

The general algorithm for pool-based active learning iegim Algorithm 1. The key step
in this process is in choosing which examples fromo label, which is known aguery
selection Essentially, the learning algorithm establishes a rajkim{/ according to how
informative it thinks each example will be, and selects tpeit examples. Choosing only
one example to label at each iteration usually gives thedaestin performance relative to
the number of examples labeled [37], but it may be more caem¢or less costly for the
oracle to label multiple examples at once.

While there are other models for active learning, we willfeon the pool-based model.
In the remainder of this thesis, all references to activenieg refer to pool-based active

learning unless otherwise noted.



Algorithm 1 : General algorithm for pool-based active learning
input: learning algorithmA
initial labeled training seL,
unlabeled pool/

Train A on L, to geth

10

while termination condition is not meto

Use A to chooseS C U according to some strategy
Request labels for alt € S from the oracle

Lz’—i—l — {LZ U S}

RemoveS from U

TrainAonL;,, to geth;

| i+—14+1

Outputh;

2.2 Applications of Active Learning

Active learning is well-suited for applications where: #able labeled training data is
insufficient, there exists a large amount of unlabeled datd, manually labeling data is
expensive. We will describe several applications whengattarning has proven valuable
including text classification, image classification, spersrognition and software testing.
This will provide motivation for why active learning is imgant.

A problem where text classification is useful is in email filkg. In this task the active
learner is provided with the user’s past emails, and is abbwo ask whether individual
emails are junk mail or not. Based on the user’s answer itggfits hypothesis and brings
up another email. This is repeated a given number of timesiltreg in an email filter
custom tailored to the user. Obviously, the user does not waimvest a lot of time in
training the program. This active learning approach mimésithe number of queries the
user must answer, while still obtaining a filter that preferwell. Another text classification
task is automatic document classification. The goal of theblem is to train a classifier
that is able to categorize documents. This would be usefd feser that wants to retrieve

certain types of documents from the Web (e.g. publishedhstizzpapers). There are an
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enormous number of documents from which to choose a tragehfpr a learner, and hand
labeling them is time consuming. Active learning is a ndtsmution to minimize this
cost. Tong and Kaoller [38] found that an active learner in sarases reduced the number
of documents that needed to be labeled to 10% of the numbeledeghen randomly
choosing documents to label.

Luo et al. [26] applied active learning to classifying imagd plankton. They had an
underwater scanning device that was able to automatieadlyrd images of plankton from
water samples, and needed to analyze these images while¢ sed.alt was impossible
for human analysts to keep up with the flow of incoming imagesan automated system
for classifying images was needed. Their active learnirgiesy was able to accomplish
this task requiring far fewer training examples than wasessary for a learner trained on
randomly selected examples.

Hakkani-Tur et al. [17] used active learning in a speechgattmn task for an auto-
matic phone dialog system. Speech recognition systemyically trained with tens of
thousands of transcribed utterances to achieve good agcufdeir system was able to
reduce the number of examples needed by 40% over a systeadian all available data,
while performing only 0.1% worse.

Bowring et al. [6] used active learning in software testinigerne the input data was
derived from different execution paths of a program. Withithest application they found
that only 38% of the training data was needed to achieve tine stassifier precision as a

learner trained on randomly selected data.

2.3 ROC Analysis

Work in active learning (as well as much general work in maeHearning) to date has

for the most part centered on optimizing the classificatugacy of the learner. In many
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applications, however, classification accuracy can beeaihg. This is true for problems
where the class distribution or cost function is skewed. é&xample, consider a two-class
learning problem that consists of 990 negative exampled @mdsitive examples. A trivial
hypothesis that always predicts negative will attaifi9&; accuracy rate, but this is not
reflective of its performance. Another case where optingiznocuracy might not achieve
the desired result is when the ranking induced by the leammeakl is more important than
its accuracy. For instance, consider the list of relevamudtents returned by a search
engine for a specific query. The list may contain thousand$ooctiments, but the user
will only examine a small number of them. In this case, thedea&ngine’s ranking of
the documents is far more important than the accuracy ofassiication as being either
relevant or not [11].

ROC analysis provides a superior means by which to measarpdfformance of a
learner in these cases. A ROC curve describes the tradetiklen the true positive rate
(TPR) and false positive rate (FPR) in a two-class classidicgroblem. The plot is gen-
erated by first ranking the test examples according the hgsadh’s confidence that they
belong to the positive class. Then the threshbttlat is used to conveft(x) to a binary
prediction is varied to get the points on the curve. ROC caiare superior to classification
accuracy because one can easily observe the effects ofrtkieganduced by the model,
and its performance at different cost distributions. A draek to using ROC curves as a
performance measure is that they come in the form of a grajghaee not as easy to com-
pare as a scalar value like accuracy. However, the area tmel&®@OC curve (AUC) is a
scalar performance measure that encapsulates many ofrtegtbef the ROC curve. AUC
is the same as the Wilcoxon-Mann-Whitney statistic [18]iclhs an unbiased probability

estimate that a randomly drawn positive example has a highgwralue than a randomly



drawn negative example:

e S S T(h() > b))
P[]V ’

(2.1)

where P and N are the set of positive and negative labeled exampléss P is a pos-
itive example,z; € N is a negative example, and-) = 1 if its argument is true and
otherwise. The range of the AUC|i% 1], and the higher the value the better the hypothesis.
Cortes and Mohri [11] conducted a study of the relationst@peen AUC and clas-
sification accuracy, and their results argue for optimizdC as opposed to accuracy in
some cases. They discovered that by fixing the accuracy fayugpgf classifiers, that the
average AUC varies monotonically with accuracy, but théavere is high for uneven class
distributions with low accuracy. This means that while imgeal optimizing accuracy also
optimizes AUC, this does not necessarily hold under the itimmgd noted. This is of partic-
ular interest for active learning because in the initiafjstathe training set is usually small,
which in most cases leads to a high error rate. Thereforejdtes that try to directly

minimize expected error may be optimizing a non-optimafgrenance measure.

2.4 Support Vector Machines

Support Vector Machines (SVMs) were introduced in 1992 bgéeet al. [5, 34]. SVMs
find their roots in the Perceptron algorithm, which is a limkmarning machine with a
similar form. Training data is represented as vecfars . . . , x,, } in some spac&’ C R¢,
and each vectaox; has a binary labej; € {—1,+1}. The goal of Perceptron is to find a
weight vectow that correctly separates the positive and negative trgiexamples;; (i.e.

correctly classifies the training set) such that:

ylf(xl)zo, szl,,m s



where

fx)=(w,x)+0b, (2.2)

and(w, x) is the dot product betweew andx. During training if an example; is mis-

classified therw is updated accordingly. Specifically,jff (x) < 0 then
W — W+ NYyiX; (2.3)

wherer is the learning rate parameter that determines how large atipustment is made.
If the data are linearly separable (i.e. can be split intotpesand negative examples with
a hyperplane), Perceptron is guaranteed to converge tatosoin a finite amount of time
given a sufficiently small, positive learning ratelf the data are not linearly separable then
other techniques such as SVMs must be used.

SVMs can handle non-linearly separable data because thegprthe example vectors
into a higher-dimensional (possibly infinite-dimensigniaature space throughlkernel
function A kernelk(x,x’) = (®(x), ®(x’)) for some nonlinear mag is a dot product
(i.e. similarity measure) between two vectors when mappeadigher-dimensional feature
space, which can be computed without explicitly perforntimg dot product. Some of the

standard kernels are:
Polynomial k(x,x') = (x,x)? |

Gaussian radial basis function (RBF}(x, x') = exp(—y(x — X', x' — x)?) ,

Sigmoid k(x,x') = tanh(k(x,x") +9) ,
whered > 0,~ > 0, k > 0, and?d < 0 are parameters.

In order to use a kernel, we need to rewrite the Perceptranidig into its dual form.
Let w initially be 0 anda; = n x the number of mistakes of3. Thenw = > «,y:x;, and

Equation 2.2 becomes

f@) = aiyilxi,x) +b . (2.4)
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Then the update from Equation 2.3 changes to
o — o+ 1.

In the dual form, the calculation only depends on the dot petglof the example vectors.
This is beneficial because we do not have to explicitly mairttae weight vectow, which
can be very large for high dimensional feature spaces. Waoansubstitute any kernel

we might like into Equation 2.4 to get a kernelized Percaptro

f(x) :Zaiyik(xiax)+b :

The use of kernels makes it possible for Perceptron to aperahon-linearly separable
data since any finite set of vectors becomes linearly sefearah high enough dimensional
feature space. This leads to the next issue that stems ffa¢hthat for any set of vectors
that are linearly separable, there are an infinite numbeypétplanes that will separate
them. Figure 2.1(a) shows two separating hyperplanes an@eiata set. Intuitively, the
optimal hyperplane is the one that exactly splits the cliogesitive and negative vectors.
Another way of saying this is the hyperplane that has the mabalistance: between itself
and the nearest vectors. This distance is callediagin and the vectors that are closest to
the hyperplane (i.e. determine its location) are catleplport vectorgSVs). Figure 2.1(b)
shows the optimal hyperplane with maximized margin. Acoaydo Vapnik-Chervonenkis
(VC) theory, maximizing the margin yields the smallest bdbom the generalization error
(error on future unseen examples) [34].

Maximizing the margin is the same as minimizing the 2-norntha weight vector
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Figure 2.1: Simple example of separating hyperplanes imeally separable data set.
(a) Two of the infinite number of separating hyperplanes. @pjimal hyperplane with
maximized margin..

w [34], which leads to the following constrained optimizatioroblem:

minimizey ey, per 7(W) = %HWH?

subject toy;((w,x;) + b) > 1 Vi=1,...,m ,

where is some dot product space. The equivalent dual optimizgtioblem is [34]:

maximizeaerm W(a) = =330 a; — 5 2071 o 0 4 y;(Xi, X;) (2.5)

subjectto; >0 Vi=1,....m and> " a;y; =0 .

Of course, a kernel function can be substituted in placeefitt productx;, x;).
Equation 2.5 describeshard marginSVM that requires that the data be linearly sep-

arable in feature space. In some datasets a separatingoleypemay not exist depending
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on the choice of kernel. In addition, it is often the case #halctly fitting the training data
is undesirable. By fitting the training data too closely weyrha conforming our hypothe-
sis to anomalies in the training data that are not represeataf the problem as a whole,
which is called overfitting. For these reasornsodt marginvariant of Equation 2.5 is gen-
erally used. Using a soft margin means that we allow a ceramber of training vectors
to infringe upon the margin during training (i.e. marginces). One soft margin variant

called C-SVM is defined as

m

maximize,epm W(a) = >0 o — % 27321 a; ;Y Y (X, Xj) (2.6)

subjecttd) > a; > C/m Vi=1,....m and) " o;y; =0,

whereC' is a parameter that determines the trade-off between nzmmthe training error
(i.e. minimizing margin errors), and maximizing the margitigher values o’ result in a
harder margin and lower values a softer margin. Finallydigteons on new examples are

made with

f(x) = Sgﬂ(Z a; y k(x,%x;) + b) , (2.7)

where sglz) = +1if z > 0 and—1 otherwise.

2.5 Nadve Bayes

The naive Bayes classifi€f28] is a simple probabilistic classifier. It is based Bayes

Theoremwhich is
P(B | A)P(A)

PAIB) = ==pg

(2.8)

whereA and B are random variables. The terR{B) can be read as the probability Bf
andP(B | A) is read as the probability d8 given A. For the purposes of classification we

would like to use Bayes Theorem to predict the most prolstluélly likely labely* given
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a previously unseen exampie

y* = argmax P(y | x)

yey
P P

e Pr) (2.9)

Since P(z) is the same for all possible labejsc Y we can drop the denominator in
Equation 2.9 to get
y* = argmax P(z | y)P(y) . (2.10)
yey

The example: is not a single random variable, but rather a vector of attes(« 4, . . ., «,,).
The naive Bayes classifier makes the simplifying assumptiat all of the attributes; are

conditionally independergiven the label. In other words,
Pla; | aj,y)=Plai|y)  Yi,j i#7j .

Therefore, we can write the probability af giveny as the product of the conditional

probabilities of its attributes, or more specifically,

P@|y) = Plar,..anly) =[] Plai Ty) - (2.11)

Equation 2.11 can be substituted into Equation 2.10 to oltkes form of the naive Bayes

classifier

y* = argmax P(y) HP(OQ ly) . (2.12)

yey
Despite the fact that the naive Bayes independence assumgpobften violated, it performs
well on a variety of problems. This along with the fact thasisimple and fast make it one

of the more common base learners used in active learning.
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Chapter 3

Related Work

In this chapter, we first explore a couple of problems thatrsely related to pool-based
active learning, which have important theoretical resulf$ien several query selection
heuristics for pool-based active learning are introdudédally, a dual to active learning,

calledbudgeted learnings discussed.

3.1 Membership Query Learning

Active learning is closely related tmembership query learning (MQL) for which there
are many interesting theoretical results. In this probl®goal is to learn a target concept
ho, chosen from a finite yet exponentially large set of hypathés, i, ... }. In MQL,

a hypothesis: is chosen from the set of hypotheses that are consistentthetlcurrent
version space. The version space is the set of hypothesesm¢heonsistent with the train-
ing setl, or, stated another way, that correctly predict the lab&isafl z € L. Thenh
generates a new examptethat is expected to improve the current hypothesis. It isomp
tant to note that’ is not chosen from some finite set of unlabeled examples root the
possibly infinite set of patterns that are consistent withghoblem definition. Once se-

lected,z’ is labeled by the oracle and added/itpand the process is repeated uhti= hy.
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In this framework one can prove worst-case bounds on p#ticoncepts. For example,
Angluin [2] shows that there is an algorithm that exactlyntiges every monotone DNF
formula ¢, overn variables that contain no negative literals in time polyrerm » and
the number of terms af,..

While the query learning model is interesting, the assuomgtthat it is based upon do
not allow it to be applied to a large range of problems. Thasieng model requires the abil-
ity to label arbitrary examples, which is reasonable if theaept is pairs of winning poker
hands, context-free grammars, etc. There are other prafdemains where artificially gen-
erated examples have no meaning, however. For examplecuntmt classification it is
unlikely that an artificially created text document will neagense to a human. Likewise,
in handwritten character recognition an artificially gexted character image will probably

not look like one of the symbols used in natural language.[21]

3.2 Stream-Based Active Learning

Although this thesis focuses on the pool-based activeilegmodel, a stream-based active
learning algorithmQuery by Committee (QBC), is worth mentioning. The stream-based
model differs from the pool-based one in that it does not reaess to a pool of unla-
beled datd/. Rather, the learning algorithoh is presented with a sequence, or stream, of
unlabeled examples, one at a time, and must decide whettieoea is worth labeling.

