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ABSTRACT classifier training. AL has already been shown to meet these
In lots of natural language processing tasks, the classes taexpectations in a variety of NLP tasks [6, 10, 15, 19].

be dealt with often occur heavily imbalanced in the under-

lying data set and classifiers trained on such skewed dataMachine learning (ML) approaches, however, often face a
tend to exhibit poor performance for low-frequency classes problem with skewed training data, in particular, when it is
We introduce and compare different approaches to reducedrawn from already imbalanced ground data. This primary
class imbalance by design within the context of active learn bias can be observed for many NLP tasks such as named en-
ing (AL). Our goal is to compile more balanced data sets up tity recognition (NER). Here, imbalance between the differ
front during annotation time when AL is used as a strategy €nt entity classes occurs especially when semantically gen
to acquire training material. We situate our approach in the eral classes (such as person names) are split into more fine-
context of named entity recognition. Our experiments revea grained and specific ones (actors, politicians, sportseter),

that we can indeed reduce class imbalance and increase th&ince rare information carries the potential to be pardidyl
performance of classifiers on minority classes while preser  useful and interesting, performance might then be tuned —to

ing a good overall performance in terms of macro F-score. a certain extent — in favor of minority classes at the danger
of penalizing the overall outcome.

Categories and Subject Descriptors

1.2.6 [Computing Methodologieg: Artificial Intelligence—
Learning 1.2.7 [Computing Methodologieg: Artificial In-
telligence—Natural Language Processing

Class imbalance and the resulting effects in learning klass
fiers from skewed data have been intensively studied in re-
cent years. Common ways to cope with skewed data include
different re-sampling strategies and cost-sensitiveniagr
[11, 3, 5]. It has been argued that AL can also be used to

General Terms leverage class imbalance: The class imbalance ratio of data

Algorithms, Design, Experimentation, Performance points close to the decision boundaries is typically lower
than the imbalance ratio in the complete data set [7] so that

1. INTRODUCTION AL provides the learner with more balanced classes. The fo-

The use of supervised machine learning has become a stan(_:us of this paper is whether this natural characteristiclof A
Sup i 9 can be intensified to obtain even more balanced data sets.

dard technique for many tasks in natural language process-

ing (NLP). One of the main problems with this technique

oo ) e ) : We compare four approaches to reduce the class imbalance
is its greediness foa priori supplied annotation metadata.

; . . . up front during AL-driven data acquisition for NER. Sec-
The f”‘Ct'Ve Iearnlng (AL.) paradigm [4.] .offers & promising 4o 2 contains a brief sketch of our approach to AL for
solution to deal with this demand efficienty. Unlike ran- \eR and in Section 3 we present four alternative ways to re-
dom selection of training instances, AL biases the selectio duce class imbalance during AL. Related work is discussed
of examples which have to be manually annotated such that, saction 4. We experimentally evaluate the methods un-

the human labeling effort be minimized. This is achieved o geryting on two data sets from the biomedical domain
by selecting examples with (presumably) high utility foe th (Section 5) and discuss the results in Section 6.

o N , _ 2. AL FOR NER
Permission to make digital or hard copies of all or part of thaknfor AL is a selective sampling technique where the |eaming pro-
personal or classroom use is granted without fee providatidbpies are

not made or distributed for profit or commercial advantage aatidbpies tocol is in control of the data to be used. The goal of AL is
bear this notice and the full citation on the first page. Toyoutherwise, or to learn a good classifier with minimal human labeling ef-

republish, to post on servers or to redistribute to listguies prior specific fort. The class labels for examples which are considered
permission and/or a fee. most useful for the classifier training are queried iterdsiv
K-CAP’09, September 1-4, 2009, Redondo Beach, California, USA. 9 aq 7

Copyright 2009 ACM 978-1-60558-658-8/09/0$510.00 from an oracle — typlcally a human annotator. In our sce-



Algorithm 1 Committee-based Active Learning 3. REDUCING CLASS IMBALANCE
Given: For simplicity, we develop and test our approaches in the
L: set of labeled example#: set of unlabeled examples context of a two-entity-class scenario where the less #atju
Algorithm: entity c_Iags is calleaninority classand th.e more frequ'en't
loop until stopping condition is met onemajority clas_s1 We here_ focus excluswel_y on the distri-

1. generate a committegof classifiers: ¢ sample bution of the entity classes in 'Ferms of class |_mbalanceerath

