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Abstract

With the deep integration of digital tourism and intelligent recommendation, traditional tourism
recommender systems face significant limitations in interpreting multi-source user behavior, se-
mantic preference extraction, and explainable recommendation generation. This study presents a
com-prehensive review of user behavior modeling approaches, classifying explicit and implicit
behavior types and highlighting the semantic Web's advantages in behavior abstraction. A layered
recommen-dation architecture is proposed, integrating RDF/OWL ontologies, reasoning engines,
and behavioral intent graphs. Context-aware, real-time, and deep learning-based methods are
compared in terms of accuracy, latency, and interpretability. Addressing challenges in system
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scalability and user privacy, the study outlines future directions in GNNs, reinforcement learning,
federated profiling, and multi-modal behavior fusion. The findings suggest that seman-
tic-enhanced behavior analysis is pivotal for building intelligent, trustworthy, and sustainable
tourism recommender systems.
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1. 5|8

Bl 5 2 T A B R B S SORRR & ASBTER N, TRIFAT WV IE AR AR G 15 2 e B IR 55 1) 2 AL

AMEAHESE IR S5 I A Y . Mg R X BRI . BRI AR Mg G BAEELIRIFE S
(Online Travel Agency, OTA) FI#EAZ 2% FHEEHIL, WORFEE TP FIEEE. A0, XeFET
UF B E” 1R H 0], R P AR TR SR R R T AN e L R SRR N SR B 1]

TEHESE RGBTy, AT s O N 2 I MEAER I bR 2 — . H P S
PR OB PR ATFEMURIEAT AU L B L, 2R SR E IR NGRS . BB ORI L
PREFAE B o ANTREHE RN . AR I ROF R Lo AT B, ORI IR I HESE RS0 Refb /K P (0 iy
B2,

BRI HERE R B2 AR A H AL € (Collaborative Filtering) + #& T N2 HIid J€ (Content-based
Filtering) 54 M. R FIRERARINK RIS —@ 28], (HHEXTH P AT 8 aiae s G
PR, ME DA TR P AEA RIS TE] . 25 00) WA T B SHE FE AT RERE, SFEHEERRAARE.
IRV R AR 55 D T AT AR AE B FR T 23 18]

BExr IR e, 1 Web BOR Y PAT BRI T BB R E . ZBORUALE (Ontology )
NIRRT RN R, {58 RDF. OWL S5 bR 1E1E 5 M AT B 2 M IS EGE, B4 SPARQL.
SWRL 548 X&) SHEBENLH], nIAG B2 H P AT AT E IS XK R, ST AR bR £ R
SR REHEFL[3]. AHEL T AL S0 LA “AT WPR2E” BN HEREIZ AR, 15 L Web FT ) “M&— kR — B R 30”
SRR, AR AT N IE XA R S AN AT [ B SRR IL T .

AR, AT ARSI HERE R GO TR SR TR 2 AT R i 5 R SO U R G 7 1 .
— 71, W SR AR P EAR . ORI AT N A T AT iR AR s S —
J7I, REES . EMA Mg (GNND &N TR BEHRARKGIN, WAEFAT AR T H R .
SR, EZVAT NEERRL G . A2 AR ). SCINHERE SO PTRRREHERE LRI S5 07 1H, UIAEE I 2 BR
Pei S50 E (4]

FET ERE R, AR s H P AT N B BRI RS 2 RIT R AR G SR R
AR, FEERERE. —REEH P AT ERIEFHERE U T BRI S AR T s R A
1T REAR BRI > 58 MR G R RGN EREGAT NEB AR R S, AR T UK
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FOHERE . SERHERENLG] SR ST EBTE, DRI HERE RO ARG . NG E . etk S5
EAESETT RIS s TR R E L RSAT ARG . SR I FRRA CRAP S8 AR R L B k7 140 o
A EHAIN T . B B ERIR M AT N e M AR AR 5T =R E RS R T
R R AR s B0 VU T 25 AT RGP U s 5 T B A A RE AR e i 1 B AR Bk
iSRRI TGS BN RNGIER Y, SEALZIR TS HE A S TR AR .
AT B AENIRIHERE RGIT R« BETUN S RBOREEH IR /G WA HRAKR A
TN SR REMRL B AIRS % .

