WO 01/ 14992 PCT/ SG99/ 00089 DOCUMENT CLASSI FI CATI ON APPARATUS BACKGROUND
ND FI ELD Wb oT##992 NVENTI ON 5 This invention rel ates to appRCEHSG9/00089
|fy| ng docunents. Traditionally, docunents which arrive at a central
b?a ion, for exanple a post roomor flacsinmile machine and which need to
di strlbuted to a certain destination are sorted and 10 delivered by
hand. Efforts have been nade to autonate this process. For exanple, it has
been proposed in US 5,461,488 to provide apparatus which identifies the

desti naty G unent inmage analysis and
recognit| @J&SS’MQ km Ay ij S 5,461, 488 provides routing
based on |dent|f|cat|on of recipient narre However, for many faxes
received, for exanple in information gathering or publlc service 15

i ndustries, information i dent ifying a specified recipient my not be

pr esent , BACKGROUNDANDIE] A O INVENTIONd autonatically. General
text. classifying systems V\/m ch ¢l aSS|fy docunents into one or nore’
categogi es have been proposed in US 5,371,807 and. US '5,675,710. ' Such
systens use only a si ngl e 20 classification strategy, either

profil e- for each category or

rul e- base § e\!/\I,E ?té(ﬁ%ﬁﬁpaugsl@?%&ge ﬁlég ?‘écglﬁﬂgg@nt ed in the formof rules.
The- systems aI SO use onI y a.single know edge acquisition strategy, either
statistically |earned know edge or user-specified know edge to provide the
know edge base with which text froma docunent to be classified is

conpar edTtaditionally ,déocnimentiowhick ratrivd as s ickntcaltlocation)y\@10dxaind©2 fosTt®@D 8 00089
2

facsimile machine and which need to be distributed to a certain destination are sorted and
10 delivered by hand. Efforts have been made to automate this process. For example, it has
been proposed in US 5,461,488 to provide apparatus which identifies the destination of a
facsimile by applying document image analysis and recognition techniques to the
facsimile. US 5,461,488 provides routing based on identification of recipient name..
However, for many faxes received, for example in information gathering or public service
15 industries, information identifying a specified recipient may not be present, so that such

faxes would not be routed automatically.

| General text classxfymg systems Wthh classxfy documents mto one or more catecones
have been proposed in US 5,371, 807 and Us 5, 675 710 Such systems use only a smgle"; .
20 classification strategy, either profile-based, having a keyword/character profile fof each
category or rule-based in which category knowledge is represented in the form of rules. |
The systems also use only a single knov;/ledge acquisition strategy, either statistically
learned knowledge or user-specified knowledge to provide the knowledge base with which

text from a document to be classified is compared to provide the document classification.



It is a disadvantage of the prior art systens noted above that they are
prone to, WP8114¥xssi fication and consequent nis-routing of PEHEYH & as
wel | as cunbersone operation. 5 It is _an object of the invention to
provi de an inproved docunment classifi cdtion apparatus. SUMVARY OF THE

| NVENTI ON According to the invention, there is provided docunent
classification apparatus 10 conprising feature extraction neans for
extracting a plurality of features froma docunent and a classifier

oper abl e[t G9 o BRadventaze! SiHecptior 88 JydteRisORMES abbee diRg UhBNtaré Préndk fO\Whiedge
acqui sition node in which the association of a classification with the

docunent ;i S: ' t al: e . '

cl assi 11 aSirRAHGE and PORERTAL Ain-tofhe e MOpBROTse B b s R,
determ nes a predicted classification for the 15 docunent, the classifier
bei ng swi tchabl e between the nodes under user control The features are
preferably fornmed into a feature vector for input to the classifier and the
f eat ur £s Itpis eheabgtst pf tenpvémiendd pesiide amimpnoved domimmne dlassifichision appimses

whi ch may appear in the docunment. The extracting nmeans may be arranged to
provi de a neasure of the 20 frequency of occurrence of the features in the
docunent. The classifier nmay conprise a supervised ART system preferably
an ARAM g Ny ey herd YRerihsigagsed i n "Adaptive Resonance Associative
Map", a y e 0 WO~ 01/ 14992 PCT/ SG9/ 00089 3 present

i nventors Ah-Hwee Tan, published in "Neural Networks", Vol 8 No 3 pp 437-
446. 1995 or an an ARTMAP system of the type disclosed in US 5,214.715. The
apparatus may further be operable in know edge acquisition node to process
a 5 pl uAadordlingoftot thei rinvegitidnc wieret Ss Wpitdvideds alocament clasificitionatdppaatsass a
bat ch.

10 comprising feature extraction means for extracting a plurality of features from a document

and a classifier operable on the extracted features to process the document in a knowledge
acquisition mode in which the association of a classification with the document is added
incrementally to a knowledge base or in a document classification mode in which the
classifier, using the knowledge base, determines a predicted classification for the

15 document, the classifier being switchable between the modes under user control .

The features are preferably formed into a feature vector for input to the classifier and the
features preferably comprise classification-associated words or phrases which may appear
in the document. The extracting means may be arranged to provide a measure of the

20 frequency of occurrence of the features in the document.

The classifier may comprise a supervised ART system, preferably an ARAM system of

the type disclosed in "Adaptive Resonance Associative Map", an article by one of the



The apparatus may further be operable in a rule insertion sub-node of the
know edgewO8t/a4%92i ti on node in which a plurality of feat.urBST/8629/4008ut by a
user to the classifier together with a classification. with which the
features are associated. 10 The appara&us may further conprising a router
arranged to route the docunent to one of a plurality of destinations in
dependepresent foventdre Ati-Hsse fTanatpublisheddnt fiNeatah Networkat.i ¥al dyo 3hpp 437-
associated therewith a confidence val ue conparable to a threshold, the

rout er pgj 995 af ha AHARTMATEKR RN ofitHeQPe disclosddlins §2148M8al routing
deci sion i n dependence upon the 15 conparison, with a said destination

being a system adm ni strator, responsible for nmanual routing. The

descri bed enbodi nent- provi des a docunent classification apparatus which
allows learning to be perfornmed in an jncrepental, way by allow ng a

“syst em Bamiaaparaiist BaY tfyrther be oopesble dyckpawledse acquisipee mede 19 ?F%ﬂ?g 4a3s

t hey occur, the apparatus |earning fromthese nistakes. By increnental

| ear n§ ngluedlity efurainfeesdatomenisorith esyocinted ctassifications gs efbagshevi ous cases, thus
elimnating the need to preserve past cases for re-learning. Wile the
descri bed enbodi ment focuses primarily on increnental |earning, the
apparatus is further able to performlearning of a plurality of cases as a

o B8 L R I8 oA S e L4 e

classification information into the know edge base. Besides |ear nslgfq% from
trai ni napquisition moede Appuhish (s phralgy 0f fagires pESInPEL BY a Usaleta e FlAsSHigihe
| earni ng process, leading to a nore flexible |earning environment.
_together with a classification with which the features are associated.
10
~The apparatus may further comprising a router arranged to route the document to one of a
plurality of destinations in d_epéndence upon the classification and the classification may
have associated therewith a confidence value comparable to a threshold, the router being
arranged to make an automatic routing or manual routing decision in dependence upon the

15 comparison, with a said destination being a system administrator, responsible for manual

routing.

The described embodiment provides a document classification apparatus which -allows
learning to be performed in an incremental way by allowing a system administrator to
20 correct document classification mistakes ‘as they occur, the apparatus learning from these
mistakes. By incremental learning of new cases does not require re-learning of previous
cases, thus eliminating the need to preserve past cases for re-learning. While the described
‘embodiment focuses primarily on incremental learning, the apparatus is further able to

perform learning of a plurality of cases as a batch. During batch learning, the apparatus

~ HER



5 The apparatus is furthernore able to determ ne a confidence that the
classificNOBHI4992 a particul ar docunent is correct in the FcHHE00089
confidence value. This confidence value is conpared to a threshold
parameter to decide if automatic or mafual rout i ng i s desirable.

Adj ustment of this threshold parameter allows the degrees of manual and

aut onat ilearns ach ragse onpebx cmer aid @ecuniijatagjthe tolassification heformatiathantd the
mat ch a desired confidence 10 value, thus allowing a smoth transition from
a st at e wioeviedgersasal Besites ilewgning ffomy oaindeh data,; the appaatus hisocdlesirhlesito beconmes
nore accurate, that favours automatic routing. WO 01/14992 . PCT/ SG9/ 00089
5 BRI EF ; I : nwll now
be descri Bﬁgvtvg\h e%x{i@gp%%%&% Weggﬁégaﬁe?ém&l‘ g%@g&ng%éngl ng draw ngs
i n which: 5 Figure 1 is a schematic diagramillustrating the structure of

t he descri bed enbodi nents of the invention; Figure 2 is' a diagram
illustrating the docunent classifier of Figure 1 in a docunent

cl assi § i The apparamasiés furtheFingre ebl8 tb sletervhineg a aonfili¢ncst thatt thagclassificatiore of af
operation of the enbodi nents of the invention; Figure 4 is a diagramof an

ARAM sy st fitiisedbcasest fi%‘r'f&f‘in e 369 bf 8 cohfidedie vale &Mt oenf vﬁlﬁ'@ls
i nvention. Figures 5, 6, an summari ze the paraneter setting and the

rel evant fﬂ:ljl{]ﬂ'%d Eglél? Ftb 3%%1%&:5&&{%%@%“? automa%‘ics:Sc!rfrlrlgri”l.‘lt i 95]ut18rr\431E %esmﬂﬂt he

| ear ni ng,0

Adjustment of this threshold parameter allows the degrees of manual and automatic
routing to be controlled, by adjustment of the threshold to match a desired confidence
10 value, thus allowing a smooth transition from a state where manual routing is favoured to

one, as the classifier becomes more accurate, that favours automatic routing.



