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(BIERF5)-[ #E]->(Neod))

BA KA Et

NeodjZAMBHIEMLE (connected data) HERE—HT S, ERANEZES
1. FEHERALIEE ). Neodjrh W EIEIAR R 7 5B FIRRIAAET, AEIISEM3R
23 BN B

[ (Preface)

52 H&E R (connections) XY, MNEFL. BERZE. HTIEREYE
., BTRXEERTRMNEX, NIV AR, ELImRAEERK . XH
BABE NPT . MPBUNEBK SRS .

FRAREEZERETHFEMEARER, TBEEEREHNXRFRISMIALE,
fEE SR E SRR, ARWENXEhESBERE. BoTeEnaRrIiE
FRTRERRGETMEN TIERE, XEMATEAELR.

BN EDTHIAMNERMRE T AE, BERIBIERZRNONBL
ERIEFTHRARE. BF&KE, NAEPNNATERENTWAIRFIRG, B
ATEMERFAR S, ROBAMENETNAEEEZMMNNEEHE. FAN
BRE BB EXIRIL . BRMNERXARHEE AT HESAEREFHF AR AT
MAI, HERBALXEEBRITER.

EBHNAE

RBEAFLESE B Apache SparkFINeod T & A\ RAMEGER F X AN EE X
SRfEE. RARNNEEZROIZF A SparkfNeodj L&, EXREEFTALE
AR, ABOEEHTEGERANEMRS.

KPFBENRAT B, EEFER. F=ZFR[MENAT ABFFERHF
8, 2EN=Z, TITFLARRES:  BEEH. RO, IHXEN., S50
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HEARRIBERE. %435 7E TR T E https://bitly/2FPgGVV,

XABEEIIRRTR TN, B, MRREHRT BHARGEIKREE, &7
ERFMXEFERE. EABTERRRINKF/EFY, RIECEEEFREPRE
BRI, BlEN, BE—NEF, ZEFFEALBFHORBEE, AEESFT. HE
HHEO RellyBHHREINAERFTESIFITMN. S|ALBEMTHRBEREE
B, AREFT. BABFHNEZEBSIRBANZROS~RXEF, FTEF
of,

MRIREFEARFIRBEIERT I A, BRNSBRRA, BRI HEERSIM
HIFLE o

S|AREaERA. EE. HAREH ISBN,

1§U!ZDZ"Graph Algorithms by Amy E. Hodler and Mark Needham (O’Reilly).

Copyright 2019 Amy E. Hodler and Mark Needham, 978-1-492-05781-9."

WRERSERRBEREEL T U EEEERSIRTHINIR, BENEKRI

'ﬂ\]permissions@oreilly.comO
O'ReillyfFZx=>]

0'ReillyZEA0FERIBE AN ZHIELYI. FHRFEE, FHIFZ AT
BRI,

B —LEZMERMEFENNEG, BEHE. XE. SWUMELFIF
BN ZMATNFIRME VR EE. 0'ReillyfI 7L ¥ I SR MM T AL
BRI, REFIBERERATENRBEIRE, MUK ReillyMHAM200% HARE
REMNKENIFHNZFWIRAE . 1FhEhttp: //oreilly.com, REEZHE
S

/N O

AT SIATERR
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O’'Reilly Media, Inc.

1005 Gravenstein Highway North

Sebastopol, CA 95472

800-998-9938 (in the United States or Canada)
707-829-0515 (international or local)

707-829-0104 (fax)

EMNEBE—NXRTARBHINI, RO ATA[E)nttp://bit.1y/graph-algorithms 3K
REENR. ~EFERISIMNYGER.

KXTFREREBRATEL NG (], 7EZ5bookquestionseoreilly. comiX M E & IXHN
.

HERBEZHXTEMNMPE. RE. SWUAHFE, BHRFKNAIMLL
http://www.oreilly.com.

FRAHE tacebook _F FYHI B http://facebook.com/oreilly

T {17 tweeter F FYMKS http://twitter.com/oreillymedia

EYoutubeJ: E’\] W %? http://www.youtube.com/oreillymedia

Bt

BMNEFTEREXABNABTEEE—E, FRSEBLEMBHA. T
#%%Ugﬁgi%{fMichael HungerEl\]TE%, Jim WebberEl\:IiTj—i_Zﬁ?Fﬁ, Tomaz Bratanicﬂl\]iﬂll\,\

. &E, BMNEE R AT RNERFENEIREE A TIRERRNTE.
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B S (Foreword)

EHAEMT. REERDTAMY). BERIREER. RE2EHEREEDT.
XHEREI . MIEMS N, ERMNERT RO, WERAHEE. RmEBEM.

BEES LW REIRBES, FrENXERLES, RUEELREE, XEEYHN
HESRFERATE, XIERT LT RIEHRN, hELEH, "BEMRAEE—1
El(graph)!

FE, AR, XNEBITNFSIFA (BN Ll) AL a
XAEEE LR (graph) . fhANERESES (stage) . BR, HIE, LEHIIH
HRBIERT REITEMEMNZBNXR, BREENMEEAXR. XEEE+H
TR, JUEAR. BH. XR. @EEgERTT. TRZENXREERPNIL.
I, ST RIRREIFERE, MEARRME (the Nodes, T m) MEMNZEAX
A (theedges, 1) WERIE ? Ak, iFFTtb T o] XEMAFHESHET

“B"  (graph) XNFE,

1S E B £ (graph algorithm)F1E £#E E (graph database) %546 @ B K

B, TEENEAEZENEEXR A 5 B X, R, WWENXREREE
(RDBMS) fEJL+ER], FESERXZEE (Entity-Relationship Diagram, ERD) HE2
ZREREBLOMLIX LRI R, P, FFE (graph) MMHEZMNER TEIMNX
ZMoJZBENAR. AEEEXEFR, A TJESFH B, BREREATT. Ao ZiE
REHR, A TJIUERE(diectly)5 B #8%X, T B o5 C BE#MEX, AMCHAERE
Ax, BLASCEE (transitively) #HXK.

BT XETEENXR, BEREBRTXEZENXR, THEAENHE
RE. ZMEE, BREBFZURNXR/MERI/SAERNERERENME, T
TERRBBURETR, XMERARSHWEMMA. THX, HETRMTERELZR
B, Eit, EERTUBERN B TFEZME R,

ZEXNEHEEARB  — P AABRE T ENTSHEEED, AT EEF
WILE | BRPMATMAZEBXER, HABER 7TXNMYR. 2/fE, BEUXTHHE
HEMFTEEN M. NTREHEENEENBEXRE, WEXRBERTEIRS IS
E, EABEARTHEEED, MARNTZENMEEZERN. mHEHERE
RBEREBA, BXfFEEERKNN, BEAROI (AFHL) 2IEM ! E2@d
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THEHEENIREAT ML EMNIEERE (transitive) XR L2 BE—FH
(B A SEAR) K SE AT -

BETREZEBRAERDITEMS WO AAFCESHIAEERIZE . B XBIIERT

MEZEINEEEN(GIMN, SEEEFNESMRZS), HmREE
(scrutinize) .

B2 NRAMCAR—EXH I FE MeBidLs. SEEMRERICHT S
VIMBHTEMX 7 MBAZR X ERBHALERE ' XEEERDTEE | BSIE
BT E ABLIANCZ BT ZiHE xR .

HEEEMEZRP, FRERSIZEAETENBEEMENEEREHEM

HERRIFAEENEEN ENTPRANED R EXMERLT, XF (4) 89750E
MEXEER, FAMETANET /REFZEMT /RIEBENT R,

XHREIL (Literature-based discovery, LBD) : E£TFEIHIANIRNE N AEFX

BEHTEZHEEH AR XENMIRERHITEREZR, ~ BHFIR
(hidden knowledge) "REEBIIEXRMIMRARZBERERX LI, HEJaE
B ZMEEREXR, IBDERNATREERR, EHPRXEMEXEFMRENE
R ZWr. JRIT. AMMEEER. BfEtnc. RHRERANKEHER, TR RE
1" MEEZRARMIVERTFER, SINERERERGNERET. MIRTURERE
g, ERMNB\EEEED R kKFE.

M B EEEFITNE ST, WTHM EEI A, o UG H K
HEIREHER . BNRAIERRTEEIEAN. R, B4, 751, HSFL)R
HXR(EM A FRKBAE R KE).

7E 2% B E H95R K I RE AT, B AN ROZAC(E X T SEBr B 61, R AR B b fr 58 K RO
ROUgER"ETX. E XU EEE. (B, HXxEMH. MEXEE., ALK

ETXEFEIERS, EATKSHERNS, REESANRRZIATON 2470
MSEDHTHIBE

Mark Needham #1 Amy Hodlerf§ {Graph Algorithm - Practical Examples in
Apache Spark & Neo4j) (AP EEBESXLEEZNEMMTERE, BIREE. M
o BEEVNSFEI ENKREEA, R RBMNOIRATES . MERTESTER
HX MLEFESHIFEAG, (EZARNBREHARS T —HEE X MEMRA
MHIERE.

— Kirk Bornef&i+
ERHENYR, BEME
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F—F BNERNE

B EVNRZNAE—TE RNz — XE—MHRMETEK, Tl T7iE
WREFE. ANXEHEIFMELALR ., XAZENERIEHTIXHE—ERFE
" XPEEFRIRT TEXE.

—The Algorithm Design Manual, by Steven S. Skiena (Springer),

Distinguished Teaching Professor of Computer Science
Stony Brook University

LSRR ZBIEIEIE, HEPEXRLE, MAIEEENEERHITRIG
1t (tabulating discrete data) . EFRARMOTARTHERE. Tl SR
TREMTRANTE, tbin

¢ ATMERMHIITIRGNEXNSHRNER

®  TUNRITIRAVE I I K AR S ZE = 0 R iy

® HEWFIMNTUNMRFE, DFTHERIEHE

& RIUNMAAEEIIEFERL

EELEREER ARHEE R LT BEETFEEREMAMARNIREX
ER. AENEEMTMERR. BEBNEHREEIRNER REINERE
FRERESEENELEZ XA, BMNERNARBIEASHARR, e
BIEMERN D ITEREBULRERARFIU TTENERERIIB S . AERKFHNETI
£ EE XN —LAB.

ta=E?

B89 55 2 o] UGB MR 17364F, 24 B Leonhard Euler ( F&EFRERNL) BAT"
FREELHER . XNEBMEXER, —MET AT A XS E - ERRE
1 DEOERERBHRENMIT, EREUEERRE K. EREXHEXEN
BiE., MEREIRAN, RMNANRBEEAGEHEXN, ELKES TEERE

MEDICAL 5 Al B9t =E EHE%E 11



HAH A, E1-1H4 T Eulerty R S S E R — XEEKET R X

Walking the Bridges of Konigsberg Euler’s Insight Origins of Graph Theory
4 Main areas of Konigsberg with 7 Bridges. The only relevant data is the main areas Euler abstracted the problem and created
Can you cross each bridge only once and the bridges connecting them. generalized rules based on nodes and
and return to your starting point? relationships that apply to any

connected system.

1-1. MERHER. FEHEHEEAMIRS, B tEFRERRL, HMHHH
P KRER TR, BE RS RESLTFLH D BEGESF—X MERBE®
_>/)'_,\0

EREEFETHZBEMNtE—FMLAMMSRERE (high fidelity) AIEE
M5, ARENXNRIRAT S (node)si T & (vertice), BT [EHISEREFR D
X% F(relationship). #E#E(link)ZiA(edge). FANMEAARBHAIARIET S (node)F %
F (relationship) : {RE] DUEEI T 2B A B FH B Z1E B X R EADNE, AT 2R
ETX. ATBEEEREBNEXAPFRIKILHNESFHELE(graphing
equation)s FRi&E R (chart)) X B ETNXR WE 1-2 Frx,

MEDICAL 5 Al B9t =E &% 12



These are Graphs These are Not Graphs

Graphing an
Equation
f(x)=xA3-9x

Relationship

*.Projected
6,000 1 Actual

$5,000
Chart of

e aBudget

$3,000

$2,000

DA

$1,000

O
SO\

o
Z
2
=
g
ES

=

me  Monthly Expense

A 1-2, BRMERNZRRAR BT BREBRTEAE BT SR SLR MU R KRN
B, ZMZEGraph (E) , AMARZGraph, B2 %K (graphing equation)s & 2 &
Z<(chart),

EERE 1-2 PRHARXRE RN T EMRBEL M THRE. flAS
WEARENABEE—RABEBHAENALE. IMERITERARSIN, FAER
BHRHFISSHER FEFEE ' BREAY (BREZE B RENRESRLIEH
HIEMRDE) . XIEBEB BT HIEEEN T,

BERERAZFH, BNTREREE LIRS KT, Bt
BT BREER U

HARBEZTNEZL?

AEZEEMMIANTE. (B2 MLEREEEREENHS, 88
EE%. )

BB XA, EREREFETERNITIERDTEIEMNE . 1)
o RUEAEMITE T INE R E SR FAERGTT ENHIRRE S08 R AN T
eFIES. ETENRASOET AT ABBEM T METEELXETE A
EeEMERDT. REANEAEARXERMNOTTEFEES BRIEAR

MEDICAL 5 Al B9t =E E&% 13



VBEE (graph algorithm) RFFEE BT ERENHTEHRBIER A
%,

EE IR T SRR A I BA BT 2 — B ENARERME L%
WIEERTMEN. TR T AEREN— RS ROSE, BTEEEN
H% (E, graph theory) BT A2 MNXRENHELRANART
FE, MARSRERRLEERATBBOEE. WRBE, TS,

R 44 5
MRS R A SRRMERTER TS RINR 2 HX RO M

B, AAMIINEERER/) . EEMHNERMNAE, MERERFEZRGHTEE
EEIREEERSR,

XTFEFMHMMERZ, FEZFUNRERE. TA:—LUHERZENS
*,

+ Network Science,FAlbert-LaszI6 Barabasiz® 22— MAITRHIE T

« Complexity ExploreriZ A iR 12

» New England Complex Systems Institutet2 & F %R F1E X

EEXZB B IZ A 1, b0 B IR ERVEFIOL AL P IY B FH B TN R =R A (5 48 .
Bl HAFENB N REFN T RIBNRFET R TEY. HEBNFEE—
Mz RGP A IMBAZE A X 1,

EX EE 2010 FEXEMERITRGERD T HETENEH SRS HE
%, Fk, MERIZZKP.Fleurquin, J.J.RamascoFAV. M. Eguiluz{E R E %k
PN RN E AR GRELFEIR (ZLRIEIR, cascading delay) B9—EB4,FEF!
XL B 7o MBI . XL R & 37 "Systemic Delay Propagation in the
US Airport Network” iX/MgxH,

AT ITRUTEMSERAME, E1-3ZMartin Grandjean A by X Z
"Connected World: Untangling the Air Traffic Network” BIERIECE ., ZEE%EH
ErRTMEzHEHNEEEREEN. F2ERASGBFRIE TETNTHEH
FWIRANIEZER B HSTE TR,
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TRANSPORTATION
CLUSTERS

3.200 airports
60.000 routes

; EUROPE

Alaska Canada
.
¥l g -
X " &
& \\e

o (3
NORTH " 4
AMERICA F»

° 12
5 :
%ﬁ@

B <5

©,
'~
. e
%

R 4

A
o

1-3. FRERNARER T ESIRE DETHRAMELLH, KEEHRET RE
MEHIRE .

ERE B THRISRERREFER/NNEEERFMs NS, bR B
MRREKREMAZENEY, BRUMEMRELEEGE K, XLEXBKATIN
TAFHRERINEE. Bl-42EFODMNRDEME, ZEEAXRE LD EAH
[AMYMIEEER, ARTUNRKNXER, ZMRBA. Clauset, C. Moore, HIM.
E. ). Newman7E¥£ 3 “Hierarchical Structure and the Prediction of Missing Links in

Network” H.FK,

i
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A1-4A XM ERYMBRDEWL, £HER N IRNAEEERS KNSR REKRE
77,&

EAbE. BiEE. ERMEX

EI4L3E (graph processing) B1& 7 APL&zE 7 BEEX TEREBFESHT
%o REZBETHEALERENEERSS (B, Enhs)  LEEESEHERE
HFEEF., BAVEXFEEN TIEFR A E EEB(graph local), EFEEWRERR
N (B—MEALAES) EE—1EMEM, 1Eflan Robinson, Jim Webber,
FNEmil Eifrem7E {Graph Databases) (O'Reilly) XABRATBRBAIFE, XFHE
EEALERE A TEINSESMETRANER.

ERFIEEEN, BMNBESIHRE/ELANEN., EENEABRE2E)
B, mETMdE— " EPHIENNENE, H—EREE, Mo, HMEXFHEE
IHEAEEF (graphglobal) , EREREFAITEE X (BEEERDN) LIERE
R, XFTTEBDEERBR T MANEAEMR., AR TEAREEX
BERG, FHRESUYNEEARN. EE2A4. @R RSNEEREEMRTUN
TA.

FEBFNELBNEXF, TTRELES, FHRINTNFEAEENLE
kEIEAMER, RZIFAR. BBEBEREX L, TUEEMNIAK, 2ENRERHIT
BEELEN, FENREREREETEREN.

fZg L, ESHEMSAE RN XFANREEEE ARANRGE
R, MR =2, BETENESRNRX S, Ar—T oSN EIENYL
=, RIEEI 7 —MEESLEBERNSTEME—EMNES, PUELIELAR
%Ko

OLTPFIOLAP

X HAIE (OLTP, Online transaction processing) @& 2508 R A1T
AFMEE, WIOTIE. FEKA. TUTHES. OLTPHETEESEXIAEN
MEREELENSBIETEM. OLTPNENESTRAGRISEILR, ATN
W35, OLTPEFHITAEWTEHES.

MEDICAL 5 Al B9t =E E&% 16



HEEDHT4IE (OLAP, Online analytical processing) B BIFX4 7 2 #3853 1T
BEEZEME RO, XESNUREESNEIRE. BRAMER, LWEH. 7
TREFGR. #TRUMAI SRR 2L HOLAPA AA]. SOLTPAELL,
OLAPER Gt AMMEIC K LT KN BN ES, EMNA—E#HEFES.

OLAPE Gifiifm TIREFER, MAEMPDEOLTPHRAEHIMMNES (ME
) o TEOLAPH, mEEHALAAIERIRIERE WY,

AT, ik, OLTPHIOLAPZ BRI FRBR AR RIS, MREIERELN H
BEFRERINESRESHITELES. IMOENER, SHEREFTEN—LiH
T, B RNSSEEMEERLIE, DUERBAERNKRNFEFERN.
BT ESEEE—E, TEESEP TR AENRIENBAEAMITED . BELK
EMEES (POS) Hlgs. FIERFAIHEMN (10T) RERAMUE, AN
EOT I ECIE S EDH TN EENRRNE . X—EHEAEJLETUEE
1Y, X (translytics) FREESMoH4LIE (HTAP, hybrid transactional and
analytical processing) XEERNBREZARMRXLHTH ., E1-57 REEIA
R AT XLERE KRB NLIEN (F5RZ0LTPFIOLAP)

Transaction Read-Only Analytics

Processing Replicas Processing
1-50BEFE. XFTSEHFAEMBNRERERMEMSHIETEN, XENEMRY
REHIENE DT,

Gartner :

MEDICAL 5 Al B9t =E EHE% 17



lﬁ SRS (Bl itk FouFERES ) RAREARSHN—14E
ey, MARERHITHEMES), HTAPSEHEX —E VS RENINITH
ﬁ&L%ﬁ%ﬁl%%ﬂ&ﬁﬁﬁﬁﬁTb,ﬁ%ﬂﬂﬁ%ﬁﬁ%%’w
EE MR RRN,

fEOLTPFIOLAPE S EINSERK, F 1A FINATX A MM AR PR EAY
IheE, XfEE ﬁﬂ?ﬁﬁﬁﬁmTHMﬁ%#m&%% AT PUEE S AAERAY
FEREMENE, XBRERMNNSTEE T INF AL &R, X0 IXEL T
ERIIEE.

A ABNEXOEEXR?

BREEWATEMEREIENLE, BMNTUBERALRFEFHXR, LM
EHRZBRERHZME, MWBERSGZIEN, WSEERIIXEFSZSHN. T
W R A REEE BEMEFRETENERENE I,

RE ARG EEENSURTF AL EFEMFRI LR, BB
LMFHEABEREERZNEBMENZTEMT . EXEEFR, FAENLCE. BE
MSEFMEEE. KEURET, BEXTUEBIERRMNOEEDE, Kb
MBI ERE 2RO, AXRERANALE M E T XEE ML,

BERMNNVBEBEEHFERHEER, THRENXRAMELRBETEEREE
2, MRNBBEKOBVERNVIRE], EEMHBENENESmDEMN EFA—
., FILKE (preferential attachment) BHREKIN N FENEMT MHIIELZ
—. WMEL-6FTR, XNMEEER T I HAREEICELFREEENHMT RN
Rk

MEDICAL 5 Al B9t =E E&% 18



FI-6 LM EBFENRE I P REEES, BURIBENTEERERNAR. XEFH
AEEHIREM B 0L

fESteven Strogatzf94$ {Sync: How Order Emerges from Chaos in the
Universe, Nature, and Daily Life) (Hachette) ®1, fhABIFREEFETINLEER L
HITBRALNABD AR, F1EBENREERTA, FEMRARINA, WEMNE
REHFHENEIKNEXEMEART D . 8 EBRENBEENBREEMNEZTESH
KRRk, MEEHIEIRAEMN, SXMHAEEN, BNSRED T ASEMWLH
FMEPHXFRRERE, MNEBNEILRZMLE, NEL-7TAREYERITX,

MEDICAL 5 Al B9t =E &% 19



382

communities

5

connect up to 50% of
the audience

Concentrated
Distribution

B1-7 X PNERAEX DT ER, 382X PR A NMEX AT ERNERE.

B 1-7ET =B M AT 2 FPulsarfiyFrancesco D'Oraziot 2 H), AFHBITUN
NAENEEMMD R ELSNER, DOrazioRM T — XM N HmEFEN—KRR
BHEEREZ B EX M.

X (FUWE. ik, £59%) 5FH0H1RE! (average
distribution model) BRAMARE ., EFHIDHREF, KEBEH R EREEME
B, BN, MRFTENBEFIDMERE, BARE UH LR ZEHEREE
B, EAFHLHEENRERE  REHETAEEFEEN, BFZXNERM
T EZLFRMERIMEERFM. ML, RFENEZMEFER—FF, BEERREN
o, HP—YETSsEEE AZHDREEEE.

==XEN (power law)
BEXCEN (BFRALLEINE) WA THABZ AMNXER, Eh— BHES—
ANEHETTAL, B, — A HENERSENKNERIEL, — N EE N

FEMERTESHE 807208 N)" |, ¥ ARMER20089A O H 7 80%MIIE . F
7 B A AWM & chth fE B E| K ME KRN,

MEDICAL 5 Al B9t =E &% 20



HE 1 — A NEREASRIFHBTASXRETN, FAWELHT
FRNEZEFAYIN N R/ROMIRR . HMNTUREZHHERL-8FEFER], WA
BN EBERE RIS SBAERNER,

Power-Law Distribution Power-Law Distribution
Most nodes have very few relationships Most nodes have the same number of relationships,
but a small number of nodes have a lot, which creates flat structures.

which creates hub-and-spoke structures.

K

\ This is the underinvested area Many statistical models errone-
where most nodes really exist. ously focus here, on averages.

Number of Nodes

Number of Relationships
F1-8 UL RPN E D RAMA RSB A, HumRIABIENS 6. FHH0
BERZHDAEBHEREENAR, FHEBYLMEPERER,

BTEEEENESENERTYN T, NWERZREAE SRS ZRMERE
ML P EMFALR DT
AT AE H) B 257 RE — 12 O] I BBV B R 2K H A
Albert-LaszIo Barabasi, Director, Center for Complex Network Research,
Northeastern University,

REWERZEBEIEE

REHBAPERNORERZ BEENPITIESTEEN, EEERERY
SRRROAE . BETEEF—NEN, EREHRE. WRINDEEXRAFTTER
REBZNN, EXHMIBEREZRN, mMARNMNERFIARETESLE
&, B, MRENAEEFNAOGIHESHTEY, FERMUREFSERH
—HHERIRS, BARBESHEIASZEMHEK | X MHETESFER. R SEH
WA EFHRAERE.
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tesh, HSTH, FIRERKSEHMREAFZMHERE, SFERFHLR
,EﬁE:Zé'JE’J ‘Zi$1§'J§Ei% RER =P EENARRRABEN, ROSPHFES
MR, X SBUMENG R, BENKESUNEENERERE. X, FTE
’E’—:’:E’Jﬁi%i‘ﬁ/}”l | —AEREER AR, MRBAT BEIERNEHMZE,
AT DHERT 4T 4. BTRMERFNGE, BOFEMTIUNEH AR,

& 534 K 1

ARMRNERE, BE2TEBTHSRENTATNMTHAY, XFTE
Xt EIBARY R R NS HIT T 1. !ﬁé&ﬁr‘ihgﬂ%ﬂ’ﬂﬁ&ﬂi%ﬁl_—ﬁ ﬁr_L
7%, R T BALERENRGRNAEINGD, FHHRERR,

A=KKEE, RPEDTHEEIREELE, WEIL-9FR.
Propagation Flow & Interactions &
Pathways Influence Resiliency

=

How do things spread? What are the capacities, How do things interact
costs, and control points? and will that change?

E1-9. E o AT 8E o5 [l Y o) R K 2

X LR B EARE B MR AV[E) . YRAYHRERAR ARG
TR RS R L K M A B Z
KM PR 5 R B SRR A 1
K REENHKROESNERERTE.
UM EE =R A5
ENERRG PR E M E .
KM ERWHBERERTIRIRE .
FNEAZEFHERDE

.......{5’4
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o WHETEHREENEL TS A
o REETANMUE, BEMHLRL.
o ROKIETIHERNH IR,
o EREZNBFINTNHE.
it
AR, RITAIATSROAMBRITEDABEN, MEX— AR

HER. ENTRAESSTXRATEFAEERANMENE, BXETAEMVH
FARERELN. E8EEN2TH, BMNEZZEEENMR, THLIXNE

M, FUNERTH, WRBMNOEIFEE— ML, FAIRIZIRS BT EE &=
AiERk. Ak, BMNEZERSEMNOEEMRMNEEIT KN NERTREN TR,
HET—EHR, BATBENBEBSHARE.
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FE EitNHEE

HAAREF, HMNERTEEENERNAE, MERENEAREN, &
YIS ENE3=L EESENL
B, BAVKERMERTE, RAEREARRENEEEREE. XEME
MEDHRER, FRABNVENBHEESIRMNNELERNBEER. £45=
MRE BN ABREEEDHEEEMNRIHETHT.

A 1E(Terminology)

B iR /B M (labled property) I E R RS ANEEIBEEF EZ—. — MR
% (label) BT & (node) FRICARMNEMMAZ—. EE2-1F, HMNEFWAEAD
BOOAME, (REEZHMNEERY, RENATENEEANT R, BEASH
HET, EBERTRTITA4A, )

name: “Dan”
born: May 29, 1970 name: “Ann”
twitter:“@dan” born: Dec 5, 1975

on Jan 1,2013
Nodes
« Can have labels for classification
« Labels have native indexes
Slnce Jul 2009

Relationships
« Relate nodes by type and direction

Properties

« Attributes of nodes and relationships

« Stored as name-value pairs

« (an have indexes and composite indexes

£ since: Jan 10,2011

brand:“Volvo”
model: “V70”

E2-1 B RMENERIE MG 2 RENEIEN SR TTTE.

RIBEE, AT IUIERZR (Relationship) #4773, tbaA, DRIVES.
OWNS. LIVES WITHIXZMARRIED TOXZEXE!,

MEDICAL 5 Al B9t =E &% 24



J& M (Properties, attribute) T] I B & &MEIEXE, MNEEHZFRF 2 =8
FfElfdE. ZEE2-1%, BB EMHRT<H “BHER-E (name-value pairs) |
HPEMANRRELHEN, RERENE. fla, EMEIPersonTT 2B —1EM
name : " Dan", TIMARRIED_TOXH EH—EMon:"2013F1H1H",

—MENEREN—ED, TIAMHMFE (subgraph) . LEIIHERNIFE—
MEEREFENFERETRESTN, FERBEER.