2. RPITASHRNER S

BB TR HERE AR GEXT P AL ARS8 ZOR AW IR T, T P AT D Bl 3B i i oy RS HERE R GE AL
Bt BHE . T R SRR AT R M 2 AR RO RS S CEORIR BT N, O 2R i &
REFE A7 U B ELRT FL T 11 [5]. A EANE Se M P AT A EE R o . ORI TT VA S il S RAT N o)
BB =5 T eIt RGEE R IR .

2.1. APTHEREAER ST

FH AT N BEE E T oy B AT N (Explicit Behavior) 5E&aPE47 A (Implicit Behavior) # k2. &
VEAT 3 TN P R AR e, . WA, e, BORS, BAMImNERES, 5T RESR
W, BabEAT 9 MR F P 46 5 P R Geid 8 b B 2B AR R R, DT P 1AL RS A B Lk
BT B, BREIR TR, 82 IRl (E B R T K

TERRIFHERE S Serh, AT O A A PP D R T BB, S T R B SRR VIR B T
Btk AT 9 WU BB B AR L /0 70 B S0 Tt AR OV A AF o 7 2R 1) ST o 7 5 A v A% B TR A
1H[6].

R GEIRGN A AR AT RS R . A SRR U R B, DU I R R O
£V, UETRERGRITS%.

# 1. BPT R RR SHES X RE

raxa]  w=oisE | BEREH R wsr|  wEEURErR |
[@tbron| fse. o, vk | s, FEEE ][ % | owL mariyug |
a2 frmamb | st ikes. AR RG] mn |[fF oMU + SWRL HEs]

TR, Kbk AT )9 Bk B BRI R, (E W4T 7 [ B vt 5 IR J2 R SURHAT
AT D9 R g ep A L 250

2.2. AFEGRNESHNERLERGZ

Mg (User Profile) ZXTH AT Ml B R(EE. HARREFLELE MRS, ZIK)
MEACHER Z O N . iR, HPERFESEHEHSEIE (nFERe. Ml FiE)
ST G am s HATHERE . HORB B 2RI

2T E IR AR T VB RS T P 4515 (Session-based Modeling) « A= iy i H &2 45 ( Life-cycle Modeling)
FEFAME TN XHEK (Location-aware Modeling) 5. #7087, HF RIS EHE I BRI Bt 515 35R
FAIRAE, AL @A T sUHE LN AT i # S i sk, w2 shas LI 7].

B, HERFAENT R R BRI SR,  TAE AR H AR SE R aF 30 i AR R AT, HERE RSN RE
W HAT A B IT RN R AR A, B B AR AR .

DOI: 10.63313/CS.8017 3 TR NURL 4R 2



R EAR

R R, WG OSBRI N7 5 RFEA L LR, S5 E R B AT NS, 8
SR (Center of Interest) , I 51 [A] 528 B& O] IHAT 9T BURALE, AT SE ISR %
BT o

23, BRI AT ASITIRR

B TH L Web BRI PE K&, W AT N S ARTE RS, DOV RTHER RS R et /K-
RIEE T A 15 IR A8 (Semantic-enhanced Behavior Modeling) @IS # @817 A& EIE . TR
FIUAAE GAT e R RN, I FH P 484 e 51 1 TR 2= B A 5 i Rk 8]

RIS = KER: (1) fTNAMR (Behavior Ontology) : F THiARIGsIRA . £ H
FIE. WAARES; () B XHN (i SWRL) : I THIGREEHAT A EAT AT A AIMEE KR (3)
HEFEGIHE (4 Jessy Pellet) = HFTHATHE T RN AT AHERE, Seal & A S B SE T .

