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Abstract- Knowledge-oriented content-based filtering techniques are among the most effective ways to search, filter,
and manage information resources. In this paper, a novel filtering framework for (textual) information resource
management purposes is introduced. The proposed method uses the collective knowledge of ontology and structured
knowledge bases for developing semantic similarity methods. The semantic similarity methods are used to filter and
classify documents in accordance with user preferences. Also, the knowledge-based semantic similarity methods are
integrated in a “Mixture of Experts” model so that information resources and documents are filtered and managed
based on the collective knowledge of these methods (experts). The integration of knowledge-based methods in the
learning "Mixture of Experts" model is a novel idea and one of the main contribution of this paper. The evaluation
results suggest that the integration of knowledge-based semantic similarity measures in "Mixture of Experts" model
improves system performance and leads to the accurate classification of documents.
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w= weight of concept in user profile

Score=0

Begin

Begin

For each concept (D) in document profile:

If D (or equivalent concept to D)is in user profile then
score+=(1*w);

If parent (or equivalent concept to parent)of D is in user
profile, then score+=((2/3)*w);

If grandparent(or equivalent concept to grandparent) of D
is in user profile, then score+=((2/5)*w);

End

Begin

For each concept (U) in User profile:

If parent(or equivalent concept to parent) of U is in
document profile then score+=((2/5)*w));

If grandparent(or equivalent concept to grandparent) of U
is in document profile then score+=((1/5)*w);

End
End.
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wj: weight of concept in user profile.
wi: weight of concept in document profile.
Score: semantic similarity between two concepts
Simval: aggregated score.
Value: Final value of similarity between profiles using
Wikipedia or BNC.
Flag=false; Value=0; simval=0;
Begin
Begin
For each concept in user profile (j)
For each concept in document profile (i)
- If perfect match happens then score=1;
- Else Compute semantic similarity between two concepts
i and j (score).
- simval+=(score*(wi*w;));

End
imval
Value= M;
Yisj WikWj
End.

BNC g by S99 3 (oo SleMbl yilad oo 5o - F S
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Lol 00l (g5lwooly WordNet axdbcsle uils wlul 5 cold
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ol oa ools HLas O S ;o WordNet 5, s

wj: weight of concept in user profile.
wi: weight of concept in document profile.
Score: semantic similarity between two concepts
Simval: aggregated score.
Value: Final value of similarity between profiles using WordNet.
Flag=false; Value=0; simval=0;
Begin
Begin
For each concept in user profile (j)
For each concept in document profile (i)
- If perfect match happens then score=1;
- Else Compute semantic similarity between two concepts i
and j (score).
- simval+=(score*(wi*w;));

End

Value= simval ;
D WikWj

End.
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Z(Tgl'w’) freq(Axrer w)+freq(B rel*w)
Z(rel,w’) fre‘I(Av*‘rel’B)‘*'Z(rellW’) freq(B #rer,A)

score =

()

* rel = {contextually_similar rlation}
*w = {concepts in either the document or user profile}
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Z(rel,w’) freq(Axrer w)+freq(B  rep*w)
E(rel,w’) freQ(A:*rel'B)"'Z(rel’W’) freq(Bxrel,A)

score =

®)

* rel = {contextually_similar rlation}
*w = {concepts in either the document or user profile}

Gl g oliwl Gladsles o 0uls ol pualae B g A b, pl jo
By 25 Saeed Ly, ;0B 5 A pealas sl freq() b g s
6L¢>u9Lﬂ45ul5)wd.]aJ‘)w‘..\.SSAMIJLA‘)MLMULAOM

Aol sl porde 90l ol Calid pogde Sl dbxil o
p.u)ﬂ‘ as 03..»64 oolaw! o 9 (5)4)5 d.sLo.w QLHO kSls ;A_QLH..J
sl 0 ooy Ll S o QT