BEf2 (Path) @—@AWRMEEMNZENAR. E2-14, ttin, FEEMEERE
IS SDan. AnnFCar|{ X% DRIVESHIOWNS % % .

BSEZEEXE., RN NARTBFHTHNEHETEHIAEE., #
Tk, HTBERRESREEINEMNDEE. FiF XEBEAREAEEAT
&, EAT—1ENTFE.

L3l EAE bR A

ALZARERT, KiE E FRT—EEE(imple graph)gi & =g E
(strict graph) , EXMES, TRZERAF-IPXRR, ME2-20EDE—TE
Fim. 8, REVBEGFEETR/RZEBTEZXR, BEFBESIAXR. Wk,
‘B XAMANEBTUATEZ-2PNE=MERXE, FitthEaAREHRE
<.

Simple Graph Multigraph Graph (also Pseudograph)
Node pairs can only have one Node pairs can have multiple Node pairs can have multiple
relationship between them. relationships between them. relationships between them.
Nodes can loop back to
themselves.

F2-2fEARF, BAMEAARIER (graph) KRB &AL LARBE,

fEALZEA . VST B R4S
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EETFZHR. B2-3B 77 =MEFRFTMFM LK
® [EHLMZ(random network)
® MR (small-world network)

® HH MM (scale-free network)

Random Small-World Scale-Free
Average distributions. High local clustering and short Hub-and-spoke architecture preserved at
No structure or hierarchal patterns. average path lengths. multiple scales.
Hub-and-spoke architecture. High power law distribution.

E2-3 = Fh R A M EANTT 0 KM 254

® MBHNMEZEZERREWN, ENTRZEANEEREZTEEYNH. X
TERNERRZ “BEN , ZEUHEINER. MEDTRMBERSE
I EMT SAEEAEREE,

® NEFRMEEMZTMERIRAEN ; XFIWEHBMAEZAR, FE
W7 —% -5 RN, NEPIUEIR (Six Degrees of
Kevin Bacon) ik ol ge/MESRN R E RN F. BRREEN—
NIRRT, RIFERERMEASNSEMIRN A —MA, RS1(]
MIEE B EA S KIZ,

® MR ICEANFEMNRE BERIEX/N, #REB7T di-125" 349
B, XANWEME—DNBBREBHINE. LA 4R (world wide web)
XN GF .

BRI =4 7 BEMFEM . DBMiTANE. SRMNEAREX
B, BAPEAEZAIMNERFINRZ R MR

B #) X 4% (flavor)
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AT RAMAEE

D%, BB EBENENREIER . &2-1

n_,\,l:l

TEINERENE. £TENHSH, BIBEEFMENAFLRONE (HEHEIE

EM, XM

x2-1 ERE AR
SR

REXRNBEARR) .

% $i(connected) vs EXRZEMERRD | BT RS SBAUMEANTA, b
W7 FF (disconnected) TRZEEEFERR | ELERENXEHIENESEBIR
AREweighted) vs ERE | REAXRRHDAL |10 200 B RO
(unweighted) b S X E o = Rett
A (directed) vs T REXFRBUENT | D o PSR B €
directed) IR RMEETH S ARt
(un M ETHREE T
EOBEBREMNERTR | EREREL, EBREEZFERINIRE,
HIR(cyclic) vs TLI(acyclic) | LB RER—1TT | (LIRS SBLEEL, THRE (FHEFHR
= EENN) BT ZEEENEM,
o o " HABRSERENESESBRENE
=g bl e
Fth(sparse) vs Ti(dense) | - A MM PRERE | g swmmies . i swnnE
1% FF % uris 78 2 FN AR s 76 B
JAN =17 N m il oy —_
ii 4»(mono-partite) vs — E:ﬂvu, = R IE (A ETARAFRANER
4> (bi-partite) vs k-43(k- FEBNT AR E S RS EE BT E
partite) 2 eSOk % ]
%18 & (Connected graphs) FIEFFAYE
(Disconnected graphs)

MRAETRZEEA T EBNEE PAXITEMRESERE. REEF
BIE, THEWMANE, MREXED NP SEHEEEREN, RS AER
ZH{*(component), T EFMMERE (cluster) , NE2-4FT7R,
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N

Connected Graph Disconnected Graph
Includes 3 components.

E2-4 MREHBENE, EHE2—MANE.

FLEERAEMANELET, SFERSUENER. I TEBEEINEE, &
BRINEBEIEREFNE—F.

i E (weighted graphs) F1LiXE (unweighted
graphs)

TREREAENTRERFEENEE. N TMRE, XEETURREZTH
BE, FlmmA. iE. EE. 32, EERFESNMER. E2-557 —4 M
R EMERE BT

Unweighted Weighted
F2-5 A E S PR FR A B R LHE.

EANEEETUEANERBEXRBEESE. FSEERITELE L5
R, RERBESANE, NHEELEER. FEEXZAESHRITSE. &/MER
REENZEHNEE.
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I E R — P HRE R EERERK (pathfinding) Eik. BAFH LAGHEE
N FAREFRANREXTEE, WITENE L B&E/ KEE/&ZIRNZEBEL. &
2-6/RI T I EA AR E L RAZEIZ I E .

What's the Shortest Path
Between A and E?

10

Unweighted Weighted
A, D, E=2hops A, (D, E=50
E2-6.3 FHAMARR N LN EFIINE, FEREZTEBRAE,

hop) RitEH. AMER —XHREMNBEER MRS (two-hop) , EMIZERE
— PR (D) . A, MABIEMREINNEREEMARICEIDEIE, MENEMUL
BAHBMRRTYIEEE, NEEEASAR, EXMBERAT, KBV
FHEYTI0OAEKNYIERE.

I E (undirected graph) F1BEE (directed
graph)

AEXEEF, XEFAAEREY (B0, KEH) . AEERES, XEZF—
MEENTTE . BE—DPTRNKXRFEIRAXDITREIAE (in-link) , FEFFH,
MUET KRAEHETREORRFERAR N TREHE (out-link)
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73t (direction) #EINT —PMEEMNER. B—XEETEERHNEIR, K
R TABMIEX, iR, REERBEEROREAXTR. TEEe BEERSE
BEGRERERR. ANEEBREFBRTIABFNHERIR, Hlm, EE2-7TH
HEEF, REFERER—IPFEME, KRZE "SR, BABRIBFHARNC

ERXRIM.,

Undirected Directed

E2-7THZEAAERGEAB LM TAE, RAWRMNEARSLE. WIFRBRET
EFHTIHE,

EEEWEIE AT HNATAERNEAXRMRENE., 21, WHzE
NEAEENETH. AMERTE, FLERERTE. (REERAEEEN
i)

BErEREEMEEEFRETT, RNSBIARNER. EXEBEF, flm
SEABIPRENXE, BIMREABENXREZENEH.

MREE2-TEFEER— N ERERMELNE, ROTIUMCHDITHEIA, B
BZERBBIEICEFA. MRBARCZXARMA, BARKEAZ—MILHE.
YR, XX FREEEMNERIEAKRTE, BEXTREIMIRIEANE TREL.

£3iFE (cyclic graphs) F1FxIrE (acyclic
graphs)
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EERH, REEMN—DDRABRHHAER —ITRERNERE. THREF
KB XIS E. ME2-8FR, BEEMELEEETINER, EFEREHF,
?%%\35%%?@3%5’]7?[’1 graph l%—/\ﬁﬁ%ﬂx“ & (directed acyclic graph,
DAG) , E— leaf node) .

eAa

— 0

Graph 1 Graph 2 Graph 3 Graph 4

Acydlic (yclic
B2-8 AL EF, WRAER, EANTREMER—T /RFBHERNERT

MRAEEEE—NXER, fgraph 1figraph 2 L& EHERE—T = LG
MER, BLENHELAN., RURCEEE—ZHR, TREENXRZESETE
Hi7 8 o) IR 1 Sk Y, L%%&jl\.l/t\,mﬂ:ﬁb ! Ez 8Hfgraph 3@~ TA-D-C-AZfE
H— M ERER, MEREPENEEEE TR, fgraph 48, BIERIMN—PHR
MAR, FLEBNRELEEFE, f)ﬂ"ﬁ—/l\l?ﬂﬁﬂ’\lﬂ\, RREFE—NEENT
= (C) , BYEB-F-C-D-A-C-B, KFfrL, fEgraph 49, BEZNIREFE.

ReEELN, BMNENFEBSIVEXR, ¥EREHGEITIRE, NER
RLIEMEE, BaXREREARMAELINERE. RENRAHTLEHSR

# (tree)

ERMER T, TrEEIRE (undirected acyclic graph, UAG)FR A%, {BEEITE
PRlZH, WhERBEELRE (DAG) ., —THEESAMNMIE X 22X
B, E— 1P EFR, HFEERIMTRAXE—FBREEE, XENERRZ AR,
R FIEBEEMIF S ELZBEFEER X EERITNG. FIREHMIEER
MBS D KRB R B R EM T EAEERBIEM.

FETFREETFRIERES ., E2-9%E T HITTEBENE .
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Original
Graph

Rooted Tree Binary Tree Spanning Tree
Root node Up to 2 child nodes Subgraph of all nodes
and no cycles and no cycles but not all relationships

and no cycles

F2-9 XL MBI EITR, £RNERE B TREZ.

FERXETER, LA (spanning tree) EREGAFH . ERMERTR
ANERENTE, eBRTRXRENEMTR, EFFEAIKENAEXRR. &)
ERMIENEMAENRNT, BRIRRESRIDBEENERSEEH D RERERX
F9 A R o

#iE (sparse graphs) 1A% & (dense
graphs)

ENHRERETENXRBERERTRNXRAN (RGN RZEEE
KEMIE) #THRNER. S TS5 AT REXEZANERATERE
(complete graph) , ZEFRABHEAEEa clique of component), flan, R
BB BREEINR, Bte— N NEERE.

EERAZEEETEETURGFENXRRE. A2 MaxD = n(n-1)/21t

B, HinZ TR ATNELREE, BAMERANd=2(R)/(n(n-1)), HHFRE
REH EE2-107F, BITUER=ATEENKEFEEE.
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Sparse Dense Complete (Clique)

Density =0.3 Density = 0.8 Density =1.0
a0l p- 212 oo 208
6(6-1) 6(6-1) 6(6-1)

&2-10. WERNEE T UL BIRITERINER.

BRLETIRND R, BEAXEEEELIRAEENEEKIAAZHE
. REFETEXNENEBRTHER S2TREEXRMEMEERRX, LH
SEMETRAEERNBAT, fIE—"TR ETERESPEL. BB, B
S A A SEFRR B o

BLEEEAERBRIREENE LFTNRBRELTEXNER ., WREXE
g, WA EBNRRILEXTREARNER. F, ATHRZEMEREFE
FEE ARENASHEEREHNER. eBELSHiREERFIEINTEN
SHt. EXMBELT, BELVSEXNTEF ATOINTE, B—FLHAH
J17%

#43E (mono-partite graphs) . —4E (bi-
partite graphs) F1K-9>E& (k-partite graphs)

(X7 HIK-7, FEHEBKMAD)

REFMBHBEEEZNDRMARKBNEIE. Ah, BEEZBERE
BT RRBEM—FPRXRRL, B POV RRBEMXRKRBENE R NHER AL
éj\io

“oEREEN—ME, ENTRITUDARE, HT—PREAREERE
ZBEHTEE, B2-UEBTTEFE—PENGT. EARITRE  —%KEWU

|22
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R, —KXZBUATE. REERMMZEEXR, ANEEEXR. BAER, &
graph 19, BT ERSWAREX, MERMBUHELX, MEMRBAERE
SHAMMRIERX,

MIARFBATENZEHFE, BMNEETAITEIRY A THRETE
PMRERE (B2) , MEETHEVUARNERTE (B3) . FHIETMREX
RKBGHITIE, BN, DRIFG,

B RMNXRMENR T BB RER TN EZAKE 7, XLKR
M EEM TR REEXRMAR. flm, FE2-11FKE2, BevFIANNREE|—
MHENEATE, mBevMlEvanBERWNHENBEMTHE . EE3H, BB ITH
EIRARNIMERERBREBIA LB ZENRR, XEKiElR, SEEMEMISHR,
a | A Sk HEWT X & Battlestar GalacticaFIFirefly& {7 A Z MR X . X T IAEH A
2 XN Evan XA R, MBEE2-11FNINIE T&/E—&KFirefly,

K-DEZERERNAOEIBOT S KB EK, Fl21, MRBNBE=ZMHRKE,
BMN=BE—1=2E (tripartite graph) « XRAZY R T 0 EMESENOEEE
REEEZNTREE, FZULHANE, FEMRE, B—MEAKE,
RAECMNEETHZARNMSIEERE, FAZERARKETSEXENGF, Lt
M, BEE—NEAERFE—DIEAPEE—MEFELAEY, AEHENEERRTT
RIFHIFNES, REEFMET. Eit, TMNTRUBIEZ KR T SKE L
=, i, BiFEZEAnTe GUEESPREE) WA FHEX .

MAEFMNEBM T HMNKIEFHANENRE (FFRENE) |, LMK T
BR(TEEX LR EHITHEEERKE,
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Graph 1 Graph 2

Viewers and TV Shows Projection of Viewers
Bipartite Graph Monopartite Graph
Relationship weights = Number of episodes watched Relationship weights = Number of shows in common
2
4
30 7| 60
22
1 3
Graph3
Projection of TV Shows
Monopartite Graph

Node weights =Number of active viewers

Relationship weights = Combined episodes watched
by viewers in common

E2-11. — D EBE R B0 R L HTERENDT.

BREER
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UFHNREEREELNZOHN =N HaE. 2532, BEEHK
(Pathfinding) #13$ % (searching) . HIMEITE (centrality computation) Fi3t
X #& M (community detection) B AMNZET .

BR1ZEH (pathfinding)

BRREESTNEENEM, FEBITEMNZEFGERMNNEEZET, HFa
HEGNEZTH. SEREREUESREEIITHNRAENES, BE/IME
ST ERF N, BREREERRRSINER/ NBHEZ. MREZEE
0, BAERXRATEAFHNBENT RZEHNRERZ.

PR1ZE A (Path Type)

FHmEZEELE (average shortest path) TR M9 BRI EFEE, BILIEE M 52
[EIB9-FEE

B, EANTJRERIE TR KEELHIRIEHER, flt, FRNREZHHZHLZE, IEE
BRFF T RIESH L, TEFHEH MR AR, REREZ D IEFEH,

FERXPNFET, BIEEAEER (diameter) FEHFTE T A2 R K RITEEE,

fulME (centrality)

FIOMRENEFMETSEEE, EBNIMENEEMRAAR ? EARE
RPN POMEED, BAENEE, fln, EEX—RAEREENENEHEZE
REFBREENES . EABR, RMNBER/WIET/RIKXRNES.

1 X4&M (community detection)

ZEBM (connectedness) —EIEH—MZUMEE, ©XFHEZAINE 2T,
MIHMX ., KEENEINEHERER SR DRI FENTFES (BE2HED
) .

EERM (connectivity) A TIHMXMEM AN SRR, ERFIEER
FERBPNHX O] IUNEAIMEN, WO FEREM, ARBERKS|SHER AR
. XEFARATHRESNEZ, NSHEFZMTRTEIN.

n]

Ely
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B

-

FE2ENN. ENSHMNEEFMEFHRGENTR—N. —BERMNTHETARIE
e nE, BENERRURSRREEE. €459, MNBERTEEETS
FBEIEN, FHER T RIBEAERRAE,

it 5B

MRRRELTBELZXTERASHMIR, BATTMIEFED T

® HRichard J.Trudeau (Dover) 15/ (Introduction to Graph Theory)
E—RIXMERMONFE.

® HRobin JWilson (Pearson) #E#/Y {Introduction to Graph Theory)

(£HAR) B— RIS, FRENEE.

® Graph Theory and Its Applications, ZE=hRk, Jonathan L. Gross, Jay
Yellen, #Mark Anderson (Chapman and Hall), FEEZHEFE =,
HRETEZHNATHNES,

BTk, TERARIEEApache SparkfNeodjh{F AEIE A~ By, 1%
TR RO HTEI A,
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| P

B=E BTEaSALE

ERES, BB RENPEALBNAR T EMRERNTES. BIBEETF
MFRA PR FEANBENES, Apache SparkFINeodj, AR ENMTRESRE
NEK, BiEFaRiEiEm, XHENETROJLZEMTFES.

EE 4 M IEFEER

BB R B EME . ERBRE. MUBIFRENITERS M. EX
B, BTN R EFE AR —REREI.

FEEREM

FEEHY R (scale up) FIKEH F(scale out)zjg], —ERBFILHN. NIZE
RINEERAMZ L. KAFNRE, HTETeERNEREMMSEAREED ? 5
E, RAESHNBEERMEXEEL?

—FhE FAKTEE 755 2COST (Configuration that Outperforms a Single
Thread) , HF. McSherry. M. Isard#1D. MurrayfE— & 3 @k {Scalability! But at
What COST?) it . COSTHRIANRM T — M RFEMN T MM SR G5 INTT
HHRTHERINT A, EROBESR, S@8EENAANEBENIUNRITEER
g, SMT—HRUBEFHNKET RBRAAR. Xe—MUEEEIHNNE AF
ZAREVSFENHT. BIT RENBEIFBRTENXIR X2, BHEET&K
MMEI—TRHABMNBRMEENFES.

EXHNRETTET, BYemNN—YeEEMNBALR, ItEX.
WIBFIRNTE, o IAE EZMIETIE,

B IE
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B EMRRITVERFAHIFLIELSE, o, ROESHALIE, FHERIL
FEENEIE EMap-Reducest . Aid, WTEEHE WA -LIEKESEHT
RERNEIRRB ML E ST EMNALESD

AIBTTE i BA

XMITEERA T REALEET, IEENRRIFTERT,

KPRy (Node-centric) HBEEERRNEERSERZELTNMMNIAT <.

XMERFRAEAMNERERECREFEMIMENEL,
WX F ey (relationship- XFTFES T R 0RREEN, BEFES AT
centric) NP RRILEFEL .

XTI — D FE PR, EiZFEM FEMNF
B, FEzZERERHTEE.

WHAE (traverser) ZEBIH R T EIE, EATEE
fifio

XEFEFERAEMTERMUENE LN, TUERE
B JLFERIASE S

WE gy (graph-centric)

DL B A iy (traversal-centric)

WE# A dus (algorithm-centric)

Pregel

Pregelid@—NA TR Ay, BIHEAIHITHIENEZE, HGoogletl#, MHIFXTAZEHITIHEE
M. pregelEFHEF#FH 7T (bulk synchronous parallel, BSP) #£%, BSPEZE 911 E
EER, X—m it 7 H T4 7.

Pregel#BSP_E M 7 — X BRAFOIHR IR, BEXBILZMERE T ERE G TRAIM
EBREENEEEE, KETEFGFRERTANITT—K TUEFBRIEF AR TRELEE
Bo XET L] XNAEBENEREEBITEH T8, KHETHLMWEBIGIHE. SHRIEH
RERERIRAIN, EETH

s
S e
Yy ATENAET, KASHBFTEBNES RHITERINZIXAEFNE
B, IRAADBENRESIHHEERSSBTEXfZBXENEIREHMNER
(reshuffling) . XXFFLZEERNE, FATELERLELENESES, X&H
Sk—LE BRI

4

INRS
S

N,

4
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HRRMENTE

HFIMERRERLENER, 5L, EFEIBNESEEZEED S
A, XBERAARELRERZRIEEE

it E 5 E

BT ESIZEEREN. EESMMSIE, TETaSHTERESTMED
BMERE. BRI Z2XFEEENAREXMAIESTE, BHlandTs a5t (6l
%0, Pregel. Gather-Apply-Scatter) Z(FEFMapReducefy77:% (170, PACT) .
X LS| Z 5]+ F Giraph. GraphlLab. Graph-EngineFlApache Spark.

JE €7

MNESHNTRKE, BEEEXIRETEEARNERHITRENS
NAEE, XEEEBEERIEN— B . ENNLSETRERL TN
ZRPHNSH AT R,

EEBNATBOFEE

EFE-—TEFFEFTEZERZER, FIURSTHMTRE. HEFTK.
WBRBMEAMRLF . FAVEARBFHEFApache SparkFINeod SRR RE R L, B
AEERRHE T IR

Spark2—"M BMUT R AT ONETESIZNG 7. ERTEERMES
REMEERZIER, AR, YN TERBEHRE, Sparkigtl—
N IEFRYIESE

o HEREAELRUFTHITIH.
BETERBERASMIEMESHT "Z1EE BIE
DT AR B T HRALETT.
BRI X R0 BRI BIE.
ANFTEFRERIBMLIA CEENT LA,

AR EREEE.
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° BALIE) T Er B BUB A D R FFEHadoop E SR G .,

NeodjEE & BZEMK T AEIREMMNEE AT ONLIE, HENEHRTTHE
k. cEMEETENNARFAARIRE, FAEE— MM HEAMEEERE
TR ANEEEE. YA TBEHEEHE, Neod/TfE2— N EMAERE

o HIAFAKRM BERFNANFEE.
BRMEE R REEUR
B e 3 & 2 M E SR/ R R B .
D/ EREESHETERRENR.
RATAEENEBMEZNEM.
F\FEZSETERMNTUCTEEMN.
HRAE R EIT B M HFNEE.

&ia, —Y4H LA [E BEFINeod|fSparki# T EIALIE : Spark BT K IEEIESE
MEREMNSRILEMIAIE, NeocdjHTFERAGHAMEMERTERNN BEF
FRES

Apache Spark

Apache Spark (2 fE B ASpark) =—NHTAMIEEIEAAIBER D5 EE,
T A—M i DataFrame il R RF R TMALIBITHIFIEIRE, HPTERR, 5
BRE, ZFEEM T EMEIEE, FX#Scala. PythonfIRFIBS . SparkX ¥
EFOATE, WES-1ATR. EETAFNRSRFEASHNTHETTE.

GraphFramesZSparkfd— P E4LIEZE, EE2016FE4 %K 7 GraphX, {EE5#%
iL>Apache Spark 29 B 9. GraphFrames&E T GraphX, {Bff A DataFramefEyHE
HEIRLEH ., GraphFramesX#$Java. ScalaflPythonfEARIZIES . 2019 &KX,
“Spark Graph: Property Graphs, Cypher Queries, and Algorithms” 2 Z#81d
(I “SparkEIAYEZE" ) . FAFHEIXEEEF FHDataFrametEZ2 M CypherZEifiE
SEHREFHESINEZOSparkIl B . A, AARFF, RNORGEET
Python API (PySpark) , F A€ BBI7ESpark#ERIF xR AR =23,
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Spark GraphX
Streaming GraphFrames

Apache Spark™

&3-1.Spark@— M BRND AR BAEFITEER, BB TAE TIERZHHR
R

Spark B BIRE

Spark Graph Project;2 #DatabricksflINeo4ji#jApache i B 7Tt Z L EH)— MBS 181X, E&H
XfDataFrames. CypherfliXfDataFramesE #0955 5143 06k K A9—EE 5 5N #2irApache SparkZi
.

CypheriR FI 2 NeodjH LI A9 —Fh B 12 11E S, 181819 OpenCypherli B, EHHH
EPHIEELY FH—FFRTE (Cypher for ApacheSark, CAPS) 1€/,

FEARRBIHR, B ATHIZE (£ CAPSHIE I 5 FIE A E X Spark-F & B)— N E BB 7. AT
7ESpark[EH B 5L 2 /5 & 75 Cypher= .,

R—KBIE IR BAREEE, (BE 220108 S BRI ThRE . EE X ATE
MEIEIRE . BES AT B RIFAE,

T E KR KR HDataFrame, 4 DataFrameB & S lE—IDFEGNXERH
BHRMBEFRTR. BRONTILERIFRS-1FHT mDataFramefIFR3-2F X R
DataFramef7=~fl., HTFiXLDataFramefJGraphFrame¥EHm N =, BIIFKFN
SEA, IXE—MIFKEISEARIX R .

#+3-1 T &S DataFrame

id City state
JFK New York
SEA Seattle WA

7<3-2 X ZHDataFrame

src dst delay tripld
| JFK | SEA | 45 | 1058923 |

MEDICAL 5 Al B9t =E EE%E 42



T mDataFrameA A F DG, WHFHNEATE—IRAGIM TR, xR
DataFrame#s i SRCHIDSTS!, XLEFPHERHAEENT S, FNSIBHRE
T EAEIEENIDYI R L E.

5 X R DataFrame o] PUE AR EIEE (E1EParquet. JSONFICSV) 3k
nE. E|NE, o I—EfEAPySpark APIFISpark SQL,

GraphFramei® A FE T — 1M R Sk ABLEIESTIN A48 BN A (not out of the
box) A& %

LA Spark

YRET I MApache SparkM i T &iSpark. T35, BELEIMUTEAEM
Python#f ¥7Spark{E% :

pip3 install pyspark graphframes

&fTpyspark, 3K JBxpyspark REPL (3 E f##s%, Read-Eval-Print Loop) :

pyspark --driver-memory 2g --executor-memory 6g --packages graphframes:graphframes:0.7.0-spark2.4-s_2.11

Hr--package N E® LA, BUSHERER. ERKXRTENEFEEN
Fgraphframes:0.7.0-spark2.4-s_ 2 11 i3 N BjarE . ST XNSHAPEN LS,
16 Mpyspark —helpk 7 B EFANER

RARSparkfEN RZTE— a3 E8E Lt ERATEREN, BINRE—
A8 FiTX ek . 7ZEHBill ChambersFlMatei Zaharia (O'Reilly) 589
{Spark: The Definitive Guide) &, RO 7T B E L xTHELEFIRIEHRIEITSparkAy

—
B/Cho

PAEIRE S &4 5 I ZESpark HETEIER T
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NeodjE XA

NeodjE ¥ & X HFEHIENESLENDTLE. cEEREFEMEALIEE
BN TRE#THE. ERIESMATBANL. APIMZEIEIES Cypherz £,
ARERAEEEERAYAE, MES-2k7R.

N D

Applications Business Users

O o
Developers e . 080 L ,/,
— o e , $O
e 22 neOL| j
Development o %% ey 3 Analytics
8; & Adin . Tooling 8;

Graph Graph
Transactions Analytics

e
[ ]

Admins Data Scientists

@ Data Integration f@;

S— S— S— ————
g Bk

[&13-2.NeodjEF & BRE S XI5 H 5N BEFHE AT AV EEIEELER .

HEXARF, BN FERANecsiBEEE, EEARGRRERIEEFR, HiB
H—HBAFEXMIIRE (User-defined procedures) , iX¥Procedure ] i@ 1T
Cypher&iHIEE 1T

BB X ESEIFR Y% TERNHTEERRA, BEXAERETE
SHFTTEERZ LT FE5NeodiEEG#H T T L. I TARRBEIKRN,
WEBSKRIR o] Y R BB B2 R KR,

ZRUNEATHRERIIEZ Y, REERTUBREHE—PLIEN IR
o BERATTPUMEAT RBUR KR RLBEFREREIEE.

EXARFE, FA1EEEANeod) AwesomeProcedures on Cypher (APOC)
FE. APOCH450Z MIRBMR AN, ATEYTHREIREMN. HIEERAIEE
BEMEENES.

