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Abstract Given a specific information need, documents @flso helps to distinguish between “noise” and “music,” be-
the wrong genre can be considered as noise. From this pgereen wanted and unwanted documents.

spective, genre classification helps to separate releemtd In the context of documents and genres, the technical
uments from noise. Orthographic errors represent a secomdm “noise” has two possible readings. In a narrower sense,
finer notion of noise. Since specific genres often includierefers to data contaminated, for example by spellingftyp
documents with many errors, an interesting question is wrerrors or by errors resulting from OCR recognition. In a
ther this “micro-noise” can help to classify genre. In thés p wider sense, depending on the task at hand, each genre can
per we consider both problems. After introducing a compreepresent a class of noisy documents. For example, cooking
hensive hierarchy of genres, we present an intuitive methietipes and forums on fishing represent a kind of “macro-
to build specialized and distinctive classifiers that alsolkiwv noise” if someone collects scientific articles on fish. Obvi-
for very small training corpora. Special emphasis is givesusly, classifying genre helps to recognize “macro-noise”
to the selection of intelligent high-level features. WertheObserving web pages of certain genres, with an eye-catching
investigate the correlation between genre and micro noiseimber of orthographic errors, for example forums, it is a
Using special error dictionaries, we estimate the typical enatural question whether this “micro-noise” can help teela
ror rates for each genre. Finally, we test if the error rata ofify genre. Our main contributions are the following:

document represents a useful feature for genre classificati . . . . .
P 9 1. We introduce a fine-grained hierarchy of genres with max-

Keywords genre hierarchies, features, genre classifica- imal coverage, including web-specific genres.
tion, error dictionaries, noisy corpora. 2. We present a collection of hand-crafted high-level tex-
tual features for the hierarchy. On this basis we designed
classifiers for each genre that only use a selection of few
relevant features. The resulting system of classifiers is
compared with statistical methods from machine learn-

The technical term “genre” refers to the partition of docu: Ing. . . o
ments into distinct classes of texts with similar functioma 3. We present a detailed evaluation of the distribution of er

form. When analyzing documents, genre represents an i _ror rates for orthographic errors found in distinct genres.
dependent dimension, ideally orthogonal to topic. Tradii W? show that for a number of genres an automated anal-
ally, most work in the area of text classification has been ysis of _the error rate of agiven document_qan pe used as
concentrated on the problem of how to recognize thematic & additional feature to improve the classification.
domains. However, since the genre of a document often giyegr genre hierarchy extends previous work by [2,4]. We
strong hints of its value for a given user, genre classifitatitried to reach maximal completeness with regards to gen-
Andrea Stubbe eral sear_ch applications, at tht_e same time avoiding fuzdy an
CIS, Univ. of Munich, Oettingenstr 67, D-80538 Munich, Germg overlapping .ger!re classes. Wl.th the use of wo levels and 32
E-mail: andrea@cis.uni-muenchen.de leaf categories in the genre hierarchy we want to guarantee
Christoph Ringlstetter sufficient granularity for practical applications, simane-
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ton, Canada T6G 2E8 where this is preferable. Our main application scenariat th
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ing (e.g., support vector machines [7]) do not lead to sat-a hierarchy of genres
isfactory results if only a small amount of training data is

available. In our test, a total of 1,280 files in the comple
corpus is composed of 40 documents available for each g
When using 20 documents for training of a genre, stand
classifiers and uniform feature sets produced poor resu
We were then interested to see if a heuristic classifier ba
on a small set of features motivated by class specific kno

edge would lead to better results. Considerable effort was, eg (B), mail (F.1), and diverse genres for knowledge

put in the selection of powerful fga_tures. As anp;her refin_ dmmunication (C)interactive web pagemgether withdis-
ment, several methods for combining the classifiers for dig;ssjonmndletterswere assigned to the container class com-
tinct genres have been tested. For the given scenario, fiinication (F)privateandpublic homepagewere merged
cla}ssmers in fflct outperform standard methods from Mo presentation (C.7)error messages, empty pages\d
chine learning: frame setsvere put into class “nothing” (G.1). Concerning
We illuminate the correlation between the genre of a dothe second level of the hierarchy, several new genres below
ument and the percentage of orthographic errors found in the container classes are meant to increase the coverage of
texts focusing orspellingandtyping errors. For detecting the classification. Because of their functional similattg
this “micro noise” we use huge special error dictionaries thjournalistic genres were additionally scrutinized by an ex
capture the main part of errors introduced by the respectivert leading to minor rearrangements. The final hierarchy is
noisy channel. In fact, the results show a strong corraiatipresented in Table 1.
between genre and the number of orthographic errors, with To better judge its quality and transparency, the hier-
a significant trend towards higher error rates in documertschy was evaluated by a non-expert not involved into the
that belong to the more private oriented genres. As one anstruction process. The test person had the task to clas-
plication, genres and documents with high error rates candiy two documents of each genre according to the classi-
excluded from corpus construction. fication schema. For 76.8% of the texts the human choose
WG originally tagged class. 2.9% of the classificationsawer
Eso correct, since the documents were mixed documents for
ample a presentation that contains a lot of programming
code? For 13.1% the class selected by the test person joined

features and integrate them into our classifiers. Our expeI e same container class and was very similar as, for exam-

ments show that in fact for some of the genres the precisiB , a reportage and a feature document. Only 7.2% of the

e L : ts were classified in a completely wrong manner. The fol-
?gacilsrse5|flers is improved when using the error rate as a n%o%\?(ving confusions were observed: F-4 G, C.7— G, A7