P e 9 byl a5 e

----- b sl Gorme il 50b) (5 5 oozl

39551 p K by, iged plgie & S o0 ase |y 050
{irrelevant: 0.35, relevant: L >4,5 lop cusl Sowo
S 0 gh eads ooy s S gl 1, 0.65}

a>lg cpl.o,le 594 Gating Network” ob a5 saxlg ¢ Jow cpl jo o
3 ARS8 59,9 sleodls (59, ool bl (550l bl
sohite oy ¥ YAl dos o olans ] jastin o5s SG o 5
3w Yoo gol> plas o a ol oals Lo 00l dcgass aus
o) aciee Reuters-21578 5 20Newsgroup ools dacgozxe
Sglate (6 S ab 51 40 sud solatul slaosly 5l esls sladcgomeo
(o

gl oo 03ls plais] o s 5l plaS o a4 (6l (59 ol jo e

plas’ jo o Slos “Gating Network” axlg cailflos al> o aws )5 o
al> e 0 50 G0 O)le @ (T o0 0b) W o | Lo S
S sy ol il e il slagty, 0 Sles
Dg g0 0dutw 00 00y S W glosls (slaacgazo

e Aoy alaly bawgs oy glas al> o o )0

a; = %log((l — error)/error) where error =

S yij=Tj1? (©)

n
7955 Tj sl pll diw sl pll 003 (29,5 iy alal) ol o
30 8995 sl dlawin g o o el ol s gl ogllas
el “Gating Network”oxlg o ,Slase obj)l 5l ad> 0 12

Gl Al e 8 45 0nds alne gllas (5 abal, 5 ool b o
900 03wl (5 2 Slagyje (Sl ies

i+ e%

w; = -
t Y wik e%i

(10)
g on 03l Jioles weight = {wi ()}, Lo,

ykd “Gating Network” o>y lawgs 8,5 250559 51 o @
(pbro slroaind) (8,5 oled 29,5 090 o0 )‘Lé.T sl
o D95 o0 g (29,5 13059 o) o5 5 @b Lawss
D9 oo dmnlio fp ailinl b Jol> jlade

@l g 2L, -0

5231 i loaliss —1-0

giaelin buze o golgriny Sldbl bk 5 yild et

u)ﬁ.»o LY BNC 9 Lh.béj u;‘l.%o\)‘& Ll o0 ool 4\:..»9.’ ‘9l.>

OleMbl yld 6l (OB 8 S §) (o5 5 (S0l -0-F

OuA.l‘ “A.ASLSA o)é L pastio ‘) W) 43‘)‘ U°5) FLRW ‘;)M 6)5]9.'
Sy b s slaslSil 5 5l lesl s (sler LSy

@572) €08 53 S o 4 ((29)5) (o5 5 GOk S
s Ho2a ils laghy; (e (003) (e Sl (F JS0
s o008 k8 050 0 2l el ol ol
5 ot 55 Sl o el gl a8 e atie
2 pme il Gl lsy &S Cenl (nl (oS 5 slo )bl sle Koo
by rble (5:50k o by, 4 5 Wigd oo oS 5 LSl oyl
sis0l glaosls 4y piile (6,850l Sl SuSE M 4 jgme il
aols slaools 4 540 “Gating Network™ a> S casctucs atunly
Lo 3 51 oIS 5 a0 1) ol (339 15 B ol Sia 3390 .2

D2 plai

__| S5 g ol sl drlaisig09,9 'T
l l »

Ontology- |g—{ BNC-Based |—— Wikipedia- — WordNet- Gating
Based Filter Filter < Based Filter —] Based Filter Network
51 ls3 J,S3 i,s4 JUS 0aiiS ol asly

|
| W | w, | 5
! ! l ¥
l

| Score = ((s1.wi) + (s2.wj) + (s3.Wg) + (54.w1)) / (Sum of weights) |

O 3 Sl 10 059 ge

]

