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Abstract

Named entities are typically associated with
names of people, places and organizations and
congtitute a group of textual elements present
in amost any type of document. The gen-
eral techniques used to extract them and their
variable-length property al so makesthem an at-
tractivetype of attributeto study in text classifi-
cation. In this paper, severa data sets are char-
acterized as being either dependent or inde-
pendent of named entities with a Naive Bayes
based ranking technique. Using this character-
ization, results are presented which find named
entities to be in fact useful in classification
tasks, and that accuracy can be improved by
considering them as a special type of attribute.
Namely, the inclusion of regular terms, named
entity representation and the frequency with
which a classifier is retrained al have an im-
pact on the classification of documents where
named entities are important.

1 Introduction

A central problem in information retrieval is the man-
ner in which a document is represented. The quality of
the representation directly impacts the way documents
are organized. A better organization of documents leads
to faster and more accurate document retrieval. Tradi-
tional methods for document representation or indexing
include such methods as the well-known bag-of-words
(BOW), and other n-gram based or phrase-based ap-
proaches (Caropreso et al., 2001). This paper considers
the utility of named entities for document indexing in the
related problem of text classification. Named entities are
akind of phrasal element which describe named elements
such as people, places and organizations. These entities
are semantically rich, multi-word elements and occur in
amost every type of document of interest to those per-
forming text classification. They are therefore of con-

siderable interest, especialy in the classification of news
articles and email where they are most prominent.

The majority of research in text classification to date
involves some kind of evaluation with the Reuters-21578
data set’. In (Bekkerman et al., 2001), the authors argue
that the Reuters data set in particular, since it was manu-
aly labeled, favours the development of keyword-based
text classifiers. In other words, if the Reuters data set only
workswell with keyword features, then any more sophis-
ticated approach probably will not seem too successful
when tested on this standard data set. This conjecture
regarding the Reuters data set is supported in the work
by (Lewis, 1992) which shows that a phrasal and word-
cluster approach to text classification performs poorly on
the Reuters data set. The main reason for this decay in
accuracy, according to Lewis, is the sparseness of the
document-feature matrix. The reasoning behind this ar-
gument is that if content words, like nouns and verbs,
are not very frequent by nature, then sequences of con-
tent words are even less likely to occur since there are
greater number of possible combinations. However, in
(Croft et al., 1991) the authors mention that “words may
be associated and co-occur, but not be part of the same
phrasal concept. NE (named entity) extraction preserves
the concept.” In other words, named entities may not suf-
fer the same effects of data sparseness as other phrasal
approachessince it is known that the words belong to the
same concept and the semantics can be preserved. This
paper provides us with an indication that named entities
are useful elements to extract from text because they be-
have essentially like multi-word nouns.

Such work has generated some interest in considering
named entities for text classification tasks. In (Cooley,
1999), the possibility of using named entities as a way
of reducing the dimensionality of the feature space in
the classification of news articles is investigated. Coo-
ley argues that since named entities are present in almost
al text documents and certainly in all news articles, that

1http ://www.daviddlewis.com/resources/
testcollections/reuters21578/



this may be a successful tool in adding some meaning to
the classification process. In his results, he finds out that
the classifier trained only on named entities, although it
reduced the feature space, does not produce sufficiently
high accuracy to be of any use. Thelimitation of thework
is that the results are based only on one data set and do
not investigate the reasons for which named entities pro-
duced poor results. There are also some characteristics
of classification algorithm he uses that can explain there-
sults he obtained.

In alater work (Clifton and Cooley, 1999), a tool de-
veloped to perform Topic Detection and Tracking (TDT)
is presented. This tool makes good use of named entities
by incorporating them as the keystone in the main ago-
rithm. In the algorithm, named entities are grouped to
form frequent item sets using a method from association
rule mining. These item sets are used in a technique to
cluster documents sharing a common topic. Based on the
success of this technique, named entities can be consid-
ered as being linked to the topic of a news article. This
fact suggests that named entities would in fact be useful
in text classification tasks.

As evidence of the current topicality of named entities
intext classification, In arecent technical report (Bekker-
man et al., 2004), the author presents an eval uation of text
classification methods on the Enron corpus®. He men-
tions in his future work that “[n]amed entities may be
highly relevant features. It would be desirableto incorpo-
rate a named entity extractor into the foldering system.”
The incorporation of named entities into text classifica-
tion tasks is exactly the purpose of this work.