" subsetl.. — I and train classifie; or11’i;[“z" c '[1 K] than on theouTsIDEclass, which, of course, is also learned
! ¢ ' ’ and predicted by the NE tagger. Thetity class ratiois

2. let each classifier; predict labels for alk € P, yield- defined as the number of majority class entity mentions di-
ing classificationg., , ..., c, vided by the number of minority class entity mentions. As

3. calculate disagreemefk.(c., , ..., c., ) foralle € P our AL approach to NER selects whole sentences it can be

4. selectn examples: € P with highestD, for annota- considered a multi-instance selection scenario in whida s
tion lection example consists of several tokens each requit$ng i

own class label. Thus, unlike most class imbalance stud-
ies where “pure” minority or majority class examples were
considered, our examples simultaneously contain mentions
of minority and majority class entities. In the following, we
nario, the usefulness of examples is computed by a commit-describe four methods to balance the entity class ratio up
tee of classifiers [8]. Algorithm 1 describes this selection front during the AL selection.

routine in a generalized form.

5. move the annotated examples frétio L

. _ , 3.1 Selection Focus on Minority Class
NER is often considered a sequence-labeling task where eacky, e on a specific entity class during the AL selection,
unit of a sequence is assigned a class label. Such units ary| is ryn o that it is only aware of the minority entity class
typically tokens in a sentence. If a token is not part of an ,nq theouTsipeclass. Hence, the usefulness of a sentence
entity, theoUTSIDE class is assigned, otherwise the respec- ig estimated using binary classifiers for these two classes
tive entity class label. Being a reasonable linguisticlé™® oy Once selected, sentences are still annotated with re-
an_notation, we consider sentences as proper example granUspect to both the minority and the majority entity claist:
larity so that AL selects complete sentences. nority class-focused AKAL-MINOR) can be expected to
work well for the minority class, but a penalty is likely to
occur for the majority class. Yet, sentences containing mi-
nority class entity mentions, in many cases, also contain ma
jority class entity mentions so that training material foe t
majority class will also be available as a side effect — a phe-
nomenon we already studied as teselection effedt 8].

Our approach to AL for NER [19] saved between 50% and
70% of annotation effort (measured by the number of anno-
tated tokens) when evaluated on well-known named entity
corpora from the news-paper and the biomedical domain. A
committee of sizeC| = 3 is employed and each committee
memberg; is trained on a randomly drawn subdet with

|L;| = 2|L|. The vote entropy (VE) is used as disagreement

metric [6] to estimate the usefulness of an example. On the 3-2 Re-Sampling _ _
token-level it is defined as Re-sampling strategies, including over- and under-sargpli

K| are common practice to tackle the class imbalance problem

V(kj,t) V(kj,t) when passively learning from skewed data sets [16]. Both
VEor(t) = —Z O] log O] methods can also be applied in a straightforward manner
J=1 during AL selection: After the manual annotation step in

each AL iteration, either examples for the minority class ar
over-sampled (e.g., by simple replication), or examples of
éhe majority class are discarded to achieve a more balanced
entity class ratio in the sample. Under-sampling is appar-
ently disadvantageous in the AL annotation scenario: Af-
The final goal classifier for which we want to create train- (€r having spent human labeling effort on the selected sen-
ing material is based on Conditional Random Fields (CRFs) tences inan AL iteration, some of thege are immediately dis-
[13]. CRFs exhibit a high performance on the NER task. carded in the next step. Over-sampling, on the othgr ha.nd,
We employ default features for NER including orthographic SOMeSs at no extra costs. For word sense.d|sam.b|guat|0n,
and morphological patterns and lexical, part-of-speech an Zhu and Hovy [20] have shown that AL combined with over-
context information (cf. [19] for more details on the featur ~ Sampling can significantly increase the performance.

set.). As CRFs suffer from high training complexity we in-
stead use Maximum Entropy (ME) classifiers [1] in the AL
committee. Thus, AL selection time is significantly reduced
We have shown before, that examples selected by a commit-15jthough discussed in a two-entity-class scenario, all approaches
tee of ME classifiers is well suited to train a CRF [19]. can be generalized to scenarios with more than two entity classes.

whereV (k;,t) denotes the number of committee members
voting for classk; € K on tokent. The usefulness of a
complete sentence is defined as the arithmetic mean over th
single token-level VE values.