ZEENEO4]
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RN R ERHE FNeodj Desktop, EBE—PARHAINEO4EIEE.
Neo4j Desktop o] I MNeodjMih F T#H , —B L% F 2517 Neodj Desktop, EE
SEFAPOCERLS] IMEATEM (plugins) &3, HEAMKESR, SIB—PIE L
. RAEEELEHmENEIERE L84 “%ﬁ” o TERRMEIIR E, REERIL
NMEHEIET, BERBEEAPOCHLEILZ.,

WE3-3f3-4,

Test
3 My Project ‘ (=) Open Folder v | (&) Open Browser
A MarvelUniverse
[ GraphOfThrones Details  logs  Terminal  Settings  Plugins  Upgrade  Administration
[ Neodj ETL
APOC
3.3.0.2

The APOC library consists of many (about 300) procedures to help with many different tasks
in areas like data integration, graph algorithms or data conversion

L, Install

GRAPH ALGORITHMS
3.3.20

The goal Hhslba ry is to provide effi ccnuy 'nplc'*m'\ ed, parallel versions of common
res.

graph algorithms for Neodj 3.x expo: Cypher

GraphQL

3301

This is a GraphQL-Es
GraphQL Queries ant
both an HTTP AP, as
AP

Install
Active database

K3-3. 2EERE XKE
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B

A

Projects Test
[ My Project i [IZ) Open Fokler  +

["H] MarvelUniverse
[f] GraphOfThrones Details  logs  Terminal  Settings

['f] Neodj ETL

LZ‘.\ Open Browser

Plugins Upgrade Administration

APOC
3.3.0.2

The APOC library consists of many (about 300) procedures to help with many different tasks in
areas like data integration, graph algorithms or data conversion.

Install

GRAPH ALGORITHMS
3.3.2.0

GraphQL
3.3.01

APL

E|3-4 L HEAPOCEE

The goal of this library is to provide efficiently implemented, parallel versions of commen graph
algorithms for Neo4j 3.x exposed as Cypher procedures.

Install

This is a GraphQL-Endpoint extension for Neo4). Based on your GraphQL schema, it translates
GraphQL Queries and Mutations into Cypher statements and executes them on Neod]. It offers
both an HTTP API, as well as, Neodj Cypher Procedures to execute and manage your GraphQL

Install

Jennifer ReifZE it AU R XZE “Explore New Worlds—Adding Plugins to
Neod" HEIFMMER T L& RE, MERELERTFFEI N ENeocdFizfTE
LT,

p

-

ARENETH, RMNELHER T AT AR TN THRALMEREE,
FHRTEANEMS. DAMEE. XA T BOEREAREETT 7T BIH
i, ET—&d, TPEIR T BMEE ASparkFNeod P = HIETEE %,
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FNE BEEXRTMERREE

E#2ER (Graph Search) EZAEATERE L#HIT—RMULRAL BRI RE
Hif, XEEEER LRI HEBRER, BXFHEXLREEAITERX LR
A9, BATREE BILELER (Breadth First Search, BFS) FUREMERE

(Deep First Search, DFS) , EAENZEBH—TENEMERX BEHIETE
HAtht—Z DT R &4
BEEREE (Pathfinding) ERVEEEREZIMEM L, ERETRZ
BAERE, M— PP RFE, BEXR, BEIFXEMNTR. XEELZATRIE
PERMEE, BEXTMUATEORAK . RIKBAN Y SIPES K i AR
FRE
Bk, RN BHNBEEREEGHE
® RIiUEKIZ (shortest path) , IMREMIFIHEE (A~FlYen's) : FHEIFH
MEET R BEHRAZRE

® FRELZEX&RIGHKIE (Al Pairs Shortest Path, APSP) FNEBHFIEEKF
(Single Source Shortest Path, SSSP) : AT &HAE T X BN K
ISR, MIEET REITE EMAE T R NREREE

® E/NARA (Minimum Spanning Tree, MST)  AF#HEI—MEiEM L
1, EEXANEMFR, NIEEWRIBETA TR RAR)

® [EHTE (Random Walk) : ERVIHFZESI TIEASEMEE XN —
FANTLIE/ RS R,

TEAZER, BITEERXLE X2 TN, HAESparkFINeodjd LizTT
~l, MR—AEERE—NFEEFRTAH, BN ERE—NRE, SB35 A
HACTATRIKIL .

F4-1R R 7 XEREXBZ BNTEX 7], R4-IZNENEEZERMAT4
H T HIF
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Graph Search Algorithms

Breadth First Search Depth First Search
Visits nearest neighbors first Walks down each branch first
Pathfinding Algorithms
(A,B)=8
(A,()=4viaD
(A,D)=1
Calculated by (A,E)=5viaD
relationship (8,0=6
weights (8,D)=9viaAorC
Andsoon...
Shortest Path All-Pairs Shortest Paths Single Source Shortest Path Minimum Spanning Tree
Shortest path between Optimized calculations for shortest Shortest path from a root Shortest path connecting all nodes
2 nodes (A to Cshown) paths from all nodes to all othernodes  node (A shown) to all other nodes (A start shown)
Traverses to the next unvisited node viathe ~ Traverses to the next unvisited node via the
lowest cumulative weight from the root lowest weight from any visited node
(alculated by
number
of hops

Random Pathfinding Algorithm

o Random Walk

’Lr Provides a set of random, connected nodes by following any
relationship, selected somewhat randomly

Also called the drunkard’s walk

F4-1 BEEEHRNERERE X

RA-1EEERERMER REEHAR
D7t ERALME i 25451

5

BH—MREN, RERZRE | 37 %XWHHEMHBAL
BEREER EI’J RiETHm, RERXELRET | B, EGPSEZLEHE | Yes No
MHIERIE T = RIS,
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REMRERR

RERERET
{&A* Yen's
B &£ REHK

A
=

BIRREREZ

BRI/ LAY

BEALITRE

WH— R, ERRZ R

e % RAE BRI AR

THMAGID T LRNEE | pRE—fEphmgmg (N0 |NO
HEE 1 Fad BNEEE | KR B ANE

7 T Yes Yes
N E—ELFESANGERE | hE R Err

P12 B E Yes | Yes
TE— MRS A B BT | BRI BE f A B AL

EERAEAR AR Yes | Yes
I EREMNERT TEE | Ao EENERE, I
CAHTIHEFES AN | PR ESEERIRE | No | Ves
HBE 12 4%

ARARMEE, BILERER | HENNES S0

LB, BEX—RIMBEE |4, NEMEAEEN |ves | Yes

PAN
=

Bk

Bi, UBMNEE—TREAFNEESE HNBOEEETES N Apache
Spark#INeodjd , JFEFEZE, FHITEMNIEEZNEEERULF X CWEERE
HEXEEFR. KEHEDERERFAXMANFEAEXEEZNES. &5 BT
ENEES RS, BREATRFRBISEREZITNER.

IEFRATH R E !

THEE : TEHE

FrENEBIENEHES T RZENER, Fit, EERRMFREEREEDT
Ao, RBRHEIEENEVMITHEATRRBTXEXR, REFHTEZEMN
B W R EX A EdE. R AMNABEGthub TH T R MR R X,

Z% 4-2. transport-nodes.csv

id latitude longitude  population
Amsterdam 52.379189  4.899431 821752
Utrecht 52.092876  5.10448 334176
Den Haag 52.078663  4.288788 514861
Immingham 53.61239 -0.22219 9642
Doncaster 5352285 -1.13116 302400
Hoek van Holland 51.9775 4.13333 9382
Felixstowe 51.96375 13511 23689
Ipswich 52.05917  1.15545 133384
Colchester 51.88921  0.90421 104390
London 51509865 -0.118092 8787892
Rotterdam 519225  4.47917 623652
Gouda 52.01667  4.70833 70939

7% 4-3. transport-relationships.csv
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src dst relationship ' cost

Amsterdam Utrecht EROAD 46
Amsterdam Den Haag EROAD 59
Den Haag Rotterdam EROAD 26
Amsterdam Immingham EROAD 369
Immingham Doncaster EROAD 74
Doncaster London EROAD 277
Hoek van Holland Den Haag EROAD 27
Felixstowe Hoek van Holland EROAD 207
Ipswich Felixstowe EROAD 22
Colchester Ipswich EROAD 32
London Colchester EROAD 106
Gouda Rotterdam EROAD 25
Gouda Utrecht EROAD 35
Den Haag Gouda EROAD 32
Hoek van Holland Rotterdam EROAD 33

E4-28 77 HANVEEMZEN B IRE .

Kl4-2 208 A

ATEBEER, BIVUAAE4A-2FNERELEN, EARTZENAZEE
BENEN, MRBEMNEESHMERN, SEIHEHBARNER, RASELEN
B, BREAGCTENDAZEUN. B2, SparkiNeodE L ER RE L
. EEXMIERAT, MRBMNEFEALEE (FlANEERE) , B—MERENTE
a] g E

® XtTFSpark, Ff1¥Etransport-relationships.csvidE—{TEIE %

R, — M MdstZlsrc, B—NMsrcEdst,
® XfTNeodj, HMBCREENBRNXR, HAEZTEENRKXRET
],

TRTXEEARMNBIEFRTTER, TV RIFFE MRl csv SR E N

# F|SparkFINeo4jH
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B EIES A\ Apache Spark

MSparkFraa, A1 & 5L MSparkFIGraphFramesB RS AR E ¢

from graphframes import *

from pyspark.sgl.types import *

U B9 R B TR B CSV X B Al E B . —/NGraphFrame

def create_transport_graph():

base = "file:///home/retire2053/source/graph algorithms_resources/"

node_fields = [

StructField("id", StringType(), True),
StructField("latitude", FloatType(), True),
StructField("longitude", FloatType(), True),
StructField("population", IntegerType(), True)

]
nodes = spark.read.csv(base+"data/transport-nodes.csv", header=True,

schema=StructType(node_fields))

rels = spark.read.csv(base+"data/transport-relationships.csv", header=True)
reversed_rels = (rels.withColumn("newSrc", rels.dst)

.withColumn("newDst", rels.src)

.drop("dst", "src")
.withColumnRenamed("newSrc", "src")
.withColumnRenamed("newDst", "dst")
.select("src", "dst", "relationship", "cost"))

relationships = rels.union(reversed_rels)

return GraphFrame(nodes, relationships)

MRS ErbaseZ 8, TRBHRAARMBIIEEE, DUETpysparkikEcsv
XA

%ﬁﬁ%*ﬁ,ﬁ%ﬁﬁ%ﬂ’\l BENTXER, BNTE-LMLETEEED
KACEMB (RABRFTRETE) o ILBATARX R

g = create_transport_graph()

HEFEF ANeodj

PERBEIES ANeodjfyiH & T, M TAICypheriEal, E£FAT R,

WITH "https://github.com/neo4j-graph-analytics/book/raw/master/data" AS base
WITH base + "/transport-nodes.csv" AS uri

LOAD CSV WITH HEADERS FROM uri AS row
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MERGE (place:Place {id:row.id})
SET place.latitude = toFloat(row.latitude),
place.longitude = toFloat(row.latitude),

place.population = toInteger(row.population);

UTRESAXRMIES.

WITH "https://github.com/neo4j-graph-analytics/book/raw/master/data/" AS base
WITH base + "/transport-relationships.csv" AS uri

LOAD CSV WITH HEADERS FROM uri AS row

MATCH (origin:Place {id: row.src})

MATCH (destination:Place {id: row.dst})

MERGE (origin)-[:EROAD {distance: toInteger(row.cost)}]->(destination);

SRBNMRFHERERNXR, BERINEAZRERRFT, B UZKTT
@ (IR KHITEIE,

ITEILERER

I"EFHER (Breadth First Search, BFS) @ —MEANEIRAE L. EM—
MEENT 2R, E—NK= (one hop) EEEMFERMHET &, ARBEERDEK
= (two hops) BEBELIFEMBET R, WKILEH.

ZE KRR BT 1959F HEdward F. Mooret ik, BB ERIHXE P RENE
%o ARE, CY.leeF1961FEREFAKM—FHLE LR, KFAXZAn Algorithm
for Path Connections and Its ApplicationsH1,

BFSEHM B ERFHMNERNEM. b, &ERE (Shortest Path) . &
Z281 (Conneced Component) FIEZFHFuME (Closeness Centrality) #&P{# FIBFS
Bx. EXRTMARIHD R ZBNREHRE,

E4-38 7R T MRBAMITAET ZIR T Den Haag (CBZF) FIREIT ELAE
R, TAVARMERE T /IR HHEREDNEFRRF RGN TR,
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e
© e
-
—
o

~
-
P

E4-3.\Den Haag AR LA R, P RSRNBHIF

TMNEEFHFEDen Haagh gL R T s, AREBEFIHRILT S A4RIE
Ta, BIBRMERETREHNXR.

Apache Spark -y EfL &g &

SparkSLELAY S EMERRBEEZBE RN RZERABRIHEA I DR
B AR, R MER (explicitly) 158 BRT RERMNEZHZHEM-
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Blgn, BATTIAEABFSREIEIE— P EET (FRREOMIRE) . AD%&E
1077 %3077 Z (8],

BN E R EML T HA QT EIXEARA
(g.vertices
.filter("population > 100000 and population < 300000")

.sort("population")

.show())

BB EBEATE

o e ——_—— Fomm e - e ——_— +
| id|latitude|longitude|population |
o e ——_—— Fomm e - e ——_— +
|Colchester|51.88921| 0.90421| 104390 |
| Ipswich|52.05917| 1.15545| 133384|
o e ——_—— Fomm e - e ——_— +

REBMAFEEMNONIRE, BRINET BEREERER ST LELIpswich,
IATACARE Sk &+ MDen HaagZ®| & T I RS ER 1R

from_expr = "id='Den Haag'"
to_expr = "population > 100000 and population < 300000 and id <> 'Den Haag'"

result = g.bfs(from expr, to_expr)

SRESWRMNHH Z BT RAMARNG . BT RUEFTIUTRIEBRE
BIREINFIFIZ

print(result.columns)

XERMNBEER L

eFrkmFFkrmxFR (B) , UIVALMIIRTITR (ThR)  FAIRET
BESGE, B ABANT R M A s A DataFrame § I e FF Sk A94E (1%

columns = [column for column in result.columns if not column.startswith("e")]

result.select(columns).show()
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RIKANAEPYSparkFIzfTRED, HATKERI XM

Fom e o Fom e Fom +
| from| V1| v2 | to]
Fom e Fom Fom e Fom +
| [Den Haag, 52.078...|[Hoek van Holland...|[Felixstowe, 51.9...|[Ipswich, 52.0591...|
Fom e Fom Fom e Fom +

NTNHER, bfsEiXRElpswich | 1B, HHKEBIE— LR, XMRBEHE
B, E4-3FF7R, ipswichZEColchesterZ Bi#iR A E] .

AEMLTRER

BEILFRR (Deep First Search, DFS) 23 —FEANERBEZE. TM
15'_5 T RFE, EFEN—MBETR, ARERMZINGEIZSE/RIOIEE
W ITIEF
DFSE®R¥IE HEE % 3 Charles Pierre Tremaux&k BIEY FASk —F R % 5 05K
. XENDITRIMGRERFAIREZRFEEFANIA.
MR FTMDen HaagFFEE8IDFS, E4-48 7= 7 350328 BT S 89IR
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<2 »
‘ ’
A & 5
2 N

R i
‘ ) “

Ea4-4 REL L RMDen HaagF e, B RSERNBHNIRF .

9>

9

AR RIRFSBFSHIX A, X FXADFS, FATE 5eMDen Haagim HZ|
Amsterdam, AERBELAEFNESNHMT R, MAFTEDH !

BMOIMBHERE AR ERSHTEMNN. WE, LRNEFREE
HEZE TIRERSBSNERITRLFTNEE. NETUSETEENE,
FlgnatiE). BEE. AEFHAL.

AR, TESpark#INeod E g B R EM AL R RILRBGI.

[CELEEZZS7-LETEIN
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B8 BAE R T E IR, BLF 1R (Eulerian path) ZE1% R 5a]—XKBIE51Z,
F—NEXBIRIEE (Hamiltonian path) , B NTEEEE— X HHKER. WRRER
—TRFEFIER, THEANGE—THIERTT, XFEEE T RE RN E B 12 FR B R WU 12
4-5/% 7 T —E£6 7.

Eulerian Cycle Hamiltonian Cycle Eulerian and Hamiltonian
not Hamiltonian not Eulerian
Visit every relationship once Visit every node once
(allowed to repeat nodes) (allowed to repeat relationships)

E14-5 RUA AN B R WA B R B R R D SR CAIER 2

FE—BHH B EL @R EFHEAIIT. REZEE, KT EHTUHEEETL
HE1H1ZE SER MG R, FRIRYUE, BRI EMHRME X HFAEREHFEE, FHATHF
LR IZE RS

X BRI R) A HBIZ E R T Ao (Traveling Salesman Problem, TSP) . TSPZ
XHRY XN T—TEERRK, VI NIEE N T H R ERFAI T, REELET4 7R
EBEKRSBASOFIAM, BELMUEBRIELT, TSPEIITEEEX. THATFTEMERELNT
. BEAMEM A,

R

wAZE81E (Shortest Path) EAITE—XNT Rz EM&E (M) BE. €
EMAPFERXENHNSTERBRER, BAETIUEA T,

BEEREENALTREEWE 19, HINAR—NZMENEREE. &
72050 FE R P AN T B BB AR AT EARENER  LER, REE
FIBSEMPAZE, NHLEIE £ HRFEAIESH, 19569, Edsger Dijkstrak BT XL iR
EENEE.
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Dijkstrafy &I R E A B AL FINEL T RE EEEET RN/ EX
A, ERERENEFZHE REI TR KE ERTHERSTE, IRIN
ENRRBMNIE T R AREN. ERMREEEENK, o DUHEMNYIBET s —
PRIRNER R |, FRLEFBIHNR/NMINRREZ, BEIZAERD

\\\\\

RS, HWAXRAMBEERE, REFEE NE"  (weight) « B
A" (cost) . “BEE” (distance) M “BR|E"  (hop) FABHIEA. WX
B RRANFEBRMNRE. A" (cost) MWRAESILEN, BEXZERRE
MANER, RINSELEEIE.

‘BEE"  (distance) BEEEEZFTRHEXRZBMHNER, Tr—XPHRZE
HBARA, HA—ERFEELRMBENEF A X4AH, ReasATRTH
MR ZBEEIHRE. (RSB EP—ERBHEAE—E W "FNHB
EMRAMEEE B XEEBNREMA .

RIEEEEIENERTR

FMARKERREETNE—XNTRZ B RERRE, HEMNERESRSE
FEEANEE. fl, ETUREXTIEREE. fzBEEERS &N RERE
FIKRRE R, R UERAXNEE G EMRETS T R B AEE.
ERG=TINETE
® MWENEBZ[EMFME. EFVHERG (ttansThE) AREREE
EHERETREEKIRBERSM.

® LIUMZTMEHRAZBNEEHER, b, SREFINFAEMIZIMNY £
HENTE, ESErEERRBMZEEZOAN, BB RIERNZEHN
HEBKREA

® HE|—MEAFKevin BaconFT i IMAVEB %2 2 [B] A9 Z 4 EE . 7EOracle of
Bacon website. The Erd.s Number Project &t 7 —~ “F1Paul Erdosfy&
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EMZE E9KE{UThEE, H A Paul ErdosE20 L ZEZMNNEF R

o

DijkstrafYE AN X MANE . ZEERE, ARZLEN—IXR RS
R EERERK. MRFOINE, XMRRSEHIAE.,

Neodj F I RIEGHIZE %

Neodj B EEER —MHEMFHEIRE, BNITMUFEATKRITELNENEN
EMREERE. EBNEZINMTETNENREREZ.

FrBENeodiI B EEEE R EEMBERLTEMN. RTMBILZES
#1 direction: "OUTGOING" =Edirection: "INCOMING"k & X BRIAIE E ., Outgoing
RFT H4E, IncomingfoF® T Nk,

AT iENeodi R EEEZBNE, BNTERTERATENE=AS
LR, XRPENTEZNBRINAEEZENERE. AE, EEBBEEENXR
AIEIAXE 410

MATCH (source:Place {id: "Amsterdam"}),
(destination:Place {id: "London"})

CALL algo.shortestPath.stream(source, destination, null)
YIELD nodeId, cost

RETURN algo.getNodeById(nodeId).id AS place, cost

MEIEIRE X T

T +
| place | cost |
o e +
| "Amsterdam" | 0.0 |
| "Immingham" | 1.0 |
| "Doncaster" | 2.0 |
| "London" | 3.0 |
o e +
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XEMRARRRAXRZLEE (FKRSHE) . XEBR(IESparkhEAT E
RHEBREEINER.

BMEZETUBERES —LLH G BLIEMNCyphers Kt EBEX LR EZNRE
B, MTHBRITERENTNERR, ARITELIZBEALEREA

MATCH (source:Place {id: "Amsterdam"}),

(destination:Place {id: "London"})

CALL algo.shortestPath.stream(source, destination, null)

YIELD nodeId, cost

WITH collect(algo.getNodeById(nodeId)) AS path

UNWIND range(0, size(path)-1) AS index

WITH path[index] AS current, path[index+1] AS next

WITH current, next, [(current)-[r:EROAD]-(next) | r.distance][0] AS distance
WITH collect({current: current, next:next, distance: distance}) AS stops
UNWIND range(0, size(stops)-1) AS index

WITH stops[index] AS location, stops, index

RETURN location.current.id AS place,

reduce(acc=0.0,

distance in [stop in stops[0..index] | stop.distance] |

acc + distance) AS cost;

MRFEARBLELEE SEXH, BABEIR, REZLOID 2L IEE
B UBEENEIORAR. XEBTRINES %2\% ZR AR BT IC X —
E1EIRE AT

o +
| place | cost |
o +
| "Amsterdam" | 0.0 |
| "Immingham" | 369.0 |
| "Doncaster" | 443.0 |
| "London" | 720.0 |
P +

El4-62 7~ 7 MAmsterdamZ|London I TN EMNHFEHRE, FEHRIIBEHRD
E/‘]bﬁ—rﬁ o It ﬂZKE?ZO/AE

= 35‘9 .

PRT
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El4-6.AmsterdamAlLondonz B LN EREK R, SEFHE D A&V, #ib
SRAZEEFTERDESNBEATURIEETER. A, EERpET, 11T EEERLE
MNEFEARENEERRHNEMA,

Neodj t F) NN ERFEEKIE

BT BT ENENRERZRE L, #KFAmsterdamFlLondonz [8) A&z %2
B&1Z, PR -

MATCH (source:Place {id: "Amsterdam"}),

(destination:Place {id: "London"})

CALL algo.shortestPath.stream(source, destination, "distance")
YIELD nodeId, cost

RETURN algo.getNodeById(nodeId).id AS place, cost

FBRANEENSE A

source RAERERRTHENATR

destination REBERRERNTR

dist XRBUHMNERR, BrR—XNTHRZEBLRA,

eanee AR MhE 2 AR
BEREIUTER

oo +

| place | cost |

o +

| "Amsterdam" | 0.0 |

| "Den Haag" | 59.0 |

| "Hoek van Holland" | 86.0 |

| "Felixstowe" | 293.0 |

| "Ipswich" | 315.0 |

| "Colchester" | 347.0 |

| "London" | 453.0 |

o +

BIREESZ% 2181t Den Haag, Hoek van Holland, Felixstowe, Ipswich#l
Colchester ! BRAINAZIMNEH TR HNNRIRNEBEE. B, HNM
AmsterdamZ%Den Haag, BAZE59%m. SAEF{TMDen HaagZ|Hoek van
Holland, ZEit{£#k86km, IXIbkK3E. &5, Ff1MColchesterZlikLondon, &3t
£ #5453km,
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FiLE, TNENKREBENEMAAT20AE, RibEitEREHREN,
AT IAEERNE, NImHE2267TAE,

Apache Spark - B9 R EEE1Z

TfEApache SparkfyI B AR, BANFSI 7K BN T RZEHR
HIRR. IMREBEREETRAHN, RtSINEEEEEMRAR, MN&ERE
BRI E RN T Z B &ENEEEE.

MRBMNEER I REONERR (EARFIFIEE) | HNFEEHcost
XNEM, EATEMERANEITE. XMEMABESGraphframe—i&fE A,

R It T A1 1B E £ © HYaggregateMessagestEZR 45 5 311 B C U IS RGBS 12 bR
K, RRSparkI K ZEEERBIERER T NEFEREENERERE, BEEHA]
A PEFERE B CREEL. B XAggregateMessagesfIE ZE 2, 155 [HMessage
pjﬁssing via AggregateMessagesHyAggregateMessagesEh .

MRTTHE, BNEWFAREN. 2ENHXNE. FERMNBCHR
#H, FAENTEEZRNE.R, FSENHHEMTESERNER. TENTOIRE
RASELY, HREEASTTERNEIREZa#HTRL. BLENREECHK
ARG AY A BT IR X A1

HERRREZE, BRITBSA—EREFEANE

from graphframes.lib import AggregateMessages as AM

from pyspark.sgl import functions as F

Aggregate_MessagetRik EGraphFramesEH—ER5r, B&—%H Aidhelper

PAEBRMNKESERE. BINEXCE-TAFAEXRE, ATHRENER
Z BRI

add_path_udf = F.udf(lambda path, id: path + [id], ArrayType(StringType()))

W7, FFERE, TITEMNESFRNREREZE, FEHR Bt /EZaD
1R[]

def shortest_path(g, origin, destination, column_name="cost"):
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if g.vertices.filter(g.vertices.id == destination).count() == 0:
return (spark.createDataFrame(sc.emptyRDD(), g.vertices.schema)

.withColumn("path", F.array()))

vertices = (g.vertices.withColumn("visited", F.lit(False))
.withColumn("distance", F.when(g.vertices["id"] == origin, 0)

.otherwise(float("inf")))

.withColumn("path", F.array()))

cached_vertices = AM.getCachedDataFrame(vertices)

g2 = GraphFrame(cached _vertices, g.edges)

while g2.vertices.filter('visited == False').first():
current_node_id = g2.vertices.filter('visited == False').sort("distance").first().id
msg_distance = AM.edge[column_name] + AM.src[ 'distance']
msg_path = add_path_udf(AM.src["path"], AM.src["id"])
msg_for_dst = F.when(AM.src['id'] == current_node_id,
F.struct(msg_distance, msg_path))
new_distances = g2.aggregateMessages(F.min(AM.msg).alias("aggMess"),
sendToDst=msg_for dst)
new_visited_col = F.when(g2.vertices.visited | (g2.vertices.id == current_node_id),True).otherwise(False)
new_distance_col = F.when(new_distances["aggMess"].isNotNull() &
(new_distances.aggMess["coll"]
< g2.vertices.distance),

new_distances.aggMess["coll"]).otherwise(g2.vertices.distance)

new_path_col = F.when(new_distances["aggMess"].isNotNull() & (new_distances.aggMess["coll"]<
g2.vertices.distance), new_distances.aggMess["col2"]
.cast("array<string>")).otherwise(g2.vertices.path)

new_vertices = (g2.vertices.join(new_distances, on="id",

how="left_outer")
.drop(new_distances["id"])
.withColumn("visited", new visited_col)
.withColumn("newDistance", new_distance_col)

.withColumn("newPath", new_path col)

.drop("aggMess", "distance", "path")
.withColumnRenamed( 'newDistance', 'distance')
.withColumnRenamed( 'newPath', 'path'))

cached_new_vertices = AM.getCachedDataFrame(new_vertices)

g2 = GraphFrame(cached new vertices, g2.edges)

if g2.vertices.filter(g2.vertices.id == destination).first().visited:
return (g2.vertices.filter(g2.vertices.id == destination)

.withColumn("newPath", add path udf("path", "id"))

.drop("visited", "path")
.withColumnRenamed("newPath", "path"))
return (spark.createDataFrame(sc.emptyRDD(), g.vertices.schema)

.withColumn("path", F.array()))

\

MRBAVE R P FEXN T DataFramefs| B, RNEEFH
AM.getCachedDataFrame R E R ZFEA], BUAENITIEFPSBRAFIR.
HERFEREREFR, BAMERXDRECEE TR FH AN SR DataFrame.