COE 3 S 57 (oS 5 550b Joe IS 092,z —F U

logalie yolie 5l yoles lacgamsSe 5S3.52 51 IS ol 4
Wi s (OB 22) Homesiils sla by, alws 2 0ol dnlons (line
oads oole plaizl slacyig 5l poled slacgozo 35 Wa W3 W,
@ 1.l “Gating Network™ lawgs (5 23) o by, opl
S8 iy €5 2 S (295) 55 x50k ey
2,5 oy py SN @ Glgiee |y Joe ol B3l oS
248 3l 0525 (e (D}izr OB 5 5l Slaeseze (Jae ol 5o o
sl hs)) lgiome olime aaiiws by, G €i(X) o

Sl Jlezxl oy cpl aiS oo 0dg 29,5 S0 Sy oy e
azils 3l ‘irrelevant’ (WIS L ‘relevant’ oM 4 diw S



19 Lo 50k ¥ o less A ol

(JSCIT) oledbol (5,5ld g p 5 (bl cagh— sole dlxs

L calad (olao dmwlroe g iy (Soommod (b5, -V-0
Sl Lglad

Calid glns dsloe b ls ) (Ko « (2L3)1 51 Jsl al> 50 )0
dlre Ggm (Ko Jgo)8 5l oolanal b (Sluil ool L
ools dcgarmo b Caalids poline dmlone slo by ) (Stumod 395 o0
3los el 20 00S 5 42 | gz o (ol 5lisd) M-C
aad oo slis |y dlie ] 1o 0ald ool axwg gla g, Azl (%)

sl ©glad b goloduiin s Sg ) (Somnd U35l gl -) Jgux

09 Sl gldd b (Koo

M-C dataset 1.0 (Grand Truth)
Web DICE [37] 0.267
Web Overlap [37] 0.382
Sahami [37] 0.579
CODC [37] 0.693
ESA [37] 0.58
Web PMI [37] 0.548
BNC First-Order (*) 0.617
BNC Second-Order (*) 0.651
Wikipedia First-Order (*) 0.776
Wikipedia Second-Order (*) 0.897

WordNet(*) 0.413 - 0.648
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(20Newsgroup) “RELIGION” (g9, (g3l sl 9, U3, -V Joo=

o9y Precision Recall F-Measure Accuracy
Lin 85.61% 90.75% 88.1% 90.2%
Jiang & Conrath 86.66% 91% 88.78% 90.8%
Leacock & g7 4705 942506 9073%  92.3%

Chodorow

Path 88.30% 86.75% 87.52% 90.1%
Wu & Palmer 89.62% 88.5% 89.06% 91.3%
Wiki Second-order 94.81% 96% 95.40% 96.3%
Wiki First-order 90.89% 94.75% 92.78% 94.1%
BNC Second-order 92.42% 94.5%  93.45% 94.7%
BNC First-order 90.12% 93.5% 91.78% 93.3%
Ontology 95.56% 96.75% 96.15% 96.9%

(20Newsgroup) “RECREATION” (59 (58lauin s w9y U3, -F Jous

Sools ;o dgzge i Voo el Feov sl Wgd o ol
S8 Sz 5wl sl (5,8 45 Wloads Sl LS 5l s
59 digd oo Sl eailandly (IS oz 3l ank: 5 o)l Bl oL
Siulesl e 0 (Ailoass Gl Bolal & g0 4 diw O+ + + Egomma
O eise 03l GLiS (625 arled Sy bawgt ()5 Sl
ol s S LT aS WS s B o jle go 508 1) et (slales
ogbite ool slp Cla e WS L 3)ls (3l «las o (OIS
L €l yor egdge ganatos b badye sl (ialejl jo 50
(Cowd 0018 dcgozmo 40 3gzge oliwl 3l Sglae) (50,5 Sles
Ao Sledbl ol adl § Golite SlalSTpulan o Julos g 4y 520