We over-sample on the sentence-level. In each AL itera-
tion, all selected sentences which contain at least onermino




ity class entity mention are duplicated. In a multi-insanc affect the disagreement, while a higher valuebdbr the
scenario it is hard to achieve a specific, predefined class ra-minority class accounts for our intuition that a token where
tio between the minority and the majority class as sentencesat least one committee member predicted the minority class
which we over-sample might also contain entity mentions should be considered more useful and thus result in a higher
of the majority class. Still, experiments show that the en- disagreement value. Moreover, the less certain the commit-
tity class ratio is shifted in favor of the minority class.i$h  tee is that a token should be labeled as minority class (i.e.,

approach is calledversampling during AAL-OVER). fewer committee members voting for this class) the more this
boosting factor affects the disagreement value on thantoke
3.3 Altering the AL Selection Scheme If all committee members agree on the class of a token, the

AL is started from a seed set of labeled examples (see exam-disagreement is 0, irrespective of the chosen boostingrfact
ple setL outside the loop in Algorithm 1). A seed set is usu- o
ally a small random sample. Given high entity class imbal- AS a default boosting factdr,,,,, for the minority class, we
ance, a randomly sampled seed set might contain not a singlechoose the entity class ratio divided by the average number
minority class entity mention. However, a seed set contain- Of tokens per minority class entity mention. The normal-
ing also information on the minority entity class might help ization by the entity length is reasonable, since the bogsti
guide the AL selection towards the less frequent class by factor applies to the token level, while the entity classorat
“announcing” this class prope”y_ We performed pre"minar is CalCUlate.d with referencg to the entlty mention level. In
experiments with a dense (containing many entity mentions) OUr two-entity-class scenario, the majority and thersipe
and balanced (entity class ratio of 1) seed set. These expericlass are not boosted, i.8,.4; = boutsize = 1.
ments showed that AL with such a seed set performed only
well in early iterations, but then fell back to the performan 4. RELATED WORK
of AL with a random seed set. So, seed set modification Approaches to AL are mostly based on variants of uncer-
alone is not a sustained remedy to class imbalance duringtainty sampling [14] or the Query-by-Committee framework
AL data acquisition. Instead, we propose two ways to mod- [4]. AL is increasingly gaining attention by the NLP com-
ify the AL selection scheme directlyBalanced-batch AL  munity? and has already been applied to a wide range of
(AL-BAB) and AL with boosted disagreeme{®&L-BOOD). NLP tasks including, amongst others, part-of-speech tag-
ging, chunking, statistical parsing, word sense disarmaigu
Our unmodified AL approach selects a batclhafentences  tion, and named entity recognition [17, 15, 10, 20, 19].
with the highest disagreement in each AL iteration. Such a
selection might contain no or only few entity mentions of There is a vast body of literature on the class imbalance
the minority class. We alter the AL selection procedure so problem in the ML community. Common ways to cope with
that the batch of selected sentences is as balanced as possskewed data include re-sampling strategies such as under-/
ble. With the sentences sorted in descending order by theirover-sampling or generative approaches [11, 3] and cost-
usefulness score, balanced-batch AL then greedily choosesensitive learning [5]. AL could be shown to be capable
n sentences from a windoW of then x f most useful sen-  of reducing class imbalance because it selects data points
tences so that the entity class ratio is kept close to 1. Obvi- near the decision boundaries and so provides the learrter wit
ously, not every AL iteration can achieve a completely bal- more balanced classes [7]. Class imbalance is typically ad-
anced batch. The maximum level of balance achievable de-dressed in scenarios where (large) amounts of fully labeled
pends on the size of the windd# and on the number of mi-  examples are readily available. Our scenario is different i
nority/majority class examples contained therein. Chagsi  that we start from unlabeled data and use AL to select the
a large window results in largely ignoring the committee’s examples to be labeled by a human annotator. Hence, we
disagreement, while an overly narrow window size can be aim at acquiring preferably balanced data sets by addigessin
too restrictive. We sef = 5 after experimental validation. class imbalance up front during the process of selecting and
annotating training data.
A disadvantage of balanced-batch AL is that it does not take
into account the disagreement values within the window: There is little work on the combination of AL and remedies
Any example within this window which helps optimizing the to class imbalance at annotation time. Zhu and Hovy [20]
entity class ratio of the batch can be selected, irrespeofiv. combine AL and re-sampling strategies, including under-
its actual disagreement. To explicitly consider disagretm  and over-sampling, for word sense disambiguation. In each
values of single examples, AL with boosted disagreement AL iteration, examples are selected on the basis of a de-

makes use of a modified disagreement functiaty , hav- fault AL scheme. Accordingly, either examples of the ma-
ing a class-specific boosting factior> 1 for each clasg;: jority class are discarded, or examples of the minorityslas
K| are replipated. While the authors report that _under—sargplin