The goal of this paper is twofold. The first goal isto
identify the situationsin which named entities are the key
features needed for accurate text classification. The sec-
ond goal isto study how, in these same situations, named
entities and their properties can be used to achieve better
classification accuracy. The situations which are hypoth-
esized to improvethe utility of named entitiesinclude the
following scenarios:

o Named entities used in the absence of other e ements

o Named entities represented as asingle entity instead
of by their component words

o Named entities in classification tasks where the neg-
ative effects of time are reduced by more frequent
classifier retraining

Thefirst point will discover whether or not named entities
are negatively affected by the presence of other types of
features. In particular, we refer to regular terms which
we defined as those elements that are not named enti-
ties. For the purposes of this paper, regular terms consist

2http ://www-2.cs.cmu.edu/~enron/

of single word components. The second point will in-
vestigate which feature representation is best for named
entities in those tasks where they are identified as being
useful. The final point will show whether or not named
entities are more significantly affected by the passage of
time in comparison to other types of features. If so, the
possibility of retraining the classifier to remedy the loss
in accuracy over time will be studied. These goals will
be achieved as follows. First amethod for characterizing
a data set will be developed. This method will enable us
to evaluate an attribute list for a given data set and state
whether or not the data is dependent on it. Second, each
of the three situations described above will be evaluated
in the context of the characterizations made.

This paper will be organized as follows. In Section
2, the method for data set characterization will be pre-
sented. Next, in Section 3, the results for three experi-
ments considered for named entities in text classification
are provided. Finaly, in Section 4 we state our conclu-
sions aong some plans for future work.

2 Data Set Characterization

This section describes the results of a method devel oped
to characterize a data set given an attribute list. The
method is required in order to conclude whether an at-
tribute list is adequate in its representation of a data set.
In this paper, we consider two types of attributes: named
entities and regular terms. The named entities are ex-
tracted from the documents using GATE (Genera Archi-
tecture for Text Engineering) (Cunningham et al., 2002).
The regular terms are obtained by creating a BOW from
the texts with named entities removed. This mechanism
to evaluate an attribute list in the context of classification
will allow usto measure and categorize the data sets stud-
ied according to how well they are represented by named
entities. The results are compared with those obtained
using regular terms. For further details and for a compar-
ison to other methods, refer to (Armour, 2005).

Before presenting the data set characterization method,
we will first briefly introduce the data sets used in this
work. There are six data sets of interest:

e Hockey: datacollected from Yahoo! Newsrelated to
hockey. The articles relate to the subjects of junior
and professional hockey, and form a binary classifi-
cation task. This data was part of an existing hier-
archy, since these articlesfall into the larger domain
of sports.

e Movies. data collected from Yahoo! News related
to entertainment. The articles discuss events related
to television and film.

e Rt-earn: datafrom the Reuters-21578 data set. The
top 10 categories, as defined by (Estabrooks et al.,



2004), were used and the earn category was labeled
as the positive class.

e Rt-acq: same as Rt-earn except the acq category is
used as the positive class.

e lokay-m: data from the flat-format Enron data set3.
Thetw_commercial _groupfolder isused asthe pos-
itive class and the corporate, articles, personal and
enron_t sare used as the negative class.

o farmer-d: data from the Enron data set. The logis-
ticsfolder is used as the positive class and the tufco,
wellhead and personal are used asthe negativeclass.

The method for data set characterization first requires
the ranking of classifications provided by the Naive
Bayes classifier. The Naive Bayes classifier is known to
provide a good ranking of examples as stated in (Zhang
and Su, 2004) and (Zadrozny and Elkan, 2001). The
claim we make here is that if a classifier is able to pro-
duce a good ranking with the provided attribute list, then
the data set is dependent on that list. This claim makes
intuitive sense since a larger percentage of easily classi-
fied examples implies that the attribute list is a suitable
representation for the classification task. Ranking can
be accomplished by ordering the classified examples ac-
cording to the value obtai ned from the following certainty
equation:

cert(B) = 1 — —corelCald) 6
¢ SCOT@(Cm,a.T/ | A)

where score(Cha |Z) is the value output by the Naive
Bayes algorithm for the predicted class and score(C's| A )
isthevalue of the next most likely class. Thesevaluesare
related to the conditional probabilities, but in no way ap-
proximate them. The computation of the right hand side
of Equation 1 results in a certainty value, cert(E;), be-
tween 0 and 1. Once the examples are ranked, accuracy
can be computed on subsets of more and more certain
classifications by progressively discarding low certainty
examples. If the ranking procedure is successful, accu-
racy will increase as the low certainty examples are dis-
carded. This relationship between ranking and accuracy
can be described by the following set of equations:

P(E1|A) > P(Ey|A) > ... > P(E.JA)  (29)
cert(Ey) > cert(Eg) > ... > cert(Ey) (2b)
E [acc([En])] > E [acc([Er, Ea])] > ... >

E [acc([Eq, Es, ..., Ey])]  (20)

3http ://www.cs.umass.edu/~ronb/
enron_dataset.htm

where P(E7;|Z) is the true probability of correctly clas-
sifying example E;; cert(E;) is the certainty of classi-
fication of example E;; and E [acc(S)] is the expected
accuracy achieved using the set of examples S. These
equations can be interpreted as follows: if the certainty
measure correctly ranks the examples, then the ranking
should correspond to an ordering of the probability of
correct classification. If this ranking of probabilities oc-
curs, then the relationship expressed in Equation 2c is
true. Asaresult of this equation being true, the accuracy
on smaller and smaller sets of high confidence examples
isexpected toincrease. We can then use the percentage of
examplesthat were used to compute high accuracy values
to reward a particular attribute list. For example, if an at-
tribute list is a suitable representation for a data set, then
it will have few low certainty examples and therefore use
a larger percentage of examples in achieving a high ac-
curacy. This relationship is described graphically in Fig-
ure 1 where accuracy is shown to increase with certainty
as the set of examples on which it is calculated becomes
smaller and smaller (coverage decreases as 1-coveragein-
creases). We then develop a measure to characterize the
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Figure 1: Annotated characterization curve

data set by computing the result of aweighted sum. The
sum assigns more weight to the high certainty sets which
result in high accuracy. The formulais given by Equation
3.

20
dep(E;) = Z Ws * P(100—511) (©)
i=1

where P, isthe percent of the total number of documents
used to calculate an accuracy value of z and w41 = 3.
This approach is similar to the area under the curve
(AUC) measure applied in (Zhang and Su, 2004), except

the different areas are weighted to give more importance



Dataset | > 80% | > 85% | > 90% | > 95% | overal
NE|RT|NE|RT |NE|RT [NE|RT | NE | RT
Hockey {100(93 (100 70 {100| 5 [86| 0 [91.0(78.0
Movies |93 [100| 73 |100{ 55 |92 |35| 71 |78.3|86.9
Rt-earn | 85 |100| 68 {100| 48 | 91 |18 | 66 |72.9(87.3
Rt-acq (100{100{ 97 |100{ 81 |100|54|100(80.4|97.3
lokay-m[100( 99 [100| 70 {91 |10 {64 | 6 |85.3|79.1

farmer-d| 67 | 88 | 48 | 68 | 36 | 29 | 29| 20 |68.8|76.2

Table 1: Percentage of Examplesin Accuracy Range for
NB Classifier

Data set score Dependency | Overal
NE RT NE RT
Hockey | 0.897 | 0.185 | high | none 1
Movies | 0.573 | 0.839 | med | high 2
Rt-earn | 0.449 | 0.794 | none | high 2
Rt-acq 0.745 | 1.000 | low | high 2
lokay-m | 0.777 | 0.254 | high | low 1
farmer-d | 0.460 | 0.398 | low | low 4

Table 2: Characterization of data sets with Naive Bayes

to the high accuracy subsets of ranked data. By weighting
the pointsin this manner two situations are avoided:

e Low overal accuracy curves producing high scores
e High overall accuracy curves producing low scores

Both of these situations are possible since when evaluat-
ing rankings with AUC the values are normalized to the
best and worst possible curves given the overall accuracy.
The results of the data set characterization, on attribute
lists constructed from named entities (NE) and regular
terms (RT), are provided in Table 1 and Table 2.