—A.8,A4—FlandE.2> G3

The paper is structured as follows. In Section 2, we de- The containers of the hierarchy define a first classifica-
scribe our hierarchy of document genres and introduce g |evel usable for coarse corpus partition. With regards
corpora used for our experiments. Section 3 addresses {§)@|assification errors a hierarchical classification sthe
extraction of genre-specific features and their contrdnuti he|ps to evaluate the severity of a false classification: de-
to the classifiers. In Section 4, we consider strategies {§nding on the application, errors that happen within a con-
combining the individual classifiers into a decision networ tainer can be defined to cause lower loss of accuracy than
Section 5 describes the construction and application of erghose that cross the top level classes.
dictionaries. In Section 6, we describe our experimental re For each of the 32 genres, 20 English HTML web doc-

sults. First we evaluate our genre classifiers over a test COhents for training and 20 documents for testing were col-
pus of 640 annotated documents, comparing the new teﬁa@ted leading to a corpus with 1,280 fifes

nigue with traditional methods from machine learning. Two Wi ful t h broad distributi f topi
case studies exemplify how genre classification can be fruit € were careful to gather a broad distribution ot topics,
fully used in different application scenarios. We then pres authors, and sources for each genre in o_rder to avoid a bias
an evaluation that characterizes the distribution of eates [0Wards specific values of these dimensions. The balanced
for orthographic errors in distinct genres. In a final sedes data set for training and for testing allows us to compare the

experiments we report on the effect of using error rates as%q{formance of the different classifiers and abstracts from

additional feature for genre classifiers. The conclusion-su
marizes the results and comments on future work. 2 During the collection of the corpus we tried to include only u
equivocal documents. Nevertheless, estimated 22% of tbendents
contain material that belongs to a second genre.
3 These human errors had only marginal coherency with those in
! This should not be interpreted as a general claim - typicadigsi- duced by automatic genre recognition (s. b.).
fiers from machine learning are trained with at least hureldiocu- 4 For research purposes the corpus is available at http://eismni-
ments. muenchen.de/"andrea/genre/corpus.

r§tarting from a predecessor system [4], we developed a new,
NEr grained hierarchy of genres, meeting the demands of
nre focused corpus construction and in particular, the fil
ing of noise from a macro perspective. The 11 classes pro-
ed by Dewe et al. were rearranged to 8 container classes.
e split up the classther running textinto the literature

Since some genres typically come with a particularly lo
or high error rate, it is natural to assume that the error rft
of a given document can provide valuable hints on its gen
We use error dictionaries to derive additional classifarati
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A.Journalism C. Information D.3 protocol further divided into statistical clues such as averageéingth
A.lcommentary | C.7 sclence report | E Directory or number of sentences, document structure, formatting of
A.2 review C.2 explanation E.1 person . -

A3 portrait C3Tecipe E.2 catalog the text _and HTML r_neta—lnformat!orj such as content-to-
A4 marginal note| C.4Taq E3Tesource code-ratioVocabularyincludes specialized word lists as well
A5 interview C.5 lexicon, word list| E.4 timeline as dictionaries, for example positive adjectives or the @0D

A.6 news C.6 biling. dictionary | F. Communication most common English words. Also multi word lexemes, bi-
A-;feature gg presentation F-% ][”a"vta'k | grams, signs (emoticons) or phrases (such as "to whom it
A8 reportage -8 statistics F.2 forum, guestbook - 5y concern” in letters) were appligRatternsinclude more

B. Literature C.9 code F.3 blog . - .

B.1 poem D.Documentation FZ formular qomplex. units, such as repetitions of characters, dataébor b
B.2 prosa D.1law G. Nothing liographic reference<Combinationf these features result
B.3 drama D.2 official report G.1 nothing in high level structures. For example a casual style of writ-

ing can be recognized by the number of contractions (e.g.
"won't”) and the use of vague, informal and generalizing
words. The occurrence of some kind of agents can be recog-
nized through quotation marks (as only agents can speak),
the specifics of document spaces for different applicatioREonouns, names and living entities. Sometimes it was nec-
with their individual distribution of genres. essary to distinguish different styles of writing or sturet
within genres. Commentaries, for example, can either be
polemic pamphlets or show the pros and cons of a topic. In
these cases, we had to construct rules of the feature-set-

1v feature-set-2To avoid misclassification, special features

e that help to separate between similar genres were used.
As we argued above, genre classification helps to recogniz€rye classifiers were then constructed as a conjunction of
unwanted documents. A kernel issue behind document clas- I

T . . Single rules. As an example the classifier of the gaare
sification is the selection of feat_ures. While [4] and_othe@ortageis defined by the following conjunctioh.