VEL (t) = — Zb'V(kj,t) o V(kj,t) is inefficient because some examples are directly c_jl_scard_ed
tok P el 8 |C| after they were manually labeled beforehand, positive evi-

. . . 2As evidenced most recently by the NAACL-HLT 2009 Workshop
The votes on a specific class are given more importance o “Active Learning for Natural Language Processingt(p: / /

by settingb; > 1. A boosting factor ofb; = 1 does not nl p. cs. byu. edu/ al nl p/).



MAL TF pool from which AL selects and a gold standard for evalua-

sentences 11164 4,629 tion. On the MAL data set, 90% of the sentences are used as
tokens 277,053 139,600 the AL pool and 10% for evaluation. Due to the smaller size
OUTSIDE tokens 257173 136,266 of the TF data set, 30% of the sentences were used for evalu-
majority class tokens 18,962 3,152 ation to obtain a reasonable coverage of minority classyenti
minority class tokens 918 182 mentions in the gold standard. Our result figures show aver-
majority class entities 9,321 2,776 ages over all 30 runs. As cost metric for annotation effort,
minority class entities 604 179 we consider the number of tokens being annotated.

entity class ratio 15.43 15.51

The performance of AL protocols is usually measured by the
Table 1: Quantitative data of the simulation corpora F-score in relation to the annotation costs. We compute the
F-scores for each entity class separately and then cadculat

dence for over-sampling combined with AL was found. While the arithmetic mean over the F-scores. Tiniscro F-score
Zhu and Hovy only consider re-sampling techniques, we shows how well a classifier performs across all classes. In
study different approaches to address class imbalance durcontrast, themicro F-scoreis an average where each sin-
ing the AL selection process. Most importantly, we modify 9le class F-score is weighted proportionally to the number

the AL selection mechanism so that examples of the minor- Of entity mentions of this class in the gold standard. This
ity class are given a higher chance to be selected. F-score is dominated by the classification performance of

highly frequent classes and therefore implies that frequen
Recently, Bloodgood and Shanker [2] proposed a method classes are considered to be of higher importance. Since we
to address class imbalance in AL with cost-weighted SVMs. here assume the minority class to be equally important, we
The general idea is similar to AL with boosted disagreement. optimize for the class-centric macro F-score.
Class-specific cost factors are derived from the class imbal
ance ratio observed on a small random data sample. Sim-6. RESULTS
ilarly, we derive the boosting factors from the entity ratio Our experiments compare the protocols introduced in Sec-
divided by the average length of minority class entity men- tion 3: Minority class-focused AL (AL-MINOR), balanced-
tions. While the approach of Bloodgood and Shanker re- batch AL (AL-BAB), AL with boosted disagreement (AL-
quires a cost-sensitive classifier, ours is a wrapper approa BOOD, using the default boosting factor from Section 3.3),

which can be applied to any classifier. and over-sampling during AL (AL-OVER). Random selec-
tion (RAND) and the unmodified AL approach (AL-def) pre-
5. EXPERIMENTAL SETTINGS sented in Section 2 serve as baselines.

We performed experiments on corpora from the biomedi-

cal domain where entity classes often are more fine-grained6.1  Re-balancing during Data Acquisition

and class imbalance between entities occurs in a more pro-To determine whether, and if so, to what extent these proto-
nounced way than in the newspaper material. We focus oncols are suitable to guide the AL process towards the minor-
scenarios withtwo entity classes only, namely one major- ity class we analyzed the effect of the protocols with respec
ity and one minority entity class. Our first data setAiV) to the entity class ratio, the number of minority class enti-
is based on the annotations of theNkBIOIE corpus [12]. ties selected, and performance in terms of different Fescor
We regrouped PNNBIOIE’s original annotations with ma-  While our primary goal is to increase the macro F-score, we
lignancy entity classes into two entity classes: The mijori  also show the F-scores for both classes separately as a more
class combines the original classes ‘malignancy-type’ and detailed picture of the effects of the alternative protecol
‘malignancy’, the minority class comprises all entity das