Thefirst table lists the percentage of examplesin each
subset for each attribute type, i.e. the largest percentage
of examples used in calculating an accuracy of at least =
percent (only the top four points are listed for each). The
second table provides the overall score as computed by
Equation 3, long with alabel. Thelabel (high, med, low,
none) comes from a discretization of the range of possible
valuesinto four equal sets. Thelast column comparesthe
values for each and determines which attribute list best
characterizes the data set. The value corresponds to one
of thefollowing: (1) Named entity dependent; (2) Regu-
lar term dependent; (3) Dependent on both named entities
and regular terms; and (4) Independent of named entities
and regular terms. The results show that the Hockey and
the lokay-m data set are named entity dependent. For the
Hockey data set, it is apparent that regular terms are not
of much use since both classes deal with the same gen-
eral subject matter. The best way to discriminate between
the two classes is with attributes such as the names of

teams, players, administrators, and cities. For the lokay-
m data set people and organization names also play an
important role in deciding which class label to assign.
The other data sets, with the exception of farmer-d are
found to be regular term dependent. With the farmer-d
dataset, the results for regular terms are poor since the
different folders deal with similar topics and often with
an implied context. The Reuters data sets are all regular
term dependent. This fact is in agreement with the re-
search conducted by (Bekkerman et al., 2001). The work
suggests that since the data was hand-label ed, the under-
lying classification process is keyword-based. The same
isthe casefor the Movies data set where keywords appear
regularly enough to help in the classification. Named en-
tities also occur very frequently, but it is usualy in com-
bination with the more statistically significant keywords.
Thefarmer-d data set is not well represented by either at-
tribute type and would require a more advanced form of
indexing.

3 Effect of Named Entities

Given the characterizations found in the previous sec-
tion, we want investigate the behaviour of named entities
in classification tasks. The characterizations will alow
us to justify and target the evaluations performed in this
section. For example, when we evaluate different repre-
sentations for named entities, we will only test them on
named entity dependent data sets because it is on these
data sets where different representations would have an
effect. In this section we are interested in three differ-
ent areas where named entities could potentialy impact
classification accuracy. These areas are;

1. The relative frequency between named entities and
regular terms

2. Thedifferent possible representationsfor named en-
tities

3. The greater dependence on time for named entities
than for regular terms

Each of these areas of interest will be addressed in
turn with specially crafted experiments to evaluate them.
These experiments and associated results are presented
and discussed in the remainder of this section.

3.1 Attribute Frequency

It is well-known that attribute frequency plays an signifi-
cant rolein thetraining of classifiers by machinelearning
algorithms. In this experiment, we will study the effect
that named entity frequency has on the learned classifier,
given that their frequency is usually lower than that of
regular terms. For thistask, we will use regular term de-
pendent and named entity dependent data sets and eval-
uate them using three different attribute lists: (1) regular



Dataset | NE | RT | Combined
Movies | 78.3 | 86.9 86.6
Rt-earn | 72.9 | 87.3 87.2
Rt-acq 80.4 | 97.3 97.5
Hockey | 91.0 | 78.0 82.6
lokay-m | 85.3 | 79.1 81.8

Table 3: Accuracy Achieved with NB Classifier for Dif-
ferent Attribute Types

Dataset | NE | RT | Combined
Movies | 64.1 | 88.7 88.8
Rt-earn | 76.6 | 97.9 97.5
Rt-acq | 85.4 | 96.4 96.2
Hockey | 92.7 | 91.5 91.3
lokay-m | 79.6 | 83.3 83.4

Table4: Accuracy Achievedwith SVM Classifier for Dif-
ferent Attribute Types

terms; (2) named entities; and (3) a combined list. The
data from each data set is split into two equally sized
sets, one for training and one for testing. The belief is
that regardless of the task, regular terms will govern the
performance of the combined list since they are more fre-
quent.

In Tables 3 and 4 we present the results obtained on
the selected data sets using a Naive Bayes classifier and
a Support Vector Machine classifier. The results show
that for both the Naive Bayes and SVM classifiers, our
hypothesisis true. The performance of the combined at-
tribute list is closer to the result obtained for the regular
term classifier. In other words, the presence of named en-
tities in the combined list makes no difference in terms
of classification accuracy even for the tasks deemed to be
named entity dependent.