o9 Precision Recall F-Measure  Accuracy 3 J»-&w Luls wladsy f"'““b"’ )~l cs"‘“‘J e N9l oo c_s‘L"L“"‘
Lin 81.15% 85% 83.03% 86.1% . .
3 l> zls 4 da>g5 b 0gu &l Sledb! asl
Jiang & Conrath  80.99% 86.25%  8354%  86.4.% el @l 4 azg b ogdioe all SO asdls 0 o
Eeh"fggif; 86.57% 90.25%  88.37%  90.5% Tre  cezy b ool dolel plo oad drlos Calid
Path 7015% 83.5% 81.27% 84.6% “False 4 “False positive” “True Negative” .Positive”
Wu & Palmer 8053 % 83.75%  82.11% 85.4% o 0 Sos ol 0 Wgdh o (5,005 ez Negative”
Wiki Second-order 94.18%  93% 93.58% 94.9% . .
F- 4 Accuracy <Precision « 5
Wiki First-order  86.86% 89.25%  88.04%  90.3% S y on Recall slo lons & az5i b soleiiny
BNC Second-order 89.33%  90% 89.66% 91.7% Sl LY Gla Jgax o muli 0,5 o0 )8 2bj,l 0,90 Measure
BNC First-order 84.75% 87.5% 86.10 % 88.7% oot ool
Ontology  94.13% 92.25%  93.18% 94.6% Vo 03l
(20Newsgroup) “SCIENCE” (59, 58kt a9, 2L, - 0 Jou=
o9) Precision Recall F-Measure  Accuracy
Lin 78.86% 83% 80.88% 84.3% Accuracy = TP FPYTNTFN ;I;}Ij _-:_— ;:x TFN Recall = 7TP7;+PFN
Jiang & Conrath  78.82% 83.75%  81.21%  845%
1
Leacock & g/ 9605 g9g 86.94% 89.3% F —measure (v
Chodorow Precision x Recall Precision = —
% 8125%  7841%  82.1% =2e R v
Path 75.76% : : : Precision + Recall
Wu & Palmer 7754% 82% 79.71% 83.3%
Wiki Second-order 90.57% 91.25% 90.9% 92.7%
Wiki First-order 83.49% 87.25%  85.33% 88% o . . e e bee e
BNC Second-order 85.68% 88.25%  86.95%  89.4% (20Newsgroup) “COMPUTER” (53 53y 39y (2135 -V J9ur
BNC First-order 81%  85.25% 83.07% 86.1% 095 Precision Recall ~ F-Measure  Accuracy
OntOlOgy 91.75% 91.75% 91.75% 93.4% Lin 85.98% 92% 88.89% 90.8%
(20Newsgroup) “POLITICS” (g5 5oluiions sl sbsy 2ls 3315 Joi Jiarlig&C](()r:grLath 88.09% 92.5% 90.24% 92%
€acocC
P9 Precision Recall F-Measure Accuracy Chodorow 88.99% 95% 91.9% 93.3%
Lin 83.29% 87.25% 85.23% 87.9% Path 84.76% 86.25% 85.5% 88.3%
Jiang & Conrath 83.41% 88% 85.64 % 88.2% Wu & Palmer  86.86% 89.25% 88.04% 90.3%
Leacock & 87.35% 91.5% 89.38% 91.3% Wiki Second-order 93.3% 97.5% 95.35% 96.2%
Chodorow Wiki First-order 92.33% 96.25%  94.24% 95.3%
Path 83-210% 84.25%  83.73% 86.9% BNC Second-order 93.01% 965%  94.72% 95.7%
W,‘]iv,“s& Pazimefd 9824-3263 ggggz’ gsf‘g:‘;//" 2‘7“712? BNC First-order 91.95% 94.25%  93.09%  94.4%
1K1 deconda-order . 0 . 0 . 0 470
tol 96.8% 98.25% 97.52% 98%
Wiki First-order 89.05% 91.5%  90.26% __ 92.1% Ontology > : > >
BNC Second-order 91.29 % 91.75% 91.52% 93.2%
BNC First-order 86.99% 90.25% 88.59%4 90.7%
Ontology 95.19% 94% 94.59% 95.7%
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(REUTERS-21578) “EARN” (g3 (5 Ly (sLB09 5 (2L 351 —A Joui