use global feature sets, we decided to use specialized fea-

tures for each genre. The goal was to allow only a small se
of significant and natural features for each single classifie
Since training corpora were small, we used human knowl-
edge on the given genre and tried to avoid effects caused bYs
accidental similarities between documents of distincrgen
that result in overfitting. In an iterative process, we itives
gated all training documents for the given genre, identify-
ing important characteristics and sometimes defining élues
We evaluated these features for all classes and tried te sepa
rate the training files of the chosen genre from the other files
by determining thresholds that maximized the F1-value forf”t
those features and their combinations. These intuitive hy-
potheses (e.g., catalogs indeed contain a lot of price® wer
tested on the complete training collection. For classificat
features were arranged into a simple decision tree. If the us
of a certain feature led to a performance improvement, it was
added, otherwise it was discarded. During this processpwhe
a previously acknowledged feature became degraded it was date_capressions < 0.6 A past.markers < 1

removed. For practical reasons the iteration was terninate first pe_rson not too maﬁy (but at_least some) names
when the classifier reached values for recall and precision 1th ' 2163 <8 A
of about 90% on the training corpus. For some genres which 5 erso%‘gmmuns 6 5 ~PETSON-pronouns

are exceedingly difficult to identify, a threshold for pr&ion names >tl 0 ?ames < .tt

of 75% was sef.The final result of this procedure is a form Cog:fbgufnnpzzafenzrep;eig;)s %S:Tesen ¢ tense A

of hand-crafted decision tree for each genre. (verbs_in_past_tense > 0.2 V verbs_in_present_tense > 0.2)

clué\{lr?n¥ogrgfecgggka?§rs g;éea;lrjtfzf\’\s/e;(gﬁ ncs(')cgﬁrfgx' Ir;{t_about people and creatures or past adventures and voyages
9 ’ y P P ’ piexp (third_person_pronouns > 3 V names > 4 V

Table 1 A hierarchy of genres

3 Genre specific classifiers

ttextlength, HTML-form-elements
number_of_chars > 2500 A number_of_chars < 45000 A
HTML_form_elements < 10
a continuous text
number_of_verbs > 18 A number_of_conjunctions > 2
not too dispassionate, literary or casual language
number_of_sentiment_bearing_adjectives > 17 A
sentiment_adjectives/adjectives > 0.5 A
sentiment_adjectives/adjectives < 4 A
contractions < 2.5 A casual_language < 3
er commentaries, faq, interview
arguing-language < 1.3 A generalizing language < 3.8 A
questionmarks < 3
filter scientific reports and portraits

science_bigrams < 0.01 A (portraitWords < 1V

names + third_person_pronouns < 7)
not too many date-expressions or past-markers

terns, and combinations of all thedearm features can be

5 Examples for clues are specific form features for FAQs, Vfiters

and poems.

8 This lower threshold concerned the genres commentary (Bat)
trait (A.3), marginal note (A.4), explanation (C.2), pretgion (C.7)

and mail (F.1).

living_entities > 2) V
(geographical names > 0.5 A past-markers > 0.4)

" Explanations of all features and prototypical implementa-
tions of the classifiers for the different genres are avélaat
http://lwww.cis.uni-muenchen.de/"andrea/genre/.
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Difficulties. The limits of the described method are reachgutecision and recall. For example, if the classifier for €las

for text documents that neither possess specific structure A leads to wrong classifications of documents that belong
specific vocabulary. Such texts often can only be recognizedclass B, its use before the classifier of class B will lead
by POS-characteristics or by the kind of language used, Stib lower precision for the classifier of class A and to lower
the stylistic differences between two authors can be more secall for the classifier of class B.

vere than those between two genres. Another problem is thatQrdering by F1 valueA possible solution to set up a

certain genres have strong similarities. Examples are cofgasonable unequivocal classification is to use the classifi

mentaries and marginal notes, which both express the opiiorder of their F1 values reached at the training®sEe

ion of an author in a somewhat casual manner. underlying idea is that a higher F1 value indicates a higher
probability that the classifier will make the correct deaisi

Ordering by dependencies and reca&irdering only by
4 Classifier combination the F1 values misses possible advantages that result from
a reordering triggered by the local dependencies between
Endowed with specialized classifiers for each genre, we hiwé classifiers. To determine an improved ordering, a depen-
to fix their interplay and their global behavior. An evaleati dency graph is generated. In a first round each document of
of 10% of our training corpus (two files per class) showetthe training corpus is classified by all classifiers. By that w
that 22% of the documents show aspects of more than qu for each classifieN; a value for recall and precision.
genre. Therefore depending on the application it can be fdditionally we get a confusion matrix for the classifiers.
perior to allow multiple classification. On the other hand, A first version of the classification sequence is estab-

sometimes it might be desirable to have an unequivocal clgned by declining recall values with precision as a sec-
sification, and thus, a decision for the most probable C|3&§dary ordering criterion:

has to be made.

N; = N]‘ iff

(Recall(N;) > Recall(N;)) vV

(Recall(N;) = Recall(Nj)APrecision(N;) > Precision(Nj;))
4.1 Multiple classification

The default case of multiple classification is an indepen-
dent application of all classifiers to an input documentc8in

each classifier can make a positive decision, a document €&l as clasa/. we create a directed edge fram to N,
end up in more than one class. o _ labeled by the number of missclassified texts. The final ver-
Filtering. A variant of multiple classification that exploitsgiop of the classification sequence is received by reamang

knowledge about the interdependencies of the classifierg jgssifiers in the sequence according to their dependencies
filtering. To remove erroneously classified texts of a certajyith their successors: if a classifié¥: is followed by N;
genre from another class filters can be used. These filters ka4 has a dependency edge wi jv is put beforeN-J

.. . .. e - ’ J (
prove the precision of an individual classifier, restrigithe  The procedure is not applied recursively: that means it rear
set of hits. The filter rules operate as a disqualificatioteeri rianged the dependencies/vf are not taken into account.

rion: if a text has been recognized as A, it cannot be simu For the case of a cycle in the dependency graphis
taneously classified as B. This approach is highly efficient i ly rearranged if the label of the outgoing edgeNp is

A texts are often erroneously assigned to B, but conversegl . . ;
only a few B texts are recognized as A. In order to find a?‘— her than that of the incoming edge frdl&f). An |I_Iust_rat-
cut-out of the dependency graph is shown in Figure 1.

propriate rules, one may compute a confusion matrix on ﬁ':wrom our training corpus, the following sequence arose
training data. All classes that are only misclassified in g corpus, 9 seq )

unidirectional way are suitable for filtering.