MR IAAE B AmsterdamFColchester [B| B EGEIRR TR, FATTT BUX REFRIE
XA R
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result = shortest_path(g, "Amsterdam", "Colchester", "cost")

result.select("id", "distance", "path").show(truncate=False)

B, Zid—BEEGHHG (REIRBIEMTELRE | EROT

|Colchester|347.0 | [Amsterdam, Den Haag, Hoek van Holland, Felixstowe, Ipswich, Colchester]]|
o tom e +

Amsterdam 5 Colchester Z [B s 52 B& 12 A9 2 BB A347/AE, %% Den Haag.
Hoek van Holland. FelixstoweFIpswich, #8tbz T, FAMER EHLERE X
(ZIE4-4) TEENAE ZEX R FE A ENRERZENESZE Immingham.,

DoncasterflLondon,

RIGERIE A : A*

ARFIEBEE AR A DijkstrafVE A, EER—LE, BATERE T —IMRE
ERIRE T HEUOME SE B 2R, BXEFIMSEEN BEARNREM—EB0 .
1%ZE K FPeter Hart. Nils NilssonF1Bertram Raphael & B8, F7E1968FEMIIt X
“A Formal Basis for the Heuristic Determination of Minimum Cost Paths” FRi#{T
TR
EHRZOBERNERERFT, AMERBEREBNFEBEEERAETRE.
X EREFNEA BIRD SR AN BRI T,

,%\

ENRTHITBEAANBRRATTETEEERE. MRBREERMA T H
AR, TRRERMERET LN SHURRNERE, BERNMAZERN. B
2, MRBEITTESMETHBIZAAR, CURSHBEXFRNERERERE (iR G
ARKEER) | MXLEREXFELINSEHEMNBGH, X5t SR ERNG
R

A-IEFERE SR/ NME AT R RIBS 12
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) EMIER
® h(n) ERMTRnE| 19T ,\\\E’\JE%éE’MEﬁEEK EERBRITEMNER.

ENeodjfISLEL R, HIETEEEE (PERE EFANIE=EER) WAE
Bx. ERINMN=PIRBEESET, BNERSMENSENEEEABELR
GRS

Neodj - KA H %

IUTEEHFITAESE IAEFH Den HaagHMLondonz [B] IR GEEF

MATCH (source:Place {id: "Den Haag"}),
(destination:Place {id: "London"})

CALL algo.shortestPath.astar.stream(source,
destination, "distance", "latitude", "longitude")
YIELD nodeId, cost

RETURN algo.getNodeById(nodeId).id AS place, cost

EBLNEENSEN

source REBEERABRHNT R
destination REBEERERNT R

dist XRBHNER, Er—NPAZ ERBHRA. RASRH M EY
istance 1)/ B 5

. TREBEMNER, BTRAE8MNTANGE, EAESEBLAINIT
latitude B — 24

, TREMNER, BATRREIMTRNEE, EHESEREARIT
longitude B — 24
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| "Den Haag" | 0.0 |
| "Hoek van Holland" | 27.0 |
| "Felixstowe" | 234.0 |
| "Ipswich" | 256.0 |
| "Colchester" | 288.0 |
| "London" | 394.0 |
S +

FRRERREL (EEHR) BEEERMNER, BAEEELANEEEL,
ABEBEIR, RN HAEEED,

IR : Yen's K-RAGERIE

Yen' sk-BREBFREESHREBEEZELN, EEARRERNTRZEK
HRERE, METEREBREZNE _&ERR. F=&ERRES &ZUEIk-
1A EIRYES S

JinY.YenF1971F R AT 1ZEE, FOREMAA “Finding the K
Shortest Loopless Paths in a Network” izgﬁij&?'_%—?iiﬁﬂﬂl\]ﬂaﬁﬂ%@%5”5?*21[\]IJE
—BiRE, SHETHRIBRNER. SRMNBFEZNEMTUN, ESEHE
==

Neodj FfYen's& %

MUTEEHITYen'sEE, MUEH GoudaHFelixstowe z 8] I FZEE1Z

MATCH (start:Place {id:"Gouda"}),

(end:Place {id:"Felixstowe"})

CALL algo.kShortestPaths.stream(start, end, 5, "distance")
YIELD index, nodelds, path, costs

RETURN index,

[node in algo.getNodesById(nodeIds[l..-1]) | node.id] AS via,

reduce(acc=0.0, cost in costs | acc + cost) AS totalCost

FBLNEENSEN

start ?ﬂ% RRTIRNT R
end RAERERRERATR
5 BEERNREERENRALRE
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. EREMEMAR, JER T A AEBHRA,. BA2R
distance A AN ARHK

AEREFEEZZE, BRMNEXREITRIDNXEDR, RENESFHIL
HFFIRFER T R

ERWT
o +
| index | via | totalCost |
o +
| 0 | ["Rotterdam", "Hoek van Holland"] | 265.0
| 1 | ["Den Haag", "Hoek van Holland"] | 266.0
| 2 | ["Rotterdam", "Den Haag", "Hoek van Holland"] | 285.0
| 3 | ["Den Haag", "Rotterdam", "Hoek van Holland"] | 298.0
| 4 | ["Utrecht", "Amsterdam", "Den Haag", "Hoek van Holland"] | 374.0
o +

E4-7% 7= 7 GoudaFiFelixstowe Z |8 I R 55 ER 12 .

NEXT
Hoek van
HES NEXT Holland
\ Rotterdam

E4-7 GoudaFlFelixstowe> [8) F B 45 BR 4%

E4-THRERESEMREHREERELL—T, SREREE. BiHH,
ANRUERTEZ RV RERZHHMIERE. EXNFTH FFRENKEE
REUEBRENBEZKIAERE, MRHEMNERNR, BATRPUEFEHK—RAIEEL.

Fir &3 AR R

PRB S5 &H@HE12 (Al Pairs Shortest Path, APSP) EATTEPIA X1 =z (8
MR (M) iR, Bt TXNERNE—XIPHRETREREREEE
( Single Source Shortest Path, SSSP) , APSPHIIERE S,
APSPRBIIREFERIEFEITEMEEHAED S L#HTHTHMA. EItE
FRBHTARNREREN, TUERXEEMEE, RUMERT—HHRHR
B, Earih T MEEN TIERIE,
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BEVR/ZEURTEEENERE, XEREXETRZENXE REREREZ.
BAEARRREIX LT R X HEEE .

APSP 1y =IH

HRIRBAOTHINFREEN, MESBREFIEMAPSP, E4-8FIFREMNT
RAFIEIETT.

Each Step Keeps or Updates to the Lowest Value Calculated so Far
Only steps for node A to all nodes shown

All nodes start with a oo

distance and then the start 1% from A 2" from A 3from A 4™ from A 5thfrom A
node is set to a 0 distance to Cto Next to B to Next to Eto Next to D to Next
A o0 0 0 0 0 0 0
B ) ) 3 3 3 3 3
C o oo 1 1 1 1 1
D 0 00 0 8 6 5 5
E 0 00 0 00 4 4 4

E4-8 NP RAZIFTE HMT RN REBRENT R, HNEFNSERAECNREER

—FiE, APSPEEBRERIMBA DT RZBEEREALRIE (©) . EFEFEDR
B, BZTANEREEN0, ZEMTESREAT
1) MFABETRA, BRITHEZNB TEAMNT RARAEA, HEHRAH
B, 7B (ﬁkztm) HC (BAAL) , BANEFER/NAIMAK. 4
2, BR{NEFECHLE T —MERABN.
2) ME, MHRCEAFETSR BEEEMMAZIFTACREREINAT R
MERBEE. ZRAHKE JE’\JEE%E&ZIKE#, FTSEH{E  A=0, B=3,
C=1, D=8, E=o, IAfDHEH.
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mA. DFMEB xR, EXBEITEMARIBRIEEE S5 MBEISRIE T &
(AL E. E) HUBEBAEMRITEZI XL SIS, EFEE, MK
TRARHE T R ARIEA ARG A RBAYBAIEA (sunk cost, 2
BARBRA) . B8 (F/hd&RT) 1HES
a) d(AA) =d(AB)+dBA)=3+3=6
b) d(AD)=d(AB)+d(BD) =3+3=6
c) d(AE)=dAB)+dBE=3+1=4
i. TP BER, MNHRAZIBEEZIANES, dAA) =dAB)+dBA) =
3+3=6, EAXTEITENTEREE0, FALLEEASEN.
ii.  PRDATEE6FMENITEES, NTEINTEMER, BENH
BH,
ETREEVDREATETR. FDWRNRR2HSRTIENTE, Bite
EM—FHAE.
L RLITEFET A0, REHNNRNEENE  MRZEEHTHTR
&, WEAEEIL,
REAPSPEZHAZL T, TMUABBIHRFTETITE, ENENTR
txk, EE2— 1M EFANE., IRRAFTETEREEAD S ZEEE, BEEER
FHAE.

APSPREEZHIEAHR

YRR BWAES T EAEERN, APSPERE A THEIFFEZHKA. 6
W, ZEERTEERBAN, DUHREEMBEHNRESRKRET. SFEXLEME
AT RZEFT A TR HRE, EFEHAPSP,
T~ ARG EEE
o it mENNENGYNE. EF—MFFE2HEZRmMIgRAE
BEER EEARN B . BXREZER. 1S HR. C. LarsonHA R,
OdonityZ& 1E, Urban Operations Research (Prentice-Hall),
o (EAHEHORITEEZN—&7, EREERERNHRMHT/NERIN
2%, FEAR.Curtis% A A9 SCREWIRE: An Optimization-Based Framework
for Data Center Network Design®, HE L X TXF AT,
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Apache Spark - fJAPSP

SparkfyshortestPaths ek ZI T & MATE 1 2 2| — AR AR T S A&
K12, IRBAVEHKBIME NS EF] Colchester, Immingham, FlHoek van
Holland & %2812, BT EEINTES :

result = g.shortestPaths(["Colchester"”, "Immingham", "Hoek van Holland"])

result.sort(["id"]).select("id", "distances").show(truncate=False)

#PySpark Iz fTIZHE, FATVKERIX D

o o +
| id |distances |
o o +
| Amsterdam | [Immingham -> 1, Hoek van Holland -> 2, Colchester -> 4]]
|Colchester | [Colchester -> 0, Immingham -> 3, Hoek van Holland -> 3]]
|Den Haag | [Hoek van Holland -> 1, Immingham -> 2, Colchester -> 4]]
| Doncaster | [Immingham -> 1, Colchester -> 2, Hoek van Holland -> 4]]
|Felixstowe | [Hoek van Holland -> 1, Colchester -> 2, Immingham -> 4]]
| Gouda | [Hoek van Holland -> 2, Immingham -> 3, Colchester -> 5]]
|Hoek van Holland|[Hoek van Holland -> 0, Immingham -> 3, Colchester -> 3]|
| Immingham | [Immingham -> 0, Colchester -> 3, Hoek van Holland -> 3]]
| Ipswich | [Colchester -> 1, Hoek van Holland -> 2, Immingham -> 4]]
| London | [Colchester -> 1, Immingham -> 2, Hoek van Holland -> 4]]
| Rotterdam | [Hoek van Holland -> 1, Immingham -> 3, Colchester -> 4]]
|Utrecht | [Immingham -> 2, Hoek van Holland -> 3, Colchester -> 5]]
o S +

7 “distance” FFENMMAZILNBFEMNED SEIZMNERTEF I
ZERRRE (EEK) . EFENABIFH, ColchesterE A1 B Ayttbig iz —,
RAUMNEBEIEAENMTRTETIAREAEBE, EEMmminghamFlHoek van
HollandBEEZZFH =Bk = . WMRFANTRIRTT, FATTIUF X LS SRR
BATRABREHF AR {a]

Neo4j FfYAPSP
Neo4jSKIR T APSPHYFHITE L, ZE A ROEN TP RZEMIERE.

ZProcedure I — NS EHER T ERENERZNEN . WREMNEHE
BEAR, BABEKTEMBEY RN Z BN ETNERERERZR.
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ZEHNTES

CALL algo.allShortestPaths.stream(null)

YIELD sourceNodeId, targetNodeId, distance

WHERE sourceNodeId < targetNodeId

RETURN algo.getNodeById(sourceNodeId).id AS source,
algo.getNodeById(targetNodeId).id AS target,
distance

ORDER BY distance DESC

LIMIT 10

WERREENT RZBREBZRR, &X

P RART

R. MRFRHEERHFEMNERDE, XBEREEY. B2, BINAFTEEZSI B
2k, BT A1FE AsourceNodeld < targetNodeld X/MBiERIFE, REHT

Mo

e e e  — — ——  ————————— e
| source | target | distance
e e e  — — ——  ————————— e
| "London" | "Gouda" | 5.0
| "Utrecht" | "Ipswich" | 5.0
| "London" | "Rotterdam" | 5.0
| "Colchester" | "Gouda" | 5.0
| "Utrecht" | "Colchester" | 5.0
| "Amsterdam" | "Colchester" | 4.0
| "Immingham" | "Ipswich" | 4.0
| "Den Haag" | "Colchester" | 4.0
| "Doncaster" | "Felixstowe" | 4.0
| "Utrecht" | "Felixstowe" | 4.0
A e e e  — — —— ——————————————————————————

EMGHBRTIONME, EMNZENERNXRARS, RATRNEKRLKRE

FHEFIZER (desc) o

WRBUHEKRENINNER, BRAEZEEABZ—ASREE TEFR
BERERERTERPERNAANET SR, X, BEENZEMHTIHE SHE

X R Z B R A IS 1=
EITTER

CALL algo.allShortestPaths.stream("distance")

YIELD sourceNodeId, targetNodeId, distance

WHERE sourceNodeId < targetNodeId

RETURN algo.getNodeById(sourceNodeId).id AS source,
algo.getNodeById(targetNodeId).id AS target,
distance

ORDER BY distance DESC

LIMIT 10
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ZERAOT

e +
| source | target | distance |
i +
| "Doncaster" | "Hoek van Holland" | 529.0 |
| "Doncaster" | "Rotterdam" | 528.0 |
| "Doncaster" | "Gouda" | 524.0 |
| "Immingham" | "Felixstowe" | 511.0 |
| "Den Haag" | "Doncaster" | 502.0 |
| "Immingham" | "Ipswich" | 489.0 |
| "Utrecht" | "Doncaster" | 489.0 |
| "Utrecht" | "London" | 460.0 |
| "Immingham" | "Colchester" | 457.0 |
| "Immingham" | "Hoek van Holland" | 455.0 |
i +

MAEBMNEBINEMEREEZT AN ARIZNIONT X, FE,
DoncasterflE i = A — e I . R IR 1A 71X X Lo ih X 17— R /ABR R
TR9IE, BEXEFREKAEE.

= Y
BB AERE

BIRERIEKTE (Single Source Shortest Path, SSSP) &k 7EDijkstrafy s 22 B8
REANAERNER EHI, AR —REREMEERE &REREZEOMAOLIN.

SSSPEAMTE T MR REIEFRE LMY RRE (NE) B, ME4-
7R,
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1+4=5 1+4=5 or
14+3+2=6

1)

2) MIRTRITEENESRIMKNETN SR, FREXNTREFER, MAZ
e, St—E#MARN ENEFXANH RBEEREMT R, EXd
fBlFH, dAD)=1,

3) EfARBETRF, MRFRITHERNER/NET SFIEFELE,
WARMEIW £, BAIERE4-9FHEFERE(AB)=8,d(AC)=55E=A-D-C
XAEERH4, dAE)=5, EIk, A-D-CH#EH, CHEARMEIM L.

4) FEERBXAN#HTTE, BEXEFNTRBERINHEEX, BNM®EET
SSSPHYERZL4E R,

SSSPEIZHE AZ=
LEBBIFEN— D EEOER SR AL RN T ANRERZN, 35
AEMSSSP, F MM RIRE— AR TSN BB AR ERERE,

SSSPEZHWARMER BN P RRKERRR, BEME N RBFTERFRNESD
o(tegn, NERPBER) , XPEEERER.
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Blgn, SSSPHMITHEMRTERRSNERRE, ANESRX—KEFHT,
RHAAFEISMR, RRABBEHITEIEE. ABRERNSZ ST,
SSSPHAEH, FANREIKRNZRT, REABIEGMR (EREZXNS
=%, U MNERARNERMNEL XEEREHE) .

T AR

o MBI TA, KK, FRWES - DBREMPRAFNET

M,
o AREEM (LAN) XHFHMBERST, fEMDijkstraflIPES ML

=
o

Apache Spark E fSSSP

AT AR ZRshortest_pathRESRITE— PR FFFEHM T RMNES.,
=, BRIVEEXEASparkfyaggregateMessagestEZR 3k i il F {1189 R £
HMNBELESASUFHERNE

from graphframes.lib import AggregateMessages as AM

from pyspark.sgl import functions as F

BAME AR B AP E X R BCR PGS
add_path_udf = F.udf(lambda path, id: path + [id], ArrayType(StringType()))
UTEERE, EIHEMNED/RITHNRERRE |

def sssp(g, origin, column_name="cost"):

vertices = g.vertices.withColumn("visited", F.lit(False)).withColumn("distance",F.when(g.vertices["id"] == origin,
0).otherwise(float("inf"))).withColumn("path", F.array())

cached_vertices = AM.getCachedDataFrame(vertices)

g2 = GraphFrame(cached _vertices, g.edges)

while g2.vertices.filter('visited == False').first():
current_node_id = g2.vertices.filter('visited == False').sort("distance").first().id

msg_distance = AM.edge[column_name] + AM.src[ 'distance']

msg_path = add_path_udf(AM.src["path"], AM.src["id"])

msg_for_dst = F.when(AM.src['id'] == current_node_id, F.struct(msg_distance, msg_path))

new_distances = g2.aggregateMessages(F.min(AM.msg).alias("aggMess"), sendToDst=msg_for dst)
new_visited_col = F.when(g2.vertices.visited | (g2.vertices.id == current_node_id), True).otherwise(False)

new_distance_col = F.when(new_distances["aggMess"].isNotNull() &
(new_distances.aggMess["coll"] < g2.vertices.distance),
new_distances.aggMess["coll"]) \
.otherwise(g2.vertices.distance)

new_path col = F.when(new_distances["aggMess"].isNotNull() &
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(new_distances.aggMess["coll"] < g2.vertices.distance),
new_distances.aggMess["col2"].cast("array<string>")) \
.otherwise(g2.vertices.path)
new_vertices = g2.vertices.join(new_distances, on="id", how="left outer") \
.drop(new_distances["id"]) \
.withColumn("visited", new_visited_col) \
.withColumn("newDistance", new_distance_col) \

.withColumn("newPath", new_path col) \

.drop("aggMess", "distance", "path") \
.withColumnRenamed( 'newDistance', 'distance') \
.withColumnRenamed( 'newPath', 'path')

cached_new_vertices = AM.getCachedDataFrame(new_vertices)
g2 = GraphFrame(cached new vertices, g2.edges)
return g2.vertices \
.withColumn("newPath", add path udf("path", "id")) \
.drop("visited", "path") \

.withColumnRenamed("newPath", "path")

MRIFAVEIKE MAmsterdamZ Fr B H A S A9RIEER R, BT DUXHEE
R

via_udf = F.udf(lambda path: path[1l:-1], ArrayType(StringType()))
result = sssp(g, "Amsterdam", "cost")

(result

.withColumn("via", via_udf("path"))

.select("id", "distance", "via")

.sort("distance")

.show(truncate=False))

BMNEXT XA R, MEREZPITREFFRMERT R
WMREZITIZREE, ERAOT

S Fommmm o o +
|id |distance|via

S Fommmm o o +
| Amsterdam 0.0 11

|Uutrecht |46.0 11 |
|Den Haag |59.0 11

| Gouda |81.0 | [Utrecht]

|Rotterdam |85.0 | [Den Haag]

|Hoek van Holland|86.0 | [Den Haag]

|Felixstowe |293.0 | [Den Haag, Hoek van Holland]

| Ipswich |315.0 | [Den Haag, Hoek van Holland, Felixstowe]

|Colchester |347.0 | [Den Haag, Hoek van Holland, Felixstowe, Ipswich]

| Immingham |369.0 11

|Doncaster |443.0 | [Immingham]

| London |453.0 | [Den Haag, Hoek van Holland, Felixstowe, Ipswich, Colchester]]|
S oo o +

AEXEERS, FATT IAER MAmsterdamiX MRAR T 2 2 & 1 A H AR
mHIEREE (UAENBA) | BERIKHF.
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Neo4j - SSSP

NeodjSKER 7 SSSPEY (AR, IRz ABEWWHEE (Delta-Stepping
Algorithm) , B DijkstrafEE D A Z AT IFITHITHMNER
PATIATHER

MATCH (n:Place {id:"London"})

CALL algo.shortestPath.deltaStepping.stream(n, "distance", 1.0)
YIELD nodeld, distance

WHERE algo.isFinite(distance)

RETURN algo.getNodeById(nodeId).id AS destination, distance

ORDER BY distance

ERWT
Yy +
| destination | distance |
Y Yy +
| "London" | 0.0 |
| "Colchester" | 106.0 |
| "Ipswich" | 138.0 |
| "Felixstowe" | 160.0 |
| "Doncaster" | 277.0 |
| "Immingham" | 351.0 |
| "Hoek van Holland" | 367.0 |
| "Den Haag" | 394.0 |
| "Rotterdam" | 400.0 |
| "Gouda" | 425.0 |
| "Amsterdam" | 453.0 |
| "Utrecht" | 460.0 |
T Yy +

X LR, BT IAEEIE MIRT = LondonZ 8 H A i A943EEE
B (UAENBA) , BERIKHF.

B /N

BN (IIR) £ RHEE (Minimum Spanning Tree, MST) EM— M4 EH
TR, HEFAEUIANT R FFESLEXEDS SN ER M/, EME
AR RE A%, RESR/INEIHE TR, MARFEIR,
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ERRF R Otakar Borl vkaT1926FEH A 7T HE—PNEMIITR/N (INE) £/
REE. PrimfyEE, KAF1957F, EREEMKRZERBN, PrimPEELXUT
DikstrafV A2 HE %, BEARR/NMENXAEANBRAKE, MmERMLk
ENERNKE. SDikstrafEEARE, EAFNENRA.

B/NVE RN E A BB EZNE 4 - 10F 7,

E4-10.F/NE R EE NS B

SEBOT
1) BY, MREs— Ta. EE4-108, TN BEATE.

2) BEFRBZTANRNMENXRFEERNNEN (KEEENT
R) o EHEINERF, ZA-D.

3) XNMEREREEREN, BEEFEENPEETDRN&RNMEXR.

MRFXEN B SEA-9FHISSSPREIHAITILR, IREEREAEE N E
B, BEIBERAE. X2HEASSSPREMRIT M RiT SBCRITEREHZ,
&/ NE B R 25 T — B9

LRAEZERMOYRN, MER/NESN. IMEZEE—LETE, o
MBI R ANEENN (REMAR) MKERH (KRNER) .

MSTEEHE ARG R

HFBRFEFETRANRERHYN, BEAR/NERN. RAOBEERET
—SHRARIEFEN, TS ROAEKITEFRENFE T RN, eEERR.
RO MERLEEACERER G (MKEMERRRIT) MR, EXEATIE
—ET B EARENAY ), MRk R LRIABRL R, RARZEER—
ERREREENRINE BeEESERLLBAIERANBENITEENEZEE,
BB EE
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ROgEERRZ—1TERORITHAA. “An Application of

Minimum Spanning Trees to Travel Planning” iR 7 &R a9 #An =S
g EAERLIIX— =

FEEEMERZEIMNEXM. X7E “Minimum Spanning Tree
Application in the Currency Market” H#477 #8iA .
EBEEETFREFENHLE, AXELZELR, BESH © “Use of the

Minimum Spanning Tree Model for Molecular

HY

Epidemiological Investigation of a Nosocomial Outbreak of Hepatitis C

Virus Infection”

RNEFREEZREXRREBAANENE LETHNEEERXNER. W
REZENE, SHEZMEXASEFHRNONE, BAEATERWERRZ R/ N,

Neodj_E gy /)N 4 B

UHMNBEMSTEEAMNIER. UTEEEHMAMsterdamFF 48894 B

MATCH (n:Place {id:"Amsterdam"})

CALL algo.spanningTree.minimum("Place", "EROAD", "distance", id(n), {write:true, writeProperty:”mst"})

YIELD loadMillis, computeMillis, writeMillis, effectiveNodeCount

RETURN loadMillis, computeMillis, writeMillis, effectiveNodeCount

EBLNERNSE N

Place TTE A A EE BT SR

EROAD TTEAERNNEEENXRKE

distance FRR—XPRZEBHEANXREMEZIR

id(n) 4 RO R 1Z MR TR B9 TS R BY A ER TS 1D
hEEKHERFEERY ., MRBREK/IWNEERN, Bzt TE

16

MEDICAL 5 Al B9t =E E&% 78



MATCH path = (n:Place {id:"Amsterdam"})-[:MINST*]-()

WITH relationships(path) AS rels

UNWIND rels AS rel

WITH DISTINCT rel AS rel

RETURN startNode(rel).id AS source, endNode(rel).id AS destination,

rel.distance AS cost

ZBMT . (Neodj FMMSTE X H [G)#)

o P S +
| source | destination | cost |
oo P Fommmm e +
| "Amsterdam" | "Utrecht" | 46.0 |
| "Utrecht" | "Gouda" | 35.0 |
| "Gouda" | "vRotterdam" | 25.0 |
| "Rotterdam" | "Den Haag" | 26.0 |
| "Den Haag" | "Hoek van Holland" | 27.0 |
| "Hoek van Holland"| "Felixstowe" | 207.0 |
| "Felixstowe" | "Ipswich" | 22.0 |
| "Ipswich" | "Colchester" | 32.0 |
| "Colchester" | "London | 106.0 |
| "London" | "Doncaster" | 277.0 |
| "Doncaster" | "Immingham" | 74.0 |
+ +

El4-11.Amsterdam B9 &/ MY E A A5 R
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WMRFATEAmMsterdam, FEEBER—KIRITH A ROEEE S FROHEHM
7, E4-1187R 7 RAERESRRZ

BEHLITE

MEHTEHE E(Random Walk, RW)&7EEHEIREYLEEE DA RAMRMH—AT
=, Karl PearsonfE19055F 4 {Nature) ZEM—HBA “The Problem of the
Random Walk” BYEHERIEE TIXME. REX—HET B HE EimaythrT,
BER&IL, BHITEA MY AZINERZES,

—RERUE, —RBEAITER IR A KT BN . Ah{1xnE
B EZANTEHE R, EUSE—FEFTTONBEEEANE,

ZEEN—IT SRR, ERMERE LHEVIMRE— N XREESEERIL

B, BMRESMEN, BA—DTRMENBEZENXRFESTH— TR
Wi h AR . )

RWHIE R 7%

UFEEER—HRTBAEZNT S8, TSNS EEEREEME
EHHEEEN D
T~ ARG EEE
® {EAnode2vecHlgraph2vecEEM—&, BIET RN, XERHS
AT AEREMNZ RN
® {EWalktrapFlinfomaptt XM —&RD . MRFEYITEERIRE—/)
AhHm, WRADRETEREGHXEN,
® (EANSBFEIREINGIEMN—ED . X—mFEDavid MackiI X E
Review Prediction with Neo4j and TensorFlow & #—F By HEiA .
{RTOTILZEN. Masuda, M. A. Porter, #1 R. Lambiottef— B2 X H[#iLE L1
B4, Random Walks and Diffusion on Networks,

Neodj F FYRWE ;%

Bt
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NeodiSKIL 7T MV EHE X, EXHEREENEIMNNREF T —NEERIX
AR FFREL

® random, BEALIEFEZEIREFAIXHR

® node2vec, RIBITEI—MBBHMELMEFRERERAIXR

PATIATES -

MATCH (source:Place {id: "London"})

CALL algo.randomWalk.stream(id(source), 5, 1)
YIELD nodelds

UNWIND algo.getNodesById(nodeIds) AS place
RETURN place.id AS place

BILEENSER

S BX

id(source) R ITRERE R AREBTH =ID

5 BEALATE AYER R 5K

1 BMNBEHENBIITESR
EELERIT

e

| place |

P +

| "London" |

| "Colchester" |

| "Ipswich" |

| "Felixstowe" |

| "Ipswich" |

| "Felixstowe" |

P +

EITENE I, ﬁiﬁlﬁﬁﬂiﬁ%‘l‘—/\%%o XERE, ARFEMNE
f_ﬁ%i% RIfEEAERNSE, FA10T8E 'E'Z"H‘EHE’] ER. HITHET
fTiR[E, NE4-12Fr7~, MAmsterdamZ|Den Haggﬁ

—— NEXT — ‘ NEXT ‘ NEXT — ————— NEXT
~ NEXT ———

E4-12 M LondonFF A ke TE

P

0o ~H
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BRI EHE L (Pathfinding algorithms) X FIRBEIENERTRREA.
EAREZEFR, RIMNEBENATEAN EMREMKLEE (BFS&DFS) , AEHN
ZDijkstrafI E MR ZEE (Shortest Path) . BATEAR T R EEEME
& (Ax&Yen's) , XEEERUETUREIIN— D RBITEEMT = (SSSP)
SR T RE T ANz ANREREZE (APSP) . Bl T EVIFEE % (Random
Walk) , TTIXARIFIHERBRE

BTRBAES TROREE, BT MUAREE RGBT A.
HERIE

B ZEERE BEAERREN, ERETEAMSHEEE
{Algorithm Design Manual) , HSteven S.Skiena (Springer) #5E, {15271
FIXARHR BA AL T KXk TRABERZMZITIRANEGERBENOA, HEPLRE
RNT BEFEENERENA
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FRLE FOHERE

FUEE L (centrality algorithm) ATFEBESEFED RNAERETMLE
&, ZFUNER, ERAXEELRBIRANREZNT S, FEEN T @
7, FINTEE. Thbt. SUERNREEMABEEZENHFE. REXLE
BEERETZR AN AR, EEMEKE&MTLMIui+E87
R A

BATBNBUATEE

® EFrhu M (Degree Centrality)EE RN ELES

® ZXEmrulME (Closeness Centrality) ATNET /RXEHENEX, B

W E RN R TR

® hfyruM4E (Betweenness Centrality) FAT&EHES S, BIF— ML
BTt EE

® MTUHE (PageRank) AR T BEGMMEIN, BIF— M HAHMT
HEB &K

AENPOMEETRNEEENAR, EMeEEEZZBZEEZNER
#R. SREIRMBZRNNE, HFHFRE-TREANEERETETENIE
B BIGMBRXLERXMEA T, FESparkfNeodj FETRhl. MR—DEE
H—MEEEATH, HFFaZENERHAER, BIERE#—DFE LN
.