of malignancy stages. All other entity annotations of this Figures 1 and 2 (left plots) show the entity class ratio yaeld
corpus (e.g., genes and variation events) were removed. Ouby each protocol at different token positions. The ratio for
second data set €) is based on the NEREG corpus which random sampling roughly corresponds to the data sets’ over-
is annotated with genes involved in the regulation of gene all entity class ratio of approximately 15.5. As alreadywho
expression [9]. We removed all entity mentions except those before in a different context [7], AL-def in our framework
labeled as ‘transcription factor’ (majority class) andatir also shifts the ratio in favor of the minority class to values
scription cofactor’ (minority class). Table 1 summarizZest  of aboutll on both data sets. While AL-BOOD achieves
characteristics of both data sets. While thelMcorpus is a very low ratio in early AL iterations, the ratio increases
significantly larger than # both data sets have approxi- in later iteration rounds. Only AL-MINOR and AL-OVER
mately the same entity class imbalance ratio of 15.5. keep a low ratio over many AL rounds.

In each AL iterationn = 25 sentences are selected accord- Figures 1 and 2 also depict the absolute numbers of entity
ing to the chosen AL protocol variant (cf. Section 3). AL is mentions of the minority and majority class. Using AL-
started with a randomly drawn seed seRbdfsentences. We  MINOR or AL-BOOD on the MaL corpus, after 30,000 to-
performed 30 independent runs for each protocol on eachkens most entity mentions of the minority class have been
data set. In each run, we randomly split the data set into afound and annotated. As only few sentences containing mi-
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Figure 1: Entity mention statistics on MAL data set

entity class ratio minority class entity number majority class entity number

30
|
200
1500

—o— AL-def ] AL-def |~ AL-def
AL-BAB AL-BAB AL-BAB
—— AL-MINOR —— AL-MINOR AL-MINOR

25
Il

—=— AL-OVER —=— AL-OVER
—— AL-BOOD “|—— AL-BOOD
—+— RAND

—+— RAND

AL-OVER
AL-BOOD
RAND

1T

ratio
15
1
entity mentions
100
1
entity mentions

M .
S - o g -
(=3
n
w0 -
o - o - o o0
T T T T T T T T T T T T T T T
0 10000 20000 30000 40000 0 10000 20000 30000 40000 0 10000 20000 30000 40000

tokens tokens tokens

Figure 2: Entity mention statistics on TF data set

nority class entity mentions remain in the unlabeled rest of Figures 3 and 4 show learning curves for the minority class,
the corpus only a minor performance increase on this classthe majority class, and the macro F-score. On theLM
can be expected from that point onwards. At the time when data set, AL-OVER does not perform significantly different
AL-BOOD cannot find many more sentences with minority from AL-def in terms of minority class or macro F-score but
class entities, the number of majority class entity merstion slightly deteriorates the majority class. AL-BAB increase
selected increases. The same pattern, although much moréhe minority and macro F-score a bit with minor losses on
pronounced due to the smaller size of the corpus, holds forthe majority class F-score. While both AL-BOOD and AL-
the TF data set where for AL-BOOD most entity mentions MINOR result in a steep increase on the minority class F-
from the minority class have been found after 15,000 to- score, AL-BOOD performs better than AL-MINOR on the
kens® On MAL, AL-OVER exceeds the number of minority macro F-score. This is because AL-MINOR harms the ma-
class entities selected by AL-BOOD after 30,000 tokens as jority class F-score more than AL-BOOD does — the major-
then for AL-BOOD the pool is exhausted with respect to the ity class F-score for AL-MINOR is almost as low as RAND.
minority class entity mentions. OnFJ this happens in very

early AL iterations. While AL-OVER significantly increases On the Tr corpus, until about 15,000 tokens AL-BOOD out-
the amount of minority class entity mentions on both data performs AL-OVER in terms of minority class (and slightly
sets, it does not affect the number of majority class entity also macro) F-score. After that point AL-OVER takes over.
mentions. AL-MINOR results in high numbers on minority  This can be explained by the phenomenon we have already
class entities on ML, comparable with that of AL-BOOD;  observed in Figures 1 and 2: Almost all of the minority class
on TF, however, this protocol performs even worse than AL- entity mentions of the AL pool have been found and selected
def. Overall, we see that the different protocols indeecthav by AL-BOOD. Obviously, AL-OVER can and does outper-
an effect on the number of minority class entity mentions form the other protocols as it is less restricted by the small
and, by this, on the entity class ratio. overall amount of minority class entity mentions. AL-BAB
does not have any significant effect on the TF data set. AL-