Then with the help of the confusion matrix a dependency
raph is generated. When finding texts of clagsmisclas-

G.1-E.2—»F.4—F.2—F.3—-C.9—-C.6—-C.5—~B.3—B.1-D.1—
4.2 Mono classification. D.3—D.2—E.4—E.1—-E.3—-C.8—C.1-A5—A.7—A.8—F.1
sEpmpared to the F1 model the ordering by dependencies
lead to improvements for precision and recall on the trgnin
on the test collectiohin our experiments (cf. Section 6)

One solution is to compute the results for each single cla
fier and apply well-known techniques such as the Behavi
Knowledge Space(BKS) method to determine the best cl e ;
[6]. Instead of computing in advance all the classificatiorf§® gsed mon_o.-cla_ssmc.atlo.n, o_rdered by dependencies and
and then filtering the results afterwards, a more efficient anultiple classification with filtering.

ternative is to determine an evaluation sequence a texbhas t

go through. As soon as a text is classified, the process stops.f| — 2.Precision-Recall

Precision+ Recall

This procedure prevents multi-classifications, but a peer 0 ¢ |n general an improvement by this method can be expectedyif on
dering of the applied classifiers can lead to deterioratfon e direct successors are switched according to their diepeies.
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Dictionary Number of entries
| D(English 315, 300
El E4 D(German 2,235, 136
95/90 90/87 D(French 85, 895
2 D(Spanish 69, 634
D(Geog 105, 700
D(Name$ 372,628
1 D(Abbreviationg 2,375

B3 Table 2 Size of filter dictionaries.
90/100

used. Starting from a small set of prominent errors, we col-

lected error prone documents from the web. From these doc-
uments, new high-frequent errors were extracted. The boot-
strapping was terminated when no new errors with a rea-
sonable frequency were found. From the list of errors, we

derived patterns for cognitive errors and built up a produc-

tion program for cognitive error dictionaries. Applyingeth

. . : error rules to a standard English dictiond?yEnglish with
Our method to investigate the correlation between genre % 300 entries, we obtained a list containing223, 128

orthographic errors is based on error dictionaries [1,A8]. arbled tokens. After the standard filtering step (s.bg, th

suming that errors in texts result from a structured and e ctionary for cognitive spelling errorg).....(English,spel
cidable process, it is possible to generate and store émrors, composed of, 202, 997 entries e ’ ’

a systematic way, applying a ge_ne_rative_ algorithm toa I_an- Filtering step. The filtering procedure needs as input an
guage base: In [13] huge error dictionaries including tgp"hn iltered error dictionary and in addition a filtering daeti
errors, spelling errors and OCR-errors have been emplo DFilterFor our experimentsP¥iler represents the
to estimate the number of orthographic errors in web doci?‘ :

Fig. 1 Cut-out of the dependency-graph.

5 Finding errors with error dictionaries

ments. These dictionaries were found to capture most of nion of diverse conventional dictionaries presented in Ta
e ) P 2. Each garbled token found I "#*¢" is excluded from
orthographic errors found in the web. In our present stu

OCR-errors did not play any role. Hence, regarding the ¢ Ye respective error dictionary. Note that the classificati

relation between genre and noise we concentrated on th Y a token as an error is always related to the applied fil-
! Ween g ISe W ; €&Mexicon. This can have profound effects on the values of
ror channelsypingandwrong cognitive representation recision and recall. For example, when analyzing the or-

Typing errors. Ignoring less important classes, typin hography of multilingual documents, the overgeneratibn o

errors can be d.iVind into trans_positions, c_ie_,-letions,rins%n error dictionary can be reduced drastically by adding a
tions, and SUbSt'tUt'o.nS [10]. While transpositions ankt-de missing lexicon of one of the involved languages to the filter
tions may affect arbitrary symbols, insertions occur Wh?&gcedure

! .

pressing two keys instead of one. Therefore, any inser
letter is neighbored on the keyboard to one of its adjoim

!set:r?lgillsn ntgf ;gétr'eg'g:l?gg kS:bbséglrjé'o.rll_zk?nnIytha;eecggrke_ns recognized by the error dictionaries we found a recall
y 9 y ) 9 0162.4% and a precision of 85% for error recognition using

tions into account, we created a rule set for producing YBir error dictionaries. For the worst documentd Q errors

ing errors from correct words. These rules were applied top'gr 1,000 tokens), recall (66.93%) and precision (95.00%)

conventional English dictionary with 100,000 entries thig 4,04 oyt to be higher. The results show that the number of
frequency words of a larger dictionary). We did not S'mutiits of the error dictionary can be seen as a lower approx-