ES- 12T FOMEETNEENEAERZ BHNER, RS- 1Z28MEE
EATBITRERESE .
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Closeness

Which node can most easily reach all other
nodes in a graph or subgraph?

Degree
Number of connections?
“A”has a high degree

“B"is closest with the fewest hops in its
subgraph

Betweenness

Which node has the most control over flow
between nodes and groups?

PageRank

Which node is the most important?
“D"is foremost based on number &
\. weighting of in-links
\ “E"js next, due to the influence of D’s link

51 BREMM OB R R E B

“C" is abridge

F5- 1AM E AR
=By il S {5 FH 24451

RIE—DPAEZHXRR (NE) KA
A MR, RIEMISINEIZHIK | Yes No
A (Hgh) THEEEM

MEFNTH R

EHub LR E

@B (%

. WEBABEE | o i st et A g
£ : Wasserman & 5| £ A5 5 B 6 A=A KRS HE — MRS
Faust, HarmonicH %%%ﬁﬂm KRB FETHBEANEMNM Yes Yes

o)
RAFOE (RA-

WEET—T | e o i A
ey zgﬁmﬁ%maﬂ%@,u&ﬁ%m o | ves

Brandes) B

RETALER

AR &
R MBI RME | oy oo s 5y ot ) B B ) ROASAE,
(Tt - AL
TTHEE)

R B X LRI
RETR, KiE
BT RNE
B

AEREE LB PRBELERIMEERE | Yes Yes
XA#HITHEF
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—EhOMERTESY T RZENRERRZ. INTNEEREN, EE
NFRBWERY, HELEAARTN. ATEEREEENKIETHE, —L£8%
(g0, hiduit) BEERE.

B, BATEABMNN=PEREIESR, TR EIES A Apache SarkHINeo4
B, RS- 1PFIRMIRFN B NEE. BROENTEENEERIR TR, &
ARENREEXRTEWEIRENRERER . ¥ TIRINEMEEL, BaRME
B, REBEPEEREXRBREEINEASRES. BMNESIBIR
B, FErpEiEE LR RGIRE,

EFANTTRIE !

BER=H : 13X E

IR S B OIS RNEEEX, B2 TMKRMT —FIEEHEXNTT
XERERHSHWMERRE . REFOGT2E— MU Twittertry/ NRIEE L1
T8, BT AMGIthub E TET RMAERIM, BATEHENREIZE.

7<5-2 social-node.csv
id

Alice
Bridget
Charles
Doug
Mark
Michael
David
Amy
James

%<5-3 social-relationships.csv
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src dst relationship
Alice Bridget FOLLOWS
Alice Charles FOLLOWS
Mark Doug FOLLOWS
Bridget Michael FOLLOWS
Doug Mark FOLLOWS
Michael Alice FOLLOWS
Alice Michael FOLLOWS
Bridget Alice FOLLOWS
Michael Bridget FOLLOWS
Charles Doug FOLLOWS
Bridget Doug FOLLOWS
Michael Doug FOLLOWS
Alice Doug FOLLOWS
Mark Alice FOLLOWS
David Amy FOLLOWS
James David FOLLOWS

E5-2RIL T HATEEMENEL.

[ \
l Michael |

FOLLOws

ot

FoLLOWS

( [ \ { ou |
| David ] | Bridget FOLLOWS | Boug y kS
y \ /

. a FOLLOWS

| < o,
| g N %
Amy | ) Loys

/ \
| Charles FOLLOWS .
\ Alice

&5-2 ER R

BHFE—NMRRKNAFE, ellzEEEE, mAasds—HoR/NRRE%
BEZIRAKNWHAAA L, EMIMEEZEZMAN. ETXLcsvHERNRE, &,
{1457 ZESparkFINeod|F B A,

B EIES A Apache Spark
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B, BATEEENE MSparkF1GraphFramesf S A

from graphframes import *

from pyspark import SparkContext

AT AT AR ALK AR BB esv LB — 4 GraphFrame

base = "file:///home/retire2053/source/graph algorithms_resources/"
v = spark.read.csv(base+"data/social-nodes.csv", header=True)
e = spark.read.csv(base+"data/social-relationships.csv", header=True)

g = GraphFrame(v, e)

HEFEFANeodj

BETR, BATEEIBEHTINeodj, NTEMBEARARSAT R,

WITH "https://github.com/neo4j-graph-analytics/book/raw/master/data/" AS base
WITH base + "social-nodes.csv" AS uri
LOAD CSV WITH HEADERS FROM uri AS row

MERGE (:User {id: row.id})

ARERIFAKRER

WITH "https://github.com/neo4j-graph-analytics/book/raw/master/data/" AS base
WITH base + "social-relationships.csv" AS uri

LOAD CSV WITH HEADERS FROM uri AS row

MATCH (source:User {id: row.src})

MATCH (destination:User {id: row.dst})

MERGE (source)-[:FOLLOWS]->(destination)

WE, BIMNEEELMERT, 2EABFERAELENRET .
\
E ik

it (Degress Centrality) RENEEABFRITRARELNE L. ©
TET R EEAMRHEXRNEE, ZEEZITUATERSEH #" (poplular)
M5, EduiiELinton C. FreemanZE 1979 A X “Centrality in Social
Networks: Conceptual Clarification” Hig2HH,
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Fi.5eE (Reach)

TRMEHASEE (reach) REEEEMMEERE, — T SEERE S D
MEMTS I TRMNE (Degree) EEMEAMEBEZEXARANEE, BRENE
FHAEER, ROTEERNZTRNEERAT S, fimn, —NEERNFERM
ZARETAEHNASERSEENER ALMBEERZHRE L,

MREIFIIE (average degree) REXRDHBRUT R EE  FHEHE
SESEDSEHN, WHERETSAZHFEY. EH%H (degree
distribution) E#EVIEFENT REEENEHAME.

El5-33t B T Subreddit b, FRZ [BEZEMIGOTNER. WRIREEM
BUESE, REBREXSEFAEIONEE, MEFREASHFIBMIAF2MNERE.

100} \
Most subreddits have 2

80 | connections

60 But the Average Degree is 10

Number of subreddits

0 10 20 30 40 50 60 70
Number of connections (degree)

& 5-3.Jacob SilterrapaZs il F9IX 5K Subreddit E 9> % B 7 — Mo+, BB ER B A~
SR EE Y SEFR > . CC BY-SA 3.0,

XETHE AT MR BH#THE, WHE2EITIRBE RSN (Scale-free)
S/MESE (small world) W%%, EfERIRRM T —MRE R IE e R B BT 4 M
2P ARSI AN BT REME
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B EREERNE SR

PREHEBEIEERANEZERRANBERSTEE, HEBREEDITR
By RTE . IEER CEOon o SIROIAMERMEN, ERREFHIE,

MR T, HERBTEENENRNMEE. RAEE. FHEENRERE
B, EfOMtNRTERD.
B RBIEE

® BITAFRKRIRANENENDAN, FlanitZNEFRIABRER ., fFla,
ZEBrandWatchfy “Most Influential Men and Women on Twitter 2017”
B, GANEANRETSZEA BIT40000 BH L,

® KHIEESHELZHEEINMENEEARDH. BUEERNMB O EET
REES, BAAM{INENEANMIRSN1E. %P, Bangcharoensap
% A2 X Two Step Graph-Based Semi-Supervised Learning for Online

Auction Fraud Detection,
f£Apache Spark_F 9 E iy E %

Y, HANAMTARBRMTEROMHEE

total_degree = g.degrees

in_degree = g.inDegrees

out_degree = g.outDegrees
(total_degree.join(in_degree, "id", how="left")
.join(out_degree, "id", how="left")

.fillna(0)

.sort("inDegree", ascending=False)

.show())

BERTRELES, #EHENEER. REIEXLDataFrameEE
—i, ERAEERREIEFASZREXANETTR. URTRXBEXRR, U

5 Afillna sk EURHIZE R E A0,
THERZpyspark iz TRIBH 4
+

TR S T T +
| id|degree|inDegree |outDegree|
TR S T S TP tommm e +
| poug| 6 5| 1|
| Alice] 7] 3] 4|
|Michael | 5| 2| 3|
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|Bridget | 5| 2| 3|

|Charles | 2| 1] 1]
| Amy| 1] 1] 0|
| David| 2| 1] 1]
| Mark | 3| 1] 2|
| James | 1] 0] 1]
TR S T S TP tommm e +

BATT UEES-4FFE], DougeBE M Twitter B RZXIMMAS, BEN
BiEE (EfEEF) . BRzEsrmE B Ao Et, mmRF—1TA
HEELWNTwitterME R, ZABRSHNEEZENE, EEFEXFIRIOMA. FHILE
1787 A HDougR & A |

™\
\
| Michael Fouows
P— \
[ A
P | Charles | = |
Y \ / FolLows | Bridget
{James | 4 ¢ X
Q pr =i 5] A
~ 3 [®)
# 3 R
%, ey 2 O
s . o, o
T “s, cono™ @
y — ye 2
/ \ oy, <, ] ¢
[ \ 0 % g 5
N | David | p s s g S
/ y E|
/ |, rouows y | 3
Am ] 4 (
L - { Doug
/1‘ ",
® ) y FoLLows
o \ i
oW N y 3
—— | Alice
W
y @ Fouows
N
\ __
| Mark
\ y
\ 4

F5-4 8 RO R TTRAL,

WRBNEAESBE—NETHRSXINAANIE, IEREBRWALX
BRER, BUToT AR AL EERIRAIIXLER A,

HLEBETHREEXARENEEERNT A ﬁb%ﬁ?f/\i*ﬂﬂj(é?%ﬁ?l\
MiEL, %ﬂ/—\?ﬂﬂ—%#%ﬁiimﬁ%’ﬁ,’%’l‘f{ RO RE R E AT B EE X
BENTR, HEERRETEBRRLEAA—INE.

%‘é%‘ﬁlﬂ'l}'ﬁ
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E &ML (Closeness Centrality)Z—fe il 1 il id 7 E S &E S H M
7%, ZITEEERTREMAHMT RMEEENERE. sEBPOMHNTR
SHRERMET fRMEBRE.

ERATANNREBRITENEM L, EBFONEE HTE—IDRE
FrE Rt T REEE M. REESENAKEL MREZT RNEEEH O
/. TREEBPOERUTHARNKITE

1
"2 1d(u,v)
TSN W
® U TR,
® nZ2EPHITH SR
® JdUVEF—NTAVAMUZEMNRERZESE.

C(u) =

ERNNERZp#E—, FEZEIRKREEBENEHKE, IAEE
MM A, XMIBEATFILRAR X/ NET RNEBEEFOME.
B ENERR AT :
norm(#) = _nl;l
T, 1d(u,v)

REFOMRENERSR

C

BRFJBEHNERN T A EZRBENERARRE, NEARER O, EERFO
MEEFR, FAMKRNE, SFNEM TG AMTAMTHNZTERE.

BB

¢ LIUNEHIFMRANARAANEZEFEENRELTEETRHUENIA, X
FHE—INH5R2ZV. E. Krebsfy “Mapping Networks of Terrorist
Cells”

® {EA—MBAINTE AT HITHEEMERIMFHNENARNE, TR
HEFR, ARBIREREREMEEXNEIR. EXRHARSB BT
Fr A sF2s R E R REAIER, flandid Bttt XERBAy =R, &S P
Borgattify  “Centrality and Network Flow” H#%Z|E LT,
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o TPNVAAETETERMNXCEFIRIUIRE, i h X RENER
M, X
Graph-Based Keyphrase Extraction” FRE A,

ZmMROMEEBE FMREY. SZARNNAT— I NERERN, B
TRZEMNEBELMRN, BIMPRZEREHEE. XBKRE, SR(IITERET
REBANPHRAEEEFH RN, BIMBEEFH—NERAKHEBRF O, £ F—
MRBlZEREERE AN TE, BXRERXIER.

I 2 HF. BoudinfE “A Comparison of Centrality Measures for

Apache Spark F f EZ GO EE L

Apache Spark ¥ FiRt— M EZFOHENRNEE X, EE2ENTIUA
aggregateMessagestEZRk LI, X MERAE R EE EBAEELN AL T .

ARMNEZEREHZE, BNFTESABZHAENE.

from graphframes.lib import AggregateMessages as AM
from pyspark.sgl import functions as F
from pyspark.sgl.types import *

from operator import itemgetter

BRI HEESHEE I BRI BE X &KE (user-defined function)

def collect_paths(paths):

return F.collect_set(paths)
collect_paths_udf = F.udf(collect_paths, ArrayType(StringType()))

paths_type = ArrayType(
StructType([StructField("id", StringType()), StructField("distance", IntegerType())]))

def flatten(ids):
flat _list = [item for sublist in ids for item in sublist]

return list(dict(sorted(flat_list, key=itemgetter(0))).items())
flatten udf = F.udf(flatten, paths_type)
def new_paths(paths, id):

paths = [{"id": coll, "distance": col2 + 1} for coll,

col2 in paths if coll != id]

paths.append({"id": id, "distance": 1})

return paths

new_paths_udf = F.udf(new_paths, paths_type)

def merge_paths(ids, new_ids, id):

joined_ids = ids + (new_ids if new_ids else [])
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merged_ids = [(coll, col2) for coll, col2 in joined_ids if coll != id]
best_ids = dict(sorted(merged ids, key=itemgetter(1l), reverse=True))

return [{"id": coll, "distance": col2} for coll, col2 in best_ids.items()]
merge_paths_udf = F.udf(merge_paths, paths_type)

def calculate_closeness(ids):
nodes = len(ids)
total_distance = sum([col2 for coll, col2 in ids])
return 0 if total distance == 0 else nodes * 1.0 / total_distance

closeness_udf = F.udf(calculate_closeness, DoubleType())

closeness_udf = F.udf(calculate_closeness, DoubleType())

UTREBETESI D REEHOM

vertices = g.vertices.withColumn("ids", F.array())
cached_vertices = AM.getCachedDataFrame(vertices)

g2 = GraphFrame(cached _vertices, g.edges)

for i in range(0, g2.vertices.count()):
msg_dst = new_paths_udf (AM.src["ids"], AM.src["id"])
msg_src = new_paths_udf (AM.dst["ids"], AM.dst["id"])
agg = g2.aggregateMessages(F.collect_set(AM.msg).alias("agg"),

sendToSrc=msg_src, sendToDst=msg_dst)

res = agg.withColumn("newIds", flatten_ udf("agg")).drop("agg")
new_vertices = (g2.vertices.join(res, on="id", how="left_ outer")
.withColumn("mergedIds", merge paths_udf("ids", "newIds",
"id")).drop("ids", "newIds")
.withColumnRenamed( "mergedIds", "ids"))

cached_new_vertices = AM.getCachedDataFrame(new_vertices)

g2 = GraphFrame(cached new_vertices, g2.edges)
(g2.vertices
.withColumn("closeness", closeness_udf("ids"))

.sort("closeness", ascending=False)

.show(truncate=False))

ZERWMT, Alice. DougfDavidEEFEEEEENTR, §9H10, XX
”*%ﬁ/\w,m%ﬁﬁkc EEIEPEBOOME TR,

|Alice |[[Bridget, 1], [Doug, 1], [Charles, 1], [Michael, 1], [Mark, 1]] |1.0 |

| Doug |[[Bridget, 1], [Charles, 1], [Michael, 1], [Mark, 1], [Alice, 1]]|1.0 |
|pavid |[[James, 1], [Amy, 1]] 1.0

|Bridget|[[Doug, 1], [Charles, 2], [Michael, 1], [Mark, 2], [Alice, 1]] |0.7142857142857143 |
|Michael|[[Bridget, 1], [Doug, 1], [Charles, 2], [Mark, 2], [Alice, 1]] |0.7142857142857143 |
|gJames |[[David, 1], [Amy, 2]] |0.6666666666666666 |
| Amy |[[James, 2], [David, 1]] |0.6666666666666666 |
|charles|[[Bridget, 2], [Doug, 1], [Michael, 2], [Mark, 2], [Alice, 1]] |0.625 |
|Mark | [[Bridget, 2], [Doug, 1], [Charles, 2], [Michael, 2], [Alice, 1]]]0.625 |
Fommm———— e Fm +
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&l5-51 Bl 7 BMfEDavid E B A FF R RBJLPER, TE{J@EF@E’\JEWSEP ub~
EEM. HAEE, XMDERTEIAAERETRE (BREBNINTE) 75H
AP ZENRBREE, MA—E£E.

pur—

y B
\
( Michael | FoLLows
/
Vi (Ch;r;e: ] T r//—\\"‘\
f ) % Fouows | Bridget |
| James ) ~— f \ 4
> & 3 Fo(l N
% % e O
0 - Q%
//_/ \,\ 1,3 “0\‘\_0\;15 i_‘
4 \ Foy %, ] £
David ) S s Ot g 38
— » 3
; / \ ¥ o\ALO‘“E’ \\ / /)/ D 8
4 1
|\ Amy /} — Doug
. \ / o 5NN
\\ 4 FOLLOws p- N
o o 4
R :
Alice
W |
‘o\A‘o FOLLOWS "\'-4—/
// B \\
[ Mark |
N
||x SR Sl N
E5-5. 28 TR T AL

Neodj b {9 B & .04

Neodj E BN TTHARKELIMEZFOMHE L,
n-1

" Y, v)

v=1

C(u) =

EXN AT,
° — PR

® nERAEHFIAMN (component) AHREE
® d(uv)ZHMT avAluz B REKEE.

EFMTEE, BEHERBENDSOERTOM.

CALL algo.closeness.stream("User", "FOLLOWS")

YIELD nodeId, centrality
RETURN algo.getNodeById(nodeId).id, centrality

ORDER BY centrality DESC

UTRIZITHER

+
| algo.getNodeById(nodeId).id | centrality
EEZE 94
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| "Alice | 1.0 |
| "Doug | 1.0 |
| "David | 1.0 |
| "Bridget" | 0.7142857142857143 |
| "Michael" | 0.7142857142857143 |
| "Amy" | 0.6666666666666666 |
| "James" | 0.6666666666666666 |
| "Charles" | 0.625 |
| "Mark" | 0.625 |
S +

BAEE T SSparkEABRIMER, B2, MMUR—#, 2EBRRT @1E
TERSHMANEZEER, ASENE.

EFERBRX ENEBEMHOHEET, BRINETFHNAETRAEBEBEILS K
B, BASIMTRELENELEIEANHEMAT . Fd, SMENHAN
A (component, FEBERINE) HNETBE=ZEFHA.

HAEBAT, BNAFEEENERSE—NHOMHBEINR, FEETRA
WA H, BITBFEILUEBRFOME RN —LETE, SMELTX—R.

@b Ry EE{E : Wasserman & Faust

Stanley Wasserman#fKatherine Faustig i 7 — MG AR, B FITEES
ZANTHEEEENFRNEZ RO M. I3 Social Network Analysis: Methods
and ApplicationsHF MM A T AN A, LAXNERETRAAFTRND
BETENAH R B Z L.

AT -
n—l{ n-1
C u) =
wit) N-T\5" - Lau,v)
EXAN AT A
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® NEFETANEE

& NnEUMMEMAHLNTREE

® d(uv)ErEHMT sviluz B &RERE

AT EBERXNAR, FNT LRI ERESEimproved:true}sh B & i

I T2 i8# FAWasserman & FaustZ &g M E % -

CALL algo.closeness.stream("User", "FOLLOWS", {improved: true})
YIELD nodeId, centrality

RETURN algo.getNodeById(nodeId).id AS user, centrality

ORDER BY centrality DESC

EITRERAT
gy S +
| user | centrality |
gy S +
| "Alice" | 0.5 |
| "Doug" | 0.5 |
| "Bridget" | 0.35714285714285715 |
| "Michael" | 0.35714285714285715 |
| "Charles" | 0.3125 |
| "Mark" | 0.3125 |
| "David" | 0.125 |
| "Amy" | 0.08333333333333333 |
| "James" | 0.08333333333333333 |
gy S +

NES-6FR, ERVEFHEARRDTREENENERN. B/NFE
(David. Amy#lJames) BNRMB P EHEER, REMINNETRFIBERAFE
K. XRERX, BAEMNERMIATR. XMART TN S EBNEH
NEEMEFH, mAREEECHTERF.
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FOLLOWS

FOLLOWS

A
Oy
4,
0y
3

FOLLOws

A
0
23 % <
oy %, &

£ ;oh‘—ow ¢
A [
o, =2 S €

Lo,,,/ <o, = |
o
s s 3 <
FOLLOWS e

FoLLows
o
o
o
2O FOLLOWS

E5-6 XE MR ORI

ET—H0, BN IMEROHEE BEAS— AR EES
¥, MATIRBEIEL

REROHEZE - MEFOE

TEFOME (WARAEAFOHE) BEETOHEN—MER, HAHARER

RiEBEIM B, % (Harmony in a Small World) —3 e, M. Marchiorifl V.
LatorafRtH 7 XM, (EA— M FHIRERFENSART.

ANESNTRNBEESIN, EARKR—IPREFEHMT SMEES
ZM, MRRXLEBFNEY XERELFANELBLEXRER, EiRFHET

OMEEERNTAR

n-—1 1
H = -
)= 2 T
fE/ASt

® uE— TR

o nEEFHTHEE

® d(uv)RAEHEMD RvIluZ B M RIZIRE

SgHmbuE—#, BMNETMAMTARITE T —LFE o

n-1 1

_ “v=1duv)
Hnorm(u) - n—1
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EXN AR, ESARERTFEFEHLIEET,
Neodj_I fyF0iE g v

A THEERNTIEROHEE

CALL algo.closeness.harmonic.stream("User", "FOLLOWS")
YIELD nodeId, centrality
RETURN algo.getNodeById(nodeId).id AS user, centrality
ORDER BY centrality DESC

1%Procedurefyiz ﬁé*%ﬁlﬂ'

o e

| user | centrality |
o e

| "Alice" | 0.625 |
| "Doug" | 0.625 |
| "Bridget" | 0.5 |
| "Michael" | 0.5 |
| "Charles" | 0.4375 |
| "Mark" | 0.4375 |
| "David" | 0.25 |
| "Amy" | 0.1875 |
| "James" | 0.1875 |
Sy +

BEENERSRENEEEHHOMHELARRE, E5WassermanFlFaustiis
EEAMERBM., YEBEEFT S MEEAGNERN, TUERE—EX.

A

B, RGP REENERIAERAENDINESHER., R ME L
HREATIEN TR E BREF R RANFENELANRKRER, FHP OS2 —F
S 7)”'] REEFREEITBEANENEENT L. EBERTERTUYMNEN—I

PE BT RET R

B9 Fi M (Betweenness Centrality) B A B it EZEER T EN T a2 B HNR
B (NE) BR. MY RS REXLEBTZTANREBRRAHRER/E—19
. AP RNREBREES, ZTANESHES

:|n
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¥ Linton C. Freeman7E 19715 B8 XA Set of Measures of Centrality Based on
Betweenness N AN EEE, FNAFOHTEINAR = NEARNEHEMRAF
IS 22—,

HAIEF R

MERHFTURTRIKR. A— PN FEFFHENESR, BIMNBIERD
REKRRZE ), IRBBRIETRHRR, SSREN—oMTEE. R

M, ATXMERELELENEFARXGFAE, XFEBEASEESR, RNTE
ERAP N ROHEERIHEE — DR P EN T KRB P,

WRATRUTREDT/RZENEG—FREHTLE, WERANZEMER
P IRIKE, WES-THR.

Pivotal Nodes for Aand B
shown in darker shade

Relationship Relationship
M5-7 T ARTAENT A2 ANE—£5EHE L. Fill, ARTSNRERE 2
WX NKEDRNEE, HRDNE,

XETR (pivotal node) EEHMTRNEEEREM. MRMERIED

A, NETRMOFNREREEERIERT. X IEATHER—EE RN
=S

A

AR OEREREREBSN T AR ITEERMNER.

B(u) N S :t%:t tp(Pu)

FeATh
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® UE—TR

o pEF STtz BREEZNEE

® puRsHtz AU REERNEE
E5-8B R T ITEH BN U E

b Node D Calculation

Pairs with Shortest  Total Possible Shortest 95 of Total Through D
Paths Through D Paths for That Pair (1/Total)

AE 1 1

1 1
(= 1 1
2

B,C 0.5

‘ 0 Betweenness Score 35

&5-8. ITE R OERNERE

XEITEILRE -

1) W FE TR, HKEBEYTHFRERERE.
a) B. C. EXEHAERKE, FHHWEAO,

2) MNFHPBIFMENRERR, TEHEZNTRRERERARTHNE S
tb. (FRIETEE S EREHEF)

3) WB2PMFrEEMEM, MRFTHSMNFEFOHES. E5-8FMEK
YR T DRI B 2FI3,

4) WNEANTRERIZIR.

AP OEREZENERZR

OB AT SEMG R RS EE, BOERERZIMRI. B
A o
BB EE
o VHARARTHNEMER. ENENPIAAR—EEEERMLE, B
MHIE MR £, XeEBRE ROk HRXE
TIHERTERIMARNRE. MRZARZILFAN, XUEHEIAA
E—MREZONETR | B—HHRT, EEMREWKET HRMA
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MXERT, XogER—pkME., EZHTHIC MorselliFl). RoyRd
Brokerage Quialifications in Ringing Operations,

® LMBEBMEMEZPHXBEES. SERER, BHREECHHEIEX
BHYR, LFELTUBIFESTHERNS MRS EENSENE.
RATEESTER SolZE AR “Robustness of the European Power Grids
Under Intentional Attack” 1,

® BT AHBMRAYIRMIEESIE, FEBHIEA T Twitter EEZEBMIINE
. X—FAES WuFEAR—RBILX “Making Recommendations in
a Microblog to Improve the Impact of a Focal User” H#47 7 #iA .