One basic idea [10] that is applicable to both stream-baségaol-based active learn-
ing is to label examples that effectively shrink the curreetsion space (the set of hy-
potheses consistent with the training data). As discusgetbhg and Koller [38], such
a heuristic would be probabilistically optimal if it couldinays exactly halve the version
space each timgd makes a query. Strong theoretical results using this idegialded by

the QBC algorithm [15, 36].
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The QBC algorithm creates a committHeconsisting ofk hypotheses selected at ran-
dom from all hypotheses that are consistent with the cuwrergion space defined by the
set of labeled examples. Théhis presented with a stream of randomly chosen unlabeled
examplesey, o, ... one at a time, and chooses exampi¢o label for which exactly half
(k/2) of the hypotheses ifif predict positive and the other half negative. At this pdiht
is again selected from the new version space, and the priscegseated untif evaluates
a sufficiently large sequence of unlabeled examples witbbabsing one to label [15].
Under certain assumptions, the number of queries will barittgmic in the number of
random examples examineck), and generalization error decrease$)ds/m). In other
words, we can expect the same generalization error from hgi@xamples with only a
logarithmic fraction labeled.

The QBC results are exciting, but they require several dist&aassumptions. One
such assumption is that the data is noise-free, which is stlmever true for real world
problems. Also, QBC mandates that a perfect determinisdissdier exists, and that it
be possible to draw classifiers randomly from the versiocepahich is computationally
intractable for most interesting problems [1, 27].

An active learning approach recently proposed by Balcah B]dnas strong theoretical
guarantees like QBC, but does away with most of the assunmgtion fact, they only
assume that the unlabeled data is drawn i.i.d. (indepelydand identically distributed)
from some underlying distribution. By i.i.d. we mean thatisg one example does not
change the probability of seeing any other example. Th@raach called\gnostic Active
learning (A?) works by halving the set of hypothesBsc H that are considered optimal
with respect to the labeled data at each query round. To d@tlgach round4? samples
a a set of exampleS C R, whereR C U is the region of uncertaintyz is defined as the
set of examples € U for which there exists a pair of hypotheseddrthat disagree on.

Via standard results in statistical learning theory, thegulate upper and lower bounds on
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the error rate ovef for eachh € H, and remove any hypothesis frafhthat has a lower
bound that is higher than the minimum upper bound over akmtlypotheses fromil. S
is selected in such a way that is approximately cut in half at each round. Though these
results are promising4? has not been practically applied yet. One obstacle is #hat

exponentially large in the size @, makingA? computationally expensive.

3.3 Pool-Based Active Learning

There are a number of heuristics for selecting query poirtisinvthe pool-based active
learning model (see Section 2.1). This section providesvaemnvgew of some of the more
relevant techniques, such as: uncertainty sampling, nredduature error, combined tech-

niques, and others.

3.3.1 Uncertainty Sampling

Uncertainty sampling is a technique that follows from the@iBea that labeling examples
for which the current learner is uncertain in its predictitl shrink the version space.
There are several related heuristics that fall under themmioty sampling umbrella, in-
cluding: closest sampling, query by bagging, query by bogstend the active Decorate
method.

Closest sampling35] selects for labeling the example framfor which A is most un-
certain in its prediction, wherd is a single classifier. For a classifier that generates poste-
rior probabilities of class membership, like naive Baybis means choosing the examples
whose predicted class membership probabilities are dlés@s5 (assuming a two-class
learning problem.) In the context of an SVM this would be tlkaraple that is closest to
the decision threshold. In a large margin classifier, likeS&M, the current hypothesis

lies approximately in the center of the version space, anchiopsing the example that is
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closest to it, the version space is approximately cut in [38.

Although this heuristic has enjoyed a great deal of suctekses have some potential
drawbacks. First, the current hypothesis may not lie in #hater of the version space,
and thus cutting may not be uniform. Second, examples tleatlase to the decision
boundary are ones that are difficult to classify, and mighainéers that do not reflect the
true distribution of the data. Third, if a large number of éxamples lie near the boundary
then better results might be obtained by exploring divgmsihong these examples rather
than always choosing the closest one [4, 31]. Finally, fosn the decision boundary
prevents exploration of the feature space for regions ahgtas that the current hypothesis
misclassifies.

The main problem with applying the QBC algorithm in practi€¢hat for many prob-
lems itis hard to generate a committee of classifiers at rarttlat are in the current version
space. One attempt at doing this in general is the Kernel<S8ampler [16]. However,
due to its complexity it is limited to training set size of nmra than 100 examples. Abe
and Mamitsuka [1] addressed this problem by using other catteenbuilding strategies;
namely bagging and boosting.

With their first approachQuery by Bagging(QBag), a committeel of k classifiers:’
is trained; each on a different training détof sizem = |L|. The examples in each’ are
chosen uniformly at random with replacement frédm Predictions on new examples are
made by a majority vote of the committee. To select an exafoplabeling, A evaluates
eachz € U, and picks the one for which the predictions of the committesnbers are
most evenly split.

Abe and Mamitsuka’s second algorith@uery by Boosting (QBoost), is a little more
complex. Boosting can be used to ‘boost’ the performance refaively week learning
algorithm. It does so by repeatedly re-sampling on the itngidata to build a classifier,

with the sampling distribution varied each time to focus lo@ éxamples that the previous
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classifier got wrong. Predictions on new examples are madakinyg a weighted majority
of the predictions of all the classifiers in the committee. dQ& uses a slightly different
heuristic for choosing the examples to label than QBC andgQBhae margin of an exam-
ple is defined as the difference in the weighted sum of votésdrcurrent committee for
the most popular class label, and that for the second mostigolabel. Examples with
smaller margins are considered to be ones for which the ctteamns most uncertain in its
prediction, and are selected for labeling.

Closely related to Query by Bagging/Boosting is an actieerler presented by Melville
and Mooney [27] called active Decorate. This learner usearyether committee building
strategy that strives to build a diverse committee in whiabheclassifier’ is as different
as possible, while still maintaining consistency with therent version space. They do this
by starting with a classifier! trained onL. Successive classifiets, . . ., a* are trained on
L plus a set of examples that are randomly generated usingoaoxamation of the training
data distribution. These new examples are labeled basdw@utrent committee. They do
this by computing the class membership probabilities ofdimeent committee, and then
sampling the label from this distribution, such that thebataility of selecting a label is
inversely proportional to the current committee’s preditt If a new classifier increases
the committee’s error o, then it is rejected and another attempt is made. The process
continues until the desired committee size is reached orxamusn number of attempts
has been made.

Active Decorate uses the same margin-based heuristic toysthg examples to label
as (QBoost) with a slight modification. The classifiefsprovide probabilities of class
membership rather than the most likely class label. The masgthen defined as the

difference between the highest and second-highest peeldicbbabilities.
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3.3.2 Reducing Future Error

A different approach [15, 20, 24, 33] is to choose examplesatoeling that are helpful in
building up low future error. For example, Roy and McCallaiairor-Reduction Sam-

pling (ERS) algorithm works by directly minimizing expected erom the data set. ERS
estimates the loss (either zero-one or log loss) that weddlt from adding candidate ex-
amplex € U, with its label, toL.. The candidate example that results in the lowest expected

error is selected for labeling. Using log loss the ERS atgariwould choose

argmm{ Z ZP y' | ) longyr(y |x)} , (3.1)

z’eUy'eY

wherey, is the true label of example, Y is the set of labelsP(y’ | 2’) is the true posterior
probability of labely’ given instancer’, andﬁmyz (y' | «') is the estimate of the posterior
by the candidate model trained dnuU {(z,v,)}. SinceP(y | z’) is not known, the
candidate model’'s estimate of the posterior is used inst8atte the label for candidate
examplezx is also unknown, the expected loss is calculated for eachilpedabel, and
then combined, weighted by the current model’s (trainedrdy 6) posterior estimate for

x. Then Equation 3.1 becomes

argmm{ ZPy|:L’ Zszyy | ') longy(y \:1:)} , (3.2)

yey el y'eY

where P(y | ) is the posterior estimate of the current model. Because ahdidate
model’s posterior estimate is used in place of the true piostprobability in the loss
function, ERS selects those examples that maximize th@séss of the learner’s posterior
belief about the unlabeled examples [33].

Related to Roy and McCallum’s work, Nguyen and Smeulder$ §B0se examples

that have the largest contribution to the current expecteat:ethey built their classifiers
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based on centers of clusters and then propagated the dassiii decision to the other
samples via a local noise model. During active learning,ctbstering is adjusted using
a coarse-to-fine strategy in order to balance between thantatye of large clusters and
the accuracy of the data representation. Yet another agipri@®] is specific to SVM

learning. Conceptually, in SVM learning if we can find all ttree support vectors and
label all of them, we will guarantee low future error. Mitraa. assigned a confidence
factor ¢ to examples within the current decision boundary and c to examples outside
each indicating the confidence of whether they are true stimectors, and then chose

those examples probabilistically according to this comfade

3.3.3 Boosting and Combining

Another category of active learning approaches contaigsrithms that try to quickly
“boost” or “stabilize” an active learner. Active learning unstable, especially with lim-
ited labeled examples, and the hypothesis may change decaithatach round it sees a
new example. One way to boost active learning algorithmsniply combining them in
some way. For example, the algorittmomB by Baramet al. [4] combines three different
active learners by finding and fast-switching to the one toatently performs the best.
Osugi et al. [31] adopted a similar approach with a simplgsléementation, and focused
on how to balance the exploration and exploitation of anvadearner. In their imple-
mentation the empirical difference between the currenpliygsis and the previous one is
used as a criterion to decide whether exploration shouldiliadr encouraged. In other
exploration-based active learning, Xiao et al. [40] stddlee problem of active learning in
extracting useful information in commercial games, in vishidecision-boundary refine-
ment sampling” (analogous to closest sampling) and “defald sampling” (analogous to

random sampling) mechanisms are each used half of the time.
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3.3.4 Other Approaches

An active learning heuristic that does not fall into any & #bove categories Belevance
sampling [23]. This technique is almost the opposite of uncertaiaiygling, and selects
for labeling examples that the current classifier considawst likely to be members of a
particular class. This strategy makes sense for probldaslbcument retrieval where the
user is more interested in seeing relevant documents thtdoe iaffectiveness of the final
classifier. As a means to increase classifier performaneeg\e, it does not work very
well as it tends to choose redundant examples, and works pawdy as the classifier
improves.

The active learning heuristics mentioned so far work bestrwthoosing a single ex-
ample for labeling at each iteration. As already mentiorledugh, it may be more con-
venient for the oracle to labeh examples at once. In this situation many heuristics will
tend to choose groups of examples that are similar or recuind@r example with clos-
est sampling, then examples may all be in the same vicinity, and the resultirigrcthe
version space would not be much different than if only onenpuaias chosen.Diverse
sampling [7, 32] addresses this problem for separating hyperplaassitlers like SVMs
by picking points that are close to the decision hyperplaoéfar away from each other.
Hoi et al. [19] took another approach by choosing the subsetU to label that resulted
in the largest reduction in the Fisher information matrineTFisher matrix measures the
overall uncertainty of a classification model. Since the bhanof candidate subsets in the

unlabeled pool is exponential in the sizelbthey applied a greedy heuristic for finding

3.4 Budgeted Learning

Budgetedearning is a problem which serves as a complement to pa#ebactive learn-

ing. In budgeted learning a large set of d&ta= {(?,v1),..., (7, yn)} is available where
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the class labels for each example are known, but the agrialues for the pattern are not.
In addition, there is a cost associated with obtaining tHeevaf a particular attribute for
a given example. This cost need not be uniform across thewts, so some attributes
may cost more than others. Also, the budgeted leabnisrgiven a fixed budget that it can
use to purchase information about the values of attributesXamples inD. B’s goal is
to effectively spend its fixed budget to obtain a classifieogéperformance is optimal.
Choosing which attribute values to have labeled is analsgowuery selection in active
learning. Lizotte et al. [25] proposed several strategoesibing this, and found that the
strategy used can have a profound impact on the quality dfriakclassifier.

An application cited by Lizotte et al. where budgeted leagntould be applied is to
build a diagnostic classifier of cancer subtypes. In thidblenm a pool of patients with
known cancer subtypes is available, as are various diagrtests that can be performed,
each with an associated cost. A fixed budget is availablewiiich to pay for tests. Bud-
geted learning can be used to determine which tests are msosntinating in diagnosing

patients.
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Chapter 4

Methods

In this section we describe four active learning heuriskicanaximizing AUC. The first
two loosely follow the closest sampling approach, while dfiger two are modifications
of the ERS [33] algorithm. Throughout this chapter, wefleét) € R denote the current
hypothesis’s confidence that examplas positive (the larger the value, the higher the
confidence in a positive label). This confidence score mayedarthe form of a probability
estimate ranging betwe@rand1, where the decision threshdlds set ab.5. Alternatively,

it could be any score that indicates the hypothesis’s condielehatz is positive like the
SVM output function (i.e. Equation 2.7 with the ggnfunction removed) for whicld =

0. The value ofh need not be a probability estimate except in one of our dlyos

(ESTAUC).

4.1 Rank Climbing

In our first heuristicRank Climbing (RANC), we use the current hypothesiso rank all
examples inL U U where L is the set of labeled examples used to trajrandU is the
unlabeled pool. The examples are ranked in descending acderding to the confidences

h(z). Letx, be the lowest ranked example fromwith a positive label. We select for
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labeling the lowest ranked unlabeled example that is rahigguer thane,:

argmin  {h(z)} .
z€U:h(x)>h(xy)

In the unlikely event that there is no examplelirranked higher tham,, RANC chooses
the highest-ranked example frobh Figure 4.1 shows a simple illustration of how Rank
Climbing chooses an example to label.

Member of | h(x) [ label

L 0.98
0.87
0.75
0.65
0.61
0.57
0.43
0.32
0.17
0.09 -
0.05 -

| + || +

S o)

rrr|cc|lr|cir|c|r|C

Figure 4.1: Example of query selection by Rank Climbing. Thadicatesz, and **
indicates the example selected for labeling.

4.2 Rank Sampling

In our second heuristidRank Sampling (RANS), we again use the current hypothédsis
to rank all examples i, U U in descending order according to their confidences.a,et
be the highest ranked example fradomwith a negative label, and, be the lowest ranked
example fromL with a positive label. The example that we choose to labekiscted
uniformly at random from the s&t = {z € U : h(z) > h(z,) andh(z) < h(z,)}. If C
is empty then we repeatedly changgto be the next highest ranked example fragand

xy to be the next lowest ranked example fréanuntil C' is non-empty. Figure 4.2 illustrates
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the query selection process for the Rank Sampling heuristic

Member of hix) Label
L 0.95 +
u 089 ?
L 073 +
L 065 .
¥ 058 ? }
L 051 z (@
U 043 9 }
¥ 032 ?
L 0.25
L 019 -
¥ 0.05 ?
L 0.01 %

Figure 4.2: Example of query selection by Rank Sampling. &temple chosen for label-
ing is selected uniformly at random from the gét

Since AUC is proportional to the number of negative exampe&ed below positive
examples, RANC and RANS attempt to find an unlabeled negatiaenple that ranks
above positive examples. RANC assumes that the lowesedaa@kample above, is the
most likely to be negative, while RANS makes a random sedadt reduce sensitivity to

noise.