Eﬁg?g?:lyrigﬁgezvgoﬂ:ii tgxigt?rrggévé?rrgr’ tc\fesl;[gsetro:fne ation of the real number of errors. For English texts, the
o P . y : (?gtlo between both numbersAds1.4 (cf. [13]). The approx-
ified the first letter of a given word. On average, 135 muta.
tions were produced per English input token. n
Obviously, when applying an error pattern, a correct woatg
may be produced; thus an additional filtering step is reqluirﬁ1
(s.b.). After deletion of duplicates and correct words«filt
ing), the dictionary of typing error®.,..(English,typing
contains9, 427,051 entries.
Cognitive errors. We define cognitive errors as ortho6 Experimental Results
graphic errors that result from an incorrect cognitive eepr
sentation, caused, for example, by a disagreement betwhethis section we present the experimental results. In the
phonetic and orthographic form of a word. To find charadirst part we evaluate the behavior of our specialized clas-
teristic patterns for such errors, a bootstrapping methasl vsifiers for genre classification, comparing them with con-

Detecting and counting errors with error dictionaries.
a study (cf. [13]) on 1,000 real errors and on 4,000 to-

ation is more reliable for “bad” documents with a large
mber of hits. In what follows, therror rate of a text is
fined as the average number of hits of the error dictionary
1,000 tokens of the text.
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ventional statistical classifiers. In the second subseatie Genre Pl R
study the correlation between genre and the percentage of ﬁ'“llocugpnar'ﬁ gg'g gg.(l)
orthographic errors found in the texts. Finally, we deserib AZreview 7271200
experiments of using error rates as an additional feature fo A3 portr. 76.9 | 50.0
genre classification. A4 m.not. 143 5.0
A.5interv. 81.3 | 65.0

A.6 news 40.0 | 30.0

L . . o A.7 feat. 53.8| 35.0

6.1 Genre classification by a combination of specialized A8 repo. 50.0 | 50.0
classifiers B. Lit. 78.0 | 53.3
B.1 poem 85.7 | 60.0

In our experiments for genre classification initially we ap- E-g prosa gg-g 28-8
plied the unequivocal classification model (cf. Section 4.2 Cnfo. 240 553
). Each document of an evaluation corpus is treated by spe- CIscirp. | 88.9] 400
cialized binary classifiers until a classifier makes a pasiti C.2explan. | 50.0 | 35.0
decision. The application sequence of the classifiers is con C.3recipe | 81.3] 65.0
trolled by a dependency graph. C.4faq 86.7 | 65.0
Precision and recall are used as evaluation measures for gg ';f";ig” gg'g 18'8
genre classification .. An evaluation corps= { D1, ..., Dr} c7 préseh. 3001 353
is a multi set of documents df different genres, witlD; = C.8siat 80.0 | 40.0
{d:1, ...,d;n} as the document set of geniterecall and pre- C.9 code 100 | 85.0
cision of a classifier for genrg according to the set of rec- D. Docu. /75| 51.7
ognized documents;;, are defined as follows: B-% Iaf\rN gi-g 28-8
Precision is the number of documents of genie the D3 gr(.)?). 8671 650
result setC; divided by the total number of documents in EDir. 7611 63.8
the result setPrecision = % E.1 pers. 90.9 | 50.0
Recall is the fraction of documents of geria the result E% f:;al' gg'j gg'g
setC; divided by the total number of documents of geire EZTimel. 276500
in the evaluation corpusRecall = % F. Comm. 739 63.8
In Table 3, we show a survey of the classification results E% gf’gﬁéﬁ gg'g gg'g
using the genre specialized classifiers combined by the de- F.3blog 9291 65.0
pendency graph. The precision of the classification intg-ori F4 formular | 90.0 | 90.0
inal classes is 72.2% with an overall recall of 54.8%@.he G. Noth. 100 | 100
quality of classification differs considerably betweertaier G.1 noth. 100 | 100

classes, ranging from an F1 value of 14.7% for marginal

notes (A.4) to 100% for “nothing” (G.1). Genres with a defilable 3 Precision {) and recall {) of genre classification using spe-

nite structural appearance such as directories, poems, I’—%?)

and forums involve certain form features and because

that are better recognized than average. If we considerdocu
ments as correctly classified that do not end up in their orig-
inal class, but in a class that is alsell-justifiedin the sense
of a multi-classification (cf. Section 4.1) the precisioses

to 80.5%. We regard a documentwsll-justifiedto suit for

a class if it either is a mixture of genre (like a presentation
form of a timeline) or contains a certain amount of maten%
that belongs to a different genre: for example, a sciengfic r
port with a great part of statistical information that hasbe .

{zed classifiers. Ordering of classifier applicationabgependency
h. Results for classification of texts from the test osripto orig-
| class.

notes are confused with features (4) or commentary (6) - all
of them fall into the journalism container and express some-
how the view of the author. An excerpt of the confusion ma-
.trix presented in Table 4 shows frequently confused genres
at lead to more serious classification errors. The given ex
amples of confusion errors show the direction to possible
improvements of the classifiers by either maintaining separ

classified to statistics or a presentation with a great amouy, o ranges of feature values or introducing additionpt se
of programming code. Reducing the hierarchy to the m?,;\?ative features
0, ’

coarse grained first level, we obtain a precision of 77.8 Trend bi |
showing clearly the effect of improvements in classificatio rends on bigger samples.
During an application experiment (cf. bellow) and a clas-

when using fewer genres. . . ) 7S
An analysis of the confusion matrix shows a high quar?—ncler ada_lpnon experiment [16.3] tren_ds for precision and re-
tity of minor classification errors where true class and-claSa!! ©n bigger samﬁles wetzrte |trr]]vesfugated. TI?QS? datt?] are tod
sification result are close neighbors. For example, makgi Seéen as a compliement 1o the given results since the use
corpora are not carefully balanced either with regards to un