filtn, 4 PERIIR S PINEE R “mig R g HEE 7 KRR R, RS SO HE R
Jy “REBR PSR T, JEERT L ERARAS, IR SR EHET o

A, AT N 455 RDF KR4 MWAT N8, FIAH SPARQL &G 5 SLBliE AT A 1) P
KRESEEMT. Wit — B 5 NEBIRANFIE S AR R IR S SIHR, A A7 kAT i E AL
DA SR AR A2 A R 71 5 TSR R 9]

gE PR, HAPATASITIEN “BIERE—AT IR MIREER, [ B X R—E B 1)
RZEMGEI BERIT . Wl E R R SER PE S v 3 et i it b, SR AT AR AR REE S 3 1, KRR
R IEAERE R AN R BER AR TT 7]

3. BbE A PITRNNRIFHEFRARZiE

FERRESURMA R MNEM T 5N, RGNS P I AR & LR 178, B
WP AME ARG BRI ERE S, HPfRE N E . SR, R R 50
A0t AT NREAT BN A IR SR R . D, HERR SO RS AT N i, R DS S S 1
SCEREAE RO BIBORKESE . NSO BRSO SEI S R L2 2] =ANTT 1), B 1 BOR R R
R EARMER.

3.1. ETFXRRAEEGRRER

RSO ANHERE (Context-Aware Recommender Systems, CARS) A fB/EAE G ALt |-, mle
WA, bl wARES . RAFZLETXEERE, _AMESRSH P Yui SRR . &Kt &
R T se, BIHH AT RAZBATI R Z29500% . & R A AE o m) W3 5] .

I BN SCEEROT BB FELL T =28 (1) ATEI)E (Pre-Filtering) : fEHEFERTE IIE BT
SCHAFBR IR T (2) J5 B U (Post-Filtering) « HE#F 45 R AR UG FHEIS b N ST AR IBGHERF . (3D
RS (Contextual Modeling) = K5 B R SUE BAIAHEEBL L S B0 o 72

WITESEFE B OTA “Farf, R i0S W& 2 “H RS 7 D8, I &R ST AR HE s (7]
BY W&y, UCHERERA RS S & VR bR M R WS SR TR . X P Ty SO HET RS B
HERARERA.

EE AT BN SCEAR RSN, SRS E g [FAT N GRS HE DLbR ek, BRI T 4%
ORI —BHE[10].

3.2. RFSHPERES SSRHEEG
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P % B R ah AT, HAwmGF Rk bEm E . P A B RAT I B R = AW . R,
HERE RV &N P B SE A RE ), SCRFIRIE I B AT AR A

FIFSEBLE AR ARRE: (1) fEZ5 2IHLH] (Online Learning) : X 7 58 H P H3EAT
a4k, T3 LDA (Latent Dirichlet Allocation) #EFIZHASFE - EEwF; () ETATH
WIIESCRA: 85518 AR S ER &, HEEE ST H 1, Wk R - S~ o — AT #E”
ITONBERREY “ BT AT R H AR AT 2 7

Bt e OTA ~F G R HIAELRIEHH], ARYE 7 il 48 R SC B 1] 15 0l S AT D SIS 3 48 LMy A
B, JRE s O RITRC S, SR HE SRR (1],

SERAEFFAEZE b, 8 S NGAFHLE S AT 0 TR 2 DA IR , [R5 55 v SCHHE B e by [R] e it
T A, [A] A2 3 A2 A% AP S 0 i L
3.3. REFISITHEAZE

AER, TRIE S SIS R G0 h R s R AR 2 2] SR @ RE 1y . R RAER AT N
BRI, BRMEMLEE (CNND  KERHEIZM 4 (LSTM) « BERT4Rec S AR 2 N H Tkl
HeH RGP

CNN BERL: 3@ T4 BT ) se AT b R s, an 2 H s el o 1 s Ao B i 41

LSTM 8. A AR H] 7 A7 B TR, i T2 4 A B R e A 1 1

BERT4Rec #i%84: J&F-3U[A Transformer £544, B 47 N FE ZIH XA R 3C, BRI T 44t
RNN.