4.3 Maximizing Estimated AUC

Our next heuristicMaximizing Estimated AUC (ESTAUC), attempts to directly maxi-
mize future AUC much in the same way that ERS directly mingsifuture error. We first
assume that we know the labels of the examplds.imThen the example frorfy that we
choose to label is the one that most improves the AUC on thebetgd examples, where
the AUC is computed by the formula of Hanley et al. [18] givehdw. More precisely, we

would choose

argmax
zelU

Zw’GU ZW’GU(hwym ') ](yml = —|—) _[(ymu = —)
|P||N| ’
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wherey,. is the true label of examplé, ., (z’) is the confidence of the hypothesis trained
on LU {(z,y,)} and evaluated on’, U(hy,,,x') = {2" € U : hyy, (2") < hyy, (')} IS
the subset of examples i that have confidence less than that:bfvhen evaluated with
hpyo P={x €U :y,=+}, N={zx € U:y, =—} andI(-) = 1if its argument is
true and 0 otherwise. Since the denominator is independentwe instead can use the

unnormalized AUC:

z'€U 2" €U (hgy, ')

argmax { oY Iy =) Iy = )} : (4.1)

Since we do not know the true labels of the examplds imve adapt the approach of Roy
and McCallum and use probability estimates derived fronhgfpothesis:, in place of the

indicator functions. Further, since we do not yet know theelaf the candidate point we
are considering labeling, we compute Equation 4.1 usiny eassible label and weight

them according to our posterior probability estimates chdabel:

vel 2'€U & €U (hys ')

argmax {f’(#— | x)z Z Poi(+ | 2)Poy(— | 2")

+P(—=|2) Y Y P (+|a)P(—| x”)} :
2'€U & €U (hy— ,a')

whereh,, (¢) is the confidence of the hypothesis trained/an{(x, +)} and evaluated on

2. In addition,P(y | z) is the probability of predicting € {+, —} givenz by hypothesis

h trained onL, andl?’xy(y’ | ') is the probability of predicting’ givenx’ by hypothesis

h., trained onL U {(z,y)}. The probability estimates may come from e.g. naive Bayes o

from logistic regression with an SVM.
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4.4 Rank Reinforcing

Our fourth heuristicRank Reinforcing (RAR), focuses on the ranking induced by the
hypothesis. RAR uses the current mokeb label all examples ity and uses this labeling
in the computation of the AUC df’ as ranked by, andh,_. Specifically, the example

we choose is

v€l 2'€U z" €U (hg+,2") '€V 2" €U (hy—,x')

argmax {}3(+ | z) Z Z fla',2") + P(— | 2) Z Z f(x’,x”)} . (4.2)

where f(2',2") = I(h(z') > 0)I(h(z") < ), 6 is the threshold used to mdg-) to a
binary label (e.g0.5 for naive Bayes and for an SVM). Ties can be broken as follows.
LetT C U be the set of examples involved in the tie. We can break ttesrelby applying

ESTAUC overT or by summing the margins of pairs of relevant examplés:in

argmax {15(+ [2) > > fE 2" (W) = h(2"))

=€T z'eU 2" €U (hg4,x")

2'eU z"eU (hg—,z')

+P= 1) Y D)) - h(x”))}

RAR amounts to choosing € U such that, most reinforces’s ranking of the unlabeled
examples to the extent that examples tharedicts as positive remain ranked higher than
examples thak predicts as negative.

If implemented as stated above, the ERS, ESTAUC, and RARdt&srcould be slow
due to the need to repeatedly retrain the hypotheses. Treereavever, several techniques
that allow for speeding up the execution time of these hecsisvithout harming perfor-
mance. The first technique is to filter the set of candidatengkas that are under consider-
ation for labeling. This can be accomplished through randampling, or by using a faster

active learning heuristic to rank the examples in the urébpool and choosing the most
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promising ones as the candidates. Usually, a candidategb@few hundred is enough
to achieve good results. Using a classifier that is capabilecoémental and decremental
updates also reduces execution time as it removes the itgagsebuilding the classifier

each time a candidate point is evaluated. For example, lzotle Bayes and SVMs [9] are

capable of incremental and decremental updates.
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Chapter 5

Experimental Setup and Results

5.1 Experimental Setup

Experiments were carried out on 8 data sets from the UCI Machearning Reposi-
tory [12], and one data set derived from the United StatesaP&ervice (USPS) hand-
written digit recognition data set. The USPS data set ctmsisscanned handwritten
digits, where the attributes are the pixel values of the inagd the classification is the
digit represented. To make this data set binary, we usedex@ynples from the classes
‘3" and ‘8’ since these numbers are more likely to be confubaah others. Attributes for
each of the data sets are summarized in Table 5.1 includegtio of positive to negative
examples P/N). Since AUC was the metric used in evaluating performariteasa sets
are two-class.

In addition to the four algorithms of Chapter 4, tests wene with closest sampling
(Closest), Roy and McCallum'’s log loss Error-Reduction gkmg (ERS) method, and a
random active learner (Random). The heuristics were eteduasing naive Bayes and
the SVM Sequential Minimal Optimization (SMO) as the basaners. In addition, all

experiments were run with 15 and 100 examples in the ingiad¢led training set,. The



31

Table 5.1: Data set information including: the number ofregkes, the number of at-
tributes, the ratio of positive to negative labeled exampad the SMO parametersand
~. The variablen is the size of the labeled training skt

No. OoF No. OF SMO PARAMETERS
DATA SET ExampPLES ATTRIBUTES P/N | C ~
BREAST CANCER 286 9 0.42]| 10m 8.0 x 1019
CoLic 368 22 0.59| m 0.05
CREDIT A 690 15 0.80| 10m 1.0 x107°
CREDIT G 1000 20 2.33| 3m 1.0 x 107°
DIABETES 768 8 1.87| m 0.01
IONOSPHERE 351 34 1.77) m 0.5
KR vs. KP 3196 36 1.09( 10m 0.1
USPS 1416 256 1.00 10m 0.01
VOTE 435 16 1.21| 3m 0.0001

larger size forl, was used to see if the ESTAUC, RAR and ERS heuristics wouléfiien
from having better probability estimates.

The heuristics were implemented in Java within the Weka maclearning frame-
work [39]. We used the Weka implementations for both SMO aaiven Bayes in our
active learning experiments. The Gaussian RBF kernel wad with SMO and the&”
and~ parameters used on each data set can be found in Table 5.1WWaK#naive Bayes
classifier was modified for incremental and decremental tupglabut the standard non-
updateable implementation of SMO was used for the SVM resilh get get probability
estimates from SMO the SVM outpyitx) is applied to a parameterized sigmoid function
of the form:

1
P(?Ax) = 1+ exq—ayf($> + b) 7

wherea is a weight,y is the label for which we want a probability of membership for
examplez, and f(z) is the SVM output function as given in Equation 2.7 with the(sp
function removed. The parameterandb calibrate the probability estimates, and can be
trained through maximum likelihood estimation.

We usedk-fold cross validation in our tests. Ten folds were used dmfathe data
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sets except Breast Cancer, where seven folds were used the $mall size of the data

set. Our testing methodology is summarized in Algorithm 2or ESTAUC, RAR, and

Algorithm 2 : Testing methodology.
input: data setD
Initial labeled set sizen
Number of foldsk

Split D into k disjoint folds Fy, . . ., Fy

for : from 1to k£ do

ReserveF; as the test set

Fi=D\F,

repeat 10times

L Select an initial labeled séf, of sizem from P, uniformly at random

Unlabeled poolV = P, \ Ly
Run each heuristic oh, andU, and evaluate oi; after each query

R_eport the average result of all experiments

ERS, the set of instances under consideration for labelasgreduced t@00 candidates to
increase speed, however all instancels were used for estimating AUC (ESTAUC, RAR)
or entropy (ERS).

Learning curves were constructed to evaluate the behavithreoalgorithms. These
curves display the change in performance of the heurisidhey make queries. To con-
struct the curves we plotted the AUC achieved by each he&udstthe test set against the
size of L after each query was made. The AUC value plotted was the mearad tests
(10 for each fold). AUC was plotted on theaxis, and the size of the current labeled set
was on ther-axis. Selected learning curves are shown in the resultstrencurves for all
experiments can be found in Appendix A.

Pairedt tests [28] were performed to establish the significance attwiine heuristics
differ. Using a paired-test is valid because AUC approximates a normal distributiben
the sample (test set) has more than ten positive and teniveegaamples [22]. We com-
pared all heuristics pairwise at each query, and deterntlreechaximum confidence level

at which the difference between them was significant. We gséaffs at the 0.60, 0.70,
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0.80, 0.90, 0.95, 0.975, 0.99, and 0.995 confidence levaddfsidered the mean AUC of

all iterations in each fold a distinct item in the sample gagian. Itis not feasible to report
the pairedt results for all experiments, but they will be mentioned vehappropriate.
Overall significance is established between two heurigtycsaking the median con-
fidence level at which they differ across all queries. We bgenhedian because it is in-
sensitive to outliers, and because it requires that a heubs significantly better on at
least half of the queries for it to be considered signifigah#tter overall. To demonstrate
how this is done consider the pairedesults for hypothetical heuristic$, B, andC' in
Figure 5.1. The three algorithms are compared pairwise foxeeguery iterations. In each
row the algorithms being compared are listed in the first telumns. The subsequent
values indicate the level of significance at which the tworlstigs differ at each iteration.
A positive value indicates that the heuristic in the firsturoh is significantly better, and
a negative value the heuristic in the second column. ThexefeeuristioC' is significantly
better than heuristi& on iteration23 at the0.60 confidence level. We sort each row in
ascending order as shown in Figure 5.2. The middle valuenfsho bold) is the median.
From these results we say that heuristics significantly better than botB andC, while

there is no significant difference betweBrandC'.

Query lteration | 20 21 22 23 24
A B 0.70 | 0.70 | 0.80 | 0.90 | 0.80
A C 0.60 | 0.70 | 0.70 | 0.70 | 0.80
B C 0.60 | 0.00 | 0.00 | -0.60 | -0.70

Figure 5.1: Example pairetisignificance results for heuristies B, andC over five query
iterations.

Because we have done a broad analysis of active learningstiesito include using two
base learners and two initial labeled set sizes, there amgea humber of results to report.

Results are generally displayed using learning curvesytibtso many it is difficult to get
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A B 0.70 1 0.70 | 0.80 | 0.80 | 0.20
A C 060 [ 070]0.70 | 0.70 | 0.80
B C -0.70| -0.60 | 0.00 | 0.00 | 0.60

Figure 5.2: Example sorted pairedsignificance results for heuristics, B, andC. The
median is displayed in bold type.

a handle on the big picture. To aid in this endeavor we alsocemsle of three summary

statistics.

5.1.1 Ranked Performance

The first statistic we use is what we call thenked performancef the heuristics. With
this statistic we establish a ranking over heuristics onta dat taking the pairetitests
into account. We rank each heuristic according to how manyefother heuristics it is
significantly better than. With heuristics the best heuristic will receive a rank @nd the
worst a rank ofn. Therefore, if heuristicA performs significantly worse than heurisfic
but is significantly better than all others, it gets a rank.dt is also possible for a heuristic
to have a rankangerather than a single value. This occurs when the differeeteden it
and another heuristic is not significant. As an example,ufiséic C is significantly worse
than two of the heuristics, and it has no significant diffeeewith two others then it will
receive a rank of 3-5. In general, a heuristican be considered significantly better than
a heuristicB if there is no way forB to be ranked higher thad within the established
ranking scheme.

The rank performance statistic is also summarized acrdsd #ie data sets by dis-
playing the mean rank and number of wins for each heuristical§orithm’s mean rank is
simply the mean of its lower and upper ranks across all d&sa 8avin is awarded on each

data set for the heuristic that receives a rank of 1. In the wdxere multiple heuristics have
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a 1 in their rank range (i.e. there is no significant diffeeebetween them), then partial
credit is assigned to each weighted by the width of their ramige. Let) = ¢, ..., ¢, be
the set of heuristics that have a 1 in their rank range,sdnd be the width of the rank

range for heuristig;. The win credit earne®’(¢;) for heuristicg; is:

1/(r(a:) —1)
> 1/ (r(g) = 1)

W(C]z) =

For example consider two heuristiesand B that have rank ranges of 1-2 and 1-3, re-
spectively. Hence, we havé A) = 2 andr(B) = 3. The win credit earned by heuristic
is

B 1/(2—1) B
W) = 1/2-1)+1/(3-1) =067,

and the win credit earned by heurisficis

1/3-1)
B =Ty rye-n -0

5.1.2 Data Utilization

One of the primary aims of active learning is to reduce thewarhof training data needed
to induce an accurate model. To measure this we use anothenaty statistic calledata
utilization. We define theéarget AUCas the mean AUC achieved by Random for the final
20% of the queries. We then report the minimum number of exasnpeeded by each
algorithm to achieve the target AUC. We also report the dateation ratio, which is
the number of examples needed by each heuristic to reaclrtpet tAUC divided by the
number needed by Random. In the event that a heuristic daesauh the target AUC we
simply report that the minimum number of examples needededatgr than the size df
after the last query round. This measure reflects how effigi@nheuristic uses the data,

but may not reflect large changes in performance in the laterygrounds. To summarize
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over all data sets we also report the median data utilizatto and number of wins for

each heuristic. This metric is similar to one used by Medvdt al. [27] and Abe et al. [1].

5.1.3 Area Under the Learning Curve

Our last summary statistic is the angader the learning curve above Randostich is the
difference between the area under the learning curve fouagtie and that of Random. A
negative value for this statistic indicates that the héigre average performed worse than
Random. The area under the learning curve for a heuristialtailated as the sum of the
AUC achieved by a heuristic over all query rounds. It is manes#tive to the overall per-
formance of the heuristics throughout the learning protiess the previous two statistics.
To summarise across all data sets we also report the meaatarea Random achieved by

a heuiristic as well as the number of wins.

5.2 Results

5.2.1 SMO when Starting with 15 Labeled Examples

The learning curves for the active learning heuristics wiing SMO as the base learner
and starting with 15 examples in the initial labeled 5gtare shown in Figures A.1, A.2,
and A.3 of Appendix A. Overall, Closest does very well as gsfprmance is close to
the best on most of the data sets, and does better than alt @théiabetes and KR vs.
KP. Figure 5.3 shows the learning curves for the KR vs. KP data Here Closest is
significantly better than its nearest competitor ERS at tBecOnfidence level between 53
and 108 labeled points.