10 Wwith original class we denote the class that the document whiased sources (recall) or to the genre distribution of tre
sorted into during corpus construction. pus (precision). On a 160 document set for each of four se-
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Genre | Class | freq | Remark Method Precision| Recall
A5 B.3 2 | similar structure Specialized Classifiers 72.2% 54,0%
A4 F.1 4 | personal style, freq. use of I, you Support Vector Machines 51.9% | 47.8%
A5 A4 4 | no simple explanation Naive Bayes 48.3% | 44.8%
A5 F1 5 | welcome and goodbye J48 Decision Tree 40.4% | 37.5%
B.1 F1 5 | no simple explanation k-Nearest Neighbor 35.7% | 31.7%
B.3 A5 1 | similar structure
Cl | AS 4 | scientific texts with marginal notes Table 5 Precision ) and recall using Specialized Classifiers, Sup-
C9 | C6 4 | code words recogn. as foreign wordls  port Veector Machines, Naive Bayes, J48-Decision-Tree aNerest-
D.1 C.2 4 | no simple explanation Neighbor algorithm (mono classification).
F.2 E.4 5 | series of dates
F.3 B.2 4 |1 some blogs have narrative style
F.3 E.4 4| series of dates
F3 | RI 8 [ personal style, freq. use of, you only under this condition!® Still, for many classification

) ) ) ) tasks it is not realistic to annotate thousands of training d

Table 4 Excerpt of the confusion matrix showing more serious dasﬁ'lments Here we consider the proposed method as a strong
fication errors and their explanation. .

alternative.

Comparison with previous work on genre classification.

Comparing our results to previously published work, thelsma
lected genres we got the following recall values: blog(8Y,.5 size of our training corpora and the high number of possible
catalog(40.00), faq(52.50), interview(55.68)with regards  classes should be emphasized. In [3] using a training corpus
to precision on a corpus of 30,000 webpages measuringWith 10,000 documents and only 7 genres, an F1 value of
random test samples of 50 documents we got the followi§.1% is reached that sharply decreases with the reduction
values: blog(64.00%), forum(72.00%), interview(56.00%)Of training documents. In [18] a Bayes classifier is used to

Comparison with Machine Learning Method=or the classify documents into 9 _classes of the Brown corpus. Are-
P g all of 57.8% and a precision of 62.2% is reported. In [9] the

sake of comparison, several machine learning (ML) metfi t th ber of lassificati i
ods have been applied to the data, using as a global feafﬂ%'ence of the number of genres on classification quality
ocumented with a decline from 73% precision using 4

set the union of all feature sets introduced for the spexedli :js_ﬁ 520 using 15 B :
classifiers? The first ML method is thNaive Bayes Clas- dTerent genres to 52% using rown categories.

sifier using the maximum likelihood expectation criterion N two application studies, we further tested the strength
to make a decision. The term “naive” refers to the assunfpf- 0ur method to filter noise by classifying and excluding
tion of statistical independence of features, which leads t Undesired genres.
simple multiplication of probabilities obtained for thaagle ~ Application scenario 1: Collecting scientific articles on
features. The second method is theision tree J.48 vari- fish.
ant of C4.5, that turns the feature combination into a series The first study deals with the improvement of the ranking
of if-then-tests [12]. With th&-nearest-neighboalgorithm of a search engine by genre classification. As an application
(KNN), an object is assigned to the nearest cluster in the fegenario we assume a user who is interested in scientific ar-
ture spacé? Finally, we appliedSupport Vector Machines ticles on fish, which he hopes to extract from the Internet
(SVMs) [7], which divide the data into classes by a sep@y sending queries like e.god A habitatto a search en-
rating hyper plané? The SVM was trained by the WEKA gine. The evaluation runs over the 30 highest ranked docu-
implementation of John Platt's sequential minimal optiaiz ments of each query. We used 10 different queries. In Ta-
tion algorithm [11]. Multi-class problems are converted tble 6 we present the macro values for recall and precision
a set of 1-vs-1 classifications (pairwise classificatiorg aon the ranked document sets at cut points 5, 10, 15, 20 and
combined using pairwise coupling[5]. In comparison to stéhe complete set of 30 documentse compare the result
tistical methods (cf. Table 5), our method is superior by 3994 the search engine to the sets reranked by genre recogni-
in precision and 13% in recall. This result, of course, déion. To mark the upper bound we give values for precision
pends on the small training corpus and we state superiordty achieved with a perfect ranking. It turns out that both pre
cision and recall are improved by the genre classification.
m On the other hand, as the perfect ranking shows, the im-
For the genres faq, blog, and catalog we used the corpus PRrovements by far do not reach the upper bound. This gap

vided by [15]. The recall values could be improved to blo o o :
catalog(y5£.5(])), faq(77.50, and interview(67.5%) by a eaag%?g)gn is caused by the weak recall (40%) of our classifier for sci-

algorithm [16]. ence documents.
2. All ML applications were realized with the help of the the WEK

implementations [19]. 15 For example Joachims [7] used 9,603 training documentslynea
13 \We obtained the best results flor= 1. 1,000 for each training class. Additionally, we did not tuhe WEKA