RO RIET SR Z BN A BEH S L EREBRE DER R HETT
B, XERKLEFFERAFAER. Bk, eHEEE8BMN— " E2ETREEN
DT ROME, MRAZRMET —MREFNRZTTIE. Mark Newmanze
{Networks: An Introduction ) (Oxford University Press, p186)FH N4,

Neod; | i i f it
Sparkig B AN LM N EEE, FILREHEBNeod RRTILE ., B
AN TR HE AT R i

CALL algo.betweenness.stream("User", "FOLLOWS")

YIELD nodeId, centrality

RETURN algo.getNodeById(nodeId).id AS user, centrality
ORDER BY centrality DESC

Z1TiXMprocedure ] B EINTHER -

"Bridget"
"Charles"
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WNES-9FF 7R, Alice%ii/l\lmi’éﬂ’ﬂiﬁqju B, {EMarkFDougH %G
ERINFEY, FrBmENEEELZiIDavid, Eitbfth3tFiX “b*ﬁ,\\zlﬁlﬂ’ﬂ;u
;}ILTEEgo

E5-9. 5 /ORI AL

\

NTERHNERER, BROTOETERAXEN, BACHRROBHRIT
BRAT /AP EBRNEENETHE ST REMNXRBAIRRBLIELL . AT
ERITREETTE, FEATERX (ET-—THHER) LEBEFETRNTSE.

BT UMM E RN EARERE—E, TTER5IA—1%Klasonfl
AP, ZAPRERNMAMNAAAR, MEEENAMHARRE.

WITH ["James", "Michael", "Alice", "Doug", "Amy"] AS existingUsers
MATCH (existing:User) WHERE existing.id IN existingUsers

MERGE (newUser:User {id: "Jason"})

MERGE (newUser)<-[:FOLLOWS]-(existing)

MERGE (newUser)-[:FOLLOWS]->(existing)
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WMRBNEFETEZE, BNMBEFIXNEL

Yy +
| user | centrality |
Y Yy +
| "Jason" | 44.33333333333333 |
| "Doug" | 18.333333333333332 |
| "Alice" | 16.666666666666664 |
| "Amy" | 8.0 |
| "James" | 8.0 |
| "Michael" | 4.0 |
| "Mark" | 2.1666666666666665 |
| "David" | 0.5 |
| "Bridget" | 0.0 |
| "Charles" | 0.0 |
S Yy +

JasonI BN E&E, BAXMAERRZERNREREM, o1 ]asonz2’

HA R Z BRARHFR, NES-10Pf7w.

-
{
couot® "
4 N >3
y \ 5 %
4 \ oW )
A i P %
' %,
y L
y o . -
y (
< kS X
" 3
N conovS
FoLL oy, / \
s 3 [ )
3 2 5 1 ‘
5 % \ /
E 1 v © \ /
p K cou" G y
€ N
4 “oy, &°
/ 3 ’
[ _ <
| Lo -
\ | W 4 ows gL P
X y y o 3 3
& %
— Lows [
\\
& % / e P—
S & < y Foug, d D, 5 h
& &o@ \ 4 ws y A 4 \
© . \ ows
A
_— e @aﬁ | \
- ~ o /
) < y w: y
y FoLLOWS N

 E5-10.FJason S th A B B T AL

ABMNBRET—T R, ILBNBIIMERIasonFIMEEIXFR

MATCH (user:User {id: "Jason"}) DETACH DELETE user

i 4ZE{E - RA-Brandes

EE—T, ERMAEELTTERHNTNTOMEREESREN. Fit, 3]
TJERERETEEEREDREHREREE (REFEH) MNENEZX.

MEDICAL 5 Al B9t =E E&% 103



Randomized-Approximate Brandes (fE#11L{il Brandes, f&#RRA-Brandes)
EARITERN ORI RERE L. RA-BrandesE A RNITEEXN TR
ZBMERERE, REEMBTAN—ITFE. MEFEDSNFENFME LK

RHHIR

® [E#l (random) RS @ PRAEEE W, WL, EEHEHLEE
R, BUABE R o IgN/(en2), MRBEREL, BHRERH T &%
R, XPFERA-BrandesEAMBEMNFNFOMHE—EM.
® T (degree) kS PREMYIEEN, EEALERTEHENTS
SWEDHER (MRBEBXREXRNTRABNSHEARD) .
EAF—DHRMNL, BRI RERFELAFRANRE, XHIZELES
REFBREBRENTE

FAINeo4djs:ILRA-Brandes

BEERNITHEYIER THIRA-BrandesE %

CALL algo.betweenness.sampled.stream("User", "FOLLOWS", {strategy:"degree"})
YIELD nodeId, centrality

RETURN algo.getNodeById(nodeId).id AS user, centrality

ORDER BY centrality DESC

XR=RFREWM TGS

"Charles"

| |
| |
| |
| |
| "Bridget" |
| |
| "Michael" |
| |
| |

REMarkIlAEHER Lt Dougs, BANRBEMAONAMUBEAREZ . BT
BANEENM, BXETEN, BNURSEIAENER. BT/ EARE, %
BRAMEL, XMREVERZ IR N—L,
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TUHE HE#

MTIHE® (PageRank) B&ZEZMFOMERX, EMNETSNERE (F77
[) 2. BIMTRMAAERMEFOCHEELIBEEDTSNERETN, MMNITHRE
ENEEDRNBEREDENE L, flzn, HELEERRNPRLBERS
AP LBARNPREILREGT M, WITHERE R @i ER s — PP S
HENHEHBERT S L, IZBIBIEDEFTEEXLBHEIRFEN TR
By ar R SRITE

PageRankZ AR T II5 Az —Larry Pagef & Fan &M, Larry PagefllEixX4
MutEA T EATNERER PG TH R HEARER, — 1M FESEZA
HENEEZWNNERAEEZENITIAES JELUENNRIE, PageRankHE—1
TRHUBEAXERNHBENRE, MHEZTANERE., XNELIWEXNT 2K
INARBEZREHMEEDH RAEANKXR,

R

HERLE, XF ¥ (influence)@XAFENXH | SAKEET KRHIEEM
tt, SEERVRIXAMEXTANEMITRER. NE "¥W BEDEKIX
TREHETIED, MPTRBEEETNERR, REXRAEFSERRPAREERTTE
Do HA—EELT, ETRSWITD, ERM—EERS, BEE~ENK
M EBTED

L.

BiLfE POMR—ITREEMTABELENENERNE. FOERNTR
BEZWHNHEEE, MAREHEXRAZNE. GiMm, STMRHER D AE— NG S
AERE&sOol, BRFRABSRSUREHAELEER, KR LMK
HIBEIHMA . EXKFREIEEHEHMHZ I ERERN— ARV GE, B
HAERBHSEEZH.
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PageRank/A =

PR(T1) , PR(Tn)
oy T oy

PageRank7E A IXAITE SR XFEE X HY

® FMRE—/"TUEuSIA T T1ZETniXnTHE,

® JdE—PEERE, REAMIZE., BEREMN08S, &KX/ NME
MABPHRERENTREE., (XHBT&R/IVERank Sink, XBEET—
TR, )

® 1 dEAPAARBEEIXRMEZEINAT SR,

® C(M)EXTRTHXNIMIE.

E5-1128H T —ANIEIF, i3 BBPageRankiE a{al 4k 45 58 370 S A9y, BE

U SE B TR B R RS

PR(u) = (1 - d) +d(
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Step 1 Step 2
Node Value = 1/n (n =Total # of Nodes) Link Value = Node Value / # of Its Qut-Links

A 2

- @

Step 1 Step 2

Node Value = Sum of Prior In-Link Values Link Value = Node Value / # of Its Out-Links

N

033

.25 0.25
033

0.17

&l5-11 PageRankMERIEREERM M EL R — M ATEHTRE, Z—1THATEHN
WA,

4. Random SurfersFlRank Sinks

0.42

I[terations continue until there is con-
04 02 vergence on a solution or until a set
solution range or number of itera-

0.2
tions is reached.
0.2

PageRankg—MiEREE, BITR P WSEHIAR| —HERRE1E. ML
b, PageRank{RiZH — MK HRE (web surfer) LJ;%‘H%‘:QZ%E%BJ‘E?FRE’\J
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URLEiF[EIMN T, BEEFR %L (damping factor) _d_ 28T —XadrsEiEafiE,
R DIEEBEEER— P PREBUTRSTELH, RAEEYIVIRE B —1TUH.
PageRank > # R ~Bid A N s £ M IEMBAL A [0 U E AV ol e M4 .

REFREXRNTRITAA (BRARETTH A, Dangling node) |, XEET
RO PUBIT IR FE AT SuESE, KIk G PageRanks> #. XFELEPTIBAIRank
Sink, R PUEXBRE—MHREREE— AR NEMN—NFEL, ZFd
o, A—TEMETRRER— P EHPNEMT R (b v EREMEH1E
M) o HAREBED R ZEREIBERE, BRI BSSBEHFRIGM, XEFRM
E5-12F 7%,

Rank Sinks Monopolize Rank Scores

A is a dangling node with no outgoing relationships.
Teleportation is used to overcome dead ends.

C, D, and E are circular references with no way out of
the group. A dampening factor is used to introduce
random node visits.

El5-12.Rank SinkZ AR BEE XA sl T o H5 /.

B RAMREE T DOB S Rank Sink, B, HENXRBEEXANT R,
PageRankREEX AT AT RABZLXR., FHXEFANNEEZERNERAAOR
1% (teleportation) . 8£—, FAEZRZ%L (damping factor) BT A —"E%R
Rank Sinkf¥l%, BESINEEEZSHEILDSARAME, HE&KFdRE 4085
B, =SB 159890 sEMiha EEREVIA T =,

BARVINARBEINMEERE H0.85 EEEVNAREATARENSE
BAEN (REHOEEERD, PEOUEABRE) WHHENLE, FEIRERERESE
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RERTHEVIBR Z BB EKANXRBENTEM. RiIk, XSEMHRNE
T RN H O EFIHE B B DTk .

WMREET|PageRankIEINE R, MAEGENZE#HT-LERRZM DT, U
HEXLLIFEEEEAT—NEERE. $iklan RogersfXZE “The Google
PageRank Algorithm and How It Works” |, TREZER.

PageRank& x{FE A= ?

PageRankIRE I FWebZ 5| 25N F £ i, RERIEENE ERFT 2R
MItE, MERAXNEE. i, NRFEEIFH—PNEDIEL MR KIER,
TORAEREXNEE, FX L XMEWEANERTEEMNEHMERHE Y
REERSNBLER (EZHEEEFLMH) .
T~ ARG ETE
o A FREMITITRFETNEMIKAEN (Twitter ALLERNME
{kAPageRank) . ZEEBTE—NMERIHEZXNEBMAHNERENE
F . ZFRTEP. GuptaFE AR X “WTF: The Who to Follow Service at
Twitter” FH EIFHMAIIEIR

o TUNAHTEHEHENTBEREMARRN. ZEFETHEERRZXO
FE £, HAFPageRankEIRBL T NMIEEKEHE LEEHERTEN
@, X—ZfEB. Jiang. S. Zhao#J. Yinf9i£ X “Self-Organized Natural
Roads for Predicting Traffic Flow: A Sensitivity Study” Fi7 B4R

R

iR,

® (EAEFHMRETVHFENIERNAZN—3P5 . PageRankB BN T8
TEESRSREEENFETAH, AEBEMAYI=EIE L, David
Gleich7ZEfthAYIR X “PageRank Beyond the Web” AR TiZEAMNES

R

Apache Spark 9™ T1HE R & %

WMAEFAN AR IFH {TPageRank&E % T . GraphFrames #5PageRank ) /i Fist
I -
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BTN, YUEERERKREIEFTPageRank, X 0] PRI 1% BmaxiterS 4L
Xizf7,
F /LI, izfTPageRankE RIS, X O] PUEIT IR BtolZEkizTT.

BE EHE &Rk PageRank

IERMNEBEB - EEERHIRSG

results = g.pageRank(resetProbability=0.15, maxIter=20)

results.vertices.sort("pagerank", ascending=False).show()

IR, 7ESparkd, PEEE#(damping factor)E E MR A E B R
(reset probability) , HEANEROE. BEER, AHPHEEHER=01%TF
BEEEF : NeodjH#90.85,

!Zﬂ%ﬁzﬂ]TPySparkEP _TT’fJCTﬂ AT BRI T A

| Doug| 2.2865372087512252 |
|  Mark| 2.1424484186137263 ]
| Alice| 1.520330830262095]|
|[Michael| 0.7274429252585624 |
|Bridget| 0.7274429252585624 |
|Charles| 0.5213852310709753 ]
| Amy| 0.5097143486157744 |
| David|0.36655842368870073 |
| James| 0.1981396884803788|
R —— - +

EMEAMNFR, DougiiF &= MIPageRank, B AthayF B # A B AFT %
Fo BAMark RE—1MEME, B MEMEEDoug, FrIAMark7ZE X/ EHFh i
INAEEERN., EENAMMZEMENEE TAXEERENEEM.,
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fEPageRankE L, RIHMERZIENE, RALEBNXREEINAAEHEE
1, BiTFE X R DataFrameFIgEN BT ARIMERNE,

s EPageRank

M7, BITVEEiRzTPageRank AL BISEIL, HXANE XS, BTEHE
BERSEEZR

results = g.pageRank(resetProbability=0.15, tol=0.01)

results.vertices.sort("pagerank", ascending=False).show()

!Zﬂ%éfjdl]?‘PySparkJ: =17, SEBINMTHER

| Doug| 2.2233188859989745|
|  Mark| 2.090451188336932]
| Alice| 1.5056291439101062 |
|[Michael| 0.733738785109624 |
|Bridget| 0.733738785109624 |
| Amy| 0.559446807245026 |
|Charles| 0.5338811076334145|
| David|0.40232326274180685|
| James|0.21747203391449021]
R —— e +

B AMPageRanki3 S SEE BRI L BEELR, BENRAFHL
1, BERHESHIFRETE.

RETEMRTENWSHITERRBIEME, (BAFR LSRN TPageRank TR TEEL
FEN FWST, SNTFERHE, PageRankﬁH‘IHﬂEﬂﬂ%‘éﬁ{éo R ZE R
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(tolerance limit) BEIFHWSREREETEZLNSER, BFEZ AEEFERREKR
%K EPageRanks B R AR ER SWSGHITIKEFH. ZREREPageRankiBH
SEMREERE—LE, TREEFEWRNE, BUEFSENRILNAEAIFRE,
DKFEEENEEENNE. BROEBERELPEFXNIEEZRSERHE
INAAZE, DRBEFNRBE.

Neodj_ pyPageRank

AL T U AENeodjiEfTPageRank,. AN TEIERITEESNH AM
PageRank :
CALL algo.pageRank.stream('User', 'FOLLOWS', {iterations:20, dampingFactor:0.85})
YIELD nodeld, score

RETURN algo.getNodeById(nodeId).id AS page, score

ORDER BY score DESC

ZiTi%procedure =B RN THER

e +
| page | score |
e +
| "Doug" | 1.671956494869664 |
| "Mark" | 1.5623059164267037 |
| "Alice" | 1.1116563910618424 |
| "Bridget" | 0.5358271526871249 |
| "Michael" | 0.5358271526871249 |
| "Amy" | 0.3858750030398369 |
| "Charles" | 0.38475333093665537 |
| "David" | 0.27750000506639483 |
| "James" | 0.15000000000000002 |
e +

5Spark=ffl—#£, Dougmm&EEMAINAR, MarkZREHE, &DougxiE
BE—REP, BT IUERS-13FRFE P SEBN KL EEM,
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PageRankB ZFAERKIL, HLLEMEINFER, B4R U=ERENE
7. NeodifE LM EBERECKWIR LT =, MSPARK{FEAEL, HEXMIERT,

RANBAXNHEREREN, ERTARXELERNEMTMERARN.

| Michael | FOLLows
> \v‘ =
| Charles | - [ \
A \ o OlLows | Bridget
\James | - F \ /
Ve = A*o(
£ A \9 o, —
< 2, s
(O‘t« (011/ s
< - s Ik gono? 2
~ > w
\ For %, S =
Lo, o)
I David s, s g 3
* \ £0! LOWS 4 3
Amy Doug
o o y eime 4
oW /
s 4 /
o ! Alice
e \
<O 2O FOLLOWS
Mark

5-13. EHES T

5Sparkinfil—#%, BEfTPageRankEAMEIFRIXFZENE, HILEINXR
HWINARHEEN ., Bid A E#E %A PageRankiI 2 FIEL & A B weightProperty /&
M, TTINERXENE, flin, MRXFZEFEENENBEMHNE, BRITBEHEE
£ A TECE : weightProperty: "weight",

PageRankZ{& : M1k yPageRank

MEIHIPageRank (Personalized PageRank, PPR) &PageRank&E ik y—FfhaL
&, EMNFETSNAEITEEREFDTSNEEM., XWTPPR, B
(PageRankH 15%RYFEHIBKE:) 5 BKEER—RIBaITR. XSFEERRE
FETR, SEENMMEL. XFRZEMAMAEFPPRY TS5 BirMENREE A,

Apache Spark F AL TTEHER
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AT DUEITE AsourceldSEERITE 4 E T 2l 11k PageRankE 7. X
TREGITEDoughIPPR :

me = "Doug"

results = g.pageRank(resetProbability=0.15, maxIter=20, sourceld=me)
people_to_follow = results.vertices.sort("pagerank", ascending=False)
already follows = list(g.edges.filter(f"src = '{me}'").toPandas()["dst"])
people_to_exclude = already_follows + [me]

people_to_follow[~people_to_follow.id.isin(people_ to_exclude) ].show()

XANEERERT AR ADoug BN IZFENA. BERE, BEHEE
DougE &XEMAURME CHHABRAER NN REERZ I
WRBANEPYSpark P TIZARML, BANIBEEZIX N aE - (REBELEETT)

Fom e - gy +
| id | pageRank |
Fom e - gy +
| Alice | 0.1650183746272782 |
| Michael | 0.048842467744891996 |
| Bridget | 0.048842467744891996 |
| Charles | 0.03497796119878669 |
| David | 0.0 |
| James | 0.0 |
| Amy | 0.0 |
Fom e - gy +

Alice2Dougi MiZFFRIA, BEA1t0 o IRI S FEMichael F1Bridget.
Y

PR RIRSIMAT Y MR RN — MR TR, EAFSH, R%T
TREHUESE | RO, BRROM. B RPageRank, BATE
W T A SRR A KA TR R B SRS, MR AR,

POMEER S ENME, BISBERMMTRER. RTLEARA
SHOMR, BRI CHEBOREERS, RISHHBRDNRBELA, FE
RERERE T HEERNS5E.

BT, RIBERHRARS KO RKRNE %
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FAE HREMNEE

R — M EXEMEXBEANEREREINL, R3E(IF &R EFT A H
REVZEREE, BEXRG, HEXMRATEHEANNXRLEAERFEFIMNITRE,
BOER XA A — AR . IRFIX AR EE T BT AR, AWK L
1. EERTHHXNENSANBUITATRE . EHEENERHREXR,
e AR TER TR, HXAQNE LD E BT EMARM—R MN8N
B
BB RESFERFTENMXENE LN FMAES, B
0 THEAXREBEMN=ATEiTE(Triangle Count)FIEEZK % (Clustering
Coefficient)

® HTEHEERERMBERAM (Strongly Connected Components) #1
E A 5 (Connected Components)

® E T SR R MM H AR £ #E(Label Propagation)

¢ HATEZEENAMBEMEREMNLouvaintERLEE (Louvain
Modularity)

AV B XLEE AR M TR, FrEApache SparkfINeodjFizf77=1.
MR—NEERE—NFELETA, RITBEREH—ATH, EXEEEFR, B4
FATENENXR, AAXEEEBERTHEAITCEXRANEZRM.

E6-181R 7T XBEN AKX ENE X Z BHNER, *6-1RETENEET
B4, DURRBIRE
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Measuring Algorithms Components Algorithms

e\; Connected Components

Triangle Count Sets where all nodes can reach all
The number of triangles that pass other nodes, regardless of direction.
through a node. A has two triangles. . 2setsshown with dashed outlines:
; . {ABCDE and {FG}.

Clustering Coefficient : |
The probability that the neighbors . Strongly Connected Components
of a node are connected to each :

3 i Sets where all nodes can reach all
other. 3 ! : N

/ other nodes in both directions, but

Ahasa 0.2 CC. Any 2 nodes " not necessarily directly.

connected to A have a 20% chance
of being connected to each other.
These measures can be
counted/normalized globally.

2 sets shown shaded:

Label Propagation Algorithm

Spread labels to or from neighbors to find clusters.

_ —_—
Run over multiple iterations.
Weights of relationships and/or nodes are often used to determine label “popularity”in a group.

Louvain Modularity Algorithm

Find clusters by moving nodes into higher relationship density groups and aggregating into supercommunities.

Run over multiple iterations.

Relationship weights and totals are used to determine grouping.

El6-1. 8 A R ME Z
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BMNEERAUTHTHEERRNOAE £ (set) X (partition) . &&f
(cluster) . #H (group) F#X (community) . EIFRIEMNEZE, THT IR
2H, XM (community detection) BiAthFRAE X (clustering) FAHKX
(partitioning) &k, TEE—EHSH, FAMERERFHER L ABPAIEBRERX

MEIES

#6-1 ARG NE E LA

i I 24451

SRIBAR | NEHEOATARASR | AT ORE W
AR 8 . RS SEAELpEE | o0 e R B | Yes | Yes
EREETEX
WA B, B
s K. RS ST | AR R S R SR

BERAN | gy s enetzmrmsE | BeRLESRRE Yes | Yes
3
RE Bk, EEEE . S

EEEE | R T ST ﬁﬁﬁi*mﬁﬁﬂﬁﬁ’ﬁ Yes | Yes
b5 S e E TR

e | FECERSEDRRENR | FUXABRRAL REE | |
% IR R Bt £ 4o B U

Lo | BBERRERSTER | EIREATT. TP B

- HEEE RENRAUTE | TEAETBMARREARE |No | Yes
B ¥ MR

B, BATVKHERRBIERNEE, FRKEIES N SparkHNeodj, BiEfask

6-1FFHHIRFH#HITNE. NTE-—NEL (RERE - EENRR IR,

XTENERAE. REBEDTEBRBXANEABXEENES. BZNESIME
EBR Y BOR B Ao B R R s o ) R A

LEARKENEEN, BIBRXEANTE. MREFEEE,
ERSBEFETRREE— NIRRT, RYMBEE. XANESBOUME
BN IREE X — 2.

MEDICAL 5 Al B9t =E

AT

EE% 117




A—TIE, MREABER EENTRRD, BABUTERIBIEIRER
F—PR. AXFELT, ZHEHARESZHREEMHAMIREKE,

B &I RB : B R E

KR RERFINEETRTIEXENE L BRNEBNER EAENEE
FEAEXEKMMER M. REMBIKCRE R TMAERAER RN S, REF
ARG S X B & Python EZ B R RN ENEITH . FTRA R X FRE K
R R ERERERE I B R ol @ ARE S R AR R . R 2] XM B AIGithub 7 i =
THT /A,

7<6-2 sw-nodes.csv
id

SiX

pandas

numpy
python-dateutil
pytz

pyspark
matplotlib
spacy

PYA4]

jupyter
jpy-console
nbconvert
ipykernel
jpy-client
jpy-core

7<6-3 sw-relationships.csv

src dst relationship

pandas numpy DEPENDS_ON
pandas pytz DEPENDS_ON
pandas python-dateutil [DEPENDS_ON
python-datgsix DEPENDS_ON
pyspark py4j DEPENDS_ON
matplotlib [numpy DEPENDS_ON
matplotlib _|python-dateutil [DEPENDS_ON
matplotlib [six DEPENDS_ON
matplotlib |pytz DEPENDS_ON
spacy Six DEPENDS_ON
spacy numpy DEPENDS_ON
jupyter nbconvert DEPENDS_ON
jupyter ipykernel DEPENDS_ON
jupyter jpy-console DEPENDS_ON
jpy-console|jpy-client DEPENDS_ON
jpy-console|ipykernel DEPENDS_ON
jpy-client _[jpy-core DEPENDS_ON
nbconvert |jpy-core DEPENDS_ON
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E6-28 7 7T HMNEEMENE. EXNES, HNBZFEEDH=1TA
(Z B EHTT) o FAToT IUE AR N EERSE B e fE 0 TRARFEBEIE R
XieMEEITEHEKHERE,

Fl6-2. FHRE
IR ARBIcsvI 4 AIEHE, 7ESparkFINeodjFBIEE.,

B EIES A Apache Spark

FAEHE 55 MApache SparkFgraphframesB S AFTEN A

from graphframes import *

LT R EM Bl csv S B 3 — > GraphFrame ¢

def create_software_graph():
base = "file:///home/retire2053/source/graph_algorithms_resources/"
nodes = spark.read.csv(base+"data/sw-nodes.csv", header=True)
relationships = spark.read.csv(base+"data/sw-relationships.csv", header=True)

return GraphFrame(nodes, relationships)

Y]

PAERF A R
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g = create_software_graph()

[]Neodjh S N\ £ #E

BAEENecd HIMAHRINEF. REEEESIATR.

WITH "https://github.com/neo4j-graph-analytics/book/raw/master/data/" AS base
WITH base + "sw-nodes.csv" AS uri

LOAD CSV WITH HEADERS FROM uri AS row

MERGE (:Library {id: row.id})

WITH "https://github.com/neo4j-graph-analytics/book/raw/master/data/" AS base
WITH base + "sw-relationships.csv" AS uri

LOAD CSV WITH HEADERS FROM uri AS row

MATCH (source:Library {id: row.src})

MATCH (destination:Library {id: row.dst})

MERGE (source)-[:DEPENDS_ON]->(destination)

M, RNSENHTRIMGE, RETUFHEET |
SRR MEBRRE

= At E(triangle count) BiAFIER K R £X(clustering coefficient) B A T4
B fEH, ﬁﬁlﬁﬁﬁﬂ:’:f)‘lo ZARITEHEBIRPEIMN T RN=ZARE. =
AEEE=A"TREAMNES, =AM TRFNEITRERBHMT ST T XER,
= ATt T & /T ulﬁﬁéﬂzﬂl I EEEIRE

BERAEAREZAFXANEERJEEIH/NHR (small-world) EYZEHFNTT
BEARFE LN ERENE—NMEANEREEE (how tightly it is clustered)
5 8o H9ER 2K E (how tightly it could be )Z EL{E. ZEEFITERFER=AK
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i, EERE=ZARESTRAXANILE., RRXEALIRTARNNEN TR
EOEER AT R
RARYAEMTERE  BEHRENEH/HERE

ISEIE £33

— MV RANERRARYEZEEB Y ALz AR ERERNTEN. X0
BT ES R =Rt

— TN RPNBERETUIHTE, BBIIZT/RN=ATEERN2, REH
HERIMBPHHEARRRZE (BE212T/REHREL) KKE. E6-3t8kTH
BAANRENT RNAE=ZAEMB LR =6,

ragaad

Triangles =0 Triangles =2 Triangles =6 Triangles =10
Clustering Coefficient =0 Clustering Coefficient =0.2 Clustering Coefficdent = 0.6 Clustering Coefficdient =1
0Q) 22) _602) 10(2)
(C(u)= 5(5-1) (((u) = 565-1) C((u)—s( ) (C(u )— 5(5-1)
F6-3. 1 RUIN = A TTER LR E
HE6-3%, BMNEA—ITEEENXEANTR, XESRARBBAFT=

ATER10%, BATTIXNEER], HSWNBMEXRFNLEN, BhRFIFEmLL. MmRRK
MEEZABIFRABTENRR (MBERNRIN=ARE) , BPAREZ033,
TROBERGEAUT AR

2Ru
quzk@-q
XA
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® KumulmyE#L
LRBERI

ERBARURF/MBRERUMNET -2 BN, BERBARMNERT —
MEBERNITERIHARHEGE, NEAE EFEI I HTRBSMAEEMETREX
R, BRMNBTRISERERRERS (B0, TRBL0NERE) .