cl assification nodes respectively. 20 DETAI LED DESCRI PTI ON OF THE PREFERRED
EVMBODI MENFOW/14992 ef erence to Figures 1-3, a docunent.cl asSRGT/3GA00089
apparatus is shown. The apparatus is operable in a know edge acqui sition
node and a docunent classification WD301/14992 PCT/ SG99/00089 6 npde. In
know edge acqui sition node, the apparatus |earns fromtraining docunents

and r UBREEF ®ESCRIPTHON OF tHE DRAVANGS on docunent content. This R

know edge is then applied in docunent classification node to classify
further _ : fhet ; ' OVWALH fefdtbgbié®s 1
A e e R T P A s S R R
classifjcation node.. The structure i s know edge acquisition node in the
sane, %f‘“i?&?&“&‘i“&fdé?‘@mgfy?&’ escribed with reference to Fi gure 3. A
docunent text file, for exanple a text file derived froma scanned and OCR
processed physical document or derived froma received and stored
facsiml e nmessage which has 10 been anal ysed for and converted to textual
cont entFigare Risvschepracic etappam dikestraeing tiid steucnirs of ehe desceibetbembaditentsadsi fi er
10. The docunent classifier includes a feature extraction nodule 20 which
anal yseg ﬁﬁ\@nﬁﬁ*t file and extracts previously selected features;in the
form of ?<eywor S or phrases fromthat file which are fed as a feature
vector to a classifier 30 which is in the formof an ARAM (Adaptive
Resonance Associ ative Map) system 15 which provides a predicted
classification for the output document in response to the input feature
vect or .Figutes 2 cis & slidgramt illostratingathe odocament glassifier ebdfigurenk dn\aadoeimgntch,
together wth the docunent, is passed to a router 40. At the router 40,

t he valdmgsifeaieipaaed to a
10
Figure 3 is a diagram illustrating the modes of operation of the embodiments of the

invention;

Figure 4 is a diagram of an ARAM system used as a document classifier in an

15 embodiment of the invention.

Figures 5, 6, and 7 summarize the parameter setting and the relevant functional blocks of
the document classification system in the learning, rule insertion, and document
classification modes respectively.

20

DETAILED DESCRIPTION OF THE PREFERRED EMBODIMENT

With reference to Figures 1-3, a document classification apparatus is shown. = The

apparatus is operable in a knowledge acquisition mode and a document classification -

e



threshold i nput by a system adm nistrator 50. If the val ue exceeds the

t hr eshol d, W@REMBbcunent is routed to the destination 52 spReI/FEEPPIP t he
classification, via path 55. If 20 not, the docunent is routed to the
system admi ni strator 50 for manual routi®ng via path 60. The destinations
52 can al so comunicate with the system adm ni strator 50 through path 60,
t o ret ur maodes dlr endvelddgtomguisition dhode, the apparatusti¢args frof Q4ihingO®tuments and
PCT/ S&9/ 00089 7 The nodes of operation of the apparatus are shown in

Figure 3.mled t& Q&Mgﬂﬁg RatebHey Bdsbd OR d¥eGFent Mtéﬁ.bmﬁﬁoxﬁé%éﬁeﬁm ihSlied
first, represented by bl ock. 100, is based on learning and requires the

i nput of .training data.in.the form of C nts, for-each,of I.ch
feature VBC °§P“}egt é:%s?lgﬁ{téo&l Wdﬁotaquss% gﬁ °F dpepge ‘duﬁge 3%?“%% ?t?gfeni ng
5 docunents can either be_.input individually or as a batch. The actual

cat egor y appamaps is bewmeit Figyres npand Byans, wilk mowobs Aessribed avithsrefersacer tytheo
the nodul e 30. Mbdule 30 then adjusts (if necessary) the association of

t he vecs doctment¢lagifidtion etbdeat Figostyudnireds knowledde acquisitién hidde 90 thdredmé,he
predi cted category equals the actual category. The second sub-nobde is

based on Hdt'![ugerd ‘%8@%%9% d"e?d?fb%ﬁ%ﬂ&xeﬁfé})én&' tgqig?&ge()&_ In rule insertion,. a

feature vec an actual category are Tnput by the system

adm ni strator 50 and an association between the input vector and the
actual category is made, if one does not already exist. In docunent
classification.node, represented by block 120, the feature vector and
docunent Audectmentttext file, ferdeXampBoa serd fladerveshfrionea skanoed end OCR puogessedoy
the 15 know edge base in the know edge acquisition node, a classification

i s deter iphysRal BodaRak GRNRLIvel tiom herdcenedradVasiear fadshilt ifessAg@SwhichCidsi on
I's output together with the docunent.

10 been analysed for and converted to textual content, or a word processor document file, is
fed to a document classifier 10. The document classifier includes a feature extraction
module 20 which analyses the text file and extracts previously selected features in the
form of keywords or phrases from that file which are fed as a feature vector to a classifier
30 which is in the form of an ARAM (Adaptive Resonance Associative Map) system

15 which provides a predicted classification for the output document in response to the input
feature vector. This classification is associated with a confidence value which, together
with the document, is passed to a router 40. At the router 40, the value is compared to a
threshold input by a system administrator 50. If the value exceeds the threshold, the
document is routed to the destination 52 specified by the clas.siﬁcation, via path 55. If

20 not, the document is routed to the system administrator 50 for manual routing via path 60.

The destinations 52 can also communicate with the system administrator 50 through path

60, to return misdirected documents for manual routing.



The system adm nistrator can access the docunent classifier directly by via
path 70 t &OYH432 ow swit chi ng between the know edge acqui Eﬂﬁsﬁﬂ”wgﬂ nmodes
and the docunent classification m)de..,Such switching may be used, for
exanple, if a ms-directed docunent has been returned to the system

adm nistrator. The system adm nistrator may then cause the_docunent

cl assi f 18f MadesnOf roreratione 9f he Appariyfoate showmon Eigyee obquileiknoyledgede,
the system adm nistrator inputting the correct classification for the
docunenacquisition i) 1wh 498 2ndded ABGBA0 0TIRKirsB reprasentdd iy bidok.10@eisbasedni t h -
t he docunent to the feature extraction nodule 20, fromwhich the features

are ext patéAim shPRIERE 1R hpR & Pafink! Bfa R0the 0mh 'aﬁggéé tdg&ftﬁg ieﬁcﬁlgé\fd

docunment and associ ated correct classification are a edge

base. 5_Sim| ar t.an int .i.n operatjon of e_dac t .glassitication
appar at [k § ea&ft%ﬁﬁor lgae%?rﬁftg? Ot g{%ﬁggéoga%fg%{jp{ Wﬁﬁtén?(?'aiﬁfenﬂaﬂg@unent s
and/or rules by switching from docunent classification node to know edge
acqui 8i Goqumentsdean gfer hegppg dividpalbc es 84 bateh. ndie mstuak sriggerydof thenor e
detail. 10 Feature Selection For docunent classification, there is a need
to représenient ésxinpoooy sysedns atlmimisiratorl 50 aiRd fedatocthé aguRos0. MastRikeBCien f or m
‘commonly terned a feature representation, before 15 processing by a

cl assi f} b f Sis
that - of “Gsts BF BeXsdr nEASocRAGNBE iVt ¥ i REGERH clleb iy Mo LEBIHIES, 7o
t hat haye n xtracted fromeach docujent and transfornmed to fheiy root
form (oise 10360 itk b Greiored BEEe pauns e BinadlesekbB] b 2he Secomt pbrigpde " *°
options based on sentence structure, such as

is based on rule insertion, represented by block 110. In rule insertion, afeature vector

10 and an actual category are input by the system administrator 50 and an association -

between the input vector and the actual category is made, if one does not already exist.

In document classification mode, represented by block 120, the feature vector and
document are fed to the module 30 and based on the knowledge acquired by the
15 knowledge base in the knowledge acquisition mode, a classification is determined in
.accordance with the feature vector and the classification is output together with the

document.

The system administrator can access the document classifier directly by via path 70 to

20 allow switching between the knowledge acquisition sub-modes and the document

classification mode. Such switching may be used, for example, if a mis-directed

document has been returned to the system administrator. The system administrator may

then cause the document classifier to enter the learning sub-mode of knowledge acquisition

mode, the system administrator inputting the correct classification for the document to the



recogni zi ng. only nouns while ignoring other word types suc r I tions
and 20 comM 867%ns, can also be used as will be appar ent {}ﬁ?ﬁ@g@ﬁ’@él 'l ed

inthe art, in dependence upon requirgnents. The keyword-based feature

- sets can be pre-defined manually or generated automatically froma set of
pre-1abel ed _docunents. WD 01/14992 PCT/ SG9/ 00089 9 The fl orjthm f,o;l

aut omat CRsHEGB) togedies oYitly thedocument 1o the Jeatire gxteactipn smqdp s($9@. whic

trai ning) text docunents which are anal yzed, processing one docunent at a
time. Ereofcemsdsraye ientradtedband passesktorthe classifiaf 3G do thatuthe nfis-directed dboymgntf r om
each docunent and 5 recordi ng the nunber of occurrences of each of these

Pr ospeciahy GssbEiiarcdsrett E1RésFi@EBH arAldRE 96 YheAEnodBEdgedsaseM t hi n each docunent .
Based on a certain set of selection rules, an overall rating of the

"quality" of. each word as a keyword is calculated and the Iist of keywords
sorted by this value. The top N keywords with the highest rating are then
selected_as the "feature space” to be used for representing all docunents
(trai i Simidariy,et aoKaoMtsia) operationgffhe idopwment classifigation APRATENS, the|systemsn
rules in ranking keywords which are conbined to forma selection rating
(frai; ngdminitreser @ar: addapdditiasd feaihingp dodumento andiont rufest b pswitchingRdrarhi ve
Docunment Count 15 (d) Docunent Inclusion Rate a) Cass Entropy (fCE): this

measur eob e ichsSiEMidPRo8d (PkAMYhcuRfiiiheRce across the different
categories. The-nore "polarized® the keyword' s occurrence is towards a
The highlighted processes will now be explained in more detail.
10

Feature Selection

For document classification, there is a need to represent text documents in some format-
and language- independent form, commonly termed a feature representation, before
15 processing by a classifier. One of the most common forms of representation of features is-
that of singular word tokens. Specifically, the tokens are individual words that have been
extracted from each document and transformed to their root form (e.g. root form of
"selection” is "select"). Other "filtering" options based on sentence structure, such as
recognizing only nouns while ignoring other word types such as prepositions and
20 conjunctions, can also be used as will be apparent to those skilled in the art, in

dependence upon requirements.