14 SvMs have been tested in a variant that employs the sequenffi- Methods that are not especially designed for problems miany
minimal optimization algorithm that compares classes insgaading ¢/asses. Transductive SVMs that performed well with snralhing
to a complexity ofOn?. We used a linear kernel. Joachims has showjfS for topic classification [8] require many sparse bugvasit fea-
that for thematic text classification, SVMs outperform thleen three tres, a premise ?\,Ot glven 'r_' our setting. N g ,
methods [7]. This has been confirmed for genre classificati¢®]. 1 Prracro = w Ruracro = w
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Melihs‘)d 2}2‘613/ ﬁrgévo/ 312 scn 1%9;75/ gge&f; We find extraordinary high differences between the genres.
0 | oo o asom T seam” ap Also significant deviations within the container classdstex
rank 15 T 22.7% | 40.0% [ 24.7% [ 44.1% | 38.7% Error rates reach from 0.23 for law to 6.89 for forum/guestbo
rank 20 | 25.5% | 61.5% || 23.0% | 62.2% || 29.5% In the journalism class, the subclasses review and intervie
rank 30 | 19.7% | 100% || 19.7% | 100% || 19.7% come with valuesrr > 2.0. In the container literature,

poems are exceptionally erroneous with: > 5.0. In the
Table 6 Precision ) and recall {2) of queries sent to a search enginédnformation class, the two lexica genres have higher error
(P Fraw), the rearranged ranking by genre recognitiéh Rgenre) |5, - with a mean error rate of only 0.23 - is a candidate for
and the perfect rankingRe. £). . . T
classifier tuning by error rate. For the communication con-
tainer class, the guestbook/forum subclass has an outstand
. o i , ing error rate. Somewhat surprisingly, the value for blog is
Application scenario 2: supporting the construction ofearly as high as the former. Evidently, for some of the blogs
language models for speech recognition. no spellcheckers have been used (s. b.). These two classes
In a second application experiment, we collected a cQ{isq hold the highest rates over the whole classificatiotr. Na
pus for the improvement of language models for speech regagyy the guestbook/forum genre is a candidate for improve

nition. A serious problem in this dom_ain is that trainingpor ent of genre classification by using the error rate of a doc-
pora of spoken language are notoriously sparse. A Widg|\yent as an additional feature.

used technique is to extend the spoken material by docu-

ments of written text, thus boosting the language modt?(lasctiijn;ﬁot{;%regg?r Jgtgf g’éobé?gs c\illlj?:in\;g%shligi]ﬁ W(go%o'[e
[14]. A shortfall of this method is that arbitrary writtendo P 9 9 gie.

uments are collected, ignoring matters of language sty}é,(fa found that due to thg page fa”k'f‘g mechams_m we had
pw much more professional blogs in our selection. Here

In our experiments, we collected documents of written te S ;
from genres where the use of language is similar to th mean error rate was 3.03 (standard deviation 2.26). This

: Indicates that for some genres details of the corpus collec-
{r?tuerxiéCvgp;nksan%%rsp%rfaﬁs\,li\l/weg e}gﬁrg%vae gd efgir#mé?%gsiﬁgf ] an have S|%n|f|cant influence on the kind of documents that
speech, and tried to exclude all other documents as noiee, attractg ’

Sending 200 combined utterances (3-grams) of the Verbmo- I the right columns of Table 7 we show the mean er-
bil spoken language corpus [17] to a search engine, we c@lL ate for_80% of the do_cuments W|th_the onvest error rate.
lected ca. 30,000 web pages. From these, 1,631 were ciHis cut will help to eliminate the outliers with a high de-
sified as forum/guestbook, 1,327 as interview, and 1,355'4ation of the error rate compared to the rest of the class.
blog. For each genre, a random sample of 50 answer doc¢ii€ relative order between the genres is not changed too
ments was annotated by hand to estimate precision. drastically. In the mformatlon container, _the FAQ genre
For forum/guestbook, we obtained a precision of 72010Ves to a more prominent position, which makes sense
With 6 blog documents in the sample, this increases to>41c€ FAQs are usually dynamic, technically oriented web
value of 84% desired documents. By the tesecondary Pages, ppssmly not well maintained from an orthographic
precision we denote the ratio of all desired documents iROINt Of view.
a sample divided by the sample size. For the interview class, Figure 2 shows the deviation of error rates between train-
we achieved 56% primary precision and, with 6 forum docinrg and test corpora with remarkable stability for all caao
ments and 7 blog documents, a secondary precision of 828%cept “code” (C.9%”
The blog genre comes with 64% primary precision contain- Topicality and GenreThinking of corpus collection for
ing 13 forum documents and 1 interview document leadirngmputer aided language learning (CALL) it is important
to a secondary precision of 92%. Compared to the abowiether the mean error rate for documents of a given genre
results for our test collection, the genre classifiers om-avelepends on the topics that are covered by the document. If,
age show slightly lower precision, but taking desired genréor example, the error rates of a highly error prone genre are
into accountifpiterview, blog, forurpthe classifiers work re- acceptable for more professional topics its exclusion feom
markably well. If we approximate the recall for the 3 desiregedagogical corpus as noise only by genre is not justified.
classes by the recall values obtained for the test collectio We conducted a prestudy for the gefoseum/guestbooksn
our genre corpus, we obtain a reduction of noise in absolgierpora that cover four distinct topics ranging from holsbie
values of 24,000 excluded files or a residue of only 2.5%.to science: fish, neurology, mushrooms, and holocaust. With
a range of 4.11 - 6.89, the forum genre seems to have high
mean error rates for all topics. The corresponding pictoire f
6.2 Correlation between genre and orthographic errors  all other genres remains to be studied.