X HEAE AR GBS N A0 F P AT B T B2 I8 SRR, SR E R IR AR A, e R v (1
HEAFA R (HFRHEE, RERAEE S v R, ML EE SR E, FTEAE SCANHAT %1%
NG RSDSE SN T

N T RGN LA R AT SRS AR (AR RS s @7 S S E IV R 3R 2 4R

2. ERAPITAEEFERERALRSE

| mmixm gAwE | memmyRk | BEwR | JRRAE |
| B Pty || ComextAware CF || 49 + WA | Baiikiiiss| b rscmsme |
| semiife?s | Online Leaming + LDA | susip szt || oTA scnbiir | Humminsuk

[RpraE it || LSTM, BERT4Rec || KM + 2 FAR | A i 2 it | oAmRettss, vIgRs

M 2 T, ARBARBES AR, Hbh L N OEFEEE R EMES N AAEE, L #EF
) A PR NI R, TMREFANE ST ANEEE. FEEEERRNMNHFER. LYEHF 5 E
2R 2 MRS, FREINTE X Web 458, DIIRAHERFE RGNS AR ST R
4. EERGHRUARER

MEE R RA R IR TN & IE R AN AR S, #EE SR L&A oA
B, JAIRGEMUFEREHEE N BT, EF R ARG NEE . PR SETE SRR
. AEUMEERTT. ML ER AR =01, KRR R RE SR T B
4.1. WHFBE SRR EL LR

FEAL G P [ I JEAT N A e SREJE Al b, SINTE SRR P AT D B0 RHE B U B oA 3T HHER A
FER ETRBRAT . IR AR 2 A5 58 SRR, R G mT SEIU i 4F-55 BEIR AR RS 2 8] AR 2
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KRB @ldn, JER PR “ ik P ANES) 7 R s S AT, I AR R R
B2 “4E07 “mlEmX” SRR, Wi s mE s =S REEE 2],

P, FRIFHEE RBEETEIG 2 P m o RIER, X RGmNGE R R s R . v, B
F kK MR AR E (1) B EfEAL: SR AW Blazegraph. Neo4j &5 RDF B %#a /%, @it —
TULH BRI SR B AR B 518 RS (2D AR XTI B A M A IR T LA, 7
FHAEHEE AR (3D 1B URSAHERL: 7B XMUBEARHER f, SINTOHE S EE 5 SWRL LI 48 HLi
WD AE LR HEBE IR [13]

Bbah, RS20 M55 20 5 3 OB AL BEM LA (U Apache Flink ) tH i A 22 ff i 97 200 1 2 22 F Bt

4.2. HFBRISEIS AP EERHA

W RGUAE A MR JE R MHEAH PR ES e E ARG EEE L. iR,
P AERE TR ONMEIEZS AT, DR B B IERF & AT K.

T T AR BE SCHERR LS AT O HERR 25 AR A B I R R B A2 . (D P A IS “VIRg
Bk ” 5 “TRINScA iz ” s (2) RGUERARHEREE. TRk c PR mEK c X, (3D
HEAERR AR AE S ORI U= XD — H P mEFITie — HEFEHEE” o

I PR ATAAGE AR, RGP B DGy KRB, sG5E A A& B 4]

WA AR HERF R T B AFE: (1) Protégé + SWRL: T AIKHMERSE, (1) Jena API: SE
PR A ) S5 SRR R (1D ATAME RO B HEE R R R NER . RAERSE .

WA R, MR hE S, PN RS R EZ i, CHEYRE SR E N
WE[15].

4.3. A/B WX 5 A P14 SR

RGBSR P I AT R e 5 T P R BT SIS E . A/B MIRAE A B LT, iz
N T T G RGOS S AR R A O B (D B PRI A RAS B AN SR 4 (2)
RRHBERZAFEMEE A L, (3) BUEIF LR e T hs ORER. ERMK. Bhh X% .