3.2 Attribute Representation

For the named entity dependent tasks, it is necessary
to evaluate whether there is any benefit to representing
named entities by their entire description. The aterna-
tive is to represent them by their component words (NE-
BOW) which has the benefit of simplicity and a potential
reduction in the number of features. The hypothesis for
this experiment is, however, that attribute representation
for named entities will have an effect on classification ac-
curacy.

For this purpose, only the named entity dependent data
sets are used for experimentation. The data from each
data set is split into two equally sized sets, one for train-
ing and onefor testing. The results of the experimentson
the two named entity dependent data sets are provided in
Tables 5 and 6 for the two classification algorithms being
considered.

Dataset | NE | NE-BOW
Hockey | 91.0 91.8
lokay-m | 85.3 78.2

Table 5: Named Entity Representation Comparison for
NB Classifier

Dataset | NE | NE-BOW
Hockey | 92.7 93.1
lokay-m | 79.6 75.2

Table 6: Named Entity Representation Comparison for
SVM Classifier

From these results, we note that for the one data set,
lokay-m, the choice of representation has an effect. This
effect was present in both the results for Naive Bayes
and Support Vector Machines. The reason for why this
data set was affected and not the other can be explained
by considering the nature of the respective tasks. In the
Hockey data set, the named entities present are often un-
ambiguous given the restricted context of the task. For
example, the name “Martin Brodeur” is unambiguous if
represented by the term “brodeur” sincethereis only one
player with this name. For the Enron data set, however,
the task is much more general in nature and named enti-
tiesoverlap if represented by single-word tokens.

3.3 Attribute Time Dependence

The dependence of an attribute on time means that it
could potentially negatively affect the performance of a
classifier on unseen data. The performance can decrease
over time if the testing data changes significantly from
the data on which the classifier was trained. It is neces-
sary to investigate how named entities behave in relation
to timein order to determineif their behaviour is any dif-
ferent from that of regular terms. In this section, we first
present a discussion about the causes of accuracy degra-
dation over time. We present three different reasons for
accuracy loss: (1) Overfitting; (2) Concept drift; and (3)
Novelty introduction. We will then evaluate the effect of
time on the different types of attributes. Each data set is
split into four equal parts D; wherei = 1,2,3,4. The
datafor each data set is ordered in time such that the data
in Dy occurs before the datain Do, etc. The evaluation
will be performed by considering three different scenar-
ios.

1. Oneclassifier: A classifier trained on the earliest set
of data and tested on later sets of unseen data. For
example, aclassifier trained on data D is evaluated
onsets Dy, D3, Dy.

2. Retrained classifier: A classifier trained on a set of
data and tested on the data set occurring immedi-



ately after it. For example, a classifier trained on
data D, istested on D, and one trained on D> is
tested on D3, €tc.

3. Attribute density: The density of attributes will be
compared to see if named entities occurrences tend
to decrease over time more quickly than regular
terms. Attribute density is defined as the total num-
ber of attribute occurrences, m, divided by the total
number of possible occurrences n x d, where n is
the number of attributes and d is the number of doc-
uments.

Such measures are described in (Klinkenberg, 1999) as
indicators of concept drift. This discussion will alow us
to argue about the governing principle behind named en-
tity classification accuracy decay.

3.3.1 Classifier Performance Decay

As mentioned, we will consider the three different
causes of classifier performance decay, namely that of
overfitting, concept drift and novelty introduction. The
purpose of this discussion is to briefly define each cause,
for the purpose of determining which hasthe greatest im-
pact on named entities. For overfitting, we argue that it
can be defined as being related to whether or not atrained
classifier is overly general or overly specific. The con-
cept of overfitting does not apply for named entities since
there is no distinction for the notions of general and spe-
cific. For regular terms, overfitting is possible because
such notions are valid. For example, theterm “banana’ is
the generalization of the terms “green banana’ and “yel-
low banana.” Within the context of named entities, how-
ever, each term stands on its own. Concept drift on the
other hand, is defined as when the definition of a concept
changes over time. The meaning of the term “hockey”
may change from that of “ice hockey” to that of “field
hockey” depending on whether it is winter or summer. In
other words, it is when an attribute appearsin the training
and test sets, but its meaning has changed since the classi-
fier was trained. Concept drift is also associated with the
problem of when an attribute does not occur in the test-
ing set. Novelty introduction refers to when an attribute
appears in the testing, but was previously unseen in the
training set. Such attribute behaviour can degrade perfor-
mance because the best attributes for classification were
not availablein the training phase.