Method Precision  Recall F-Measure Accuracy
Lin 82.71% 83.75% 83.23% 86.5%
Jiang & Conrath  82.49% 81.25% 81.86% 85.6%
Leacock & g4 1406 g22506  8310%  86.7%
Chodorow
Path 81.68% 80.25% 80.96% 84.9%
Wu & Palmer  83.38% 81.5% 82.43% 86.1%
Wiki Second-order 93.64%  92% 92.81% 94.3%
Wiki First-order 91.14%  90% 90.57% 92.5%
BNC Second-order 91.44% 90.75% 91.09% 92.9%
BNC First-order 90.27% 90.5.% 90.38% 92.3%
Ontology 95.77% 96.25% 96.01% 97.33%
(REUTERS-21578) “ACQ” (595 gkemiion s 505 b5, - Jou
Method Precision  Recall M. F- Accuracy
easure
Lin 82.71% 82.5% 82.6% 86.1%
Jiang & Conrath  81.16% 80.75%  80.95% 84.8%
Leacock & =g/ 1305 83506  8381%  87.1%
Chodorow
Path 77.0%  79.5% 78.23% 82.3%
Wu & Palmer 82.7% 81.25%  81.97% 85.7%
Wiki Second-order 93.13%  91.5% 92.31% 93.9%
Wiki First-order 89.08% 89.75%  89.41 % 91.5%
BNC Second-order 89.55% 90 % 89.78% 91.8%
BNC First-order 86.89%  89.5% 88.18% 90.4%
Ontology 95.99% 95.75%  95.87 % 96.7 %
(REUTERs-21578) “INTEREST” (59 (g0l 19y 231V Jou=
Method Precision  Recall F-Measure  Accuracy
Lin 7951% 815% 80.49% 84.2%
Jiang & Conrath  79.16 %  79.75% 79.75 % 83.5%
Leacock & = g35905 ga7506 83,179 86.6%
Chodorow
Path 73.62%  76.75% 75.15% 79.7 %
Wu & Palmer 81.11% 80.5% 80.8 % 84.7%
Wiki Second-order 91.13% 92.5% 91.81 % 93.4%
Wiki First-order 87.91% 87.25% 87.58 % 90.1%
BNC Second-order 87.78% 88 % 87.89 % 90.3%
BNC First-order 83.54% 86.25% 84.87 % 87.7%
Ontology 95.93% 94.25% 95.08 % 96.1%
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Topic Precision  Recall F-Measure Accuracy

Computer 98.26%  99% 98.63% 98.9%
Religion 98.24% 97.5% 97.87% 98.3%
Politics 97.24% 96.75% 96.99% 97.6%
Recreation 96.20% 95.0% 95.6% 96.5%
Science 95.44% 94.25% 94.84% 95.9%

Mean 97.076% 96.5%  96.789%  97.44%
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Category Precision Recall F-Measure Accuracy
Earn 98.25%  98.25% 98.25% 98.6%
Acq 97.26% 97.5% 97.38% 97.9%
Trade 97.23% 96.5% 96.86% 97.5%

Interest 96.73% 96% 96.36% 97.1%

crude 95.73% 95.25%  95.49% 96.4%

Mean 70406 96.7%  96.863%  97.5%
Performance
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Random (v) ¢[vA] Extreme gradient boosting (1) :usloass
Recurrent Neural Network- (¥) 4 [v4] Forest (Bagging)
Lf+]1 LSTM (LSTM Network)
oL 1y bools asgome 31 il b sl Sius 1T Jsum
L LSTM eas aSes o laibiol slo Sig 5 oodle oms oo
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Features Description Usage
TF-IDF Word Level TF-IDF training the Extreme gradient
N-gram Level TF-IDF Boosting and Random Forest
Feature .
(N=2) algorithms
Text- Ngun_Count, Verb Cc training the Extreme gradient
Based Adjective Count, Boosting and Random Forest
Semantic  Adverb Count, Pronoun 9 .
algorithms
Features Count
Latent Dirichl
Topic Alloi:ieti;n (ILIISAitfor training the Extreme gradient
Models . . Boosting and Random Forest
Features generating Topic algorithms
Modelling Features, 9
Word_Em . Training LSTM Deep Neural
beddings Word_embeddings. Network.