R4 R LR PP FR: (1) CTR (Click Through Rate) : #fEHEEW 5] /7; (2) Dwell Time:
S NI SR (3) Satisfaction Score:  HEFF /7 P70 B il 5 5 bt 1A 75056 7 S

UbAl, B SCHER: RGUE N SO P R SHEEEATEE, AhE MR R A B
AR S4B 7 R B VA

NT RGUBEARFRAL B AR SHA RS 2 (B B R, R R E AR S K

3. EERG MU ERSE AR R

| bz | BARBRZ | #ETEZE | mErnwn |
| epwsr || wsows + HptrsE || RDF4LBERT || HR@K NDCG |
| wapgs || E&SHRM. ZEHE || Blazegraph, Neodj || FHmBR K (ms) |
| ket || OWL BRI + ATMULEL || Protégé+Jena || FSVSIEIFS. MBEE |

A bR S P S, RIFHERE RS AT ORBE R RETESEAL b, ARGRTT RGN AT
PE—rlfERE” e that, MWEENZIR. 2RE. ZHP SRR REREES.

5. HATHHR SARRMER
B S Web iR 5 HliFHE R RGN A, P AT 9 4 WM O T4 27 8 BT (% 0
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1. SR, FESLPR ARG SIELE T, BT E TRV IR 2 Zb, BEEEEaE k. i CERE
s P BRARA R I RS R . DBk — D HES) RG R REAKTFIRTE, A LB R G UUN AT AE IR L
BEfG, JRSEHARSRAAT BT ST [, DA SRS R GT A S R SR SRR A 7R

5.1. PRERIEIRE B4

5.1.1. ZBFFEITHBIERLE EHE

ARG RGUE T ALS 2. ZHRE. 2 AT NS, 648 OTA P AR HE . B3)
i BB R AR Bl g, BRERIIE T NS . 2RSS R EREA—, A
Bl s SUZIRA 5, M AAE G —HESE AT AR e AL SR A

FR G BR R A J770: T ERREE A WUE SRS VR EOR, (TR AR N2 (Ul B B SCAR PR |
MRS MGG B, AR IR RREE 8. oAb, AW S 5 G PR SR EE R 515
WEERNE, SEEASRERAE AR ImirER” .

5.1.2. BN SRA B R B 285

B2 FP (7 A B AR, HE25 R0M A P O SRR RIAE . JATT SRR
RRIBEIE 1 SR AR T MO R RSB . — L P (e R R RO M RGO TEAERE, 3
BN, (R PR S R R A T W R R

BAh, HATHER RGERS T BT A o P Mk I VR S SRS B . e
A RO (LB OB S OMR A, S TF RN R, TR kA58
A

5.1.3. R PR EEBFESRB B

FP AT 9 B A W OB B S R SR A e, i e AN ) T AR H . iRIFR T TR AN A T
W], FHERE RGTERZ NS E) L BT Anan B HISE D R AR RE AT, WTC TS S T R AR AL
o I P BOERE A AR BUR R

FESEBR R Gih, PR A A R IO IR &N, 2B BRI, BUA s S AR
75 EE W BB AL A A DA 5 AT AR AR SR, TR SO “ BERTIE” .

5.2. ARFKHRES

BEw BB, ARRBEFUR N EL T JUNECRTT T, Bl i B RE DT 25 T8 SURBUESE, sk
TiF AR 2R 8 1) B R AT

5.2.1. HREZBESITAHMAENEEEREZ

ZHERAT R RO S P ER I E R T A AR TSR] 5 N L (GNND £
AR, B CH AT N REIER ZRAENE, @ P AT N RIS ORR

ARt R, ATgh& BRI S ARG, BT SRR 1 5 BN 2, SEILES ST N
AR SO S o [EII, PTERER AR TFHLE] ", 0P OGRS AT N R AR B E AR AT AR,
P RGP sha AT NP ae
5.2.2. SIABEIHHHRFARRHEFGES

A2~ 3] (Reinforcement Learning) CL7ER REHEFE U] A%, 5 A& T i L2 HI
TRIEHER e . I P S OB BRI ST MR N CRNES T, REVFRSN R, S8
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R T AT 2D A E ARSI R, BIN “IB SRS HLE], SRS P R A 2
AOFRMR . B IS SCIRAS AR SRm I 22 T PR A0 KU [Pl IR BR B S e R B 4%, B TR 1) R 37 ik 5 RV B i
1.
5.2.3. EEBSFARIPRVELFBERMLEI