The performance of RASP is generally similar to Closest, iarttie best of the four

algorithms introduced in this thesis on these experimeiitsis makes sense since both
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Figure 5.3: Learning curves for the KR vs. KP data set usingddSh4 the classifier and
starting with 15 initial labeled points.

heuristics focus on examples that the current classifienéemain about. Although RASP
is competitive with Closest, it does not dominate on any efdhata sets.

ESTAUC and ERS are also very similar to each other on mosteofeirning curves.
Again, this is probably due to the similarity in their appcbas. Neither seems to have a
clear advantage over the other as ESTAUC performs betterran data sets (e.g. lonosphere),
and ERS is better on others (e.g. Breast Cancer). Figurehbvssthe USPS learning
curves on which both heuristics do well. They both have aisoggmt advantage over
RASP between 33 and 112 labeled points (ESTAYQ).8 and ERS> 0.7 confidence
levels). However, there is no significant difference betwESTAUC and ERS between 28
and 145 labeled points.

RANC does not do very well on most of the data sets due to thetiat SVMs do a

good job of separating the training set into the positive aeglative classes. This means
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Figure 5.4: Learning curves for the USPS data set using SMBeadassifier and starting
with 15 initial labeled points.

that the lowest positive labeled example will likely be radKairly high. Therefore, RANC
focuses on unlabeled examples for which the classifiernly feonfident in a positive label.
As a result its performance is generally worse than Randone é&xception to this is the
Breast Cancer data set, on which RANC does fairly well. Thiprobably due to the
difficulty of the problem since no heuristic achieves an AU@hler than 0.72. It is likely
that the Breast Cancer data is fairly noisy, which causesltssifier to be less confident
on the labeled set, and benefits RANC.

The RAR heuristic likewise does worse than Random for thet pad. This is due to
the fact that it favors examples that change the currenttingses as little as possible. This
results in a behavior that is similar to relevance samplihgne the heuristic focuses on
examples for which it is already confident in its prediction.

Table 5.2 shows the ranked performance of the heuristidseexperiments with SMO
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and an initial labeled set with 15 examples. The table supplbe conclusions made from
the learning curves as Closest out performs the other hiestis/ith RASP following close
behind. In fact, there is only a difference of 0.1 betweennttean rank of these two. The
wins tell a different story, however. Closest receives attwice the win credit as RASP
since Closest has two uncontested wins and RASP does noahgve

There are mixed results for ERS and ESTAUC since ERS has a loe@n rank range,
but ESTAUC has more win credit. This means that overall ERBg&lightly better than
ESTAUC, but when ESTAUC does well it is more significant tharew ERS is at the top.
It is also worth noting that Random does not do much worse ttiese two heuristics.
Table 5.2: Ranked performance of the active learning hiesien the initial experiments

using SMO when starting with 15 labeled points. The mean range and total win credit
summarize across all data sets.

DATA SET CLOSEST ERS ESTAUC RANC RAR RASP RNDOM
B. CANCER 3-5 1 5-6 2-4 2-3 4-6 7
Cotic 1-4 3-5 2-5 7 6 1-2 2-5
CREDITA 4— 1-3 2-5 6 7 1-4 1-4
CREDITG 1-2 3-5 5-6 3-6 7 1-3 2-5
DIABETES 1 3-6 5-6 3-5 7 2 3-5
IONOSPHERE 2-5 4-5 1-2 7 6 3-5 1-4
KR vs. KP 1 2 3-4 6-7 6-7 3-4 5
USPS 4-5 2 1 7 6 3 4-5
VOTE 1- 4-6 3 5-6 7 1-2 4-5
MEAN 2.0-3.3 2.6-3.9 3.0-4.2 5.1-6.1 6.0-6.2 2.1-3.4 3.2-5.0
WINS 3.42 1.43 1.75 0.00 0.00 1.87 0.5

Table 5.3 shows the data utilization of the heuristics. Agéllosest is shown to be
superior by achieving the target AUC before any other h&aren four of the data sets.
Interestingly, this metric shows more of a disparity betw€osest and RASP since RASP
collects only one win on the experiments. Upon closer ingpecthough, the data utiliza-
tion ratio for the two heuristics is often close. Closest@iout performs RASP by a small
margin on most of the data sets. ERS and ESTAUC are again etlebath garnering two
wins, and finally, RANC and RAR remain at the bottom of the pack

Table 5.4 shows the area under the learning curve above Ra(RldLC) for this first

set of experiments. Closest has a greater AULC than the ataistics on three of the
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Table 5.3: Data utilization for the active learning heucison the initial experiments using
SMO when starting with 15 labeled points. The data utilmatiatio (DUR) appears in
parentheses below the minimum number of training examp@eded to achieve the target
AUC. Winners for each data set are displayed in boldface.nédian DUR and total wins
summarize across all data sets.

TARGET
DATA SET CLOSEST ERS ESTAUC RANC RAR RASP RND. AUC
B. CANCER 80 41 93 54 54 73 108 0.69
(0.74) (0.38) (0.86) (0.5) (0.5) (0.67) (1.00)
CoLic 113 162 121 >165 >165 94 133 0.84
(0.85) (1.22) (0.91) $1.24) (1.24) (0.71) (1.00)
CREDITA >165 145 >165 >165 >165 >165 150 0.91
(>1.10) (0.97) (>1.10) 1.10) (¢1.10) (1.10) (1.00)
CREDITG 119 164 >165 160 >165 125 152 0.72
(0.78) (1.08) >1.09) (1.05) £1.09) (0.82) (1.00)
DIABETES 89 148 >165 133 >165 113 147 0.81
(0.612) (1.01) 1.12) (0.90) £1.12) (0.77) (1.00)
IONOSPHERE 126 >165 77 >165 >165 124 143 0.97
(0.88) (>1.15) (0.54) (>1.15) (¢1.15) (0.87) (1.00)
KR vs. KP 85 96 106 >165 >165 109 151 0.97
(0.56) (0.64) (0.70) £1.09) (>1.09) (0.72) (1.00)
USPS 78 55 53 >165 >165 80 118 0.99
(0.66) (0.47) (0.44) (>1.40) (¢1.40) (0.68) (1.00)
VOTE 55 131 84 >165 >165 57 150 0.99
(0.37) (0.87) (0.56) £1.10) (1.10) (0.38) (1.00)
MEDIAN DUR 0.74 0.97 0.86 >1.10 >1.10 0.72 1.00
WINS 4 2 2 0 0 1 0

data sets and has the highest average area. RASP is closd bethi the largest AULC on
two data sets and a mean area that is fairly close to that seStoERS and ESTAUC are
also close to one another with ERS having the greater mearCAbltt ESTAUC obtaining
more wins. Finally, the mean areas of RAR and RANC are signifly lower than those

of the other heuristics. In fact, they are both significamttyse than Random on average.
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Table 5.4: Area under the learning curve above Random fadtiee learning heuristics on
the initial experiments using SMO when starting with 15 ledgpoints. Winners for each
data set are displayed in boldface. The mean area above Rarbtotal wins summarize
across all data sets.

DATA SET CLosesT ERS ESTAUC RANC RAR RASP RNDOM
B. CANCER 2.07 421 1.28 2.65 2.95 1.51 0.00
CoLic 0.39 -0.54 -0.33 -7.07 -5.81 0.74 0.00
CREDITA -0.44 -0.35 -0.45 -2.00 -5.70 -0.08 0.00
CREDITG 1.03 -0.38 -1.33 -0.58 -3.35 0.88 0.00
DIABETES 1.90 -0.40 -1.05 0.19 -5.78 1.10 0.00
IONOSPHERE -1.11 -2.20 0.48 -17.40 -3.72 -0.67 0.00
KR vs. KP 2.66 1.93 1.14 -18.67 -16.09 1.17 0.00
USPS 0.10 0.62 0.85 -8.11 -4.90 0.39 0.00
VOTE 1.10 -0.44 0.34 -0.35 -1.04 1.15 0.00
MEAN 0.856 0.272 0.103 -5.693 -4.827 0.688 0

WINS 3 1 2 0 0 2 1
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5.2.2 Nave Bayes when Starting with 15 Labeled Examples

The learning curves for active learning using naive Baylkemstarting with 15 examples
in the initial labeled set can be found in Figures A.1, A.Z] @13 of Appendix A. With
these experiments we again see Closest performing bestiethle other heuristics in gen-
eral. Figure 5.5 shows the general trend with Closest on lagety followed by RASP.
Here Closest is significantly better than RASP between 18dndbeled point at the 0.7
confidence level or greater. Closest also receives top naatarding to the rank perfor-
mance metric in Table 5.5. The mean rank is even lower tha@astfar SMO, but this is
due to a decrease in performance of the ERS and ESTAUC hiesyrigbt an increase in
Closest’s performance. The data utilization statisticabl€ 5.6 gives Closest the greatest
number of wins at four, and it is able to achieve the target AU less than half of the
labeled points required by Random for most of the data setsfoAthe area under the
learning curve in Table 5.7, Closest has the largest area@wofithe data sets.

RASP is again competitive with Closest when using naiveeBas the classifier. It
generally does as well or slightly worse than Closest, aras$ detter on the Credit G data
set. However, the gap is slightly more substantial betwkese heuristics according to the
summary statistics.

Table 5.5: Ranked performance of the active learning hgesisn the initial experiments

using naive Bayes when starting with 15 labeled points.niban rank range and total win
credit summarize across all data sets.

DATA SET CLOSEST ERS ESTAUC RANC RAR RASP RNDOM
B. CANCER 1-6 1-6 1-6 1-6 7 2-6 1-5
CoLic 1-3 6 5 1-3 7 1-3 4
CREDITA 1-2 5 6 4 7 1-2 3
CREDITG 3-4 3-5 6-7 4-5 6-7 1-2 1-2
DIABETES 1-2 4-6 4-6 4-6 7 3 1-2
IONOSPHERE 1-2 3 5-6 4-6 7 1-2 4-5
KR vs. KP 1 5-7 5-7 3 5-7 2 4
USPS 1 5 4 3 6 2 7
VOTE 1-2 7 4 3 5 1-2 6
MEAN 1.2-2.6 4.3-5.7 4.4-5.7 3.0-4.3 6.3-6.7 1.6-2.7 3.4-4.2

WINS 4.47 0.14 0.14 0.47 0.00 2.61 1.17
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Figure 5.5: Learning curves for the Vote data set usingen8ayes as the classifier and
starting with 15 initial labeled points.

One interesting phenomenon is that Random does relativelywith the naive Bayes
classifier on some data sets. It is at or near the top on thesB@amncer, Credit G and
Diabetes data sets. See Figure 5.6 for an example. This éxtedl in the rank perfor-
mance table as Random receives more win credit than anylutheistic except RASP and
Closest. Its mean rank is lower than RANC, however, so ittop@ance varies.

The performance of RANC is very different when using naiag&s. Although it does
not out perform Closest or RASP overall, it does significab#tter than when SMO was
used as the classifier. See Figure 5.5 for a good idea of thergeimend for RANC’s
performance. This is due to the fact that naive Bayes doedirextly fit the labeled set,
but rather builds a generative model that explains the ddts. makes it more likely for a
naive Bayes classifier to predict a negative label for aitngi set example that is actually

positive. This benefits RANC since examples selected wilinbilne area of uncertainty.
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Figure 5.6: Learning curves for the Credit G data set usiiigeBayes as the classifier and
starting with 15 initial labeled points.

The rank performance metric gives RANC the third best meak oaerall, but it is fourth
in terms of win credit. It does not do as well on the data witiiazn, and only achieves
the target AUC on four of the nine data sets due to the stresigtandom. RANC does
slightly better than Random overall to get the third besaaneder the learning curve.
The performance of the ERS and ESTAUC heuristics is alsogdifrom the SMO
results. Both heuristics do much worse. In fact, they are evg performed by Random in
most cases. To explain this behavior we need only to lookeagjtiality of the naive Bayes
probability estimates. It is well known that the violated@pendence assumption causes
the naive Bayes classifier to produce probability estishiat are highly polarized [30,41].
This means that probabilities of class membership provigethe classifier will almost
always be very close to 0 or 1. Since ERS and ESTAUC requird goabability estimates

to determine the expected utility of a candidate exampésy; doth suffer when naive Bayes
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Table 5.6: Data utilization for the active learning heucison the initial experiments using
naive Bayes when starting with 15 labeled points. The didtaation ratio (DUR) appears

in parentheses below the minimum number of training exampkeded to achieve the
target AUC. Winners for each data set are displayed in bokdfa’he median DUR and

total wins summarize across all data sets.

TARGET
DATA SET CLOSEST ERS ESTAUC RANC RAR RASP RND. AUC
B. CANCER >165 >165 >165 >165 >165 >165 120 0.70
(>1.38) (>1.38) (>1.38) >1.38) (=>1.38) (>1.38) (1.00)
CoLic 29 >165 >165 30 >165 35 57 0.85
(0.51) (>2.89) (>2.89) (0.53) £2.89) (0.61) (1.00)
CREDITA 71 >165 >165 >165 >165 70 150 0.92
(0.47) >1.10) 1.10) 1.10) (1.10) (0.47) (1.00)
CREDITG >165 >165 >165 >165 >165 160 149 0.76
(>1.11) >1.11) >1.11) ¢c1.11) ¢1.11) (1.07) (1.00)
DIABETES >165 >165 >165 >165 >165 >165 140 0.83
(>1.18) (>1.18) (1.18) 1.18) (>1.18) (>1.18) (1.00)
IONOSPHERE 55 99 >165 >165 >165 44 146 0.97
(0.38) (0.67) £1.13) 1.13) (1.13) (0.30) (1.00)
KR vs. KP 55 >165 >165 78 >165 58 148 0.92
(0.37) (>1.11) >1.11) (0.53) £1.11) (0.39) (1.00)
USPS 17 21 17 18 42 18 147 0.98
(0.12) (0.14) (0.12) (0.12) (0.29) (0.12) (1.00)
VOTE 18 >165 19 19 64 19 141 0.98
(0.13) (>1.18) (0.13) (0.13) (0.45) (0.13) (1.00)
MEDIAN DUR 0.47 >1.11 >1.11 >1.10 >1.11 0.47 1.00
WINS 4 0 1 0 0 2 3

is used as the base learner.

The RAR heuristic likewise does poorly on these experimemtd is the worst overall.

It is hurt both by its tendency to pick redundant examplesldbeling and the flawed

probability estimates from the classifier.

We tried a couple of techniques to improve the probabilitynestes produced by the

naive Bayes classifier, but did not see any marked impromemethe performance of

the heuristics. The first technique, used by Roy and McCalRB8h was to use bagging

to create a committee of. classifiers. The posterior probability estimate was then an

unweighted average of the estimates of theclassifiers. Roy and McCallum obtained

good results using this method on a automatic documentftas®on task, but we did not

see similar benefits on our data sets. The second approdacivehaied was a binning

technique proposed by Zadrozny and Elkan [41]. With thisimégue the training set is
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Table 5.7: Area under the learning curve above Random foatkiee learning heuristics
on the initial experiments using naive Bayes when stautirig 15 labeled points. Winners
for each data set are displayed in boldface. The mean area &sndom and total wins
summarize across all data sets.