The keyword-based feature sets can be pre-defined manually or generated automatically

from a set of pre-labeled documents.



parti cul a% tegory, the nore significant wll the keyword be. This is
because a @V\H 20 whi ch occurs al nost solely within onePERSEIYMEK[NI not
at all in the others is nuch nore Ilikgly to have some non-trivial
association with the that category, as conpared with a keyword which has a
nore even distribution across the categories. The fornula used to cal cul ate
class entropy for C different cat egori es is: UNION WO 01/ 14992

PCTI S&9/ 00089 10 fCE =1- Count (i) E Count(j) x log(Count (i) 1i=-
wher e:  Thenalgawithm Tfor sAutomatise keywordc e«tlcqtmnce@epﬁs keljsroofd mwcbmﬁqbl(yex S -
b) Docunent Entropy (fDE): this neasures the distribution of a keyword's

occur r eR@ingdC texs Sddcielis’ Whichn lare] QRRIFRAL, S ptodesdin? lonk Cddcainef@la@ 0o tme.The -
criteria for a good keyword here is the opposite of that for C ass

Ent rOpyPr&%gs‘?no GARIVESY eS!trX‘é}io%Qo% §1}m Cﬁ&bgprr‘éot ?A’rﬂ{} %oﬁl' h | dydh ARl OS S

k3

t he docunents ¥n one ca ter ure t 1an one at has
a nore IFFgrl zed" dj st& butlon s .because a keyword that occurs in
nore 5d5‘?98 Rg dhepumber of eecuEnences 9 se of q‘“’rSReHWSHeSUY}‘eka%Wé hiny B y

associated with docunents of that category. The fornula used to cal cul ate
docunentategury gsywélbas Brithirc aadhindecumienhi MBadedcan agmrigin $es of selebtiod yulés, 4n
Count (i) / Count(j) x 109(Count (i)

overall rating of the "quality" of each word as a keyword is calculated and the list of -

keywords sorted by this value. The top N keywords with the highest rating are then

selected as the “feature space” to be used for representing all documents (training or:

10 otherwise). The algorithm uses four different selection rules in ranking keywords which

are combined to form a selection rating (f,,;,.). These are:

ating
(a) Class Entropy
(b) Document Entropy

(c) Relative Document Count

15 (d) Document Inclusion Rate

a) Class Entropy (fcg): this measures the distribution of a keyword's occurrence across the
different categories. The more "polarized" the keyword's occurrence is towards a
parﬁcular category, the more significant will the keyword be. This is because a keyword
20 which occurs almost solely within one category and not at all in the others is much more
likely to have some non-trivial association with the that category, as compared with a

keyword which has a more even distribution across the categories.

The formula used to calculate class entropy for C different categories is:



i=t is “hw&dl,ﬁ?ﬁ”t(x) ="Total nunber of occurrences of ke*gﬂjlﬁ#éﬂ?@gcunent

X ¢) Relative Kéyword Count (fRKc): for a particular keywo 2
docunent categories 20 are defined aagt he 2 categories with the highest
absol ute count for that keyword. The 01/ 14992 PCT/ SG9/00089 11
keywor d- per -docunent ratio (fR,;o0 ;) fora category, i, is the total
keyword count (C;) for the category divided by the total nunber of
docunents (D) in that category. This relation can be expressed sinply as:

5 fRa,ioi = C [ D Rel#g{{ve Keywatd Counfy thus give$ an indication of the
di fference betwebsa fhei%@%’ﬂ(i%gcdw Hﬂog(é'ﬂ"ﬁ('g)} the 151 (fRa,io0,) and
2"d (fRa,;02) categoriéd\\A keywof~d: with/a | arge fference between fRa,;
o, and fR,,;0, is better than one with a small difference. 10 A neasurenent
of fRKC for C different categories is given by: f RKC = if Ratiot - f

Rati 02) yphefdatiol d) Docunent Inclusion Rate (fp,R): fRDC can be skewed by
t he hi gh nunber of occurrences of a keyword in just one or two docunents

of a category, The use of fD Rdgel s to "bal ance, .15 out" such situations
by conel dor | HHIHD) T el mmbet o opBHEeers Of KEMGH I SHEEY S | n wihi ch e
keyword occurs at | east once. A neasurenment of fo,R for D,5f docunents in
the top category is given by:
b) Document Entropy (fyg): this measures the distribution of a keyword's occurrence
across the different documents in a particular category. The criteria for a good keyword
here is the opposite of that for Class Entropy. Here, the keyword which is much more
evenly distributed across the documents in one category is a much better feature than one
10 that has a more "polarized" distribution. This is because a keyword that occurs in more

documents within a category is more likely to be one more commonly associated with .

documents of that category.

The formula used to calculate document entropy for D documents within 1 category, is:

i=D j=p ) . .
for = Z[(Caum‘(i)/ Count( j)) X log(Count(i)J
i=t J=l :
15
where:

Count(x) =*Total number of occurrences of keyword in document x

c¢) Relative Keyword Count (fzkc): for a particular keyword, the top 2 document categories

20 are defined as the 2 categories with the highest absolute count for that keyword. The



fDIR :-01 0 where: = nunber of docunents in top cate

whi ch key\}%ﬁ/’@ g“?’ﬁ ||||||| \WD 01/ 14992 PCT/ SGR9/ 00089. f?ﬁ?ég'ak’ﬂé ?al |
ranki ng of each keyvvord is therefore gjnply derived by taking: f Raokieg =
fCE Xf DEXfRDc Xf SIRwith: 5 0.0 <= fRanking < =1.0 In this case,

equal ht t factor rent ,coef f could
easi | y\,\%%ﬁ%cfgg%r'? Ecﬂi)laleﬂgc rz}tac Byl )tt%rg%\g}gg?rty 4l %3%‘#% “éoﬁglc?'é[ft (S'ﬁ;fe {hﬁge 10
The foll owi ng exanpl e uses a snmall training set of two categories with 124
r el evantategps¥ diidadsbyethe totalyanbes pEdosumes tsa(%e) ip that retsgerrieliip lationdanibel es in
the first category and non-business (e g. sports) articles in the other.
Consi deexmessedrpimphgaof 40 keywords taken fromthe set of all keywords
selected fromthe training sets. The total count of each keyword within
each category as well as the nunber of docunents (per category) in which 15
it occurs, is as shown in Table 1. In Table 2, the "paths" (as shown by
arro d I|ne ) of }[go exenpl ary keywords as they are ranked according to
the f di f “e'P'enF ictors, together with the final rating are shown with
t he conbl nation of the four factors helping to provide a better overall
view of the relative suitability of each keyword. 20 WO 01/ 14992
PCT/ SG9/ 00089

Relative Keyword Count thus gives an indication of the difference between the keyword-

v

per-document ratio of the 1% (fp;,) and 2™ (£, categories. A keyword: with a large
difference between fg ;,, and i, 1S better than one with a small difference.
10

A measurement of fp, for C different categories is given by: .
RkC (f Ratiol — Ralioz ) /f Ratiol

d) Document Inclusion Rate (fyp): frpc can be skewed by the high number of occurrences
of a keyword in just one or two documents of a category. The use of f,;; helps to "balance
15 out" such situations by considering the number of documents in the top category in which

the keyword occurs at least once. -

A measurement of for for D, documents in the top category is given by:

fDIR = Olst/DIsl

20 where:

O,, = number of documents in top category in which keyword occurs.




13 TABLE Total count Unit docunent count Cat 1

annual §§§§yg§hp authority 27 2 23 2 bank 92 6 28 4 &%?@%égéﬁyF91
1 cent 560 32 87 21 chanpion 0 60 O 3, coach 0 26 0 19 conpany 191 12
65 8 corporate 48 4 26 3 ‘cup 0 54 0 20 .distribute 17 0 15 0 econony 87
128 1 event 2 34 1 25 exchange 34 2 23 2 fan 1 36t 18 final 12 98 10
45 gane 1 66 1 32

The overall ranking of each keyword is therefore simply derived by taking:

fRanking =Tfeg X Lpg X frpe X Fppe

with:

5 0.0 < = frpuny <= 1.0

In this case, equal weightage has been given to each factor. Different coefficients could

easily be added to each factor to give it a larger or smaller weightage.

10 The following example uses a small training set of two categories with 124 relevant
documents each. The categories are business newspaper articles in the first category and
non-business (e.g. sports) articles in the other. Consider a sampling of 40 keywords taken
from the set of all keywords selected from the training sets. The total count of each
keyword within each category as well as the number of documents (per category) in which

15 it occurs, is as shown in Table 1. In Table 2, the “paths” (as shown by arrowed lines) of
two exemplary keywords as they are ranked according to the four different factors,
together with the final rating are shown with the combination of the four factors helping to

provide a better overall view of the relative suitability of each keyword.

20
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document
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coach 0 26 0 19
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market 175 4 64 3
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property 96 3 37 3

rate | 113 2 34 2

round 0 60 0 28
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m ni rum nunber K, of non-zer.o keyvvord counts Whl ch are expected to bhe
found VICHMANIS A6 Pro-BTGEssEd by theanathodriiescribed ahavg to fisiagmmine e gumber of

pre-processed by the nmethod described above to determ ne the nunber of 5

1[]8 Bné:é {lgwm@ymmwomjmmts m ezbhdabomene nWhemenavtmnmztdoaumemglsdfmundmm i's
have too few non-zero keywprd counts, the next highest ranked keywords within the
document are added to the set of N keywords initially selected, to brir_xg the number of
non-zero keyword counts for that document up to K. The total number of unique "bonus"

keywords B, extracted from all training documents thus increases the dimension of the

10 féatur’e space to N+B.