3.3.2 OneClassifier

Theresults presented in Table 7 report the performance
of a classifier trained on the set D, and tested on the sets
D; wherei = 1,2,3,4. Inthefirst column, the training
accuracy obtained is shown and in subsequent columns
the differencein accuracy is given for the other data sets.
An average difference is reported in the last column of

Data set NE RT

Di| Dy | D3 | Dy |D1| D> | D3| Dy
Movies [92.5—10.8|—13.3|—19.4/94.3|—6.8|—8.5| —7.2
Rt-earn |74.3| —4.6|—10.1| —5.7 |88.8/—2.0|—6.1| —1.1
Rt-acq |82.1| —6.8 |—10.7| —7.2(95.9|—1.4|—1.5{4+-0.4
farmer-df72.0| —3.9 | —8.9 |-11.782.3|—-7.1]—1.3| —7.2
Hockey 93.0 —3.5|40.6 | —6.3 |81.4|—2.1|4+-2.3|-11.3
lokay-m|85.9| —7.6 | —3.0 | —0.9 [80.6|—4.7|—7.0| —0.8

|Average|n/a] —6.2[ —7.6] —8.5 [n/a[-4.0[-3.7 —4.5 |

Table 7: Decay in NB classifier accuracy over time

Data set NE RT

D5 Dy D5 D,
Movies —-0.7 | +6.1 +1.3 —24
Rt-earn +0.6 —0.4 —-2.3 +0.4
Rt-acq +2.3 | —2.1 | +0.7 | +1.1
farmer-d | +4.7 | +16.0 | —4.8 | +2.3
Hockey +15 | —-0.1 | +14 | —3.3
lokay-m | —4.6 | —2.8 | +3.8 | +1.5

| Average | 40.63 [ +2.78 | +0.02 | —0.07 |

Table 8: Accuracy for NB classifier if regularly retrained

thetable. Theresults obtained with an SVM classifier are
omitted since they agree with those of the Naive Bayes
classifier. From these results, the accuracy of classifiers
trained on named entities are observed to decay faster
over time than those trained on regular terms. In other
words, named entities are more sensitive in general than
regular terms to the effects of time.

3.3.3 Retrained Classifier

Presented here are the results for the experiment where
concept drift is expected to beless pronounced. As previ-
ously described, the training data for each experiment is
the set of data that occurs immediately beforeit. Aswas
the case with Table 7, the results in Table 8 report only
the difference in classification accuracy for the sets D3
and D4. The differencein this case, however, indicates
the change in accuracy versus the value reported for the
one classifier scenario. The values in this table serve to
quantify the effect of classifier retraining.

From these results, named entities seem to benefit the
most from the retraining since they were the ones to suf-
fer the most from the aging of the classifier. This result
is deduced from the average difference values reported
in Table 8. However, the results show that a named en-
tity dependent data set did not make any special use from
the updated regular terms and the converseisaso true. In
other words, for aregular term dependent data set, named
entities show an improvement with retraining, but it is not
enough to make their accuracy higher than that of regular
terms. The main result hereisthereforethat named entity



Data set NE RT

Dy | Dy | D3| Dy| Dy |Dy| D3| Dy
1.010.81(0.72]0.72(3.30|3.16{3.20|3.03
Rt-earn (0.49|0.44(0.46|0.42|1.65|1.66|1.70|1.47
Rt-acq [0.49|0.44(0.46|/0.42|1.65|1.66|1.70|1.47
farmer-d|1.66{1.95(1.62{1.35|2.36|2.53|2.19|2.44
Hockey [1.32]1.26(1.35|1.27(5.28(5.10(6.37{6.36
lokay-m|1.63(1.32|1.15(1.04|2.60|2.19|2.36 |2.26

Movies

Table 9: Attribute density over time

trained classifiers can be potentially helped more so than
regular term classifiers by classifier retraining. The ben-
efit, athough for these data sets it does not trandate into
better performance for the named entity dependent sets,
could be observed in other cases where concept drift is
more pronounced. The conclusion is that named entities
are negatively impacted by time, but the degree to which
thisis true depends on the nature of the data set.