DATA SET CLOSEST ERS ESTAUC RANC RAR RASP RNDOM
B. CANCER -0.96 -0.94 -0.27 -0.58 -4.37 -0.83 0.00
CoLic 3.12 -2.58 -1.61 2.86 -3.28 2.65 0.00
CREDITA 0.71 -1.63 -2.09 -0.51 -4.67 0.52 0.00
CREDITG -2.40 -3.46 -8.24 -3.94 -6.85 -0.46 0.00
DIABETES -0.56 -1.81 -2.07 -3.56 -4.30 -1.11 0.00
IONOSPHERE 1.09 0.26 -0.68 -0.31 -1.44  1.27 0.00
KR vs. KP 8.59 -23.18 -23.53 3.46 -23.41 7.33 0.00
USPS 2.68 1.17 1.89 2.32 0.87 2.49 0.00
VOTE 2.45 -0.54 1.36 2.04 0.36 2.34 0.00
MEAN 1.636 -3.634 -3.916 0.198 -5.232 1.589 0.000
WINS 5 0 0 0 0 1 3

sorted according probability scores provided by the nBiwges classifier. The sorted set is
divided intob subsets of equal size called bins. For each bin the lower pperiboundary
scores are computed, which are used to assign new test eeqtopthe appropriate bin.
The probability of class membership for clasg a bin is calculated as the fraction of
training examples in that bin which belong to clas§Vhile this is an interesting approach,

we found that it does not work well with the small trainingssased in active learning.
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5.2.3 SMO when Starting with 100 Labeled Examples

For the next batch of experiments we again used SMO as thddmser, but started with
100 examples in the initial labeled training det A side effect of starting with a large
training set is that on some of the data sets the initial dflasperforms close to optimal
and there is little room for improvement. Consequentlyrehs little difference between
the active learning heuristics in some cases. This is evmtethe Credit A and lonosphere
data sets.

The overall trend is the same as for the experiments ligh= 15, though the differ-
ences between heuristics are smaller due to the fact thatiglkess room for improvement.
Closest does the best overall; performing at or near the nogirost all of the data sets.
RASP is again competitive doing only slightly worse than<gst. ESTAUC and ERS
are competitive with each other though significantly worsntClosest and RASP. Then
RANC, RAR and Random bring up the rear. Figure 5.7 shows thrmileg curves for the
Credit G data set which is representative of the generabpeegnce of the heuristics for
these experiments. The rank performance, data utilizaiod area under the learning
curve metrics can be found in Tables 5.8, 5.9, and 5.10 ré&sphc
Table 5.8: Ranked performance of the active learning hesisn the initial experiments

using SMO when starting with 100 labeled points. The meak range and total win
credit summarize across all data sets.

DATA SET CLOSEST ERS ESTAUC RANC RAR RASP RNDOM
B. CANCER 2-7 3-6 2-7 1-4 1-2 4-6 3-7
CoLic 1-6 1-5 1-5 1-6 7 1-6 3-6
CREDITA 3-6 1-3 4-7 5-7 4-7 1-3 1-4
CREDITG 1-3 2-6 3-6 3-6 7 1-2 3-6
DIABETES 1-5 1-5 5-6 1-6 7 1-5 1-5
IONOSPHERE 1-3 4-7 1-3 4-5 5-7 1-3 5-7
KR vs. KP 2-3 2-3 7 6 4 5
USPS 1-4 -4 1-4 7 6 1-4 5
VOTE 1-2 3- 5 2-4 6-7 1-3 6-7
MEAN 1.3-4.1 2.0-4.8 2.7-5.1 3.4-5.8 5.4-6.2 1.7-4.0 3.6-5.8
WINS 2.97 1.06 0.81 0.60 0.75 2.35 0.46
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Figure 5.7: Learning curves for the Credit G data set usifigenBayes as the classifier and
starting with 100 initial labeled points.
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Table 5.9: Data utilization for the active learning heucsbn the initial experiments using
SMO when starting with 100 labeled points. The data utilaratatio (DUR) appears in
parentheses below the minimum number of training exampeded to achieve the target
AUC. Winners for each data set are displayed in boldface.nédian DUR and total wins
summarize across all data sets.

TARGET
DATA SET CLOSEST ERS ESTAUC RANC RAR RASP  RnD. AUC
B. CANCER 136 153 147 126 132 177 173 0.72
(0.79) (0.88) (0.85) (0.73) (0.76) (1.02) (1.00)
CoLic 154 149 147 135 >200 144 170 0.87
(0.91) (0.88) (0.86) (0.79) (>1.18) (0.84) (1.00)
CREDITA >200 177 >200 >200 >200 170 176 0.91
(>1.14) (1.01) t1.14) >1.14) (1.14) (0.97) (1.00)
CREDITG 148 166 172 176 >200 153 190 0.72
(0.78) (0.87) (0.91) (0.93) $1.05) (0.81) (1.00)
DIABETES 177 >200 >200 178 >200 196 171 0.82
(1.04) c1.17) c1.17) (1.04) &1.17) (1.15) (1.00)
IONOSPHERE 119 160 111 166 >200 127 189 0.97
(0.63) (0.85) (0.59) (0.88) (>1.06) (0.67) (1.00)
KR vs. KP 126 133 132 >200 >200 145 191 0.98
(0.66) (0.70) (0.69) £1.05) (1.05) (0.76) (1.00)
USPS 105 105 102 >200 166 112 127 0.99
(0.83) (0.83) (0.80) (>1.57) (1.31) (0.88) (1.00)
VOTE 111 113 113 110 143 113 141 0.99
(0.79) (0.80) (0.80) (0.78) (1.01) (0.80) (1.00)
MEDIAN DUR 0.79 0.87 0.85 0.93 >1.05 0.84 1.00
WINS 3 0 2 2 0 1 1

Table 5.10: Area under the learning curve above Random &athive learning heuristics
on the initial experiments using SMO when starting with 180dled points. Winners for
each data set are displayed in boldface. The mean area alaov®iR and total wins
summarize across all data sets.

DATA SET CLosesTt ERS ESTAUC RANC RAR RASP RNDOM
B. CANCER 0.28 0.21 0.23 0.55 0.62 -0.19 0.00
Cotic 0.21 0.24 0.25 0.11 -0.70 0.14 0.00
CREDITA -0.12 0.05 -0.15 -0.25 -0.20 0.02 0.00
CREDITG 0.61 0.34 0.08 0.04 -1.03 0.67 0.00
DIABETES -0.01 -0.03 -0.38 -0.12 -0.97 -0.01 0.00
IONOSPHERE 0.44 0.06 0.38 0.18 -0.09 0.35 0.00
KR vs. KP 1.03 0.86 0.91 -2.32 -0.61 0.55 0.00
USPS 0.17 0.19 0.18 -1.34 -0.04 0.19 0.00
VOTE 0.49 0.32 0.19 0.36 0.06 0.41 0.00
MEAN 0.344 0.249 0.188 -0.31 -0.329 0.237 0

WINS 3 2 1 0 1 2 1
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5.2.4 Ndve Bayes when Starting with 100 Labeled Examples

The results for the experiments run with naive Bayes usmgitial labeled set of size 100
show the same trends as when starting with 15 examples. Wéfietexperiments, however,
Closest dominates all of the heuristics, including RASRat, it is out performed on only
two of the data sets (Breast Cancer and Diabetes). This caedefrom the summary
statistics in Tables 5.11, 5.12, and 5.13. Closest achi@sesany or more wins on the
rank performance and data utilization metrics than all ef ether heuristics combined.
In addition, it has the highest area under the learning carvall of the data sets except
the two previously mentioned. Figure 5.8 shows the learcuyes for the Colic data
set on which Closest does particularly well. Closest isificantly better than all of the
other heuristics from 120 labeled examples on at the 0.7 @emée level or greater. The
remainder of the heuristics follow the same trend as Wifh= 15. RASP comes in a solid
second on all metrics. RANC is third, and Random, ERS, ESTAJ&RAR are found at
the bottom.

Table 5.11: Ranked performance of the active learning bcsiusing naive Bayes when

starting with 100 labeled points. The mean rank range aral van credit summarize
across all data sets.

DATA SET CLOSEST ERS ESTAUC RANC RAR RASP RNDOM
B. CANCER 3-7 4-6 1-2 3-7 1-2 3-7 3-7
ColLic 1 7 5-6 2-3 5-6 2-3 4
CREDITA 1 5 7 3-4 6 2 3-4
CREDITG 1-3 5-7 4-7 4-6 4-7 1-3 1-3
DIABETES 4-6 3-6 4-6 7 3-4 1-2 1-2
IONOSPHERE 1-3 4 1-3 5-6 1-3 5-6
KR vs. KP 1 6-7 6-7 3 5 2 4
USPS 1 6 3 4-5 4-5 2 7
VOTE 1 7 3-4 3-4 5 2 6
MEAN 1.6-2.7 5.2-6.1 4.2-5.4 3.3-4.7 4.2-5.1 1.8-2.9 3.8-4.8
WINS 5.67 0.00 0.50 0.33 0.50 1.17 0.83

There are a several conclusions that can be made from thaeisedts of experiments.
First, Closest and RASP perform the best of all the heusiggsted. They do well con-

sistently on almost all of the data sets, and rarely perfagmificantly worse than any of



51

0.78 7 T T T T T

0.76 4

0.74 - b

AUC

0.72

Closest

ESTAUC -+
RANC

RASP snininm

0.68 L 1 1 1 1 1
100 120 140 160 180 200

Number of Labeled Examples

Figure 5.8: Learning curves for the Colic data set usingen&ayes as the classifier and
starting with 100 initial labeled points.

the other heuristics. Also, when a naive Bayes classifig@haaccurate hypothesis, Clos-
est provides the best results for continued improvementoi8 the ERS and ESTAUC
heuristics are hampered by poor probability estimatesh Beuristics perform substan-
tially better when using SMO as the base learner than wheig usiive Bayes. We attribute
this to the higher quality probability estimates providgd3MO. Another thing to note is
due to their computational complexity, the ERS, ESTAUC, BAR heuristics consider as
candidates for labeling a relatively small random subsét other than all olU. If they
were able to instead evaluate alllof their performance might improve.

The discussion thus far has focused on the performance atthwe learning heuristics,
but an additional contribution of this thesis is to compaeeggerformance of SMO to naive
Bayes in the active learning task. To facilitate this, therténg curves for the two base

learners appear side by side with the same y-axis scale iei#gp A. We use the highest
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Table 5.12: Data utilization for the active learning heticsusing naive Bayes when start-
ing with 100 labeled points. The data utilization ratio (D) Hppears in parentheses below
the minimum number of training examples needed to achiex¢ettyet AUC. Winners for
each data set are displayed in boldface. The median DUR #&ddvims summarize across
all data sets.

TARGET
DATA SET CLOSEST ERS ESTAUC RANC RAR RASP  RND. AUC
B. CANCER 111 108 113 >200 109 114 105 0.71
(1.06) (2.03) (1.08) (>1.90) (1.04) (1.09) (1.00)
ColLic 100 100 100 100 100 100 100 0.85
(1.00) (1.00) (1.00) (1.00) (1.00) (1.00) (1.00)
CREDITA 108 >200 >200 195 >200 111 170 0.92
(0.64) (>1.18) (1.18) (1.15) £1.18) (0.65) (1.00)
CREDITG 174 >200 >200 >200 >200 183 191 0.76
(0.91) (>1.05) (>1.05) (>1.05) (1.05) (0.96) (1.00)
DIABETES >200 >200 >200 >200 >200 167 140 0.84
(>1.43) 1.43) 1.43) >1.43) (¢1.43) (1.19) (1.00)
IONOSPHERE 125 152 >200 126 >200 120 179 0.97
(0.70) (0.85) £1.12) (0.70) ©1.12) (0.67) (1.00)
KR vs. KP 114 >200 >200 133 >200 116 191 0.92
(0.60) (>1.05) (>1.05) (0.69) t£1.05) (0.61) (1.00)
USPS 101 102 102 102 102 102 146 0.98
(0.69) (0.70) (0.70) (0.70) (0.70) (0.70) (1.00)
VOTE 104 >200 103 112 106 106 157 0.97
(0.66) 1.27) (0.66) (0.71) (0.68) (0.68) (1.00)
MEDIAN DUR 0.70 >1.05 >1.05 1.00 >1.05 0.70 1.00
WINS 4 1 1 0 0 1 1

AUC achieved by any heuristic as the basis for comparing ldesiiers.

In the experiments with an initial labeled set of size 15yvad@ayes shows a distinct
advantage. The AUC achieved by naive Bayes before the fiesyqound (trained only on
Lg) is higher than that of the SMO classifier on all of the data.gdbwever, SMO catches
up quickly most of the time, and on the tests witly| = 100, SMO starts off with a higher
AUC more often than naive Bayes. There is a tendency for eladsifier to do better on
certain data sets. For instance, naive Bayes always dttes be Credit A, Credit G, and
Diabetes, while SMO does better on Breast Cancer, KR vs. iKdPVate. Despite this,
the general trend suggests that naive Bayes does betteswiller data sets, while SMO
generally catches up and often surpasses naive Bayeslmntabeled set is sufficiently
large. Naive Bayes should be preferred on problems whertatieled set remains small

after active learning is complete, and SMO should be used\kheill be reasonably large
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Table 5.13: Area under the learning curve above Random éoactkive learning heuristics
using naive Bayes when starting with 100 labeled pointsnrifis for each data set are
displayed in boldface. The mean area above Random and tmsiseemmarize across all
data sets.

DATA SET CLOSEST ERS ESTAUC RANC RAR RASP RNDOM
B. CANCER -0.18 -0.11 0.54 -0.21 0.64 -0.12 0.00
CoLic 1.08 -0.65 -0.37 0.45 -0.33 0.52 0.00
CREDITA 0.73 -0.39 -0.92 -0.08 -0.62 0.45 0.00
CREDITG 0.20 -1.35 -0.99 -0.66 -1.01 0.01 0.00
DIABETES -0.74 -0.43 -0.78 -1.21 -0.42 -0.08 0.00
IONOSPHERE 0.37 0.08 -0.20 0.28 -0.12 0.34 0.00
KR vs. KP 4.70 -9.26 -9.29 1.42 -4.72 3.90 0.00
USPS 1.34 0.72 0.94 0.81 0.79 1.12 0.00
VOTE 0.85 -0.08 0.55 0.61 0.38 0.69 0.00
MEAN 0.928 -1.274 -1.169 0.157 -0.601 0.759 0.000
WINS 7 0 0 0 1 0 1

at the time one wants to use the classifier.
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5.2.5 Synthetic Data

Given how ERS, ESTAUC, and RAR are defined with respect togrihiy estimates, we
wanted to see how well they would do if given perfect proligbédstimates. To do this we
developed two synthetic datasets. The synthetic data wasadt from two overlapping ten-
dimensional Gaussian distribution&%, (xy, 0%I10) andN_(u_, 0%I4,), wheres? = 12.5
and/y is thel0 x 10 identity matrix. For the first dataseBéussian 0,3 p. = (0,...,0)
andu_ = (5,...,5), and for the second datas&gussian 0,10 . = (0,...,0) and

u— = (10,...,10). The classification of each example generated\Qyis positive and
that of those generated by_ is negative. We then ran ESTAUC and RAR with the true
Gaussian pdf# in place of the estimate8. We also ran ERS with the true pdf in place of
the firstP(y’ | 2’) term of Equation 3.2.