Kevword Extraction

Once the keywords have been selected in the manner described above, keywords are
15 extracted from a documént and are formgd into a feature vector, using the N+B set of
keywords obtained. during the selection process as the limited set of significant keywords
that are to be searched within the ldocument. This procedure is applied to both training
documents to produce a set of respective 'tfaining feature vectors and new documents to
produce, respecfive feature vectors for yet-to-be categorized documents. -
20

Based on the selected keyword features, the feature extraction algorithm parses the

document to record the number of times a keyword w; appear in the document (c;). The
keyword counts are then normalized such that the maximum score is 1 and the minimum

score is 0. These scores are then provided as input to the classifier 30 as a normalized



have too few non-zero keyword counts, the next highest ranked keywords
within t heWOMyd#¥Ent are added to the set of N keywords i ni PCESG$9/6088%ct ed,
to bring the nunber of non-zero keyword counts for that docunent up to K
The total nunber of unique "bonus" keywords B, extracted fromall training
docunents thus increases the dinension of the 10 feature space to N+B.
Keywor d Keyimoat frequenOpn countfeatkrsyvastatswinelv endodenthe estatistiead distribdtionnafrthe r

descri bed above, keywords are 15 extracted from a docunent and are forned
Into a fl?e@%?& 1e6¢ @bcurkkihd'8hd hes PrFidedta Bheh kPryRutioR BE fleRRuslehd N9 the
selection’process as the limted set of significant keywords that "are to
be searccrbee\{vithi n the docunent. This procedure is applied to both training
docunent’s &'produce a set of respective training feature vectors and new
docunents to produce, respective feature vectors for yet-to-be categorized
docunents. 20 Based on the selected keyword features, the feature
extraction algorithm parses.the docunent to record the nunber of tines a
keywor sl The fqaneerexiractidneprbeessnusing (wo )sampleeartikley Vio iifisoatedt selowe Thefirst
normal i zed such that the maxi mum score is 1 and the mninum score is O.

These schfigR, 35 Ctatfb%'%?mlo hideihs @ SedtdRY tprbuced & ‘Pbﬁfﬁé Wéth 3RinfSoP certain
normal i zed WD 01/ 14992 PCT/ S99/ 00089 16 keywofd frequency count feature

vector which encodes .the stati.stica istribution of the. keywords in the

doounent HedoRTART SR Aaas ke ehiFh stsonyPiee b efifve dRalRsK valdes

content. 5 The feature extraction lErocess using two sanple articles is

i 11 ust r aaseshowa|toforny ke mppisyector. The second article, for Category 2 (sports, music and
life section) produces a positive word count for certain predominantly sports-related

10 keywords which are likewise converted to relative frequency values to from the input

vector.



article, for egory 1 (business section) produces a positive word count
for certal" @ om nant |y business-rel ated keywords whi chPEFEGEUMWI ted to
rel ative frequency values as shown tqg,formthe input vector. The second
article, for Category 2 (sports, nusic and I|ife section) produces a
positive word count for certain predom nantly sports-related to keywords
which are |ikew se converted to relative frequency values to fromthe input
vector. WD 01/14992 PCT/ S@&9/00089 17 Sanple article for Category 1

(busi ness section) JUN 30 1997 Stationery maker N ppecraft in the red

MAI NBOA RD- LI STED specialist stationery nmaker N ppecraft has reported

| osses of $12 mllion : angie r ; hyd a conpany
reorgani sati on woul d i Sng?l(??/é;ﬁi‘tﬁ@%gt t on?(inlrsllg1 gﬂkillisgﬁk%/seegrﬁ.ahﬁ'he | osses ‘came on
the back of a 4 per cent drop in turnover to $64 nmillion and include
exceptional and ordinary charges totalling close to $11 mllion, according
to the conpany's ' IR I rvidend payouts this
year. Net tangibl ¢ backRYFRI BT "R e dr oppeld to 0.69 cent,

from?7.82 cents | aﬁh%@ﬁr 'll'gﬁsﬂsesul.ts were in hi ne it h N ppecraft's
peciagist stationery maxer INippecra
& :% RS ALl ek

proj ections annom:nc«ggsrggaﬁ‘dq LYF N2 m ¢ N1 lrch’lﬁ{'nll Haber gham
attributed a large¢ PLid 2 ¥ pL ?eorganisation would improve its bottomline this

year.

The losses came on the back of a 4 per cent drop in tumnover to
$64 million and include exceptional and ordinary charges totalling
close to $11 million, according to the company's unaudited
results.

There will be no dividend payouts this year. Net tangible asset
backing per ordinary share dropped to 0.69 ¢ent, from 7.82 cents
last year. The results were in line with Nippecraft's projections
announced in February.

Managing director Bill Habergham attributed a large part of the
loss to reorganisation of businesses in Britain, the United States.
Australia and Malaysia.

"The exercise has now largely been completed and
notwithstanding the tougher prospects ahead, we expect to reap
the benefits of the reorganisation and restructure exercise in the
current financial year," a company statement quoted him as
saying.

Nippecraft said the exceptional charges, amounting to $6.8
million, included the writing down of stock by $3 million,
operating losses and costs associated with the closure or
restructuring of subsidiaries which cost close to $2 million.

~ The group managed to reduce inventory levels by a third to $18
million. Mr Habergham said this would benefit the group in the
long term.




| oss to reorgani sation of businesses in Britain, the United States.

Austral i aWB/MB2aysi a. "The exerci se has now | argel y been REHPEVIOBIand
not wi t hst andi ng t he tougher prospects ghead, we expect to reap the
benefits of the reorganisation and restructure exercise in the current
financial year," a conpany statenent quoted himas saying. N ppecraft said
t he exceptional charges, amounting to $6.8 mllion, included the witing
down of stock by $5 mi I}] t i &o sses apd sociated with
the closure or restru-g{‘ltﬁ‘fbﬁg ’lg@ﬁéﬁgs’ | @i‘i’?‘%foghé%gé%yc ose to $2
mllion. The group nanaged to reduce inventory levels by a third to $18

mllion. M Habergham said this would benefit the group in the long term
| 1101(r) P WD 01/ 14992 PCT/ SE9/00089 18 Keyword Table for Sanple Article

for Category 1 KeywpKew@sunt Rel atil@ovhr equency nerRebtiveOF@g@ncycerit. 3 1.0
pe 2 0.7 industry Off-ge 0 0.0
cent. 3 1.0
pe 2 0.7
industry 0 0.0
company 3 1.0
invest 0 0.0
develop 0 0.0
stock 1 0.3
share. 1 0.3
list 1 0.3
property 0 0.0
technology 0 0.0
capital 0 0.0
economy 0 0.0
sector 0 0.0
billion 0 0.0
potential 0 0.0
mainboard 1 0.3
project 1 0.3
play 0 0.0
win 0 0.0
champion 0 0.0
game 0 0.0
rate 0 0.0
round 0 0.0
star 0 0.0
final 0 0.0
woman 0 0.0
victory 0 0.0
tournament 0 0.0




vest 0 0.0 develop 0 0.0 stock 1 0.3 share 1 0.3 |list

conpany 3 n

1 0.3 pr&l%wl?% 0.0 technology 0 0.0 capital 0 0.0 ecBRER{FIN08Y

sect or 0.0 billion 0 0.0 potential 0§ 0.0 mainboard 1 0.3 project 1
0.3 pIayOOO win 0 0.0 chanpion 0°0.0 gane 0 0.0 rate 0 0.0 round O
0.0 star 0 0.0 final 0 0.0

Sample article for Category 2 (sports, music & life section)

JUL 21997 Love-fit Testud clinches famous win

LOND_ON -- One point short of a famous victory, Sandrine
Testud rolled her eyes to the leaden skies then across the net to
Monica Seles, shifting nervously from foot to foot.

Finally-'she turned to her ltalian boyfriend Vittorio, huddled
among the spectators overlooking the No. 3 court.

On his signal she served straight, deep and fast for her sixth ace
and an astomshmo 0-6, 6-4, 8-6 win over the Wimbledon second
seed

Nothing had looked less likely half-an-hour into Monday’s
third-round match.

On a court of low and uncertain bounce after the heavy rain
which ravaged the opening week, Seles breezed through the first
set in exactly 30 minutes.

"1 was just trying to start playing." said the unseeded Testud.
"I was just so slow and nothing was going right."

The 25-year-old Frenchwoman, who lives and trains in Rome,
finally won a game, holding serve in the second game of the
second set after dropping the first two points.

She broke Seles in the next game. Hitting longer and with more
power as she gained in confidence, Testud held service to win the
second set in 42 minutes.

"1 got a little bit tight, missed a couple of shots and the set was
gone," Seles reflected. -

Vittorio's contribution apparently goes further than his court-side
advice.