3.34 Attribute Density

The results for attribute density are displayed in Table
9. Similar to the other results for time analysis, the val-
ues obtained are presented in four sections to show how
the attribute density changes over time. The density be-
ing reported is a percentage of attribute occurrences over
the total possible number occurrences. The interesting
details about the resultsin Table 9 are twofold. The first
is how much more frequent regular terms are than named
entities. The second is that these results support the ear-
lier conclusion that named entity occurrences decay more
noticeably than regular term occurrences. Thisfact is ob-
served even for named entity dependent data sets. The
fact that the attributes tend to disappear after awhile sup-
ports the theory that it is concept drift and novelty intro-
duction which are to blame for the decrease in the classi-
fication accuracy of these data sets.

4 Conclusions and Future Work

This paper presents severa findings regarding the behav-
iour and role of named entities in text classification tasks.
Thefirst conclusion is that named entities are in fact use-
ful in text classification. In such tasks, a general ap-
proach to the problem may not offer an appropriate so-
Iution based on the choice of classification algorithm and
attribute representation. The data sets found to be named
entity dependent in this paper were the ones where a con-
text was well-defined as part of the classification task. To
determine if named entities would be useful for classifi-
cation, an example ranking technique is used. If the ex-
amples can be properly ranked, then the attribute list isa
good representation for the data set. After correctly char-
acterizing a classification task, it is possible to tailor the

representation in order to further improve performance.
In a named entity dependent task, for example, it is ben-
eficial ontwo levelsto throw out regular terms. (1) accu-
racy isimproved and (2) training and classificationtimeis
reduced as aresult of the feature reduction. Thisresult is
in contrast to the findingsin (Cooley, 1999) which report
named entities to not be of any use in classification.

The second conclusion relates to the representation of
named entities. The work presented in this paper shows
that if named entities are useful, the method used to rep-
resent them can have an impact on classification perfor-
mance. The extent of this effect depends on the nature of
the named entities given the context of the classification
task. If the entities are unique or unambiguous then their
representation has little effect. If named entities over-
lap, however, then using multi-word attributes can help
reduce this confusion.

The third and final conclusion of this paper is that
named entities, more so than regular terms, are dependent
on the effects of time in classification. In other words,
if a classification task is dependent on named entities,
then time must be considered more closely and it may
be necessary to retrain the document classifier more fre-
quently than for aregular term dependent task. Classifiers
trained on named entities cannot be thought of as overfit-
ting the data since there is no generalization possible for
such terms. They are affected more due to the fact that
they tend to come in and out of prominence over time.
Hence, the attributes appearing the training set may not
appear in the testing set. If new information appears in
the testing set and it degrades performance significantly,
then the classifier must be retrained to ensure a quality
classification.

In terms of future work, there are several new tech-
niques which could be developed based on the conclu-
sions presented. The first would be to reduce the cost of
data set characterization. Named entity tagging isacostly
endeavour, requiring several steps including parsing and
part-of-speech tagging. It may be possible to develop a
heuristic to extract likely named entities, or at |least the
most prominent ones, and use these to characterize the
data set. With such a heuristic, data sets could be tested
for named entity dependence at low computational cost.

Anocther technique would be to develop a specialized
named entity classification algorithm to be used in cases
where named entities are important. Such an agorithm
would take into consideration the properties of named en-
tities as reported in this paper. Namely, named entities
tend to occur in bunches, and come in and out of promi-
nence at unpredictabletime intervals. The difficulty with
the Naive Bayes algorithm when such a behaviour is ob-
served is that it puts too much importance on when the
attribute does not appear (especidly if it was prominent
in the training set). An improvement to this agorithm,



when considering named entities, would be to ignore the
conditional probability when an attribute is absent.

A final possible futurework would beto investigate the
characterization of a data set not only on named entities
but on the subtypes of hamed entities. In other words, we
would like to train separate classifiers using the names
of people, organizations and locations. For this paper,
this was not possible due to the fact that named entity
recognitionis still not done with a high enough accuracy.
The attribute types were therefore lumped together, and
some semantic information was lost. If separated, a data
set could be said to be dependent on people names or
location names for example.
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