Without exception ESTAUC and RAR dominate the other heiggstn the synthetic
data when using either base learner, and with either iddlaled set size. Figures 5.9
and 5.10 show the performance of the active learning hegiir two representative ex-
periments. The gap between ESTAUC and RAR and the othergtiesrin both plots is
significant at the 0.9 confidence level or greater from 16 tdab®led points and 0.8 or
better over the entire plot. Interestingly, ERS did not gaisimilar benefit from having
perfect probability estimates. The summary statisticiHese experiments can be found
in Tables 5.14-5.25.

These results clearly demonstrate the potential of thesehwuristics if given good
probability estimates. Unfortunately, that is easier shah done. Any probability model
that we might generate will necessarily be based on theddbiehining data. In active
learning this is generally a relatively small set of dataviobsly, it is difficult to generate

high quality probability estimates from such a small tragset.
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Figure 5.9: Learning curves for the Gaussian 0,10 data s&j ngive Bayes as the classi-
fier and starting with 15 initial labeled points.

Table 5.14: Ranked performance of the active learning Bgcsion synthetic data using
SMO when starting with 15 labeled points. The mean rank raargetotal win credit
summarize across all data sets.

DATA SET CLOSEST ERS ESTAUC RANC RAR RASP RNDOM
GAUSSIANO,5 7 3 2 6 1 4-5 4-5
GAUSSIANO,10 6-7 3-5 1 6-7 2 3-5 3-5
MEAN 6.5-7.0 3.0-4.0 1.5 6.0-6.5 1.5 3.5-5.0 3.5-5.0

WINS 0.0 0.0 1.0 0.0 1.0 0.0 0.0
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Figure 5.10: Learning curves for the Gaussian 0,5 data s&j @O as the classifier and

starting with 100 initial labeled points.

Table 5.15: Data utilization for the active learning heticson synthetic data using SMO
when starting with 15 labeled points. The data utilizatiatiar (DUR) appears in paren-
theses below the minimum number of training examples needachieve the target AUC.
Winners for each data set are displayed in boldface. TheanddiJR and total wins sum-

marize across all data sets.

TARGET
DATA SET CLOSEST ERS ESTAUC RANC RAR RASP  RND. AUC
GAUSSIANO,5 >165 66 20 >165 19 142 105 0.75
(>1.57) (0.63) (0.19) ¥$1.57) (0.18) (1.35) (1.00)
GAUSSIANO,10 163 116 19 >165 18 136 135 0.95
(1.21) (0.86) (0.14) $1.22) (0.13) (1.01) (1.00)
MEDIAN DUR >1.39 0.75 0.17 >1.40 0.16 1.18 1.00
WINS 0 0 0 0 2 0 0
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Table 5.16: Area under the learning curve above Random &athive learning heuristics
on synthetic data using SMO when starting with 15 labeledtsoiwWinners for each data
set are displayed in boldface. The mean area above Randorot@havins summarize

across all data sets.

DATA SET CLosesT ERS ESTAUC RANC RAR RASP  RNDOM
GAUSSIANO,5 -13.87 1.10 7.96 -10.82 9.18 -0.79 0.00
GAUSSIANO,10 -5.42 -0.91 3.36 -6.13 2.84 -0.37 0.00
MEAN -9.645 0.095 5.660 -8.475 6.010 -0.580 0.000
WINS 0 0 1 0 1 0 0

Table 5.17: Ranked performance of the active learning bcsion synthetic data using
naive Bayes when starting with 15 labeled points. The maakirange and total win credit

summarize across all data sets.

DATA SET CLOSEST ERS ESTAUC RANC RAR RASP RNDOM
GAUSSIANO,5 3 7 1-2 4-6 1-2 4-5 5-6
GAUSSIANO,10 3-4 5-6 1 7 2 4-6 3-5
MEAN 3.0-3.5 6.0-6.5 1.0-1.5 5.5-6.5 1.5-2.0 4.0-5.5 4.0-5.5
WINS 0.0 0.0 1.5 0.0 0.5 0.0 0.0

Table 5.18: Data utilization for the active learning heticson synthetic data using naive
Bayes when starting with 15 labeled points. The data utibraratio (DUR) appears in
parentheses below the minimum number of training exampm@eded to achieve the target
AUC. Winners for each data set are displayed in boldface.nédian DUR and total wins
summarize across all data sets.

TARGET
DATA SET CLOSEST ERS ESTAUC RANC RAR RASP RND. AUC
GAUSSIANO,5 >165 >165 25 >165 25 140 150 0.80
(>1.1) >1.1) (0.17) (>1.1) (0.27) (0.93) (1.00)
GAUsSIANO,10 >165 >165 24 >165 24 >165 151 0.96
(>1.1) >1.1) (0.16) (>1.1) (0.16) (>1.1) (1.00)
MEDIAN DUR >1.1 >1.1 0.17 61.1) 0.17 >1.02 1.00
WINS 0 0 2 0 2 0 0

Table 5.19: Area under the learning curve above Random &athive learning heuristics
on synthetic data using naive Bayes when starting with &léal points. Winners for each
data set are displayed in boldface. The mean area above Rarbtotal wins summarize
across all data sets.

DATA SET CLOSEST ERS ESTAUC RANC RAR RASP RNDOM
GAUSSIANO,5 1.56 -1.37 4.30 0.60 4.35 0.68 0.00
GAUSSIANO,10 0.46 -0.25 2.29 -0.41 2.24 -0.05 0.00
MEAN 1.010 -0.810 3.295 0.095 3.295 0.315 0.000

WINS 0 0 1 0 1 0 0
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Table 5.20: Ranked performance of the active learning Bgcsion synthetic data using
SMO when starting with 100 labeled points. The mean rankeanyl total win credit
summarize across all data sets.

DATA SET CLOSEST ERS ESTAUC RANC RAR RASP RNDOM
GAUSSIANO,5 7 6 2 3-4 1 3-5 4-5
GAUSSIANO,10 7 6 1 3 2 4-5 4-5
MEAN 7.0 6.0 1.5 3.0-3.5 1.5 3.5-5.0 4.0-5.0
WINS 0.0 0.0 1.0 0.0 1.0 0.0 0.0

Table 5.21: Data utilization for the active learning heticson synthetic data using SMO
when starting with 100 labeled points. The data utilizatiato (DUR) appears in paren-
theses below the minimum number of training examples needachieve the target AUC.
Winners for each data set are displayed in boldface. TheandaiUR and total wins sum-
marize across all data sets.

TARGET
DATA SET CLOSEST ERS ESTAUC RANC RAR RASP  RND. AUC
GAUSSIANO,5 >200 180 102 119 102 141 154 0.80
(>1.30) (1.17) (0.66) (0.77) (0.66) (0.92) (1.00)
GAUSSIANO,10 >200 >200 103 124 102 171 187 0.96
(>1.07) >1.07) (0.55) (0.66) (0.55) (0.91) (1.00)
MEDIAN DUR >1.19 >1.13 0.61 0.72 0.61 0.92 1.00
WINS 0 0 1 0 2 0 0

Table 5.22: Area under the learning curve above Random &athive learning heuristics
on synthetic data using SMO when starting with 100 labeledtpoWinners for each data
set are displayed in boldface. The mean area above Randoro@havins summarize

across all data sets.

DATA SET CLosesT ERS ESTAUC RANC RAR RASP RNDOM
GAUSSIANO,5 -1.61 -0.24 2.12 0.19 227 0.09 0.00
GAUSSIANO,10 -0.65 -0.2 0.58 0.19 0.53 0.03 0.00
MEAN -1.13 -0.22 1.35 0.19 1.40 0.06 0.00
WINS 0 0 1 0 1 0 0

Table 5.23: Ranked performance of the active learning becsion synthetic data using
naive Bayes when starting with 100 labeled points. The nmmaak range and total win
credit summarize across all data sets.

DATA SET CLOSEST ERS ESTAUC RANC RAR RASP RNDOM
GAUSSIANO,5 3-4 5 1-2 3-4 1-2 7 6
GAUSSIANO,10 3-5 3-6 1-2 3-5 1-2 5-6 7
MEAN 3.0-4.5 4.0-5.5 1.0-2.0 3.0-4.5 1.0-2.0 6.0-6.5 6.5

WiINS 0.0 0.0 1.0 0.0 1.0 0.0 0.0
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Table 5.24: Data utilization for the active learning heticsson synthetic data using naive
Bayes when starting with 100 labeled points. The data atitin ratio (DUR) appears in
parentheses below the minimum number of training exampeded to achieve the target
AUC. Winners for each data set are displayed in boldface.nédian DUR and total wins
summarize across all data sets.

TARGET
DATA SET CLOSEST ERS ESTAUC RANC RAR RASP RND. AUC
GAUSSIANO,5 108 123 104 108 104 >200 160 0.80
(0.68) (0.77) (0.65) (0.68) (0.65) (>1.25) (1.00)
GAUSSIANO,10 146 122 105 146 104 154 193 0.96
(0.76) (0.63) (0.54) (0.76) (0.54) (0.80) (1.00)
MEDIAN DUR 0.72 0.70 0.60 0.72 0.60 >1.03 1.00
WINS 0 0 1 0 2 0 0

Table 5.25: Area under the learning curve above Random éachive learning heuristics
on synthetic data using naive Bayes when starting with 406léd points. Winners for
each data set are displayed in boldface. The mean area alaoa®iR and total wins
summarize across all data sets.

DATA SET CLOSEST ERS ESTAUC RANC RAR RASP RNDOM
GAUSSIANO,5 0.69 0.23 1.01 0.69 0.97 -0.20 0.00
GAUSSIANO,10 0.15 0.13 0.55 0.15 0.55 0.10 0.00
MEAN 0.42 0.18 0.78 0.42 0.76 -0.05 0.00

WINS 0 0 2 0 1 0 0



60

5.2.6 Pre-filtering with Closest Sampling

One problem with the ERS, ESTAUC, and RAR heuristics is thay trequire longer to
execute than other techniques. To partially alleviate gphidlem they are only allowed to
evaluate a reduced set of candidate examples fronn the initial group of experiments
the set of 200 candidate instances was chosen by randomisgniplmost cases the set of
candidate instances is small compared to the size of th&elelh pool. As already noted,
this places a significant limitation on these heuristics asakes it unlikely that they will
even have the opportunity to pick the ‘best’ example to laveany given query iteration.
The Closest and RASP heuristics performed well in the ingiiaup of experiments, and
both of these techniques choose examples for which therdulassifier is uncertain in
its prediction. Consequently, for our final group of expesits we choose the candidate
examples through a closest sampling filter rather than bydorm sampling filter. To do
this, the unlabeled pool is first ranked by the Closest heaifiom least to most certain.
Then the topm most uncertain examples are chosen as the candidate padblef&@RS,
ESTAUC and RAR heuristics. The assumption is that this setaoflidates is more rel-
evant and the performance of these heuristics will be imguldwy having a richer set of
candidates from which to choose. We tried candidate set sizaf 50, 100, 150 and 200,
and settled on 100 as we found no increase in performancewate examples. This has
the added benefit of reducing the run time of the heuristicsdly We repeated all of the
initial experiments on the UCI data using the closest samgpre-filter on ERS, ESTAUC
and RAR. All of the heuristics that use the filtered candidatieare postfixed with a *-CS’
for clarity. As a control we also introduced a new heurisételRandom-CSthat selects
an example to label uniformly at random from the candidate $&e heuristics that do
not use the candidate pool are the same as in the initial gvbagperiments, and are not
covered here except as a basis for comparison. The learaimgzfor all experiments can

be found in Appendix A.3.
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In the first set of experiments we used SMO as the base leandei®examples in
the initial labeled set. All of the heuristics showed markagrovement using the filtered
candidate set. ESTAUC-CS benefited the most, and actuafigrpeed better than Closest
overall. The Random-CS heuristic was also a top performarirgg only slightly worse
than ESTAUC-CS, but better than Closest. RAR and ERS, thougloved, did not per-
form better than either Closest or Random-CS. Figure 5.bfvshhe learning curves for
the lonosphere data set. ESTAUC-CS was significantly betger all of the other heuris-
tics from 45 to 94 labeled examples at the 0.6 confidence ta\grleater. Tables 5.26, 5.27,
and 5.28 show the summary statistics for these experimE&SAUC-CS was clearly the
winner on the ranked performance metric with a win credit tixas more than twice that
of its nearest competitor. On the data utilization tables€gt received the same number
of wins as ESTAUC-CS, but ESTAUC-CS did better on all of theadsets which Closest
didn’t win. On the area under the learning curve Random-Q&adlg achieved a slightly
higher mean area than ESTAUC-CS even though ESTAUC-CS leachdéix area on more
data sets.

Table 5.26: Ranked performance of the active learning kgcsi on the Closest pre-

filtering experiments using SMO when starting with 15 labg®ints. The mean rank
range and total win credit summarize across all data sets.

DATA SET CLOSEST ERS-CS ESTAUC-CS RANC RAR-CS RASP ARDOM RANDOM-CS
B. CANCER 2-6 1-3 2-6 1-5 1-5 7-8 6-8 4-7
ColLic 1-6 2-6 1-6 8 7 2-6 2-6 1-3
CREDITA 5-7 1-4 1-4 8 6-7 5-6 1-4 1-4
CREDITG 1-4 1-6 1-5 4-8 5-7 2-7 7-8 1-5
DIABETES 1-2 3-7 3-5 4-8 7-8 3-6 5-7 1-2
IONOSPHERE 3-5 6-7 1 8 6-7 2-5 2-4 2-5
KR vs. KP 2-4 2-4 1 8 6 5 7 2-4
USPS 5-6 3-4 1 8 7 2-4 5-6 -3
VOTE 2 4-8 4-5 6-8 5-8 1 5-7 3
MEAN 2.4-4.7 2.6-5.4 1.7-3.8 6.1-7.7 5.6-6.9 3.3-5.3 4.4-6.3 9-4.0
WINS 1.04 0.94 3.71 0.25 0.25 1.00 0.25 1.55

ESTAUC-CS does well again when using SMO and starting withé&amples in the

initial labeled set. It does have more stiff competitiomir&RS-CS and Closest, however.
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Figure 5.11: Learning curves for the lonosphere data seguSMO as the classifier and
starting with 15 initial labeled points.