How have you gotten so fit?, Testud was asked.




woman 0 0.0 victory O 0.0 tournament O 0.0 WD 01/14992 PCT/ S&9/ 00089 19
Sanpl e art iWQ8/14992 Cat egory 2 (sports, nusic & life section)PCTI$£992048997
Love-fit Testud clinches famous win LONDON -- One point short of a fanous
victory, Sandrine Testud rolled her ey@2 to the | eaden skies then across
the net to Mnica Seles, shifting nervously fromfoot to foot. Finally she
turned to her Italian boyfriend Vittorio, huddled anong the spectators
“overlooking the No. 3 court. On his signal she.served. straight, deep and
fast for her sixth Re9woRdd e eTecTall - 6 win over the

W nbl edon second see"g. oﬁl‘gt ﬁ?l}gﬁﬁggﬂ}%gk}‘ggcge@g (ﬁt%glrézhal f-an-hour-into
Monday's third-round match. On a court of |ow and uncertain bounce after
the heavy rain which ravaged the openi ng week, Seles breezed through the

first set in exactly30 mnutes "l was just trying to start playing,"

said the unseeded [Heatward "1 was j usfCeunts| ¢Redativerfiseduiency was| goi ng

right." The 25-yedrMatkdt Fr enchworman, mwhoQgivés and trpggns 1 n Rpne,
Cent 0 0.0
Pe 0 0.0
Industry 0 0.0
Company 0 0.0
Invest 0 0.0
develop 0 0.0
stock 0 0.0
share 0 0.0
list 0 0.0
property 0 0.0
technology 0 0.0
capital 0 0.0
economy 0 0.0
sector 0 0.0
billion 0 0.0
Potential 0 0.0
Mainboard 0 0.0
Project 0 0.0
Play 0 0.0

{ Win 4 1.0

Champion 0 0.0
Game 3 0.8
rate 0 0.0
round 1 0.2
star 0 0.0
final 2 0.5
woman 0 0.0
victory 1 0.2
tournament 0 0.0




finally won a game, holding serve in the second gane of the second set
after drd%BPH%g?%e first two points. She broke Sgles I n tﬁ@nﬁﬁ?ﬂmﬂﬁﬂe.

Hitting | onger and with nore power a lshe gai ned in confidence, Testud
hel d service to win the second set i§‘42 mnutes. "I got a little bit

tight, mssed a couple of shots and the se
Vi t t or i @he Classifieny Adapiive Jkesons Associative MapdARAM) hi s court-side

advi ce. How have you gotten so fit?, Testud was asked. 1111111 WD 01/14992

PCT/ S29/ 00089 20 Keyword Table for Sanple Article for Category 2 Keyword
Count Rel ative Frequency Market 0 0.0 Cent 0 0.0. Pe 0 0.0 Industry:-0

0.0  Conpatiy Gs & Pamity VS hedtal nltwdik Viab&dls Gh&t- PerfSrnfiC fncPerfer?al supervised

t was ,gone, " Sel es refl ected.

learning of recognition categories (pattern classes) and multidimensional maps of both

5 binary and analog patterns. An ARAM Syétem is shown in Figufe 4 and can be visualized
as two overlapping Adaptive Resonance Theofy (ART) [1,2,3] modules consisting of two
input fields F,* (300) and F,* (310) with an Fz- category field (320). For classification

* problems, the F," field (300) serves as the input ﬁeld containing the input activity vector
and the F" field (310) servers as the output field containing the output class vector. The

10 Pi field (320) contains the activities of categories that are used to encode the patterns.
During learning, given an input pattern presented at the F," input layer: and an output
pattern prééented at the F,° output field, a F, category mode is selected to encode the

pattern pair.

15 When performing classification tasks, ARAM formulates recognition categories of input
patterns, and associates each category with its respective prediction. The knowledge that
ARAM discovers during learning is compatible. with IF-THEN rule-based representation.
Specifically, each node in the F, field (320) represents a recognition category associating
the F,* input patterns with the F,> output vectors. Learned weight vectors, one for each F,

20 node, constitute a set of rules that link antecedents to consequents. At any point during the
incremental learning process, the systerh architecture can be translated into a compact set

of rules. Similarly, domain knowledge in the form of IF-THEN rules can be inserted into

ARAM architecture.

i



share 0 0. Qvobi/fi9ez0 0.0 property 0 0.0 technology 0 0.0 | .0
econony 0 0.0 sector 0 0.0 billion O 0.0 Potential 0 O. 0%@3@@?’% 0

0.0 Project 0 0.0 Play 0 0.0 Wn 4 150 Chanpion 0 0.0 Gane 3 0.8 rate
00.0 round 1 0.2 star 00:0 final 2 0.5 worman 0 0.0 wvictory 1 0.2

tour nameniy 0 AR-P fduftt/ wséed IF AIT@-I(/ISS’%%@R%QI [1], which categorizes binary patterns,
or analog ART modules such as ART 2-A [2], and fuzzy ART [3], which categorize both
binary and analog patterns. The fuzzy ARAM model, that is composed of two overlapping

fuzzy ART modules is described below.

Knowledge Acquisition Mode

Learning Sub-Mode

In the learning sub-mode of knowledge acquisition mode, ARAM learns a set of
10 recognition categories or rules by training from pre-labeled document sets. During
learning, the keyword frequency vectors, each representing a document, are presented to

ARAM as input A one at a time together with the associated class label input B.

Given an input keyword vector A, ARAM first searches for a F, recognition category
15 ent:oding a keyword template vector that is closest to the input vector according to some
similarity measure. It then checks if the associated F, output prediction of the selected
category matches with the output clasS label B. If so, under fast learning, the keyword
templates of the F, recognition category is modified to contain the intersection of the
original keyword templates and the input keyword vector. Otherwise, the recognition

20 category is reset and the system repeats to select another category until a match is found.

Given a set of the documents with a specific class label, the system learns to pick up
combinations of keywords that consistently appear in the documents and derive rules that

associate combinations of the relevant keywords to the target output class of the
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vector and the F,b field (310) servers as the output field containing the

out put clyafcht Y&apiAles ofiBe ¢Roser chic@b AGRD) leBARAAUDS hdtowahl dwdy! prR%idakly

categories that are used to encode the patterns. During |earning, given an

i nput pa e = ] £, r. n o t attern

pr esent e&etaﬁeﬁt lﬁr@%ﬁ;&ggteo S‘Ehgi tahﬁg% llrbc,rergng.%l ?gﬁﬁﬁ% ?@ Qﬁeo S¢ g&ggﬂe@rgggd of 8%ncode
the pattern pair. 15 When perform ng cl assification tasks, ARAM fornul at es
r ecognPt Fases deasdigh requregeleaming of oldwdatd: ns, and associ ates each category
with its respective prediction. The know edge that ARAM di scovers during
learning is conpatible with I F-THEN rul e-based representati on.

Specifically, each node in the FZ field (320) represents a recognition

cat egor yTRS 3agiled 186rithhd'for incremBitif [eR@rdeCh Hveli Belbw:ne F. b out put vectors.
Learned wel ght vecfors, one for each F. 20 node, constitute a set of rules
that |ink antecedents to consequents. At any point during the increnental

| ear ni ng process, the systemarchitecture can be translated into a conpact
set of rules. Simlarly, domain know edge in the formof |IFTHEN rul es can
be i nserlnsut vegtors: AANF2 206K cénpyt wectors; argjnormalized by complement coding that

10 preserves amplitude information. Complement coding represents both the on-response and
the off-response to an input vector a. The complement coded F,* input vector A is a 2M-

dimensional vector

A = (a, a°) = (a,,...,a,3,,...,3y")

15
Where a; represents the normalized frequency score of keyword w;, and a° = 1 - a,.
Similarly, the complement coded F,’ input vector B is a 2N-dimensional vector

20 ' B = (b, b = (b,,...,b, b5, 0y

where b, represents the presence (b,=1) or absence (b,=0) of a class label ¢,, and b* = 1

- bk'




WO 01/ 1499%oRs 4e9s®9/ 00089 22 The ART nobdul es used in Aml%éggggg%@ ,%\RT

[1], which categorizes binary patterns, or anal og ART nod
2-A [2], and fuzzy ART [3], which categeqfize both binary and anal og
patterns. The fuzzy ARAM nodel, that is conposed of two overlapping fuzzy

ART nodul g3:.J: L b, . nEwegd Gqui.si.ti on Mode ear ni.n

Sub- Node 4 HERE: PR ¥ armolSr B 151750 52 Mokt oRRobh eSesrt i ¥

|l earns a set of _to recognition categories or rules by training from

pr e- | abel ¥8o@JBe KeACtIE® ¥CtOByr i ng | earni ng, the keyword frequency .vectors,
each representing a docunent, are presented to ARAM as input A one at a
tinme together with the associated class |abel input B. Gven an input
keyword vector A, ARAMfirst searches for a F2 recognition category 15

encodi Ng WeipBY (Edi6rst FaPh & Batdsy Hodk 2% a%sﬁg@gﬁ 5\3@ W@ a&%}ﬁtvh %éht"t@ﬁé@ée& Eo

according to sone simlarity neasur I n checks 1 SocCl

out put predictiqn,of_the,selected . category matche ith the output class
| abel B 5% o u%&?ﬁ}ﬁ" Z caregarynodss aﬁgn tlcé an& éﬁh%%@%g‘lﬂa ORES- gdter
recognition category is nodified to contain the intersection of the

ori gi nal AEAKESFY nodtis| sglestedfariendedingn fhecomesenmimittedt or . Ot herwi se, the
recognition 20 category is reset and the systemrepeats to sel ect another
category until a match is found. Gven a set of the docunments with a
specific class |label, the systemlearns to pick up conbinations of
keywor ds f 3 @t@fm I that
associ at eﬁ%?m@%gﬂ gggﬂ%l ytaﬂfgar e el\'gxgﬁb?ﬁtgg\%g?ggr}{agmﬁﬂgrssgg g%t% “%%%m’ @?ass
of the

learning rates {3, in [0,1] and B, in [0,1]; the vigilance parameters p, in [0,1] and p, in

10 [0,1]; and a contribution parameter y in [0,1].

Bottom up propagation: Given the F,* input vectors A, for each F, node j, the F,* to F,

input T; is defined by :

15 T, = |A"w|/(a,+]|w])

where the fuzzy AND operation " is defined by (p * q); = min (p,,q;), and where the norm

|.] is defined by |p| = Z; p, for vectors p and q.

20 Category choice: Using a choice rule, at most one F, node can become active. The choice

is indexed at J where T, = max {T;: for all F, node j}.

When a category choice is made at node J, y,=1; and y;=0 for all j not equal to J.