Table 7 shows the mean rate of orthographic errens for = As we already knew from previous experiments the code genre
each of our 32 genres. As we argued above, the error I’@tsroblematic in regards to the precision of the error diwries. If

represents a lower approximation for t_he real number O_f & programming language includes a keyword that is part ofther
rors. In addition, values for the 8 container classes arrgiv dictionary, the mean error rate will be very high.
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All Best 80%
Genre err o err o
A.Journalism 1.49 270 057 1.96
A.1 comment. 0.96 151| 0.30 | 0.64

Deviation of Errorrates
6 T T

A.2 review 274 460] 072 1.21 5 T e

A.3 portrait 148 162 0.85] 0.63

A. 4 marg. nt. 1.04| 1.29| 055 0.77 4 .

A5 interview 208 232 114 1.29 ¢ i

A.6 news 122 418]0.19] 0.74 5

A7 feature 099 1.26| 0.47] 0.69 I

A.8 reportage 1.18| 2.33] 0.29] 0.48 g

B. Literat. 3.33 6.10 | 1.37| 1.64

B.1 poem 517 890 1.73] 2.32

B.2 prosa 251 3.78] 1.24] 1.07

B.3 drama 230 293|114 1.04

C. Informat. 229 411]0.74] 1.09

C.1science.rep.| 0.79 | 0.88 | 0.49 | 0.49 . o " » p o
C.2 explanation| 1.77 158 0.83] 0.91 Genre Corpora

C.3recipe 210 2.09]|124] 1.22

C.4faq 242 239139 1.14 . o

C.5 lexicon 3261 454 1211 1.62 Fig. 2 Deviation of error rates for genres (best 80% documents) be-
Cb6 blllng dict. 24.04 7.27 0.42 0.68 tween tralnlng and test corpora.

C.7 presentation] 1.83 | 3.55[ 0.57 | 0.93
C.8 statistics 169 468 0.22 0.48

Genre P()rig RO’I‘Zg PEr'r RE'rr
S'QD%%‘E'J?” — g'gg (13'%?1 g'ig (1)'(7)2 A7features| 37% | 35% | 41% | 35%
DTlaw - 0231 046 0.04 1 0.09 E.1persons| 80% 60% | 86% | 60%
D2 off report 091 096 0561 066 E.4 timeline 36% 13% | 46% | 13%
D.3 protocol 141 145 087 0.98
E Directory 172 3.70 039 0.60 Table 8 Results for precision and recall when using the error rate as
E.1 person 031 04410301021 an additional feature. Original classifiers versus newstfiess.
E.2 catalog 172 211082 1.09

E.3 resource 1.94 5471 0.18 | 0.32
E.4 timeline 1341 323|021 041
F. Communic. 5.20 849 233 255
F.1 mail,talk 284 5921 079] 121
F.2 for, guestb. | 6.89 | 7.90| 3.68 | 3.55

7 Conclusion

F.3 blog 6.65| 7.74| 365 1.45 In this paper we showed that genre classification can be suc-
F.4 formular 44411094 | 1.20 | 1.60 cessfully applied to compute meaningful partitioningsod-d
G. Nothing 0.00 | 0.00| 0.00| 0.00

ument repositories. As we indicated in two case studies, a
division of documents into genre classes can help to better
Table 7 Mean error rates (err) and standard deviationfor different SatISfy the needs OT a user or suppor_t spemal corpus con-
genres in the training part of the genre corpus. Columns Baadind  Struction tasks. We introduced a new fine-grained hierarchy
5) refer to all (the 80% best) documents of genres which offers an adequate granularity for a wide

range of applications. With the focus on hand-crafted high

level features, a system of classifiers for the hierarchy was
designed. We think that the manual and careful design of
special features deserves much more attention in the liter-

Observing a significant correlation between genre and mé4jir€ On text classification and machine leaming. Our spe-
error rate, we tried to exploit this for the improvement o?'al'zed genre classifiers are extremely easy to implement

classification. We used the error rate as an additional f&p—d they work even for very sm"_"” training Corpora' ]

ture for our genre classifiers. Not surprisingly, an improve We also showed that a significant correlation exists be-
ment was obtained only for some of the genres. For the géyeen the genre of a document and its percentage of ortho-
res features(A.7) , persons(E.1), timeline(E.4), theipiee 9raphic errors. Using this knowledge we could further im-
of classifiers could be improved without any loss of recaffrove the behavior of the classifiers for some genres by using
see Table 8. For three other genres that were tested (B mean error rate as an additional feature.

trait(A.3), reportage(A.7), presentation(C.7)), cléisation In our future work we intend to deepen this picture. For
results even became worse. A partial explanation is the highnres where the error rate has a high variance it might be
variance of error rates. For the statistical classifiers tve dnteresting to see if further subdivision into “professibn
tained a similar picture. For example, SVM classificatiopublic” versus “non-professional-private” subgenres asak
improved for class prosa (B.2) from 65.2% to 71.4% presense. We also intend to look at further application scenar-
cision. But again for other classes a negative effect was abs, from ranking of search results to focused corpus con-
tained. struction.

G.1 nothing 0.00| 0.00 | 0.00 | 0.00

6.3 Using error rate for classification
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