SAfter splitting Tr into the AL pool and the gold set, only about MINOR performs very poorly here — even on the minority
100-110 entity mentions of the minority class remain in the pool.
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Figure 4: Learning curves on TF data set

class F-score worse than AL-def. We observed that a ran-sampling techniques to address class imbalance. To study
domly compiled seed set is quite disadvantageous here as itvhether in our scenario re-sampling within the AL loop is
hardly contains any minority class entity mentions. Thus, more appropriate than re-sampling applied in a post-pro-
in early AL iterations, the binary classifiers employed in cessing step, we performed further experiments.
the committee for AL-MINOR mostly predict theuTsIDE
class and do thus hardly disagree so that AL-MINOR rather We ran the selection by AL-def and then over-sampled dur-
resembles a random selection mechanism in early AL itera-ing evaluation time in the same manner as we did in AL-
tions until — by chance — some more sentences with minority OVER, i.e., at each evaluation position all sentences con-
class entity mentions are selected. Only AL-MINOR had a taining the minority class were duplicated. A direct com-
significant (negative) effect on the majority class, allesth ~ parison of over-sampling during AL selection (AL-OVER)
protocols did not affect the majority class F-score. and delayed over-sampling after AL selection (AL + OVER)
reveals (see Table 2) that on both data sets AL-OVER per-
In all our experiments, we have applied AL-BOOD with the forms worse than AL + OVER. On the M. corpus, AL-
default boosting factor for the minority class determingd b OVER is clearly inferior to AL + OVER (with the exception
the heuristic described in Section 3.3 (ifg,,, = 10.15 for of the 10,000 tokens measurement point), on tRedrpus
MAL, andb,,.;,, = 15.25 for TF). Further investigationinthe  both protocols yield roughly the same performance. We con-
effect of different factor values showed that the heurgdlyc
found value was among the best ones on thedrpus. On

the MAL corpus, however, lower values aroubg;, = 6 tokens
would have resulted in a better performance (cf. Section 6.3 corpus  scenario 10,000 20,000 30,000
for a brief discussion on ways to improbe maL ALOVER 0.529 0.587 0.615
AL+OVER 0523 0.602 0.630
. ; it AL-OVER  0.660 0783  0.825
6.2 Re-balancing after Data Acquisition TF AL+OVER 0677 0788 0828

Instead of addressing class imbalamiteging data acquisi-

tion, we could also have applied default AL to select the Table 2: Simultaneous and delayed over-sampling (com-
data to be annotated and once the data is available apply re- ' y ping
pared on macro F-score)
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Figure 5: Combination of AL-BOOD and delayed oversampling OVER)

clude, that AL-OVER does not enforce a special “guidance”
effect to the AL selection process and thus — if over-sangplin

macro F-score using AL-BOOD in a two-entity-class set-
ting. AL-BOOD works only reasonably when suffiently ma-

is applied at all — one should better do so once the labeledny examples for the minority class are available. Since this

data is available and not during annotation time.

In addition, our experiments showed that AL-BOOD does
outperform AL-OVER on the ML corpus and up to about
15,000 tokens also slightly on the TF corpus. However,
to profit from both AL-BOOD’s ability to select sentences
containing many minority class entities and from the fact
that over-sampling can help out when the overall number of
minority class entities in a corpus is extremely limited or
even exhausted, we combined both protocols (AL-BOOD +
OVER). Figure 5 depicts macro F-score learning curves on
MAL and TF comparing AL-def, AL-BOOD, AL + OVER,
and AL-BOOD + OVER. On both corpora, AL-BOOD +
OVER outperforms both “pure” AL + OVER and “pure”
AL-BOOD by combining the respective protocols’ strengths.
The beneficial effects of the combination omMcome into
play only in later AL iterations (20,000 to 40,000 tokens),
whereas on the A corpus, the combination especially im-
proves the performance on early to medium AL iterations
(up to 20,000 tokens), while in later AL rounds the perfor-
mance of AL + OVER is not exceeded.