Figure 5.12 shows the proximity of these competitors on tieus. KP data set. Ta-
bles 5.29, 5.30, and 5.31 show the summary statistics fgethgperiments. ESTAUC-CS
is the top performer on all metrics, though by a fairly smadirgin.

The ‘CS’ heuristics did not show an improvement on the expernits with naive Bayes.
Having a better candidate set to choose from did not overt¢beygroblems associated with
using poor probability estimates. Tables 5.32, 5.33, aBd Show the summary statistics
for naive Bayes when starting with 15 labeled examples,Tatdes 5.35, 5.36, and 5.37
show the same when starting with 100 examples.

Overall it appears that ESTAUC-CS is the best heuristicwieatested on these data sets
when using SMO as the base learner. There is a cost assosi#ttatidue to the fact that
it is slower than other methods like Closest, so one mustttakento consideration when

deciding whether to use it. We found that ESTAUC-CS takes@pmately one minute
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Table 5.27: Data utilization for the active learning hetics on the Closest pre-filtering
experiments using SMO when starting with 15 labeled poiifise data utilization ratio

(DUR) appears in parentheses below the minimum numberiofriggexamples needed to
achieve the target AUC. Winners for each data set are displayboldface. The median
DUR and total wins summarize across all data sets.

TARGET
DATA SET CLOSEST ERS-CS ESTAUC-CS RANC RAR-CS RASP ARDOM RANDOM-CS AUC
B. CANCER 98 66 75 86 69 161 137 110 0.70
(0.72) (0.48) (0.55) (0.63) (0.50) (1.18) (1.00) (0.80)
CotLic 113 109 112 >165 160 123 129 49 0.84
(0.88) (0.84) (0.87) $1.28) (1.24) (0.95) (1.00) (0.38)
CREDITA >165 >165 108 >165 >165 >165 149 >165 0.91
(>1.11) >1.11) (0.72) (>1.11) ¢1.11) (1.11) (1.00)
CREDITG 96 106 106 127 115 119 149 104 0.72
(0.64) (0.71) (0.71) (0.85) (0.77) (0.80) (1.00) (0.70)
DIABETES 91 134 111 133 138 112 137 97 0.81
(0.66) (0.98) (0.81) (0.97) (1.01) (0.82) (1.00) (0.71)
IONOSPHERE 123 >165 61 >165 >165 128 89 146 0.97
(1.38) 1.13) (0.69) (>1.13) (¢1.13) (1.44) (1.00) (1.64)
KR vs. KP 83 88 79 >165 108 108 147 78 0.97
(0.56) (0.60) (0.54) $2.12) (0.73) (0.73) (1.00) (0.53)
USPS 82 74 44 >165 >165 83 149 63 0.99
(0.55) (0.50) (0.30) (>1.11) ¢1.11) (0.56) (1.00) (0.42)
VOTE 51 104 110 >165 139 53 137 77 0.99
(0.37) (0.76) (0.80) £1.20) (1.01) (0.39) (1.00) (0.56)
MEDIAN DUR 0.66 0.76 0.71 >1.11 1.01 0.82 1.00 0.70
WINS 3 1 3 0 0 0 0 2

to choose an example to label in the worst case, which se&ma liong time. However,
in real world active learning this may be eclipsed by the am@fi time it takes an oracle
to label the example. Consider for instance how long it wdake for a human labeler
to classify a web page. In a situation like this, using ESTAOE does not seem unrea-
sonable. Unfortunately, poor probability estimates pnéed ESTAUC-CS and the others
like it from doing well when naive Bayes was the base leas®Closest still remains the

recommendation in those situations.
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Table 5.28: Area under the learning curve above Random éoactkive learning heuristics
on the Closest pre-filtering experiments using SMO whertistawith 15 labeled points.

Winners for each data set are displayed in boldface. The ragsmabove Random and
total wins summarize across all data sets.

DATA SET CLOSEST ERS-CS ESTAUC-CS RANC RAR-CS RASP ARDOM RANDOM-CS
B. CANCER 1.50 2.37 1.31 2.18 2.07 -0.40 0.00 0.75
CoLic 0.12 -0.41 0.25 -7.68 -2.28 0.26 0.00 1.30
CREDITA -0.48 0.10 0.34 -2.05 -1.04 -0.33 0.00 0.27
CREDITG 2.35 1.56 1.70 0.74 1.09 1.19 0.00 2.04
DIABETES 1.78 0.34 0.75 0.07 -0.90 0.59 0.00 1.33
IONOSPHERE -0.90 -1.26 1.06 -17.34 -1.92 -0.43 0.00 0.11
KR vs. KP 2.63 2.68 3.29 -18.71 -0.12 1.29 0.00 2.63
USPS 0.02 0.32 0.82 -8.20 -1.18 0.33 0.00 0.45
VOTE 1.11 -0.33 0.03 -0.34 -0.09 1.21 0.00 0.83
MEAN 0.903 0.597 1.061 -5.703 -0.486 0.412 0.00 1.079
WINS 2 1 4 0 0 1 0 1

Table 5.29: Ranked performance of the active learning bgesi on the Closest pre-
filtering experiments using SMO when starting with 100 lablgboints. The mean rank
range and total win credit summarize across all data sets.

DATA SET CLOSEST ERS-CS ESTAUC-CS RANC RAR-CS RASP ARDOM RANDOM-CS
B. CANCER 1-7 2-7 1-5 1-4 1-5 4-8 6-8 4-8
CoLic 1-7 1-5 1-5 1-7 8 3-7 2-7 2-7
CREDITA 4-7 1 2-6 8 2-7 2-5 3-7 2-7
CREDITG 3-5 1-3 3-5 6-8 1-3 6-8 6-8 1-5
DIABETES 1-8 2-8 1-3 2-8 3-8 3-8 3-8 1-5
IONOSPHERE 1-3 3-8 1-3 4-6 6-8 1-4 5-8 4-7
KR vs. KP 1-4 2-4 1-2 8 5 6 7 2-4
USPS 4-5 1-3 1-3 8 6 1-3 7 4-5
VOTE 1 4-6 4-7 2-4 6-7 2-3 8 3-6
MEAN 1.9-5.2 1.9-5.0 1.8-4.3 4.4-4.8 4.2-6.3 3.1-5.8 5.2-7.6 6-&0
WINS 2.15 2.03 2.57 0.53 0.65 0.58 0.00 0.48
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Figure 5.12: Learning curves for the KR vs. KP data set usiM@®3s the classifier and
starting with 100 initial labeled points.
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Table 5.30: Data utilization for the active learning hetics on the Closest pre-filtering
experiments using SMO when starting with 100 labeled poiftge data utilization ratio

(DUR) appears in parentheses below the minimum numberiofriggexamples needed to
achieve the target AUC. Winners for each data set are disglayboldface. The median
DUR and total wins summarize across all data sets.

TARGET

DATA SET CLOSEST ERS-CS ESTAUC-CS RANC RAR-CS RASP ARDOM RANDOM-CS AUC

B. CANCER 135 171 127 125 117 173 165 150 0.72
(0.82) (1.04) (0.77) (0.76) (0.72) (1.05) (1.00) (0.91)

CoLic 167 150 144 >200 >200 >200 183 178 0.88
(0.91) (0.82) (0.79) (>1.09) (¢1.09) (1.09) (1.00) (0.97)

CREDITA 172 147 154 >200 >200 164 181 >200 0.92
(0.95) (0.81) (0.85) 1.10) (1.10) (0.9) (1.00) £1.10)

CREDITG 152 145 166 195 151 184 187 159 0.72
(0.81) (0.78) (0.89) (1.04) (0.81) (0.98) (1.00) (0.85)

DIABETES 177 174 170 179 191 >200 186 160 0.82
(0.95) (0.94) (0.91) (0.96) (1.03) >(1.08) (1.00) (0.86)

IONOSPHERE 114 148 111 123 >200 113 165 146 0.97
(0.69) (0.90) (0.67) (0.75) >1.21) (0.68) (1.00) (0.88)

KR vs. KP 125 127 124 >200 132 143 193 128 0.98
(0.65) (0.66) (0.64) (>1.04) (0.68) (0.74) (1.00) (0.66)

USPS 105 102 102 >200 112 109 133 104 0.99
(0.79) (0.77) (0.77) (>1.50) (0.84) (0.82) (1.00) (0.78)

VOTE 112 133 123 112 133 114 184 121 0.99
(0.61) (0.72) (0.67) (0.61) (0.72) (0.62) (1.00) (0.66)

MEDIAN DUR 0.81 0.81 0.77 1.04 0.84 0.90 1.00 0.86

WINS 1 3 4 1 1 0 0 1

Table 5.31: Area under the learning curve above Random &athive learning heuristics
on the Closest pre-filtering experiments using SMO wheristawith 100 labeled points.

Winners for each data set are displayed in boldface. The rassmabove Random and
total wins summarize across all data sets.

DATA SET CLOSEST ERS-CS ESTAUC-CS RANC RAR-CS RASP ARDOM RANDOM-CS
B. CANCER 0.52 0.41 0.62 0.79 0.65 0.09 0.00 0.23
CoLlic 0.10 0.19 0.20 0.00 -0.50 -0.09 0.00 -0.01
CREDITA -0.01 0.23 0.10 -0.15 0.05 0.12 0.00 0.02
CREDITG 0.47 0.94 0.39 -0.10 0.95 -0.02 0.00 0.63
DIABETES 0.19 0.07 0.37 0.07 -0.04 0.02 0.00 0.26
IONOSPHERE 0.42 0.13 0.36 0.17 -0.04 0.34 0.00 0.14
KR vs. KP 1.08 1.06 1.14 -2.27 0.80 0.66 0.00 1.03
USPS 0.18 0.22 0.24 -1.32 0.10 0.22 0.00 0.18
VOTE 0.48 0.24 0.21 0.35 0.14 0.41 0.00 0.29
MEAN 0.381 0.388 0.403 -0.273 0.234 0.194 0.00 0.308
WINS 2 1 4 1 0 0 0
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Table 5.32: Ranked performance of the active learning bgesi on the Closest pre-
filtering experiments using naive Bayes when starting WiHabeled points. The mean
rank range and total win credit summarize across all daga set

DATA SET CLOSEST ERS-CS ESTAUC-CS RANC RAR-CS RASP ARDOM RANDOM-CS
B. CANCER 2-8 3-8 7 5-8 1-7 1-7 5
ColLic 1-3 5-6 4 5-6 1-3 7-8 -4
CREDITA 1-3 5-8 6 6-8 1-3 4 3
CREDITG 3-6 4-6 -8 4-6 2-3 4
DIABETES 2-4 5-7 6 8 4 1 4
IONOSPHERE 1-2 5-7 8 5-7 2 5-8 4
KR vs. KP 1-2 5 8 3 7

USPS 1-2 2-3 -7 6-7 4-5 8 4-5
VOTE 1-2 4-5 6 2 8

MEAN .4-3.6 4.9-5.7 4.2-6.1 3.9-5.9 5.9-7.1 7-3.3 4.8-6.0 3-420
WINS 2.88 0.00 0.43 0.00 89 1.18 1.11

Table 5.33: Data utilization for the active learning heticson the Closest pre-filtering ex-
periments using naive Bayes when starting with 15 labebauig. The data utilization ratio
(DUR) appears in parentheses below the minimum numberiofriggexamples needed to
achieve the target AUC. Winners for each data set are displayboldface. The median
DUR and total wins summarize across all data sets.

TARGET
DATA SET CLOSEST ERS-CS ESTAUC-CS RANC RAR-CS ARDOM  RANDOM-CS AUC
B. CANCER 127 >165 121 >165 149 109 0.70
(1.05) (0.85) £1.11) (0.81) £1.11) (0.81) (1.00) (0.73)
CoLic 70 32 31 43 125 30 0.85
(0.23) (0.56) (0.26) (0.25) (0.34) (0.20) (1.00) (0.24)
CREDITA 165 >165 >165 >165 139 73 0.92
(0.56) (1.19) £1.19) ¢1.19) (¢1.19) (0.55) (1.00) (0.53)
CREDITG >165 >165 >165 >165 >165 151 165 0.75
(>1.09) 1.09) >1.09) >1.09) (1.09) (0.87) (1.00) (1.09)
DIABETES >165 >165 >165 >165 >165 >165 145 >165 0.84
(>1.14) 1.14) >1.14) >1.14) (¢1.14) (¢1.14) (1.00) (>1.14)
IONOSPHERE 31 87 >165 >165 151 32 0.97
(0.36) (0.21) (0.58) 1.09) (1.09) (0.31) (1.00) (0.21)
KR vs. KP 134 93 72 >165 151 51 0.91
(0.34) (0.89) (0.62) (0.48) $£1.09) (0.38) (1.00) (0.34)
USPS 17 17 18 18 26 17 0.98
(0.65) (0.65) (0.65) (0.69) (0.69) (0.69) (1.00) (0.65)
VOTE 30 19 19 36 134 20 0.98
(0.13) (0.22) (0.14) (0.14) (0.27) (0.13) (1.00) (0.15)
MEDIAN DUR 0.85 0.65 0.81 >1.09 1.00 0.53
WINS 2 1 0 0 1 4
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Table 5.34: Area under the learning curve above Random éoactkive learning heuristics
on the Closest pre-filtering experiments using naive Bayesn starting with 15 labeled
points. Winners for each data set are displayed in boldfalse.mean area above Random
and total wins summarize across all data sets.

DATA SET CLOSEST ERS-CS ESTAUC-CS RANC RAR-CS RASP ARDOM RANDOM-CS
B. CANCER -0.50 0.50 -1.04 -0.11 -1.81 0.04 0.00 0.16
CoLic 3.27 0.09 1.37 3.01 1.01 3.32 0.00 2.42
CREDITA 0.79 -0.96 -0.72 -0.44 -1.51 0.58 0.00 0.85
CREDITG -0.69 -3.08 -0.85 -2.23 -1.41 0.94 0.00 -0.17
DIABETES -1.04 -4.11 -3.74 -4.05 -6.44 -1.18 0.00 -1.33
IONOSPHERE 1.05 0.96 -0.08 -0.36 0.13 1.22 0.00 0.92
KR vs. KP 10.06 1.35 3.91 4.93 -1.29 8.40 0.00 9.98
USPS 2.59 2.56 2.56 2.23 2.11 2.37 0.00 2.46
VOTE 2.48 0.41 1.84 2.06 1.12 2.40 0.00 1.72
MEAN 2.001 -0.253 0.361 0.560 -0.899 2.010 0.000 1.890
WINS 3 1 0 0 0 3 1 1

Table 5.35: Ranked performance of the active learning bgesi on the Closest pre-
filtering experiments using naive Bayes when starting WA labeled points. The mean
rank range and total win credit summarize across all data set

DATA SET CLOSEST ERS-CS ESTAUC-CS RANC RAR-CS RASP ARDOM RANDOM-CS
B. CANCER 3-8 4-8 1-2 4-8 1-6 3-8 2-4 2-8
ColLic 1 7-8 2-6 2-6 3-6 2-6 7-8 2-5
CREDITA 1-2 7-8 3-4 7-8 5-6 3-4 5-6 1-2
CREDITG 1-4 3-5 1-3 7-8 5-8 4-7 5-7 1-3
DIABETES 4-7 3-7 3-7 8 3-7 1-2 1-2 3-6
IONOSPHERE 1-3 3-5 7-8 1-5 6-7 1-3 6-8 3-5
KR vs. KP 1-2 6 5 7 4 3 8 1-2
USPS 1-2 3 1-2 7 5-6 5-6 8 4
VOTE 1 7 2-3 4-5 4-5 2-3 8 6
MEAN 1.6-3.3 4.8-6.3 2.8-4.4 5.3-6.9 4-6.1 2.7-4.7 5.6-6.6 L H—
WINS 4.15 0.00 1.71 0.20 0.17 0.90 0.50 1.38
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Table 5.36: Data utilization for the active learning hetics on the Closest pre-filtering
experiments using naive Bayes when starting with 100 égbpbints. The data utiliza-
tion ratio (DUR) appears in parentheses below the minimumber of training examples
needed to achieve the target AUC. Winners for each dataeseisplayed in boldface. The

median DUR and total wins summarize across all data sets.