YYO

Method Precision  Recall F-Measure  Accuracy
Lin 82.04% 82.25% 82.15% 85.7%
Jiang & Conrath  79.95%  80.75% 80.35% 84.2%
Leacock & 8358%  84% 83.79% 87%
Chodorow
Path 76.53%  78.25% 77.38% 81.7%
Wu & Palmer 82.8% 81.75% 82.26 % 85.9%
Wiki Second-order 91.38%  92.75% 92.06% 93.6%
Wiki First-order 88.89% 88% 88.44 % 90.8%
BNC Second-order 89.25%  89.25 % 89.25% 91.4%
BNC First-order 84.8%  89.25% 86.97% 89.3%
Ontology 98.19 % 95% 96.57 % 97.3%
(REUTERS-21578) “CRUDE” (59 (53 Weminns, sW 295 (21351 VY Jour
Method Precision Recall F-Measure Accuracy
Lin 76.17% 775% 76.83% 81.3%
Jiang & Conrath  76.88% 76.5% 76.69 % 81.4%
Leacock & 7927% 81.25%  80.25% 84%
Chodorow
Path 67.12% 74.5% 70.62% 752 %
Wu & Palmer 76.46 % 78.75% 78.59% 81.8%
Wiki Second-order 88.72%  90.5% 89.6 % 91.6%
Wiki First-order 85.51 % 85% 85.75 % 88.7%
BNC Second-order 85.0% 89.25% 87.07% 89.4%
BNC First-order 83.25% 84.5% 83.87 % 87%
Ontology 9421% 935% 93.85 % 95.1%
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95050 O 3 Sl j0 59250 SleMbl slgiza 4 Method Features Properties
B TF-IDF Feature;
03ls Acgazxo (59 (il (5 ;S 0L S g, 0 Shos —VY Jour Text-Based Sample_size (20NG)=18820 ;
Reuters-21578 XGB Semantic Features; (Reuters)=13328;
Mean Mean Mean Mean Topic Models Test/train _split=35/65;
Methods . Features;
Accuracy  Precision  Recall F-measure
TF-IDF Feature;
XGB 94.177% 91.879% 91.723%  91.801% Text-Based Sample_size (20NG)=18820 :
Random . i - ~ i '
Random 94517% 91.727%  92.963% 92.34% Forest Seman.tlc Features; (Reu.ters)—1.3328,
Forest Topic Models Test/train _split=35/65;
RNN-LSTM  94.432% 92.152% 92.189%  92.169% Features;
. Sample_size (20NG)=18820 ;
Tob ool ALl clo jug, 51 S 0 (ACCUraCy) Cds dalsl 4o RNN- - Word_Embeddings = :
S0b S0y, 5l > 2 y B) LSTM (Word2Vec) (Reuters)=13328;
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Jiang et al [41] DBN+Softmax 85.57%
Shih et al [42] LSTM 86.2%
Camacho [43] CNN, LSTM 90.9%
Cross domain
Wang etal [44] Transfer learning 95.62%
Asim et al [45] Hybrid Learning 91.729%
N Hybrid (KB-
iy ) I)_/earni(ng) 97.44%

Sr50L g Guos (5uS0L oud ais Uil sla yog) (U, -1 Jguor

((REUTERS-21578) (53l (oS 37 pooicmins b oyl

oads oolaiwl Jlizle  (Accuracy) cds

95
Kowsari et al D . 0
[46] eep Learning 90.96%
Revanasiddappa  Symbolic cluster 0
et al [47] based 86.75%
La s Hybrid (KB- 0
sl ) Learning) 97.5%
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Test/train _split=35/65;
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Methods Mean Mean Mean Mean
Accuracy Precision  Recall ~ F-measure
XGB 96.745%  92.538% 92.287%  92.403%
Random Forest ~ 97.131%  93.729% 93.542%  93.325%
RNN-LSTM 93.308%  90.853% 92.055%  91.448%
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