ZARITRNREX RN ERA TR

HRBEHEANTREN (HEEENEE RKRTREMN) SEAHMMN
HKEE (WREXFREH N0, BEA=SHEITR. ZAITHEERLRZMED T
RRRTT, EHWARENEX,
BRREOT DURHBBTIEEN D S REENSE ., SR o] EAERRITFE
FEANBENNZNAEN., XEEE—ERT AT HRMNKEY,
5 A BT
® NAIKLEEMUEDKANIRRBTNIE. X—RTEL BecchettiBF AR
X “Efficient Semi-Streaming Algorithms for Local Triangle Counting in
Massive Graphs” Hi#{7 7T A,

® ifZ&EFacebookit X BRI X4, ARARE—KEAFBERADEKEF
R TEENAPEX, XIAREFRE).UganderF AL (The
Anatomy of the Facebook Social Graph) .

& REMNIMWETMEH, FETNIIZENBAEHERE RUIEAHETH
BT X, BXEZELS, BB P. EckmannFIE. Mosesh

“Curvature of Co-Links Uncovers Hidden Thematic Layers in the World

Wide Web"

Apache Spark EF = AT EE %
MEBN VR EAGZ AAES. ROTRUEM TR

result = g.triangleCount()

(result.sort("count", ascending=False)
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.filter('count > 0')

.show())

ﬁﬂ%ﬁzﬂ]fpysparkﬂlﬂ‘_’"IZFQT:T& BATRERI XM

e

|count| 1d|
T - +
| 1] six|
| 1] ipykernel|
| 1] jupyter|
| 1|python-dateutil|
| 1] matplotlib|
| 1] jpy-console|
T T +

EFN=AERT— I TRBNBENMEIED RtEEZEEBE. BITBAT
ESS5T7TXM=AKR.

WMRBAVEFEW LT SAXE= A ? XHEE— PstreamPEE =
. Alt, HITFENeod,

Neodjily = Azt

EASpark Tk = AENEAKER, BT AERANeosjBEX MR A
17 :

CALL algo.triangle.stream("Library","DEPENDS_ON")
YIELD nodeA, nodeB, nodeC

RETURN algo.getNodeById(nodeA).id AS nodeA,
algo.getNodeById(nodeB).id AS nodeB,
algo.getNodeById(nodeC).id AS nodeC

TEANEN, TUBREIHTHER

o +
| nodeA | nodeB | nodeC |
o +
| "six" | "python-dateutil" | "matplotlib" |
| "python-dateutil" | "six" | "matplotlib" |
| "matplotlib" | "six" | "python-dateutil" |
| "jupyter" | "jpy-console" | "ipykernel" |
| "jpy-console" | "jupyter" | "ipykernel" |
| "ipykernel" | "jupyter" | "jpy-console" |
o +
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BMNBENANEMZINER—, EUAERNMECNIWTEREN.

matplotlib. sixFflpython-dateutil#gp— M=/, jupyter. jpy-consoleFl

ipykernel#4 {53 —
AT TR G- 4'43'%3'] XL = B,

5 EPENDS_ON
jpy-console D

DEPENDS_ON

\\\_//

oepENDS OV

DEPENDS_ON

DEPENDS_ON

\\3
oevﬁ““"’o

matplotlib

\< .
%
°m

e

‘Vo

o, /—L
DEPENDS_ON - python-dateutil

l6—4.$)\1¢1$3§f’19€%l R =Bk

Neodjly BERBEEXRE

g /’

EET Uk BB RS, U TEEEHENT ST EILE

CALL algo.triangleCount.stream('Library', 'DEPENDS_ON')
YIELD nodeld, triangles, coefficient

WHERE coefficient > 0
RETURN algo.getNodeById(nodeId).id AS library, coefficient

ORDER BY coefficient DESC

&, TSN TS

Sy +
| library | coefficient |
Sy +
| "ipykernel" | 1.0 |
| "six" | 0.3333333333333333 |

MEDICAL 5 Al B9&ZEE

)\T/
é@"
o, §
\7/\/ DEPENDS_ON
( ipykernel \
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| "python-dateutil” | 0.3333333333333333 |
| "jupyter" | 0.3333333333333333 |
| "jpy-console" | 0.3333333333333333 |
| "matplotlib" | 0.16666666666666666 |
e e +

ipykernel 9 821, XEkHipykernel T B 4RE T S E 2R UILEISRE.
MY NEEG-4FFEMETX—< . XEIFAA], EREESipykernel It X23F
FRHEHRNN.

AXNMBETEIF, FNLRTRZEEL AN TR, EE2RERENTAHE
JEREB, —MEDTURT—IDRE—NENIL. EMTTRE— S EM
HXPHRDREERFNT R, MXEHXZEAEEMTERERLERE. X2
MAESESERINEN—FIHRBENRRITTE.

58 E 1 2 fF

SRIEIEZHM (Strongly Connected Components, SCC) B2 &FHNEE X
Zz—, SCCERAmEHREHREENTAE, EFESN TR MUME—SE R ER
HMEPHSBNmANAE L. ENETHEERBERE, STRBERLE. &
E6-57, {ROJIMEBRISCCATMN T AATEREENE EBREEEEHPHMET
RZ[EAIE TT a8
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e Strongly Connected Components

Sets where all nodes can reach all other
nodes in both directions, but not necessarily
directly.

2 sets of strongly connected components
are shown shaded : {A,B,} and {C,D,E}

Note that in {C,D,E} each node can reach the

others, but in some cases they must go
through another node first.

I6-5 3R ER A

BEEEDBAREENAGERENERRTEENEZAN A, NeodiEDFS
EASCCEAMMABRLIAI—EBD

SEEIRAMFNERGR

EABEEEAMEARDITNEIRDE, T HBENEY, SHETES
M IAENERER. W THESIEEFNAER, o RUEARERENAERSITA
R RIIT AR SOFES.
KUUSCCHTFZHRXEMNEZ WA TERERFBRHETELEI TR, UE
WD TR RS, IR UERSCCR ORI e B, FlnEHK T8
PiMtRE, BAS N FHBEIESFFH — P RRBURE.
5 ARG ETE
® 1S Vitali. J. B. Glattfelderf0S. Battiston X538 KBS E AT H 4 “The
Network of Global Corporate Control” , % H & B R B IEM/ 8 1EH
BHEHM RO —A LT,
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o JNEZFFEALEANEFHEEBEMERN, TEAEMEEEREE
M, [#1EM.KMarinaF1S.R.DasHy “Routing Performance in the Presence
of Unidirectional Links in Multihop Wireless Networks” FHE ZRH A,

o EUFEZNERTREBRENELAT SCCARYE—H, EHITME
f, BRI T S EEAREMRIE, EXEEST, ABEEXL
MR, SCCEUEMTERILEM, HAMAMTERIEETHENR
, B TS TR TSRO
=
LR R IR B, MRRNEERS ACHE LRI HiEL
IR, BT MscoR e SRR

Apache Sparkfy 32 & 40 14

A1 Apache SparkF e B R E % . AL S ASparkilGraphFramesfr# A9
B,

from graphframes import *

from pyspark.sgl import functions as F

HAERNELERTFZTRERAMHREE. BRIMEAERHHEESERT
B IR

WRERN T RZEAERE@NBE, XWDHRAEGER—DEERAMT
.
HMNBEERBAT !

result = g.stronglyConnectedComponents(maxIter=10)
(result.sort("component")

.groupby("component")
.agg(F.collect_list("id").alias("libraries"))

.show(truncate=False))
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fEPySparkdizfT, BEIZATHIE
- e +
| component | libraries |
- e +
|180388626432 |[jpy-core] |
223338299392 |[spacy] |
| 498216206336 | [numpy] |
|523986010112 |[six] |
| 549755813888 |[pandas] |
| 558345748480 |[nbconvert] |
|661424963584 |[ipykernel] |
| 721554505728 |[jupyter] |
| 764504178688 |[jpy-client] |
| 833223655424 |[pytz] |
|910533066752 | [python-dateutil]]
|936302870528 |[pyspark] |
| 944892805120 |[matplotlib] |
|1099511627776| [ jpy-console] |
|1279900254208| [py43]] |
- e +

EITELTRIGNES RBWH L

— NI

B, BN TREEEBECHPKX (partition) H, X

BEZ BB PRIMRRK R

Neodj F iy3aiE 4 1

R, XAMFATRITREAHE

R BB B I B X

IEFAEANeocdiZITHHRIMNE % . FUITUATEBMNETEE !

CALL algo.scc.stream("Library", "DEPENDS_ON")
YIELD nodeIld, partition
RETURN partition, collect(algo.getNodeById(nodeId)) AS libraries

ORDER BY size(libraries) DESC

ZENSHINT
Library ME R R S RE
DEPENDS ON MEIFREHXRKE
U T BTN
o +
| partition | libraries

MEDICAL 5 Al B9t =E
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| 0 | [(:Library {id: "six"})] |
| 1 | [(:Library {id: "pandas"})] |
| 2 | [(:Library {id: "numpy"})] |
| 3 | [(:Library {id: "python-dateutil"})] |
| 4 | [(:Library {id: "pytz"})] |
| 5 | [(:Library {id: "pyspark"})] |
| 6 | [(:Library {id: "matplotlib"})] |
| 7 | [(:Library {id: "spacy"})] |
| 8 | [(:Library {id: "py43"})] |
| 9 | [(:Library {id: "jupyter"})] |
| 10 | [(:Library {id: "jpy-console"})] |
| 11 | :Library {id: "nbconvert"})] |
| 12 | [(:Library {id: "ipykernel"})] |
| 13 | [(:Library {id: "jpy-client"})] |
| 14 | [(:Library {id: "jpy-core"})] |
o +

5Sparkir~fil—#, S PREEBECHTXF.
FERALE, BERMUXBRT BATHPYthonERTTAEFE . iLRAMNEETF
JE—MEREFI, ILFEERE. IRREFNBE-LETRER—I7PK

o

@

|

M TEERINT — M ERIMOEE, ZEETEpy4jfipyspark = (8] S BERK 8 55
%= .

MATCH (py4j:Library {id: "py43j"})
MATCH (pyspark:Library {id: "pyspark"})
MERGE (extra:Library {id: "extra"})
MERGE (py43j)-[:DEPENDS_ON]->(extra)
MERGE (extra)-[:DEPENDS_ON]->(pyspark)

A RE BT EI6-6 B M B B X D IEIMKHL .
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y g ”\\
/ £ \
i i f \
‘. pyspark | DEPENDS_ON | extra ;
\ y 4 f
S <> ~—— e
&
2, S
o) 7
5 N
\% Q«/
ap—— <§Q
l, :.“\\‘
i |
2
Q /

-

E6-6 FEpyspark,pydjfiextraz (8] FI7E IR K

BMETEFTSCCEZEZRERTETRNER.

F +
| 5 | [(:Library {id: "pyspark"}), (:Library {id: "py4j"}), (:Library {id: "extra"})]

| o | [(:Library {id: "six"})] |
| 1 | [(:Library {id: "pandas"})] |
| 2 | [(:Library {id: "numpy"})] |
| 3 | [(:Library {id: "python-dateutil"})] |
| 4 | [(:Library {id: "pytz"})] |
| 6 | [(:Library {id: "matplotlib"})] |
| 7 | [(:Library {id: "spacy"})] |
| 9 | [(:Library {id: "jupyter"})] |
| 10 | [(:Library {id: "jpy-console"})] |
| 11 | [(:Library {id: "nbconvert"})] |
| 12 | [(:Library {id: "ipykernel"})] |
| 13 | [(:Library {id: "jpy-client"})] |
| 14 | [(:Library {id: "jpy-core"})] |
F +

pyspark. py4jFlextratB2B—nXa—ER9r, SCCHEBIFAILE T B
xE |
ERGET—NEEZFH, BATEMNEFBBREIIMNIERHEXR -

MATCH (extra:Library {id: "extra"})
DETACH DELETE extra
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EREAN

EEAMFEEL (Connected Components, BRFRAEKESEIKE BZEZEHHF)
axXEEREREETRE EPESNTU AT MME—SE R EEIEMmT S5
B, EARRTFSCCE%E, FRATRFEE—NARLMTAXNZBHFERRT M
SCCEEAMN T _EEFARER., BernardA.GallerflMichaell).FischerfE 19644 £
3 “An Improved Equivalence Algorithm” HEKIEIA 7 X FhE L,

EEAHNERTR

5SCC—#, ERMNAMBEAESTNFHATIERENES. BAETI
BROMGE, PTIAEERFERLEERCEFTENEENNE. ETUREETHZ
BAFT R, XNTFERIERNEITEERH.

BVERXFENSR  BAETERAGRNRERSER, EFA—RED
FEESESR. T NMREMNA T UEEERN—MISEG LIEHEE, B
BLFE ARG

5 A BT

o RIREBUBEEICEMERN, FANRESEIIEIEN—Br. ERLIEM

BREIIEEENAERFTN—MERMES | 12777A7EAMonge#
C.Elkanfy “An Efficient Domain-Independent Algorithm for Detecting
Approximately Duplicate Database Records” Fr7E B i£REIHEA

® DHTSIXWE., —IAREAERNEFRITE - MNRERNIFR,

REBENMR "S4%F 3 WA TRMNERBE EEEENAT
. RFABNEEY. AN, 1.CM. JanssenFlE. E. MiliosfJ 12 3¢
“Characterizing and Mining Citation Graph of Computer Science

Literature” FRF—T R,
Apache Spark_E Byi&EE4H 4

MApache Spark EZe 785, FA1E & L MSparkFfiGraphFramesB S A\ e
e
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from pyspark.sgl import functions as F

WA EEHITERANEE.

WRMITRZEAE—FERE, URNHRE U TR—EEEGD.

Ak, ARSI TR

spark.sparkContext.setCheckpointDir('/home/retire2053/checkpoint’)

result = g.connectedComponents()

(result.sort("component")
.groupby("component")
.agg(F.collect_list("id").alias("libraries"))

.show(truncate=False))

SETERA AT EM LR —Ncheckpoint B E, FEH
setCheckpiontDirJ77AKSLH ., E17RHE, BEBEOTHER

o e +

| component |libraries

o e +
| 180388626432 | [ jpy-core, nbconvert, ipykernel, jupyter, jpy-client, jpy-console]]
| 223338299392 [spacy, numpy, six, pandas, pytz, python-dateutil, matplotlib] |
| 936302870528 | [pyspark, py4jl

o e +

RMERER T AT RNERE, AR6-7THIUEE

MEDICAL 5 Al B9t =E EE% 132



DEPENDS_ON

DEPENDS_ON

DEPENDS LON %
>

NO SAN3d3a

&7
N
&
&

E6-7 @B E AR AR NS

HEXANETFF, RESEIRRBI BRRERE =AM ZEEERK
ME LB THEZMNMNME AXEEP, HRREATENIFEFEN.

Neodj I ry & 4R fF

BANE T PUBIETT A T EEENeodj FHITIEE !

CALL algo.unionFind.stream("Library", "DEPENDS_ON")

YIELD nodeld,setId

RETURN setId, collect(algo.getNodeById(nodeId)) AS libraries
ORDER BY size(libraries) DESC

AR SHIT |
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Library ME R R S ARE

DEPENDS ON MER R AKX R LT
DU 2 g

| setId | libraries |

oo o +
| 1 | [ "six", '"pandas", ‘"numpy", 'python-dateutil", 'pytz", 'matplotlib", ‘"spacy"] |
| 9 | [ "jupyter", "jpy-console", ‘"nbconvert", "ipykernel", "jpy-client", "jpy-core"] |
| 5 | [ "pyspark”, "py4j"] |
oo o +

IEATERRIAREE, FA1BEI M AR SSparke &40 .

FRRALE, BMNMTRARMHERENEEZBEFENRN | RETEN
B, EMNEEARNER. ETRNBINEEZRFEREMEZNMT, MRENZ
RiEfTefl, BMEERENEEL BURSEIARNER.

RELR

IEZEE L ( Label Propagation algorithm, LPA) 2—fMERPREE
MEXEZE, ELPAFR, PRREBEHEZTCEEIERA. XN SREFTEESESA
AKEMWT, BNETUAREYTRHES B AR M X P LML, Eh
EEFEEFS, AAGBTMNAMESEN. BTN AT AHEMNT.

ZEZENRBE TE—AHEBRREEMNTER, EMIETMRREETSH
I, BAFERREEXENSBIEE. REEETE—HEEEEZENTRF, 4
BETHN, RERFHERENT SHER AR —HXHN—EBD . ZE XIS
RABPERAERBAESEEGXEZNH ENENRENERBRES, HP TRk
EZ PR

LPAZU. N. Raghavan, R. Albert, #1 S. KumaraT2007EZ& A “Near Linear
Time Algorithm to Detect Community Structures in Large-Scale Networks” 912X
iR A —FE BRI E A

El6-8Fik T I BT RN, —FEEEMpushITiE, H—MEMRBiX
ENEWEREMpuUllTTE, pull TERESEFHTH.
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Label Propagation—PUSH
Pushes Labels to Neighbors to Find Clusters

[P A1

Example of 2 nodes given seed They look forimmediate neighbors Where there is no conflict the label
labels. as targets to spread their labels to. spreads.
W\\O {; 2 AANYG {; Z o \ e
The recently labeled nodes now Conflicts are resolved based on a set The process continues until all nodes
activate like new seeds. measure such as relationship are updated. 2 clusters are
weights. identified.

LPA can be run with seed labels plus unlabeled nodes or each node starting with a unique label.
The more unique labels, the more conflict resolution used.

Label Propagation—PULL
Pulls Labels from Neighbors Based on Relationship Weights to Find Clusters

Example with 2 nodes with same Nodes are shuffled for processing order and Note that these 3 nodes don't change

label, “A." All others are unique. each node considers its direct neighbors’ labels because their highest weight

Node weights default to 1and in labels (3 are highlighted above). Nodes relationships in this step have the same
this example are ignored. acquire the label matching the total highest label.

relationship weights.

This continues until all nodes have 3 clusters are identified. The labels
updated their labels. themselves have no meaning.

K6-8 TR AL LA

EEEpUIlTTEE ANTERE

1) SPMPREBA-—IHE—NGE GRRF) Wnd, FETUERTERN
MEH T AR

2) XEARFBIELMAEEE.

3) AB/REHEERT, EMVAREFHGENLERARANENTR,
ZNERRFERB T RINEREXRFTERFEHN.

4) HEMDREFEBESTRNRSEREN, PARSIARIUSL

BEERENEE BRERNDSBFRREAE—MREFNRE LIASIHR,

HREERN, RARBLERE, AEHEERENTRETE— K.
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FHEEFINMFIRE

S5HMEZEAR, HFEEETUER—E LLZRETHEREARRA XL
o LPATHET R BVIIRRF o] B % M BR 2 HIAL X T B 2R

HELEDSER T ERE (BMTEFE) | MEATRURERE, &RE
TIRASeERES /N RRCHT /R E X AT IR,

ERBRAXFER T UGN R —MPFRERITERIHHX, FEE
FIZ—KNKBEZIESNEAR, EXDERCETEUR RERFCEIRHITHE
. BETNEERREUNAER FEREMZEE.

&g, IPAGRABSTENMRERT R AXFELT, BMNHTEXERE
At A LN EERMUNER 2@ %, FAEEXKZARTR. MTAREFHT
SISEEEBRITE.

Spark#Neo4jfs F — AR AEFCR BB TR BIINTT. IREDIZIH B IR
IERE, DIFEERMERHITRE,

mEEBRNERSR

ARG EARZERETVREXEN, FIEERNENBERLT,
ZEET I T, RibEEY D T EREIEFER.

5 A BT

® BTweetltRMHIEENIBX DT —EBD . EX NIRRT, KEDEHFH
EFFIREFAMFARE STwitter XOFEBE & FEAH. BXEZER,
1EZ M. SperiosuZFE AR “Twitter Polarity Classification with Label
Propagation over Lexical Links and the Follower Graph”

o RIBMUFAAMMEMBIERSE, HETTERNEKELTAYNBERRA
4. ZIP.ZhangFE AR L “Label Propagation Prediction of Drug—
Drug Interactions Based on Clinical Side Effects”

® MR EIEAMNIERIENAARE. EXESELS, BHSHAY.
MuraseZE A 92X “Feature Inference Based on Label Propagation on
Wikidata Graph for DST"
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fEApache Spark_t {# FtRiC£1%

1EF A TMApache SparkFFis, &M SparkFlGraphFrames&E S ANEH
a0

from pyspark.sgl import functions as F

BAIFEETLPA, U TE2RH

result = g.labelPropagation(maxIter=10)
(result

.sort("label")

.groupby("label")
.agg(F.collect_list("id"))

.show(truncate=False))

BEFTRAL, H BENMTHER

|180388626432 |[jpy-core, jpy-console, jupyter] |
223338299392 |[matplotlib, spacy] |
|498216206336 |[python-dateutil, numpy, six, pytz]|
| 549755813888 |[pandas] |
| 558345748480 |[nbconvert, ipykernel, jpy-client] |
|936302870528 |[pyspark] |
|1279900254208| [py43]] |
S o - +

SEZAMEZBEL, KT EEZNENERE. UIHERFTE,
LPALLZE A MR E AR ERAREERTUAARMMEERENT R (B
EENTR) NTARNERT. B2, EAEEAN THREREZSEHRENT
RATFE—PEREH, lﬁﬁﬁ%?%%?%%L D,

ABRMNEF, RREAXAZjupyter EMETFRNMEX, — NMEEER
Oy, A—IEEEEFEFYINIA.

Neo4j F fJLPA
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DAL FAANeod) ERIXBEHMEZ . BT BT ET U TEERNT
LPA :

CALL algo.labelPropagation.stream("Library", "DEPENDS_ON",
{ iterations: 10 })

YIELD nodeId, label

RETURN label,

collect(algo.getNodeById(nodeId).id) AS libraries

ORDER BY size(libraries) DESC

FRZEENSHNT ¢

S BX

Library ME R R S ARE
DEPENDS_ON MEFEHRRKE
iterations: 10 RABTHSERKEL

BREIMNERAT !

o +
| label | libraries |
o +
| 14 | ["jupyter", "jpy-console", "nbconvert", "jpy-client", "jpy-core"] |
| o | ["six", "python-dateutil"”, "matplotlib"] |
| 2 | ["pandas", "numpy", "spacy"] |
| 8 | ["pyspark", "py4j"] |
| 4 | ["pytz"] |
| 12 | ["ipykernel"] |
o +

HEE6-9F T INFRXNER, MFApache Spark G E]AILEREKAU.,

\\

4. on \ y §
N se S / &
\ - .. #
L ) R & 3 _
y o F) > - .
Y . 2 & / O\
D 4 [ // N
o, s | \
£ | \ |
o = O \ 74
PN ok o= "
i A
& oepeNos, { )
- |
DEPENDS o
X o
X OepeNDs oy
oS
& %
%,
pacy *, 2 jepen’
3
a
's
o% matplotlib
kX o,
%o, o P
v\ oy

DEPENDS_ON python-dateutil

E6-9 RSB REEALIAIEE
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BT NAERREELEMNELTETZEEL XERETABZIEEXA

EAITATARFR A FE I R AR 35 L 2 1Y R YRR R
A, {14 DIRECTION:BOTHS I ER LB AR % ¢

CALL algo.labelPropagation.stream("Library", "DEPENDS_ON",
{ iterations: 10, direction: "BOTH" })

YIELD nodeId, label

RETURN label,

collect(algo.getNodeById(nodeId).id) AS libraries

ORDER BY size(libraries) DESC

MREITIEF, BEIMTHER

A o e
| 2 | ["six", "pandas", "numpy", "python-dateutil", "pytz", "matplotlib",
| 14 | ["jupyter", "jpy-console", "nbconvert", "ipykernel", "jpy-client",

| 5 | ["pyspark", "py43"]

A o e

Ni

____________ +
|

____________ +
Hspacy"] |
"jpy-core"] |
|
____________ +

REMBEM DR DE T4, ElFmatplotlibR> A9 T R A& HE

—i, XU UEEG-10FEFEMEFL.

 DEPENDSON

-~ DEPENDS_ON ~

| numpy “DEP..| pandas | DEPENDSON ——| pytz
;‘, / b J 4 _ / N
/// N < _ e
S Y \
=4 3, \ "
& % A =
4 'Y 9
2 %
Tz
/ ?I\
\ o) Yo,
spacy \ matplotlib ‘ | i
/ Y \
= o)
\0 & &84/0 \
% 0 %5, \
B, & o
& V.
w o & / \
\‘“'4 : / ~___python-dateutil
( \ _ pepENDS ON T \ /
- \le— \
six |

E&m°MW%¥Hmﬁ RSB E AR EIAER XK
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BATREHIE DETRE CENERN T EONE @I ERAMN, B
EEANAL CLENERENER. XFERN AR SKTALARAE
SRS, TABEARNTIME.

Louvainf& 4},

LouvainiR L B AR T S A AR EMNARN, BEEBHRFERERE
. O DLEHMA—F Rig 297, EREMHOAE, MARIEIK&E.

Louvain®B A F2008 R, RRMANERUVEEZ —, BRTRNMXZ 5,
TIRIBR T ARFENXER, XN TFEBAERERANMELERRER.

SEHH YA, LowanBidERRKTEENTERELT 2NE
B NHEHNRERE. XMOEAXNERAERL,

ET mR o HnRRE

BERUE—MBIE— P EUS AERNENRR (HEBK) , ARNED
PERERAXIMHX AR, SXME—BEXNERNRERE, ZTEBFEER
KPR REESBRENZEHRTILR, XEDANRBRNEZET AR AER
1.

B EEEMM BT Z EEE/HEERAMRAL, FEAZNERNHAE
D AFFEINRE . ZKBHE T HXEREN, FRET B EEMN ZE
. A, FARRAEEEHER MRS

NSRRI K EFABRAKAHK,

UEEREFARMERMENZ MEESXE, TJEsEIIYE, EAEEIEX
BEFFrELIE#HE.

FXEZER, 155 HB.H.Good. Y.ADe MontjoyeFlA Clausetli£ X “The

Performance of Modularity Maximization in Practical Contexts”

T ERR{
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BAMBEMOTE RETARATEROILE (fraction) HAMBLE (10
REREFHTRZEENAN) . FEBREATIN-126, FERFHERE
EHEHB0LREA, NEVER. Ho- 11387 2T Ba AN TRIE
BILES .

<

il
Ny

//\\

Random Baseline Optimal Partition
(Single Community) M=0.41
M=0.0
ol 4 \ /
%
Suboptimal Partition Negative Modularity
M=10.22 M=-0.12

®l6-11 ETAE KIRZFEN N MRRWE D

DAMERL AT

L k \2
Cc c
[
X /\/\—ﬁq:
® | EEANH(group)FEIXREL
°
°

Leg— X (partition) HAIXFREL
Kem— Mo XH 2 i 2 EE.

Bl6- 11 TSR R ED X (Optimal Partition) iT&ET :
® X ZE7/13-(15/(2x13))A2 = 0.205
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® =/HKXE5/13-(11/(2%13))A2 = 0.206
® fiifE—#M = 0.205 + 0206 = 0.41

&Y, LouvaniRRUWEAAFIE T R LRI IUERAL, HE/NOHEK ) R
FEENIMEFEFHE—IMRANKET R, HEEE—F, BEFERIEREK
.

ZELBIERNTBENESENE, WE6-12Ffx.

Pass 1

Step0 Step 1 Step 2
Choose a start node (X above) and calculate The start node joins the node with the high- 53;222:;ﬁ;\ejniﬁeg%rg%ﬁfiIta()tg]:zl:?ps
the modularity options for joining different st moddulfarity cEangdeA Th_ehprgcests) I between these super nodes are weighted as
communities with each of their immediate L:Ei?tﬁ; fg:;aeii node with the above com- asum of previous links. (Self-loops repre-
neighbors. ' sent the previous relationships in both direc-

tions now hidden in the super node.)