IR RS G H P AT WA TIISE TR, B2 5] (Federated Learning) AT AEUHE B AL G4 F2
THATHR . HAOET B A A, SARDER” , ERBEESCR R, SEOUERE &ML
2%,

ERARSZIF, FHREW RO RS (1) RIS ERNLE]: BRI B 72 o 5N RIS I 5
A, BT SHAERRE R e At (2) AINEERIE SRS Fa T S 35 s A (A 43 1 1) e 2
SIEE, [ b AR G b B R RS S

5.2.4. {THAMSESCRUEBRRL R

RKAERE R G AN 2% “ BEPRESIRA 7 5 AT AT 7 g7 ULt b, aTidsis “in
SCGEACE” 5 “AT R IEEE” R RHERAEZE, SCRF: (1) H P 4B RE,  (2) Ak
XHREF IR 5] (3) HEBAUMARIEAT isiit B e -

52.5. BREITAREEIREINIIRE

BEEH P AEFHL FIR PC 2 Zumlal Y, HHERGIAK “BREITHEM” 5 “2T76
MHERS” e, AEI TR ) (Transfer Learning) « FH AR RIS (User Linking) Z5HiAR, #4
#g—H P Ef.

[, NN o o 0 R e HEFE Re U v, HEBNIAZAE M 5| 3 E, ([ RFA &R E R
s a it

RNERG e FIR AR FLTT 175 AT PR R R NG R, R R AT SR
F* 4. ARITAHEERGNRE SHREEBMITR

| #onm | BARBZ | 2 BT | WEERPD |
BT T2 $off 7 # | EssE s L
| mmbite || sabs + RS AL || AORBUEE, AEZIAE || TSR R B SR |
| Bt || mopa + AamE || FH P B BAAS T £ || s Akt S A AL |
wnat || AraE s EGEse | AP RERSEEN || ZEREGRES AR |
| piEm || gty + B | S U i 2 R | ANEE SIS A |
IR TR ARIL T IR R G SR B R TT IR, ORI RS B E T
WS H AR LT -
6. &g

FER 22 B0 5 B BOOR U ) A R I AT 5N, IRIFFHETE R GUZ 0 M s A A HELS AT O RSN 9K 5l
MR REHERE AL . TP AT B N ZIE MR RR SR . IR ER AL S HER IR AR R B B R, RN
ARGVERERTT S A RIS AL B2 54 . Rk, B SR AT i AT I R SR 7T, Rl
OB SE 75 SR 5 RV AN E -

ARG T RIHES R Gk P AT e r R BEAR BEAE 5 E0OE, W 1 Bk S REAT O
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SRR S, FAT O SO 5 P AR AR . SRR b, ISR AT B R G . SERHERERL
TRPE S ST SR LR I RIS T AT T RGVE RS, TR 7R R G rT Rtk 5 R (5 A1 52 )
KRR R

WHFERY], i X Web SRS AR R SHERE 71, A RORA TARGAT N e is LB R . b
TICRES RRATY T AL . R RSN RS H P B BB, 8 Ui 5
WL AT AR, $2TF TR RIA R ) SRR IE IR . BEE AR At 15 SORNE > 5
PR R SRR e, ARREAT AR SEILE MR HE 512 (L RE AR R I RIB A &R .

M E AR, HPAT RSO LT LA R L e . — R e ms, g,
KGR SOARSE Z AT @R s F P 20 i) A e s OB T G PR, A B AL e R L,
SCHLH P AT A 22 28 v [F) (R SRIRT; = R vl R L o dl, A DRRBE . Xk A S5 aT AL e
Kk, STt EES ARG

NEREEATE T I A% OB B 5 AR RO AR, T R a5 LI A -

&5 APTAREFERGRILEBRRER

|t | b 1% | ThEHA | 7 i i 33t |
| frAsht | TR 2 e | ROFOWL+H&ER || tHgghsmrmg |
| Hetenis || SRR+ b T SOk | LDA. RL4Rec. GNN || OTA ¥&. Bahitens |
| armrett || AUHERR + B AME || Prowgétlena || BIHHPEERSHEE
R BCIB AR + skt | FA&mE. B || BrammsscEen |
AGiMERE || GAeHE) - BIEGE + JFTHE || Blazegraph, Neodj || RORIHUBLAT MR