WO 01/ 149%5’{5&%@699/ 00089 23 docunments. ARAM |l earning is_stable in the
sense that wel ght values do not oscillate, as they can onPGTEEMMEL but
not increase. As new cases are incorporgted by adjusting the weight
tenpl ates of the chosen category nodes, |earning does not wash away
previously |earned know edge. This allows increnmental learning in the
sense that |earning of new 5 cases does not require reI earni ng of old

data. The detail ed al jthmfor |ncr%n&gtal e rn| n g en, bel ow. Input
vect ors: M SIPRANCEG RCERS st b?‘lc n%|%meet:

that 10 preserves anplitude information. Conpl errent codi ng represents both
t he on- r etgilanescritetia in Heirofespectivpmodules:o an i nput vector a. The conpl enent -
coded F,a input vector Ais a 2M dinensional vector A = (a, a)

(a,,...,aMa, ,...,aM) 15 V\here a; represents the nornmalized frequency
score of keyvvord w,, and a; = a,. Simlarl y, the conpl enment coded F,

i nput \ector is q, 2N dj naI VSat ors 20

(b,,.. ‘5 ; bN, b, §1 Fl‘%N’\g" M”gai % rép?‘gsfe}{’\ts ltlﬁe rjr Lﬁke (bk:"’—l) or absence
(bk 0) of a cI ass | abel Ck, and bk™ =1 -bk. Il | WO 01/14992

PCT/ S99/ 00089 24 Activity vectors: Let xa and xb denote.the F,a and F, b
activity vectors respectively. Let y
Learning then ensues, as defined below. If any of the vigilance constraints is violated,

mismatch reset occurs in which the value of the choice function T, is set to O for the
duration of the input presentation. The search process repeats to select another new index -

10 J until resonance is achieved.

Learning : Once the search ends, the weight vectors w,* and w,” are updated according to

the equations

15 WO = (1) WrO0 + B, (A" W)

and

W,b (new) __ (I'Bb) W,h (old) + Bb (B - W,b (old))

respectively. For efficient coding of noisy input sets, it is useful to set B, = B, = 1 when
20 J is an uncommitted node, and then take B, < 1 and B, < 1 after the category node is

committed. Fast learning corresponds to setting p, = B, = 1 for committed nodes.




denote the“):@({lﬁg%gbwty vector. Weight vectors: Each F2 cate or?/ node | is

associ ated w wo adaptive weight tenplates 5 wa and wj CTISGop/pugs Y,

all category nodes are unconmtted and | weights equal ones. After a
category node is selected for encoding, It becones comn'tted Fuzzy ARAM
dynam cs are determ ned, by the chojce paraneters c > and ab > 0; the
|-ear ni ng Matchdracking; At ithe g‘]méﬁ(?a@bulpﬁtg s%ta“ot“héhe\/Y‘g}l?%ﬁd’érW%Fn%tﬁué S in

[0,1] and Pb in 10 [0,1]; and a contribution paranmeter y in [0,1]. Bottom
up propagedseline vigilamoe Qahéf b reset mpcelirs \in cho categhry ffield Facp, fs, inoredsed) yntil He is,
to F2 input Tj is defined by : 15 Tj A - wal /(aa+lwal) where the

fozzy MR 1%%5’35%9 doaled&td{cgeﬂn&¥ Yor ve’ﬂi b?eé‘ arcl gmggsy H%B '? tes\é%&c hdi ce:

norm 1.

Using a ch0| ce rul e, TEE one F, node can becorre active. The choice is
i ndexed aRods Lipndew the rems Xlgfl?‘]"ce Grgprion.| F2 node j 1. Wen a category
choice is made at node J, =1, and yj = 0 for all j not equal to J. WO

01/ 14992 PCT/ S(9/ 00089 25 Resonance or reset: Resonance occurs if the
match functions, ma and mb, neet the vigilance criteria in their

respect i VRuliDRérdion Sub-Mdlde= | A Wal / JAl >=pa and mb =1 B " whbl / 1B+
>= pb. Learning en ensues, as defined below If any of the vigilance
constraints is violated, msmtch reset occurs in whi ch the value of the

choi ce fupnctio s, set to O for the ration of t in
present aLLPBW“gQHE %‘EaWé‘Ff“BP HEESSS: ﬁ@ﬁ‘e‘é“tfé“eg ngy eé&? i, st HEP Oﬁé\ﬂe? poioserted
into the ARAM network (knowledge base). A rule is typically in the IF-THEN format,

10 consisting of a set of keyword features as the antecedents and a classification as the
consequent. Due to the compatibility of ARAM architecture and rules, domain knowledge

in the form of IF-THEN rules can be readily inserted into an ARAM network.

For example, given a rule such as

15 "Stock"”, "Share”, "Price" -> Business,

the rule insertion algorithm creates a keyword frequent vector in which the frequency
score of “Stock”, “Share” and “price” are 1s and all others zeros; and an output class
vector in which the score of “Business” is 1 and all others zeros. Given the keyword
20 frequency vector in the F,* field, and the class vector in the F," field, ARAM first searches
for a recognition category that encodes the exact same set of keywords. If such a
recognition category exists and its predicted class is "Business”, no action is required as
the rule already exists. If the predicted class is not "Business”, a contradiction occurs and

it is flagged to the users. If such a recognition category does not exist, a recognition



i0J Uﬂtl&% (ﬁzﬁ%gnce is achi eved. Learning : Once the search ends. the

wei ght ve a and w,b are updated according to the eﬁﬂyts ?)?4@&95 V, a
(new) = (1-Ra) Wa(old) + pa (AW (old)) and "V,b (new) (1-pb) Whb
(old) +1b (B Wb (old)) respectively or effici ent codi ng of noi sy input
sets, it is useful to set P.. IS apn, uncommj tted node
and t henCategosy ps creafed o) epgpde ﬁk&Y‘f’%Fd ml%%ﬁegﬁftwgneﬁesﬁogk “cowfra’s 84 Fast,
| earni ng corresponds to setting (3a = Rb = 1 for commtted nodes. nniei WO
01/ 14992 " Pt "s@d W da3Hication ofBBetindss acki ng: At the start of each input
presentation, the vigilance paraneter pa equals a baseline vigilance pa.
If a reset occurs in the category field F2, pais increased until it is
slightly larger than the match function ma. The search process then

sel ect s ThoddhailedAile iLektiod algudithmtibas fodlowsed vigil ance criterion. 5 Rule

I nsertion Sub-Mode Through the rule insertion process, user-defined

know edge in the formof rules. is inserted into the ARAM network

(know edge base). Arule is typically in the IIF-THEN format, 10 consisting
of a set o1 E,ﬂ%word features as . the te ede ts and. a cl assi catlo s the
consequeRte upp prpeee %Hbé?’?lﬂhlafetsy %FFC‘H?”(S?&SU‘?"@ aH omai n
knowl edge in the formof IF-THEN rul es can be readily |nserted |nto an
ARAM net dimeRsional vectors A and a 2N-dimensional vectors B, where M is the total number of

document features and N is the number of classes.

10 In the most general case, given a rule of the following format,

IF X, %, o005 Xy DOE(X), MOL(X’5), .., NOY(X’,,)

THEN Yi5 Y25 «ces Yn. nOt(y,l)n n°t(y,2)s meed th(Y’m)

15
where x,, X, ..., X, and y,, ¥,, ..., ¥, are positive attributes, and x’,, X’,, ..., X', and ¥’;, .
|
¥, ..., ¥', preceded by the logical NOT operator are negative attributes, the algorithm
derives the pair of vectors
20 A =(a, a and B = (b, b")

such that for each index j = 1, ....M,

(2 a;%) =



For exanpl e iven a rule such as 15 "Stock", "Share", "Price " - >

Busi ness, MO insertion algorithmcreates a keyword fr@GHSQ9N8Y or i n
whi ch the frequency score of "Stock", "Share" and "price" are is and all

ot hers zeros; and an output cl ass vect in which the score of "Business”
is 1 and all others zeros. Gven the keyword 20 frequency vector in the F, a
field, and thd.Q)Eag=getarspmed infd /. B}field, ARMMTfirst searches for a
recognition category that encodes the exact sane set of keywords. If such a
recogni tion céd,gpifvy=eaxifet somailin {l5 .pymgi cted class is "Business ", no
action is required as the rule already exists. If the predicted class is
not "Busi ness{p gpotheRfisadi ction occurs and it is flagged to the users. If
such a recogniti'on category does not exist, a recognition WO 01/14992

PCT/ S&9100089 27 category is created to encode a keyword tenpl ate

consi sti nﬁn f "Stock", "Share ", and "Price " and a classification of
"Business ". The detailed rule insertion algorithmis as follows: 5 Rule
inserti®n proceeds in two phases. The first phase translates each rule into
a 2M dinensional vectors A and a 2N-di nensional vectors B, where Mis the
total nuntgrbpf= docunent features and N is the nunber of classes. 10 In
the nost general case, given a rule of the followng format, |IF X, Xx,,
cooy X, not (X1, gy ieROL (X 52D e RO(X M THEN yY,, y2, ..., vVv,,. not(y',),
hot (v 2) ..?%1'??0‘5?9' ; {% some i in {1}

0,1) if c,=y’; for some i in {1,...,n’}
(0,0) otherwise
10

where w; is the j" keyword feature and c, is the k™ class label.

The vector pairs derived from the rules are then used as training patterns to initialize an
ARAM network. Given a pair of vectors A and B derived from a rule, their respective

15 recognition categories are associated through the map field.