TARGET
DATA SET CLOSEST ERS-CS ESTAUC-CS RANC RAR-CS RASP ARDOM RANDOM-CS AUC
B. CANCER >200 >200 137 >200 107 114 173 172 0.71
(>1.16) 1.16) (0.79) £1.16) (0.62) (0.66) (1.00) (0.99)
CoLic 104 112 104 129 111 109 109 104 0.85
(0.95) (1.03) (0.95) (1.18) (1.02) (1.00) (1.00) (0.95)
CREDITA 118 >200 124 >200 147 136 160 121 0.92
(0.74) (>1.25) (0.78) £1.25) (0.92) (0.85) (1.00) (0.76)
CREDITG 169 >200 164 >200 >200 179 188 160 0.76
(0.90) (>1.06) (0.87) £1.06) (>1.06) (0.95) (1.00) (0.85)
DIABETES >200 >200 >200 >200 >200 >200 155 >200 0.84
(>1.29) >1.29) >1.29) >1.29) (¢1.29) (1.29) (1.00) (>1.29)
IONOSPHERE 117 114 >200 119 137 113 164 116 0.97
(0.71) (0.70) £1.22) (0.73) (0.84) (0.69) (1.00) (0.71)
KR vs. KP 114 117 117 132 120 116 189 113 0.92
(0.60) (0.62) (0.62) (0.70) (0.63) (0.61) (1.00) (0.60)
USPS 101 101 101 102 102 102 120 102 0.98
(0.84) (0.84) (0.84) (0.85) (0.85) (0.85) (1.00) (0.85)
VOTE 104 105 103 112 104 105 187 104 0.97
(0.56) (0.56) (0.55) (0.60) (0.56) (0.56) (1.00) (0.56)
MEDIAN DUR 0.84 1.03 0.84 >1.06 0.85 0.85 1.00 0.85
WINS 3 1 3 0 1 1 1 3

Table 5.37: Area under the learning curve above Random &athive learning heuristics
on the Closest pre-filtering experiments using naive Bayen starting with 100 labeled
points. Winners for each data set are displayed in boldfelse.mean area above Random
and total wins summarize across all data sets.

DATA SET CLOSEST ERS-CS ESTAUC-CS RANC RAR-CS RASP ARDOM RANDOM-CS
B. CANCER -0.39 -0.34 0.28 -0.42 0.18 -0.34 0.00 -0.14
CoLic 1.02 0.02 0.47 0.39 0.36 0.47 0.00 0.57
CREDITA 0.51 -0.25 0.25 -0.30 0.07 0.21 0.00 0.51
CREDITG 0.51 0.25 0.64 -0.35 -0.21 0.21 0.00 0.66
DIABETES -0.68 -0.58 -0.67 -1.15 -0.52 -0.15 0.00 -0.46
IONOSPHERE 0.41 0.29 -0.06 0.33 0.03 0.39 0.00 0.28
KR vs. KP 4.68 2.35 2.51 1.40 2.74 3.96 0.00 4.69
USPS 1.33 1.28 1.31 0.80 1.10 1.10 0.00 1.14
VOTE 0.86 0.13 0.71 0.62 0.58 0.72 0.00 0.39
MEAN 0.917 0.350 0.604 0.147 0.481 0.730 0.000 0.849
WINS 5 0 1 0 0 0 1 3
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5.2.7 Discussion

Our initial results suggested that Closest was the prefdrearistic as it was almost always
among the top performers when using both naive Bayes and &w@e base learners. In
addition, it is a simple heuristic that runs fast. We alsanfbthat Closest was even more
dominant when the learner already has a good hypothesis.PRAs did consistently
well, and was almost always competitive with Closest. Thiggests that, though choosing
examples that the current learner is uncertain about giwed gesults, choosing the most
uncertain example as Closest does may not always give thgées. The ESTAUC and
ERS heuristics also performed fairly well on the initial ekpnents when SMO was the
base learner, though not as well as Closest or RASP. Theydidamwell when naive
Bayes was the base learner because it generates notott@asprobability estimates. We
also noted that ESTAUC, ERS and RAR were at a disadvantageednitial experiments
because they were only able to evaluate a fraction of thebetdd pool at each query
iteration.

The experiments on the synthetic data showed that ESTAUR&RIcan do very well
when provided with high quality probability estimates. Hawer, obtaining good estimates
from the small training sets used in active learning can Hedit.

On our final set of experiments we utilized the lessons |lehomghe initial experiments
by pre-filtering the candidate sets for ESTAUC, RAR and ER8 wi closest sampling
filter. This gave these three heuristics a richer pool froncivito choose, and all three
showed improved performance. In fact, ESTAUC-CS out peréat all of the heuristics,
including Closest, when SMO was the base learner. Thisoriag our belief that choosing
examples that the learner is uncertain about gives the bsglts, but choosing the most
uncertain example is not optimal. When naive Bayes was aselde base learner on the
filtered experiments, Closest remained the top performmerese STAUC, ERS and RAR

were still handicapped by poor probability estimates.
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We also compared the performance of SMO and naive Bayessaslé&arners. We
found that naive Bayes is superior when the labeled set &l sbut SMO typically does
better when the labeled set is sufficiently large. The paintlaich SMO passes naive
Bayes varies from data set to data set, but in our experintieistsisually occurred when
the labeled set had between 100 and 200 examples. Howevéouwe that each of the
learners was predisposed to doing better on certain datassethe choice of which base
learner to use may depend on the particular learning prablem

Overall, we suggest using ESTAUC with a closest samplingrfoh the candidate set
and an SVM as the base learner for most applications. An SVlildhbe used as the
base learner if enough queries will be made to result in acserfiily large labeled set (100-
200 examples) before the generated hypothesis will be usedapplications where the
labeled set will remain small, using the Closest or RASP is&as with naive Bayes as the
base learner is to be preferred. We also suggest using CwsRASP in situations where

execution speed is a chief concern.
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Chapter 6

Conclusions and Future Work

Area under the ROC curve is an important measure of learrenipmpnance. We studied
how active learning affects AUC. We studied two algorithmenf the literature (Closest
and ERS), and introduced four new algorithms with the exgirgent of maximizing AUC
(RANC, RASP, ESTAUC, and RAR). We evaluated all these atgors using both SMO
and naive Bayes as the base classifier. They were evaluateylot learning problems
from the UCI Machine Learning Repository and the USPS haitehardigit recognition
problem.

Our conclusions agree with much of the previous work in thd fig 2,15,27,35,36,38]
in that choosing an example frobhto label that the current learner is uncertain about works
well. However, we found that choosing the most uncertainmgta, as many strategies do
(e.g. Closest, QBC, QBag, MQL, active Decorate), does nm¢searily give the best gains.

We found ESTAUC out-performed all of the other heuristicewits candidate set was
pre-filtered with closest sampling and SMO was used as theelbamer. Closest and RASP
produced strong results regardless of the base learnepérfe@mance of ERS, ESTAUC,
and RAR depended on good probability estimates. In additi@results on the synthetic
data suggest that ESTAUC, and RAR may perform exceptionalyif provided with high
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quality probability estimates. We also compared SMO to@&ayes in optimizing AUC
and found the latter to be superior when the labeled set wa#i. afowever, SMO tended
to do better with larger labeled sets.

Overall, we advocate using ESTAUC with a closest samplingrfdind SMO except
when the size of the labeled set remains small, or when @rpecspeed is paramount. In
these cases we suggest using Closest or RASP with naive Bayhe base learner.

Future work includes extending this work to multiclass peots (e.g. maximize the
“Volume Under Surface” (VUS) [14]). Other future work is tpgly our results to minimize

the lower envelopes of cost curves [13], an alternative t&€RUOrves.
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Appendix A

Additional Learning Curves

A.1 Initial Experiments
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A.1.1 Starting with 15 Labeled Examples
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Figure A.1: Learning curves for the initial experimentsiwif, = 15. (a) USPS with SMO
(b) USPS with naive Bayes (c) Breast Cancer with SMO (d) &r€&ancer with naive
Bayes (e) Colic with SMO (f) Colic with naive Bayes



81

. . . . . . ; I . . . . . . ; I
20 40 60 80 100 120 140 160 20 40 60 80 100 120 140 160
Number of Labeled Examples Number of Labeled Examples

(@) (b)

AUC
o
>
&

Closest
ERS -----e-
ESTAUC -
RANC

e
RASP woveine

. . . . . . ; I . . . . . . ; I
20 40 60 80 100 120 140 160 20 40 60 80 100 120 140 160
Number of Labeled Examples Number of Labeled Examples

© (d)

AUC

074
Closest
S
072 ESTAUC -~ |
R weeeee
RASP e
. . . . . . . 07 L . . . . . . .
40 60 80 100 120 140 160 20 40 60 80 100 120 140 160
Number of Labeled Examples Number of Labeled Examples

(e) ®

Figure A.2: Learning curves for the initial experimentsiwit, = 15. (a) Credit A with
SMO (b) Credit A with naive Bayes (c) Credit G with SMO (d) @iteG with naive Bayes
(e) Diabetes with SMO (f) Diabetes with naive Bayes



82

AUC

084 | Closest d
ERS -----e-
ESTAUC

0.82 AR
RASP
08 L . . . . . ; I 08 L . . . . . ; I
20 40 60 80 100 120 140 160 20 40 60 80 100 120 140 160
Number of Labeled Examples Number of Labeled Examples
@ (b)
1 T T T T T T T 1 T T T T T T T
095 | 095 |
09 09
g 0.85 g 0.85
< <
08 08
Closest Closest
075 |- ESTAUC 075
RANC
AF v
RASP v
07 L . . . . . ; I 07 L . . . . . ; I
20 40 60 80 100 120 140 160 20 40 60 80 100 120 140 160
Number of Labeled Examples Number of Labeled Examples
(© (d)
11— T T T T T T T 11— T T T T T T T

Closest
ER

095 iy ESTAUC
i RANC

Closest
ER

b 095 |- ESTAUC

F R
RASP RASP

0.94 L1 L L L L L i L 094 L1 L L L L L i L
20 40 60 80 100 120 140 160 20 40 60 80 100 120 140 160

Number of Labeled Examples Number of Labeled Examples

(e) ®

Figure A.3: Learning curves for the initial experimentsiwit, = 15. (a) lonosphere with
SMO (b) lonosphere with naive Bayes (c) KR vs. KP with SMOK®) vs. KP with naive
Bayes (e) Vote with SMO (f) Vote with naive Bayes
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A.1.2 Starting with 100 Labeled Examples
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Figure A.4: Learning curves for the initial experimentsiwit, = 100. (a) USPS with
SMO (b) USPS with naive Bayes (c) Breast Cancer with SMO (daBt Cancer with
naive Bayes (e) Colic with SMO (f) Colic with naive Bayes
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Figure A.5: Learning curves for the initial experimentsiwit, = 100. (a) Credit A with
SMO (b) Credit A with naive Bayes (c) Credit G with SMO (d) @iteG with naive Bayes
(e) Diabetes with SMO (f) Diabetes with naive Bayes
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Figure A.6: Learning curves for the initial experimentsiwif, = 100. (a) lonosphere with
SMO (b) lonosphere with naive Bayes (c) KR vs. KP with SMOK®) vs. KP with naive
Bayes (e) Vote with SMO (f) Vote with naive Bayes
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Figure A.7: Learning curves on synthetic data with= 15. (a) Gaussian 0,5 with SMO
(b) Gaussian 0,5 with naive Bayes (c) Gaussian 0,10 with ¥)d>aussian 0,10 with
naive Bayes
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A.2.2 Starting with 100 Labeled Examples
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Figure A.8: Learning curves on synthetic data with= 100. (a) Gaussian 0,5 with SMO
(b) Gaussian 0,5 with naive Bayes (c) Gaussian 0,10 with §¥)d>aussian 0,10 with
naive Bayes



A.3 Pre-filtering with Closest Sampling
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A.3.1 Starting with 15 Labeled Examples
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Figure A.9: Learning curves with candidate sets selectgdlbgest Sampling anfl, = 15.
(a) USPS with SMO (b) USPS with naive Bayes (c) Breast CawgérSMO (d) Breast
Cancer with naive Bayes (e) Colic with SMO (f) Colic withimaBayes
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Figure A.10: Learning curves with candidate sets selecye@lbsest Sampling anfl, =
15. (a) Credit A with SMO (b) Credit A with naive Bayes (c) Cre@iwith SMO (d) Credit
G with naive Bayes (e) Diabetes with SMO (f) Diabetes witivadayes
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Figure A.11: Learning curves with candidate sets selecye@lbsest Sampling anfl, =
15. (a) lonosphere with SMO (b) lonosphere with naive Bayg¢Kg vs. KP with SMO
(d) KR vs. KP with naive Bayes (e) Vote with SMO (f) Vote withine Bayes
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Figure A.12: Learning curves with candidate sets selecyedlbsest Sampling anfl, =
100. (a) USPS with SMO (b) USPS with naive Bayes (c) Breast Gawaé SMO (d)
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Figure A.13: Learning curves with candidate sets selecye@lbsest Sampling anfl, =
100. (a) Credit A with SMO (b) Credit A with naive Bayes (c) Cred with SMO (d)
Credit G with naive Bayes (e) Diabetes with SMO (f) Diabetgt naive Bayes
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Figure A.14: Learning curves with candidate sets selecye@lbsest Sampling anfl, =
100. (a) lonosphere with SMO (b) lonosphere with naive Bay@&R vs. KP with SMO
(d) KR vs. KP with naive Bayes (e) Vote with SMO (f) Vote withine Bayes