R EPTd, hE AT A BRI HERE R GG, AR HES R AR 5% R RE AL TR L R AR
W L Web 5 N TR RER LRl & f B SR TT [0 ACSRBLCLH P DN R, DA 2 408 L, 4t
FAT RN WG KRGS B IRIEH Y FIGEEE, FRat b R AR BOR BIH 5 N VA .
B oW

AW TARASE] 1T R A HE TR E A Y7200 H A 508, RS bl . Vise i,
MZEBE (R55AL) ABERRSE (U2 i) AR NS 1 R ISR S JA B BT BUiRbE,  DISEfR
B T SR FC AR T S B B B R A SE B . AL, EREARTT AR DA TR OR S SR
MR T TR KR TAEN G RoR 0.

E&WE

AW TR B BT H CER RS R BRIk Y (WH %5 18-35900259094)
BN 5Bt @ S5 8 B o U H LM 22 B iR Ui 8 B2 L bR il A A 85 72 i 2t 78] (TH 9’5 -
17-1702242054) , HEMHHELSBEMRITE [N PR 2 %) . N TR RIS I ki3
TR AE M R X SO’ @R A ] (JiH %S : HZSK2025GJ151/20252X114) A FE ).
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[1] Amirmazlaghani, M., Rezghi, M., & Amindavar, H. (2015). A novel robust scaling image watermarking scheme based
on Gaussian Mixture Model. Expert Systems with Applications, 42(4), 1960-1971.

[2] Gomez-Uribe, C. A., & Hunt, N. (2015). The netflix recommender system: Algorithms, business value, and innovation.
ACM Transactions on Management Information Systems (TMIS), 6(4), 1-19.

[31 Berners-Lee, T., Hendler, J., & Lassila, O. (2023). The Semantic Web: A new form of Web content that is meaningful

DOI: 10.63313/CS.8017 9

VLR 2



to computers will unleash a revolution of new possibilities. In Linking the world’s information: essays on Tim Bern-
ers-Lee’s invention of the World Wide Web (pp. 91-103).

[4] Zhang, S., Yao, L., Sun, A., & Tay, Y. (2019). Deep learning based recommender system: A survey and new perspec-
tives. ACM computing surveys (CSUR), 52(1), 1-38.

[5] Adomavicius, G., & Tuzhilin, A. (2010). Context-aware recommender systems. In Recommender systems handbook
(pp- 217-253). Boston, MA: Springer US.

[6] Hu, Y., Koren, Y., & Volinsky, C. (2008, December). Collaborative filtering for implicit feedback datasets. In 2008
Eighth IEEE international conference on data mining (pp. 263-272). leee.

[71 Koren, Y. (2009, June). Collaborative filtering with temporal dynamics. In Proceedings of the 15th ACM SIGKDD in-
ternational conference on Knowledge discovery and data mining (pp. 447-456).

[8] Middleton, S. E., Shadbolt, N. R., & De Roure, D. C. (2004). Ontological user profiling in recommender systems.
ACM Transactions on Information Systems (TOIS), 22(1), 54-88.

[9] Zhang, S., Yao, L., Sun, A., & Tay, Y. (2019). Deep learning based recommender system: A survey and new perspec-
tives. ACM computing surveys (CSUR), 52(1), 1-38.

[10] Lamere, P. B. (2012, September). I've got 10 million songs in my pocket: now what?. In Proceedings of the sixth ACM
conference on Recommender systems (pp. 207-208).

[11] Zhang, Q., Yang, P., Yu, J., Wang, H., He, X., Yiu, S. M., & Yin, H. (2025). A survey on point-of-interest recommen-
dation: Models, architectures, and security. IEEE Transactions on Knowledge and Data Engineering.

[12] Bellini, V., Schiavone, A., Di Noia, T., Ragone, A., & Di Sciascio, E. (2018). Computing recommendations via a
knowledge graph-aware autoencoder. arXiv preprint arXiv:1807.05006.