During network initialization, the vigilance parameters p, and p, are each set to 1 to ensure
that only identical attribute vectors are grouped into one recognition category. Contradictory
symbolic rules are detected during rule insertion when identical iﬁput attribute vectors are
20 associated with distinct output attribute vectors. The detection is achieved through a perfect
mismatch phenomenon, in which the system tries to raise p, above 1 in response to a

mismatch in F .



where x,, , Xxmandvy,, y2, ..., vy,, are positive attributes, and
X",, X' 2iw.6.%.ll,”x mand y',, Y 2' ..., y' n preceded by thepw éﬂooqQOT
operator are negative attributes, the gorithm derives the pair of
vectors 20 A= (a, a ) and B = (b, b Such that for each index j = 1,

oM ( a c} =_tJIé,II(r)I WD 01/ 14992 PCT/ SGR9/00089 28 (1,0) if
wa=x; f ticlas gon - (0,1) if wex'; for some i -in {1, ...,n}
(0,0) otherwise and 5 (bk, b k) _ (1,0) if ck=y; for sone i in {1,...,n}
(0,1) if ck=y', for sonei in {1,...,n"} (0,0) otherwise 10 where w, is

the j h keyword feature and Ck is the k> h class | abel. The vector pairs _
der i ved ke dn)Sngud! Eccutiefit,! hofatiie ExficddAmbdie RAkEI S &R itdiderRki 26 an’
ARAM network. Gven a pair of vectors A and B derived froma rule, their

‘respect 'n‘c’;?mal'izSedrl&%r%% tfr'e?;ﬂen%@veegt% '(_aessdéf’.}sg:rei\beac‘iS _a%b%%'eﬁt’ﬁ% éo?rﬁpqg gnttcggeﬁl%uftl el d.

5 vector A is then presented to the F? ﬁeld.

Given an input keyword vector A, ARAM first searches for a F, recognition category

encoding a keyword template vector that is closest to the input vector:according to the

choice function. The associated F, output prediction of the selected category is then used

10 - as the output class label.

Choice Rule; In ARAM systems with category choice, only the F, node J that receives

maximal F;* to F, input T, predicts output. Specifically:

15 y;= 1 ifj = J where T, > T, for all k not equal to J;

0 otherwise
- The F,® activity vector x is given by x° = Zw,’y; = w," and the output vector B, = (b,, b,,...,

by) is then read directly from the F,’ field. The output class is predicted to be K if b,> b, for

20 all k not equal to K and the confidence value is given by by.

ng



During network initialization, the vigilance paraneters pa and Pb are each
set to | tWOMIMPZ +that only identical attribute vectors aFPEl/§F&UWERP i nto
one recognition category. Contradictory_.synbolic rules are detected during
rul e insertion when identical input att*Pbute vectors are 20 associ at ed

Wi th distinct output attribute vectors. The detection is achieved through a
perfect msmatch phenonenon, in which the systemtries to raise pa above 1
in response to a msmtch in F,'. WO 01/14992 PCT/ S&39/00089 29 Docunent
cl assi f i cGonfiderfideWalnen i nput docunent, a feature extraction nodul e parses
the text to derive a nornualized keyword frequency vector (as described
above). The conplenment coded input 5 vector Ais then presented to the F,'
field. Gven an input keyword vector A, ARAM first searches for a F,

e nput COtEer GRARE BRI G QU ERET S NBHE SAPLRRPRLA B SatuPiecATpa  °

output prediction of the selected category is then used 10 as the output
cl ass | Abegsocipigs ingib featurpg joea bingrynriasa prpdicion; Iniother veardgyminly endpputput eassy
the F2 node J that receives maximal F,' to F2 input T, predicts output.

Speci fi cab} ¥qualsléneyand=b1=i0f fof aH K nvhequal o K> Tokderive aadeb] Yalt® prediptiah scorel;
O otherwi se The F,b activity vector xb is given by xb = E~w~by. = w, b and

the out pupeyRed §hnd .a:fe(’spstrat%ieéﬁ are g%s?%@,%&Qﬁ%ﬁ}%&rg@@@is@%iggﬂélé(wf romthe F,

field. The output class Is pre
a) Distributed category prediction

Using distributed category prediction, more than one F, nodes can become active. The F,
10 output vector y represents a less extreme contrast enhancement of the F," to F, input T, in
the sense that the higher T;’s are amplified and smaller T;'s are further reduced. Two

algorithms that approximate contrast enhancement are given below.

Power Rule: The power rule raises the input T, to the j* F* node to a power p and

15 normalizes the total activity:
y; = (T Z, (TY".

The power rule converges toward the choice rule as p becomes large.

20
K-max Rule: In the spirit of the K Nearest Neighbor (KNN) system, the K-max rule picks
the set of K F, nodes with the largest input T; for prediction. The F, activity values y; are

then:



20 all to K and the. confidence value is give

01/ 14992 &%ﬂ@%g/ 00089 30 Confidence Value Gven trai n%%ﬁ%@énpws and
rules of a single class output and wit4y fast |earning, ARAM 5 associates
input features to a binary class prediction. In other wrds, only one

out put class bK equals one and bk = Ofor all k not equal to K To derive
a real value prediction score between O and 1, a few strategies are

possi bl e, of which two are described below. a) Distributed category

predi ct iyprF Usf Bg.4ilt i pined category prediction, nore than one F2 nodes
can becone active. The FZ 10 output vector y represents a |ess extrene
contrast enbancement obthkR@isd, ' to F2 |nput T, in the sense that the

hi gher Tj's are anplified and smaller Ti's are further reduced. Two

al gorithns that approxi mate contrast enhancenent are given bel ow. Power
Rul e: The power rule raises the input Tj to the jt F2 node to a power p and
15 nornmalizes the total _activity: yj TP Z r ul
converdderedaisdhe et eh¥; eaegony 8odes Yﬁlﬂb(é%i?ége# ﬁ'u é{éﬁ’e 2 ﬂ&lF Witk { he
spirit of the K Nearest Neighbor (KNN) system the K-max rule pi cks the

‘set of KER Bedairvalknt to thegolver gdswiihippel. T, for prediction. The F, activity
values yj are then: WO 01/14992 PCT/ SG9/ 00089 31

After the F, activity vector y is contrast enhanced by the power rule or the K-max rule,

the output activity vector x° in the F,’ field computed by

10
X' =W Y
The output vector Bz = (b,, by,..., by) is then read directly from x’. The output class is
predicted to be K if by> b, for all k not equal to K and the confidence value is given by by.
15

i)) Voting strategy

Using the voting strategy technique, multiplg ARAM systems are inserted with different

sets of rules and/or trained using different sets of input patterns or different orderings of
20 the input patterns. When performing classification, each ARAM votes for its predicted

class. The votiﬁg scores nonnalized by the number of ARAM provide a prediction score

between 0 and 1 for each output class.



Yi =T, | Jolnaese Tk if j inn O otherwise, 5 where it is theH&toonboss-
cat egory nodes vmazththelargest T, values. The. K-max rule with K= Nis

equi valent to the power rule with p =1.3After the F2 activity vector y is
contrast enhanced by the power rule or the K-max rule, the output activity
vector xh Ln t/h% F field conputed by 10 xb = /r, wb y, The output vector
B2 = (b, 3p, Is then read directly fromxb. The output class is
predicted to be K |f bK> bk for all k not equal to K and the confidence
value is given by bK 15 b) Voting strategy Using the voting strategy
technique, nmultiple ARAM systens are inserted with different sets of rules
and/ or t retieped; isshe guhbef of eotes given tofand 3pist thp aivtiaalived Preditddresconé for the
orderings of 20 the i nput patterns. When perform ng classification, each
ARAM vot & |

number o SRR i, PAEOUBLE etk FREme HEnka fét?a‘z%ﬁg%%%é’{h%%%‘g?@éﬁﬁd%%? put
cl ass. | 11 01/ 4992 PCT/ S309/ 00089 2 Si =WVi /| EK Vk where vv is
t he nurﬁ)é:asﬁ)fm 5% predigtingscprs is the confidengewalies nal i zed predi ction score for
the output class j. The output class with the highest predi ctlon score is
the sel ected predicted

Switching between modes

The system administrator can switch between the classification mode and the knowledge
10 acquisition. sub-modes by sending a message together with the appropriate data to the
document classifier. The message can be either LEARN, INSERT, or CLASSIFY.
Depending on the message received, the document classifier adjusts the input baseline
vigilance parameter p, and the output vigilance parameter p, of the ARAM classifier
accordingly and carries out the appropriate sequence of actions.
15
With a LEARN message, the document classifier receives a document text together with a
classification label. First, the feature extraction module derives the normalized keyword
frequency vector from the document. The keyword vector is presented as the input vector to
the F,* field and the classification vector (based on the classification label) is presented to
20 the F," field of the ARAM classifier. The ARAM classifier is then run with p, <1 (typically

0, to maximize generalization) and p, = 1.

With an INSERT message, the document classifier receives an IF-THEN rule. First, the rule

insertion module converts the given rule into a pair of input and output vectors, presents the



5 cl ass aq‘g i{’iﬁ?{edi ction score is the confidence value. Sw tching between
modes The S99 admi ni strator can switch between the cl as &GO node
and the know edge 10 acquisition sub-npdes by sending a nessage together
with the appropriate data to the docunent classifier. The nessage can be

ei t her LEARN, | NSERT, SSI FY.  Dependi ng, on, .t ssage recei ved, the
document 1BPUiEFtor &0 IE?:FC@{AF’%Q ¢ QBIPUE ¥ecien torthe Ky E‘ﬁﬁgﬁé‘é/\gﬁl\éé@s@‘rﬁebﬁ and |

t he out put vigilance paranmeter Pb of the ARAM cl assifier accordingly and
carri es dhen ruhevitippotb the iapet and guipnt vigdhncegarapmsers §& tyls.h a LEARN nessage,
t he docunent classifier receives a docunent text together wth a
classification label. First, the feature extraction nodul e derives the
normal i zed keyword frequency vector fromthe docunent. The keyword vector

vactor (RAEh4 SkASYE T RakesieRy b adsfmelf Bofify it ol S BRnE B 70 o

of the ARAM cl assifier. The ARAM cl assifier is then run with ?a <1

(typi cdl Heaturg exteachan i modude glerussathe, apmaalized depypprd-freqygnel -astornsemr the
nmessage, the document classifier receives an IF-THEN rule. First, the rule
i nserti orocamentand quesentsst ahthegnmervector ¢o ihet B, ficllaiThe ARAMpclassifiat io dihgnut
vectors, presents the WO 01/14992 PC77SG9/ 00089 33 input vector to the

F,a fiel Qu@aﬁhygmamtﬁb YAk rz%fo@s fodshred ﬁr%&bt%n iI.QﬁNagg/r\Md%! RS pletiRted S

then run wt Y he Tnput and out put vigilance pararmeters set'to 1 s.