With AL-BOOD + OVER, the macro F-score improved on
both corpora compared to AL-def. OnAM, the macro F-
score after 40,000 tokens was increased 6814 (AL-def)
t066.3 (AL-BOOD + OVER) and in order to reach AL-def’s
macro F-score 083.74, we need only approximately 25,000
tokens using AL-BOOD + OVER, which comes to a saving
of over 40%. Similarly, on F where we get a macro F-score
of 83.7 instead o1.4 and save also about 40%.

6.3 Discussion

While improvements on the minority class clearly come at
the cost of diminished performance on the majority class,
our experiments showed overall gains in terms of improved

was not the case for the TF data set, AL-BOOD could only
improve upon the minority class F-score in early iterations
In real-world annotation settings, however, large amoafts
unlabeled examples are typically available so that it isequi
unlikely that the AL pool could be exhausted with respect
to one entity class. While both AL-MINOR and AL-OVER
only performed well on one data set, AL-BOOD was always
amongst the best-performing protocols.

Our experiments indicate that our heuristic to determiee th
boosting factor for the minority class was a good start. How-
ever, more sophisticated ways to determine such a factor are
necessary to yield optimal results. A good boosting fac-
tor depends on several influencing factors, including cerpu
specific characteristics (average sentence length, nuafber
entities per sentence, number of tokens per entity, difficul

to learn each class, whether sentences, on the average, con-
tain exclusively one entity class, etc.) as well as appboat
specific considerations (misclassification costs and aecep
able trade-off between gains on minority class and losses
on majority class). In real-world annotation projects, the
value of the boosting factor might also change over time.
When a severe class imbalance is ascertained after several
AL rounds, one might adjust the factor more in favor of the
minority class, or vice versa.

7. CONCLUSIONS

In our research, two streams of work on increasing anno-
tation economy converge. On the one hand, we deal with
minimizing the efforts it takes to supply reasonable amsunt
of annotation meta data for (semi-)supervised learningfro
natural language corpora without compromising on the qual-
ity of this annotation data. We have shown before [19] that
this requirement can be fulfilled using active learning as a
sampling strategy that purposefully biases the learnirig da



to be annotated in favor of ‘hard’, i.e., particularly camtr [9] U. Hahn, E. Beisswanger, E. Buyko, M. Poprat,
versial decision cases, while skipping the ‘easy’ cases. On K. Tomanek, and J. Wermter. Semantic annotations for
the other hand, in this paper we used active learning to fur- biology: A corpus development initiative at the Jena
ther bias the selection process on already skewed data sets  University Language & Information Engineering Lab.
by balancing high-frequency and low-frequency classes up In Proc. of the LREC '082008.

front during of the annotation process again avoiding unnec- . - .

essary extra efforts. The need for this second bias comes[lo] R. Hwa. S.ample.sele_cu.on for statistical parsing.
from the assumption that low-frequency entity classes are a Computational Linguistics30(3):253-276, 2004.
informative as or even more informative than high-freqyenc  [11] N. Japkowicz and S. Stephen. The class imbalance
ones but suffer from extremely sparse training data and, cor problem: A systematic studintelligent Data
respondingly, low classification accuracy. We also claiat th Analysis 6(5):429-449, 2002.

due to the Zipfian nature of natural language, class imbal-

ance is a ubiquitous problem for NLP and by no means lim- [12] S. Kulick, A. Bies, M. Liberman, M. Mandel, R. T.

ited to named entity recognition in the biomedical applica- McDonald, M. S. Palmer, and A. I. Schein. Integrated
tion domain which we have deliberately chosen as our ex- annotation for biomedical information extraction. In
perimental framework. Our proposalz.altering the AL se- Proc. of the HLT-NAACL '04 Workshop ‘Linking
lection scheme by boosted disagreement with over-sampling ~ Biological Literature, Ontologies and Databases:
once the data is available, turned out to be most effective Tools for Users’pages 61-68, 2004.

ap;sggthseeg\elglaﬁ Itzrrrflsrtx(;iég itr)la'::rnnﬁg ;5 ;V;i?odlg- t:cgped |m-[13] J. Lafferty, A. McCallum, and F. Pereira. Conditional
P P ' Random Fields: Probabilistic models for segmenting

and labeling sequence data.Rroc. of the ICML '01
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