[13] Wu, X., Zheng, Y., Che, Y., & Cheng, C. (2020). Pattern recognition and automatic identification of early-stage atrial
fibrillation. Expert Systems with Applications, 158, 113560.

[14] Tintarev, N., & Masthoff, J. (2007, April). A survey of explanations in recommender systems. In 2007 IEEE 23rd in-
ternational conference on data engineering workshop (pp. 801-810). IEEE.

[15] Herlocker, J. L., Konstan, J. A., & Riedl, J. (2000, December). Explaining collaborative filtering recommendations. In
Proceedings of the 2000 ACM conference on Computer supported cooperative work (pp. 241-250).

DOI: 10.63313/CS.8017 10

=
b3
%,—
4k
i
W



	[1] Amirmazlaghani, M., Rezghi, M., & Amindavar, H. (2015). A novel robust scaling image watermarking scheme based on Gaussian Mixture Model. Expert Systems with Applications, 42(4), 1960-1971.
	[2] Gomez-Uribe, C. A., & Hunt, N. (2015). The netflix recommender system: Algorithms, business value, and innovation. ACM Transactions on Management Information Systems (TMIS), 6(4), 1-19.
	[3] Berners-Lee, T., Hendler, J., & Lassila, O. (2023). The Semantic Web: A new form of Web content that is meaningful to computers will unleash a revolution of new possibilities. In Linking the world’s information: essays on Tim Berners-Lee’s inventi...
	[4] Zhang, S., Yao, L., Sun, A., & Tay, Y. (2019). Deep learning based recommender system: A survey and new perspectives. ACM computing surveys (CSUR), 52(1), 1-38.
	[5] Adomavicius, G., & Tuzhilin, A. (2010). Context-aware recommender systems. In Recommender systems handbook (pp. 217-253). Boston, MA: Springer US.
	[6] Hu, Y., Koren, Y., & Volinsky, C. (2008, December). Collaborative filtering for implicit feedback datasets. In 2008 Eighth IEEE international conference on data mining (pp. 263-272). Ieee.
	[7] Koren, Y. (2009, June). Collaborative filtering with temporal dynamics. In Proceedings of the 15th ACM SIGKDD international conference on Knowledge discovery and data mining (pp. 447-456).
	[8] Middleton, S. E., Shadbolt, N. R., & De Roure, D. C. (2004). Ontological user profiling in recommender systems. ACM Transactions on Information Systems (TOIS), 22(1), 54-88.
	[9] Zhang, S., Yao, L., Sun, A., & Tay, Y. (2019). Deep learning based recommender system: A survey and new perspectives. ACM computing surveys (CSUR), 52(1), 1-38.
	[10] Lamere, P. B. (2012, September). I've got 10 million songs in my pocket: now what?. In Proceedings of the sixth ACM conference on Recommender systems (pp. 207-208).
	[11] Zhang, Q., Yang, P., Yu, J., Wang, H., He, X., Yiu, S. M., & Yin, H. (2025). A survey on point-of-interest recommendation: Models, architectures, and security. IEEE Transactions on Knowledge and Data Engineering.
	[12] Bellini, V., Schiavone, A., Di Noia, T., Ragone, A., & Di Sciascio, E. (2018). Computing recommendations via a knowledge graph-aware autoencoder. arXiv preprint arXiv:1807.05006.
	[13] Wu, X., Zheng, Y., Che, Y., & Cheng, C. (2020). Pattern recognition and automatic identification of early-stage atrial fibrillation. Expert Systems with Applications, 158, 113560.
	[14] Tintarev, N., & Masthoff, J. (2007, April). A survey of explanations in recommender systems. In 2007 IEEE 23rd international conference on data engineering workshop (pp. 801-810). IEEE.
	[15] Herlocker, J. L., Konstan, J. A., & Riedl, J. (2000, December). Explaining collaborative filtering recommendations. In Proceedings of the 2000 ACM conference on Computer supported cooperative work (pp. 241-250).