Wth a CLASSLFY. h , classifi | d .
Firot - CAEBoY RGNS et SATOR fede o aen radred B FeiRh Med keyord

frequency vector fromthe

10 Figures 5, 6, and 7 summarize the parameter setting and the relevant functional blocks of the
document classification system in the learning, rule insertion, and document classification

- modes respectively.

The embodiment described is not to be construed as limitative. For example, elthough the
15 classifier module has been shown implemented using an ARAM structure, this may be
implemented using any other structure which allows incremental learning and rule

insertion, such as an ARTMARP structure.

Fir 1




docunent and presents it as the input vector to the F,a field, T RAM
classifi erw‘?gﬁlﬂ%zn run with both B and Pb equal to zeroeg’qTés?E@ﬁ@ a
prediction is always made. The predicteg classification |abel is then read
fromthe F,b field and returned to the user. 10 Figures 5, 6, and 7

summari ze the parameter setting and the rel evant functional blocks of the
document RefereBees: cation systemin the learning, rule insertion, and
docunent cl assification nobdes respectively. The enbodi ment described is
not to be construed as limtative. For exanple, elthough the 15 classifier
nodul e has been shown i npl enented using an ARAM structure, this may be

inpl emented @si AACAPYneE BES. Shdswsery (E98M! Ahnﬁlsivetgspérﬂfd] Qfeivecturd fRladelig: and
rule insertion, such as an ARTMAP structure. t191(r)6 WD 01/14992
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37, 545115, [mpgerogessig. 3dnb41l15S. G ossberg & D. B. Rosen (1991a). ART
2-A. Fast stable ||earning and categorization of anal og patterns by an
adaptive resonance system Neural Networks, 4, 493-504. 10 [3] G A
Carpenter, S. G ossberg & D. B. Rosen (1991b). Fuzzy ART:. Fast stable
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learning and categorization of analog patierns by an adaptive resonance system.

Neural Networks, 4, 759-771.

15 [4] C. A. Carpenter & A.-H. Tan (1995). Rule Extraction: From Neural Architecture to

Symbolic Represexitation'. Connection Science, 7(1), 3-27.
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20
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L1 1" 1L 111 1. Docunent:classification apparatus conprising feature
extraction neans for extracting a plurality of features froma ddcurrent

and a classif - X e ess
docunent T DRRG SRR ebe! Pasrang s bORRhGHe LRANIE *SuckBoR PSS
classification with the docunent is added increnentally to a knomdedge
base or in a GYacHRhe Rurality of featuresnirompedocument and aiedassifigs operabie on (s ng

t he know edge base, determnmines a predicted classification for the document,
t he classifi&mnhabdghmmhschﬁbhmeﬂeﬁmemnmnhﬂthnddsmuﬂdﬁx acgjeisitiomntnodé A0 2.
Apparatus as claimed in claim1 wherein the classifier conprises a

supervi sed  agiph e 24s85IRAGN 68 a LRSIt e U6 ¢Timer iPRRREheEmRAtaYy ai med

in claim2 wherein the system conprises an ART

to a knowledge base or in a document classification mode in which the classifier,
. using the knowledge base, determines a predicted classification for the document,

the classifier being switchable between the modes under user control .

10
-2 Apparatus as claimed in claim 1 wherein the classifier comprises a supervised
adaptive resonance theory (ART) system.
3. Apparatus as claimed in claim 2 wherein the system comprises an ARTMAP
15 system.
4, Apparatus as claimed in claim 2 wherein the system comprises an ARAM system.
5. Apparatus as claimed in any one of the preceding claims further comprising a
20 - router arranged to route the document to one of a plurality of destinations in

dependence upon the classification.

6. Apparatus as claimed in any one of the preceding claims wherein the classification

has associated therewith a confidence value,

AR |



15 systemwin ﬁzrag\gs as claimed in claim2 wherein the S%?é@?ﬂ'?’ﬁ@g | ses

an ARAM system paratus as clainmed in any one of the cl ai ns

further conprising a 20 router arrangeggto route the docunent to one o
plurality of destinations in dependence upan H !umml U“in 6.
Apparatus as clained in any one of the precedi felit .l #H t he
¢l assification has associated therewith a confidence value. I1~I11 WO
01/ 14992 PCT/ S&@9/00089 36 I ILillll 1111l 1111112111101 M* C L 7.

Appar at us’-as cABRP3BMSias cdaimedin claimd e dependeninor Clairm % whisire the ¢dnfidence
confidence value is conparable to a threshold, the router being arranged

to meke an autwahed isccompardbleth O thresholth the eotitérBLifte airghgRA th Malte RANKESBAICUPON
the conparison. 5 8. Apparatus. as clained in claim7 wherein the threshold

I s adj ust abl e. . J: - | | al erein a said
destination i smzmgé??g{rhﬁ{lg}%aﬁ?% ?dé{rgl?,ld ?eé)gggér#g%?gﬁ%%rcaoﬁrggﬁﬁa%‘Wrouti ng. 10
10. Apparatus as clained in any one of the preceding clains wherein the
features are forned into a feature vector for input to the classifer. 11.
Apparatus as clained in any one of the preceding clainms wherein the
features 8.15 cApparawe agchimed incclaimh whessin ithet thoesholdds adjustpbleases whi ch nay
appear in the

5. Apparatus as claimed in claim 7 or claim 8 whe_i'ein a said destination is a system
administrator, responsible for manual routing.
10
10.  Apparatus as claimed in any one of the preceding claims wherein the features are

formed into a feature vector for input to the classifer.

11.  Apparatus as claimed in any one of the preceding claims wherein the features
15 comprise classification-associated words or phrases which may appear in the

document.

12.  Apparatus as claimed in any one of the preceding claims wherein the extracting
‘means is arranged to provide a measure of the frequency of occurrence of the

20 features in the document.

13.  Apparatus as claimed in claim 5 wherein the destinations include a system

administrator to which the other destinations are connected, mis-routed documents



docunent . 12. ar [ gn any one of the preced '

wher ein t‘ﬂ%“gk@? ct ﬂ“ﬂ"m“mlllmﬂmgnged to provide a ne?g:h.&g;gg)?&kgz
frequency of occurrencecoftthe QO*fea3t7ures in the docunent. 13. Apparatus
as claimed in claim5 wherein the destinations include a system ]
adm ni strator to which the other destipations are connected, m s-routed
document s Wobeing1sepdable by| the qther) destintiops |tp the system admipisisater dep GhHasyalso C L
M S 37 being sendabl e by the other destinations to the system adm ni strator
for manual eeutingng. 14. Apparatus as clainmed in claim13 wherein. the
system adm ni strator is connected to 5 the feature extraction neans and
classifier, the arrangenent being such that a said ms-directed docunent,
in association with an actual classification supplied by the system

adm ni strator,, is _processed.in, kn edge. i Sition. .

associ aﬁ‘l‘oh @fPP?W&PSa"(?t fne Ilgﬂai’qlioig‘a‘yﬁ%ﬁlr\%ﬁ?ﬁy ﬁwﬂé aﬁ&@%ﬁ%‘i@éﬁ@%&%&r}r@nt to
the know edge base.” 10 15. Apparatus as claimed in ang one of the
precedi ng cl denfeanie exirastionaneanp and classifier, thy, arrapgemenh bejag suchhibat psaid
insertion in the know edge acquisition node in which a plurality of

f eat ures ar eniigaitectbd decutsett, incassbuiatidrawith faneactuabgiasdificationtsiapplied by the
classification with which. the features are associated. 15 16. Apparatus as

cl ai med in agy QR diinishiol! 66 rbdassed! B MRoWREEES BqlififioR PRBAA 1ty SaddS the
association of the actual classification with the mis-directed document to the

knowledge base.

10

15.  Apparatus as claimed in any one of the preceding claims wherein the apparatus is
operable to perform rule insertion in the knowledge acquisition mode in which a
plurality of features are input by a user to :the “classifier together with a
classification with which the features are associated.
15
16.  Apparatus as claimed in any one of the preceding claims wherein the apparatus is

operable in knowledge acquisition mode to process a plurality of training

documents with associated classifications as a batch.

20 17. Document classification apparatus comprising:

feature extraction means for extracting a plurality of features from a document,
a classifier operable, using a knowledge base, to determine from the features a
predicted classification for the document, the classification having a confidence

value associated therewith; and

Tl



operable in know edge acqw Sition mde to process a plurali t&/ of training
docunent s W@Hlﬁ%ocm“m U"LEE ions as a batch. 20 17PCHBEIA0NEI
classification appar

f eature extraction neans for
extracting a plurality of features fromsa document, a classifier operable,
usi ng a know edge base, to det ernmine fromthe features a predi ct ed
classification fpiert &thé | Rafldrcs YR 183 iHReshBIdC 3R IriaRce
val ue associ a{aeifiﬁ%reﬁ%%?ﬁ Smpdr? € SRR E AR (O I REBIE S A0
Lrerr e el PCT/ SGO9/ 38 a router arr are. t he
conf i dence valESiOB @ Y ?8%%?%%&%@@ ydaape ?ﬁ%ﬁwafw@%%mme GFrent
automatically to one of a plurality of destinations or to a destination

for manual rodte adgstinatide femuenisé relsing inidepensiepcer upnsrthe somparisappar at us as
clainmed in claim13 wherein the threshold is adjustable. This Sheet Has
Been Replaced 1111111 ~I1LLLEL LEEE(C 1 @11

5 17. Apparatus as claimed in claim 13 wherein the threshold is adjustable.
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