Pass 2

14

()
14

Step 1 Step 2

Steps 1and 2 repeat in passes until there is no further increase in modularity or a set number of iterations have occurred.

&6-12, Louvain&EsE1d752

LouvainESXHIS BT
1) BHs R oEAHR, B TERCNEIRMmL.
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2) ETE—FPRIANEREXEHENERIMG . XFERE R M EE A
BRNT—RERPER.
EEXWANLR, BETE#HE—DR, BRRTEk—PiTEinttX
MEHDE L.

Louvaint&ir{k 2R AL E R, F—FHRUTBRITGHRERM,
LouvainfE A IA N /ARSI IX — &

c k

uv

A ———
uv 2Zm

|
Q= 7_mzu, v

A

d(c,c,)

FEXNMARE
UFIVE T =
MEENENRXENE (EERAARNF2mMEELANE—LHE) .
Ay = BUFIVZ B3R (932 A 4 R BEHL S B RO S5 RAOR L RO 25
R
v AwWRURIvZ BB X RENE
v KusuBIFTE X RZNER A
v KvERVEIFE <R INER R

® J(cuov) @ HuFVENEZIE—HXE A1, HE(FARREXE K

0o

E—SHNR—BIE T MR — AN D RBHE B — AR, ERENE

1. LowvainFATEXNMREEXNTR, REHE 7 RENADE.

LouvainiZ 1L B9 Hiz &

fFEALouvaintBH L ZE B XKML P EH X, ZEEXARAREL, AR
EREMERNERGEE, A, SiramERiE £ X LR LB RE
MERYEME, Louvain®] Ik _E A

Louvain3T FIFEE X NENEMLIEEET T, LHEAMFZEREN—

—R BRI AL FARTRINEREN—R ., ZEZTURHMER, BITMNE
HAMAARRRNORE, HEFHXPERTFHE RO T,
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B RBIEE

v NN ER D, LouvainE E#S. V. Shanbhag AT 2016 £ — MR,
TR ER T RIEME LMK P IREHXENAON A, —BiXEit

XWEI, elstd AR MR .

v MTwitterflYouTubeFALM X F SRR T, EFXHPHERHIN
MIARTE, EATTERIEN—H2. X—IJ7A7#G. S. Kido, R A
lgawa#AS. Barbon Jr.,  “Topic Modeling Based on Louvain Method in

Online Social Networks” —>3 H##$T T #ik,

v 7D. Meunierd AHJ “Hierarchical Modularity in Human Brain Functional

Networks” Ffrid, FERFRETIREMZE P E|ERUAIHL X,

,%\

R LEE (BELouvain) EIEE/N GBI, B4, XLEET AR A
A& R NEIAE X, B0 PURIS A RS HF LB R TR N EE, HRk, E#H

BESHXMAREES, ERUaTRE

EEFMHEERREAE. ER—
BT, BATENERERMNERRCEEEAERMEITNIES,

#ENeo4j I {E FLouvaint&ii{t

BERZEHER,

IEBANE— T LouvaintRRALINET N A . B A1 o] IAE R R HUITI THIE .

CALL algo.louvain.stream("Library", "DEPENDS_ON")
YIELD nodeld, communities

RETURN algo.getNodeById(nodeId).id AS libraries, communities

BT ENNSENT ¢

Library ME R R S AIRE
DEPENDS ON ME R AKX RAYKE

M Tz fTHZE R (Neodj Louvain k)
oo T +
| libraries | communities |
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e S +
| pytz | [0, 0] |
| pyspark | 11, 17 |
| matplotlib | 12, 0] |
| spacy | 12, 0] |
| py4] | 11, 1] |
| jupyter | 13, 2] |
| jpy-console | 13, 2] |
| nbconvert | 14, 2] |
| ipykernel | 13, 2] |
| jpy-client | 14, 2] |
| jpy-core | 14, 2] |
| six | 12, 0] |
| pandas | 10, 0] |
| numpy | 12, 0] |
| python-dateutil | [2, 0] |
e S +

HEX FHERD R AW NRANHEX . SEFNRE—MERERET
X, A—12FEHK,

DEGEPEMXMEREAHKPVBFRZRE, XEUNENEX. BelR
AERPEAX DR BETHIRE, flin BFFRCAONAX" | “tRiCA489%E
X" &%,

40, matplotlibAY4ERZ[2,0], XEEKEMatplotlibA R XFRIC A0, #
B4 XARIC A2,

MREBMMEAMZEEZNBENRAFHEX LMK, REBNEHATER, 4
BEASEINXZOEMIEN. UTEEFETTLowainE %, FBERFHESD
¥ A B communities B M

CALL algo.louvain("Library", "DEPENDS_ON")

BANETNERZEEZNRRAFEEREX, AEHAset T ARFMHEE
R, THNEEWERT RAMNMEHITIERE

CALL algo.louvain.stream("Library", "DEPENDS_ON")
YIELD nodeld, communities
WITH algo.getNodeById(nodeId) AS node, communities

SET node.communities = communities

—BRMET U EEENER, BTUBN THEEREEREMNE:E

MATCH (l:Library)
RETURN l.communities[-1] AS community, collect(l.id) AS libraries
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ORDER BY size(libraries) DESC

l.communities[-1] MFEEAFTRERE— TR, BTEREE

E’Jf“&

------------ e
| community | libraries |
S e +
| o | [pytz, matplotlib, spacy, six, pandas, numpy, python-dateutil] |
| 2 | [jupyter, jpy-console, nbconvert, ipykernel, jpy-client, jpy-core] |
|1 | [pyspark, py4j] |
S o +

XN EMIFAEZEZAGE LT ERMN—HE, matplotlib5pytz. spacy.
six. panda. numpyiﬂlpythondateutll?'f—ﬁ\%ilzEF'o BT UERG-13FEEFE

HEFX—R

jpy-console

_ noTsaNad3d T

&
@4

@ -
§
&'
$
&
&
5

/

| pRpENDSS N

0605
{o,v

SPSND
~on

DEPENDS. ON

Ogp,
R
Os
~Ooy

\

~——— DEPENDS_ON

&6-13, Louvain® =&AL
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LouvainBEEZM A — MR 2R M T IXEE IR ERE, XBEBMNERER
HEFMNEAIERE
MATCH (l:Library)
RETURN l.communities[0] AS community, collect(l.id) AS libraries
ORDER BY size(libraries) DESC

ETIZE R IAGE WM TS
R ey +
| community| libraries |
R ey +
| 2 | [matplotlib, spacy, six, python-dateutil]
| 4 | [nbconvert, jpy-client, jpy-core] |
| 3 | [jupyter, jpy-console, ipykernel] |
| 1 | [pyspark, py4j] |
| 0 | [pytz, pandas] |
| 5 | [numpy] |

+

matplotlibft X #7225l A =NVt X

® matplotlib, spacy, six, and python-dateutil
® pytzHpandas

® numpy

BT INEE6-14P BRI XN
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jupyter

jpy-console DEPENDS_ON
<,
%
% & &,
7
5 % $ %
(s} % $§ S
Py 5 & %
g ‘% &
@ Q -
& N
Q
nbconvert )
) y
5 ON

T N ipykernel
A A g
[ oo 050
K jpy-client ) &7 oepEN
&
<
D

/ DE[)[NDS
=0
Ny \

N 4
(e )
\\» 7//
pepeNDS ON
numpy
~ 04,
Otp,
%
> 4/05
DEPENDS_ON

o
P
s
&
&
matplotlib
—

DEPENDS_ON

y N
4 /
9
( spacy ) %,
) & %
y g, &
$
ey, / N
4 pyt on- dateutll\
[ pepENDS ON \\ /
( six / O
Q /

\\—E/té—lﬂr.Louvain%‘}%ﬂyﬁEﬂE{’\] g BR 2k
BAXNERERTRERXREN, ERORBNE—NERNELETX
NEERNEXREM, LouvainiB/mBy B SREEXS T4 °]

NEE, BN=EE—
SERE A KANEEACNE R A KIEFEE F

Br X
EREEERNER R, AT, BT RRNEENTRE

HEGNE
EMNTRESEAIAFCRAHEK ., XESA—MFENEBIEFEHNE

AR TT4a,
ERBEEREENE, FEAERRRNM.
XEEERSN, RKEEHXGNEEERN

SEBENERAL, SBFERNXER
ALY, ERSEFPHIMEETARARE. BEIERNNERSETEME
AT ARIEPT A BLAL X RO ET 1

XEHRIEEHRITILE,

EE% 148
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HAE P mEZWNEAEZGIrvan-Newman (GN) FlLancichinetti-Fortunato—
Radicchi (LFR) &EiE., XEEEERNSENERTEAREM | GNAERL—ME ALY
SHBEYVINE, MLFREIE— M EARMNE, HPFHWRENTXXK/NMRBERED
o

HTEMNURAEFRUEBOR TR ERANEE, FIERNNEBEESEHIEER
REREZEMN, RURSHIHRBUNEERE. XEZDH. #HXEXFHEXT.

B

HERWEEN TEFD RERTHPATAREA.

HARAEF, RMNEEFZIZAMTEMNRARGE L. ARTNSREITER
M E M RAGNEE | sREEAERAG. XEFEEATHKAIMALE 88
EX, NTHERMTEENEH T BREEHEETHA.

BT T IRZZEMLouvainiRik, XWANEREME L ENEBEH
A ME MW ENHEX . LouvainiREABMNERT FRIZERAMTX.

ET—FP, BMBEZI-PERNERESE, FEIMTEILEEEASE
—i2, MRENPMEEBIENERANT .
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FLtE BEELK

BEE FATHSR AR EHIRE L ARBEENTTA, BN ED TR ANTT
EMAERMER. ERES, FPEBIL LN REIREIREFH T R
Yelpflk E MV IR SRR ERMEERBIED T, BATKAENeodjF# TYelp
RO, EREBESUEN—RitiE, ASBEEMTIERTEIL, MEREZERFM

SEIRHAITEE. ASpark®, BMNBEEXEM=ASEIE WUTRAEM
TR BRI AIE R AR A7 e 5
BT IHEEERER, IMNOTEHEREAXL R OMERQNEE |

FAMTIHEE (PageRank) BEEHEIFZM M YelpiFid R, AlEXBifth
(IBSESHNEN SR %)
FA A Ay (Betweenness Centrality) Bk & TE R ZNANEEE,
KRR R
B IRZAITELIE (Label Propagation) EAREIZE K UYelpAk &

YB3

FAE M (Degree Centrality) EARIR IR 3 3 Bzt #UiE S F 099151
Al
FiRZE A4 (Strong Connected Component) B EEENIZELER

FANeodjn#rYelpZHz

YelpZBIA(TARIBIFIL . WFMEIIKE Libi ., BE2018FK, EF&
H18ZE R ARETFE L. B2013FERK, YelpFF R T YelpFieEH LR, X
MERSEMANEZRARYelp I FHEIRE.

BEHBNEL2R (2018F#FT) , FAREUREELE

HBId 70077 & E g+

HBid15075 A28 55K E A
817188,000k > W B 140 H N EM
10N A& A X
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BMEMUEK, XMEERCETB/RTER BERFARRIEZEHXM
MRIEN, YelpHiEERTEMRFASEERNELEE. X2— M REFNEE
ERR, IREIT I TEHMERR.

Yelptt 3z 4%

BRTREMDEFWIFE, YelpfIBAERERK T — MM, BT e
X Eyelp.comAF BRI M H M A ZXFRIEK, o] DUEZMIIA@BTRS
Facebook & 2544,

Yelp IR EXRBIE— N MNE ., E7-12Mark YelpfEi/AFriendsERo YR
BEE.

Mark N. @ Add Profile Photos
32 San Francisco, CA B Update Your Profile
¥+ 1Friend n 0Reviews () 0 Photos ¥+, Find Friends
Friends
Mark's Profile Sort by: Recently Active ~ Read Recent Reviews ~ Manage Friends
: Profile Overview
Ljubica L.
; Friends San Francisco, CA
vi1 Qo
B Reviews
Page 1 of 1
Q Compliments

B 7-1.MarkfYelp& &

REAMarkTEEZHPR, ERIMNERZRNELERFTHT . A
T BREAINET 3 AN eod T Y YelpBdlE, AR AT Ak E 2l 55 T1ER
s, BAVBELETRYelpBdE, REEFFMEEMANERINNNEAEFKIT
WikAT. A Las VegasHF E R M FHRFMEE M ITIERIL

BN EHROF BT R 2N B Nt S5, £—0FF,
BUVEEBNEERAERMAAEE, ARWEMIIRIZMUAIEHITI A B R

V.

2 E IS N
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B2 RENTETUEEIBS A ANeod), BIESATE, BNEg@=HTd
FEAME VR, I Kneodj IR,

SFYelpfiEL, RIMNBEAMSARELE EUSATERRER
¥, BEZHEESINEN ‘NeodjitBEIES AMYelp” .

SEE L

YelpBiE X ERE SRR, WMET7-2F77R.

2
%
Qs

BMNOEEERE HUserfI T2, XEFHSS5HMAFBFRIENDSE R, A
PR I8 X FBusinessfReviews iz k. FiB THIESFH AT SNEM,
Tk 2K RIBRSN . Wb &K 5 BB M Category ™ SR, MFABHIE HK{IELR
#City. AreafiCountry B M IRENE|FEF ., EHMAGF, BFEMBMHRRET
= (BH) HBFRMBRXR (NFHE) TEEEERXNH.

YelpiEEXR SR FRFANBE, BRNAS ARG 4 HX LR RFE
o

Yelp& i py iR 4 ik

—BIANENecd PINE T BdE, BMMIPIT—ERRMUSE. HAEHE
BIENRANTEZ DDA FEMMERNXR, T BYelpfdk. METRNE
2 ABANBINeodj7~BIfR7= T CypherEif], BHRATIEEANA—MBEESINIT
XEEE, BTPython@BIERERNERIES, STUNEEEERERES
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Python&E 7SR G EMER, BAVKETEART S BNeodjiPythonIk 2.
MRKNRABEBREWER, KITEEEFEACypher,

B B i iENecd 5k T pandasEHRE S, XX TFEIBEZ MY
HIEFRREENN . BAVEERIEFERFIREREMTEK T MpandasHB EEE 8
L8 PR e E Fmatplotlib G Z2 FHIREA TR R R,

BATE K13 FANeod| FIAPOCTE FEER B BN R4 5 BB AMICypherEia, 7
Bi%H9 “APOCHIEftENeodj TH" HHXFAPOCHEZEA.

IEFRATE e = PythonfE

pip install neo4j-driver tabulate pandas matplotlib

SEREBNEFANXLRE

from neo4j.vl import GraphDatabase
import pandas as pd

from tabulate import tabulate

fEmacOS LS Amatplotlib ] BEIRE B, B TJLITRIZ ™ IXRR B -

import matplotlib
matplotlib.use('TkAgg')
import matplotlib.pyplot as plt

WRIRES—NMRERGLETT, WIEAFEPEOBR—T. IEILIA]
B —ME R At Neod EE B FINeo SR SN T2 Fr B9 SL B

driver = GraphDatabase.driver("bolt://localhost", auth=("neo43j", "neo"))

REFEEAFREBCHENHEEREN EBX—17.
B, EBMNE-EDRMXEAN—REF. UTRETESEETD G
FMEL B, HTEEMIENTRE)

result = {"label": [], "count": []}
with driver.session() as session:
labels = [row["label"] for row in session.run("CALL db.labels()")]
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for label in labels:
query = f"MATCH (: {label}") RETURN count(*) as count"
count = session.run(query).single()["count"]
result["label"].append(label)
result["count"].append(count)
df = pd.DataFrame(data=result)

print(tabulate(df.sort_values("count"), headers='keys',tablefmt='psql', showindex=False))

!Zﬂ%i__ﬁixﬁﬂ HMBFHEMTERSZPITR

Fmmmm - fmmm
| label | count |
Fmmmm - fmmm +
| Country | 17 |
| Area | 54 |
| City | 1093 [
| Category | 1293 [
| Business | 174567 |
| User | 1326101 |
| Review | 5261669 |
Fmmmm - fmmm +

AR ER I TR e EHR TR

plt.style.use('fivethirtyeight')

ax = df.plot(kind='bar', x='label', y='count', legend=None)
ax.xaxis.set_label text("")

plt.yscale("log")

plt.xticks(rotation=45)

plt.tight_layout()

plt.show()

FMTUERET-3P BRI X MBERNER. HER,
ZE .
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106

105

104

103 |

102 i

101 . ===
& & F &S @
S & & e N
& & = <&

B4, I DITEXRRAES

result = {"relType": [], "count": []}
with driver.session() as session:
rel_types = [row['relationshipType"] for row in session.run ("CALL db.relationshipTypes()")]
for rel_type in rel types:
query = f£"MATCH ()-[: {rel_type} ]1->() RETURN count(*) as count”
count = session.run(query).single()["count”]
result["relType"].append(rel_type)
result["count"].append(count)
df = pd.DataFrame(data=result)

print(tabulate(df.sort_values("count"), headers='keys',tablefmt='psql', showindex=False))

WRIETIZRE, BABEEZIEMIRRENEE

Fom e

| relType | count |
Fom e +
| IN_COUNTRY | 54 |
| IN_AREA | 1154 |
| IN_CITY | 174566 |
| IN_CATEGORY | 667527 |
| WROTE | 5261669 |
| REVIEWS | 5261669 |
| FRIENDS | 10645356 |
Fom e +

BT UBZA7-ARNEHE R, STRESESR—F, BERRERNEX
e,
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107

106

10°

104

103

I
—=

L6 & © A
K & & & & &
& 8
W«

@9 S

E7-4 32X R LD BT EEROXRL

XEERANIZEREARNFIFNELS, ERENNTT7THEEFNRE
REA, XETUREREHEESERBSA.
FAMRRYelpBRZBEETFE, EREBMNKIXNMTIZARERERE
B, BEETUTE ﬂ,ﬁﬁﬂ%?ﬁﬁﬁ%¢ﬁ%¢@%ﬁﬂH&bﬂﬁ%¢
%

RETURN size((category)<-[:IN_CATEGORY]-()) AS businesses,size((:Review)-[:REVIEWS]->(:Business)-[:IN_CATEGORY]->

(category)) AS reviews

| businesses | reviews |
Fomm - fommm +

| 2683 | 183759 |
Fom - Fom +

RINERZUSEM, NOEFLOTR | ET—FP, RIOBH—SHI
BB S HB PHSIE.

HRATALRI R F
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ATHEBMNNNARFPARMZRLAHEE, TS TR HRIRLAEE
EATOTRNEFNBEARTTE. BATTUME-T, BII2WETEEN T FKER
2BM. ATEBIORRIZFXIMNEEFEFHFRD S, TAERXTRE !

# Find the 10 hotels with the most reviews

query = """

MATCH (review:Review)-[:REVIEWS]->(business:Business),
(business)-[ :IN_CATEGORY]->(category:Category {name: $category}),
(business)-[:IN_CITY]->(:City {name: S$city})

RETURN business.name AS business, collect(review.stars) AS allReviews
ORDER BY size(allReviews) DESC
LIMIT 10

fig = plt.figure()
fig.set_size_inches(10.5, 14.5)
fig.subplots_adjust(hspace=0.4, wspace=0.4)

with driver.session() as session:
params = { "city": "Las Vegas", "category": "Hotels”}
result = session.run(query, params)
for index, row in enumerate(result):
business = row|["business"]

stars = pd.Series(row["allReviews"”])

total = stars.count()

average_stars = stars.mean().round(2)

# Calculate the star distribution
stars_histogram = stars.value_counts().sort_index()

stars_histogram /= float(stars_histogram.sum())

# Plot a bar chart showing the distribution of star ratings
ax = fig.add_subplot(5, 2, index+1)
stars_histogram.plot(kind="bar", legend=None, color="darkblue",title=f"{business}\nAve: {average_stars},
Total:
{total}")
plt.tight_layout()
plt.show()

BRI HERIAPRE], REEEIETLas VegasiBilE. HANETHRIE, 7
FE7-5hERK. IR XERRBEENESR, VHERKREIFRANEE DL
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0.30
0.25 4
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0.15 A1
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0.05 A
0.00

ARIA Resort & Casino
Ave: 3.51, Total: 3794

The Cosmopolitan of Las Vegas
Ave: 3.87, Total: 3772

— o~ ™ < wn

Luxor Hotel and Casino Las Vegas
Ave: 2.63, Total: 3623

0.4

0.3

0.2

0.1

0.0

!!!.l

MGM Grand Hotel
Ave: 2.99, Total: 3445
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0.00

1.

The Venetian Las Vegas
Ave: 3.93, Total: 3103

0.25 A1

Ll

0.20

0.15

0.05

0.00

Flamingo Las Vegas Hotel & Casino
Ave: 2.48, Total: 2942

0.3 A1

0.2 4

0.0

0.3 A1

0.2 4

0.0

0.30 A

0.25 1

0.20 A

0.15 A

0.10 A

0.05 A

0.00 -

0.3 -
0.2 1
— N I I I
' - W 00 I._
- o~ m < w —- ~ m - w
Bellagio Hotel Mandalay Bay Resort & Casino
Ave: 3.71, Total: 2781 Ave: 3.27, Total: 2688
0.3 1
0.2
j . ) ] . l l
4 . 0.0 -
— o~ m <t w - o~ m < sl
Planet Hollywood Las Vegas Resort & Casino Monte Carlo Hotel And Casino
Ave: 3.05, Total: 2682 Ave: 2.64, Total: 2506
0.25
0.20
0.15
0.10
0.00 -
- o~ m - v - ~ m - L2}

E7-5. &Y MHI105OEE, X5 R EREFYH A EBETESB oL

XEFEEFREZIE,

T B AT AT

BEIREIN. REFERBMNOAAR

TEREXIEHAR, FEECNERMNOEAEFPEMNRL . A 7THTEDD
#r, BATEMEBERNERREEEREREE.
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FHREY W EETL

BANNELRE X RERLETFIRIE ? P —F 77 A2 RIBITL AX Yelpl9 10
kHEEFIFR . BB TPageRank&E R, SArENBEE /D =5CRIEN A K
FEHTHE, FiLE EEMNEDP, BETMUEMTRAXENES, HR
MXFEHE (ANEEMERMNAR) . BIEERYelplRAEXRBEIRAZ
[BIAYXHR . PageRankEEZWRIMALENELZHFABEREZIWANITRE, BT
BENMBAZEANEEENBR.

L.

MRFNAEBPR, BNz BEEBAFRIENDSK R, a1, wNRAFBEAA
K, BALAFIBZEISHFRIENDSK R, BRIAZESHFRIENDSKE.

RNBERE—1EW, B=MUENTREREZARPNTE, REERT
f9F & _E#fTpagerank & %

A—M Bl FERZGEBRTEREZ2NFT TIEN. B7-6Bx T =1HEHAA
A Mark. AryaFiPravenafy*<Z& E, MarkflPravena&fX =5 EEH T T BHE, 7
BRAREEN—D. Z—AHE, AyaREBEET —FAE, FEILEHEERRAETUN
Z 98,

MEDICAL 5 Al B9t =E EE% 159



- IN_CATEGORY e IN_CATEGORY
"
~“Tecop,
4
%%s
%
q)&?q:svmws
2
A
iy

&
SQ./J

SMAIAIY

REvigy,s

&
®
S5

‘H%HHH’
o
&
» Sy
‘ REVIEWS /& WROTE

FRIENDS

E7-6— Yelp I HI KA 5 &

AT B R B EMarkFPravena, R 7-7Fr7=.

FRIENDS

Praveena

FRIENDS

B7-7 BB R BIR R A

BABMNEL TR T ERESNETIERN, BALEMNSLEHH, TEANE
XTI B fTpagerank &%, FHRERFHEAETN T S AYhotelPageRank/E M
=n

CALL algo.pageRank(

'MATCH (u:User)-[:WROTE]->()-[:REVIEWS]->()-[:IN_CATEGORY]->(:Category {name: $category})
WITH u, count(*) AS reviews

WHERE reviews >= $cutOff

RETURN id(u) AS id',

'MATCH (ul:User)-[:WROTE]->()-[:REVIEWS]->()-[:IN_CATEGORY]->(:Category {name: $category})
MATCH (ul)-[:FRIENDS]->(u2)

RETURN id(ul) AS source, id(u2) AS target', {graph: "cypher", write: true, writeProperty: "hotelPageRank",
params: {category: "Hotels", cutOff: 3}}

ROTREEZERE], BATXBERESESZEHINLHEER FH &R ARIERIRH,
WRZFRAFIRE, NeodBRIAH0.85FEEEEL, maxiterationsi& & 420,
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AT EFEBpagerankBM DA, XAFTATRLFE 1T TR AR

MATCH (u:User)

WHERE exists(u.hotelPageRank)

RETURN count(u.hotelPageRank) AS count,
avg(u.hotelPageRank) AS ave,
percentileDisc(u.hotelPageRank, 0.5) AS ~50%°,

.75) AS “75%°,

.90) AS “90%°,

.95) AS ~95%°,

0
percentileDisc(u.hotelPageRank, 0
0
0

percentileDisc(u.hotelPageRank, 0.99) AS ~99%°,
0
0
0
1

percentileDisc(u.hotelPageRank,
percentileDisc(u.hotelPageRank,
percentileDisc(u.hotelPageRank, 0.999) AS ~99.9%",
.9999) AS "99.99%°,
.99999) AS "99.999%7,
) AS ~100%"

percentileDisc(u.hotelPageRank,
percentileDisc(u.hotelPageRank,

percentileDisc(u.hotelPageRank,

ﬁﬂ%ﬁzﬂ] XANEHA, ?ﬂdlﬂ» EEIPS A?‘*Hj :

B e e et et e e e o o Fommm - +

| count | ave | 50% | 75% | 90% | 95% | 99% | 99.9% | 99.99% | 99.999% | 100% [

B Fommmm o e oo oo oo o oo o o Fommm - +

| 1326101 | ©.1614898 | ©.15 | ©.15 | 0.157497 | 0.181875 | 0.330081 | 1.649511 | 6.825738 | 15.27376 | 22.98046 |

B Fommmm o e oo oo oo o oo o o Fommm - +

AT BBEXANEDLER, 90%AYE0.157497E Lk E90%E FH -~ fpagerankig &
EEIXNEHER. 99.99% KRBT #70.0001%1F B R HER, 1000 {NFT=H2
&S pagerank 3 1,

FEBNE, ?ﬂzﬂ]go%mﬁﬁ}ﬂﬂ’] SRF0.16, HERAEEHE, XksTED
pagerank & EZ ¥R AY0.15, X—HIBUF R T BEENDH, HPFILNES
FEmhIFeR.

AARMNABEIFERXWANARS, MUBIMNERSE &R, ERERK
pagerank > #XE PG A A HER BT0.001%F9 B . T RMEEIEE K pagerank s>
HET164951MEHE (BER, X=Z99.9%H94H)

// Only find users that have a hotelPageRank score in the top 0.001% of users

MATCH (u:User)

WHERE u.hotelPageRank > 1.64951

// Find the top 10 of those users

WITH u ORDER BY u.hotelPageRank DESC

LIMIT 10

RETURN u.name AS name,
u.hotelPageRank AS pageRank,
size((u)-[:WROTE]->()-[:REVIEWS]->()-[:IN_CATEGORY]-> (:Category {name: "Hotels"})) AS hotelReviews,
size((u)-[:WROTE]->()) AS totalReviews, size((u)-[:FRIENDS]-()) AS friends

WRIBITIZEN, ?idl]HTLH:LE 25

Fom - e Fom - Fom - +
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| name | pageRank | hotelReviews | totalReviews | friends |
Fom - e o o Fom - +
| Phil | 17.361242 | 15 | 134 | 8154
| Philip | 16.871013 | 21 | 620 | 9634
| Carol | 12.416060999999997 | 6 | 119 | 6218
| Misti | 12.239516000000004 | 19 | 730 | 6230
| Joseph | 12.003887499999998 | 5 | 32 | 6596
| Michael | 11.460049 | 13 | 51 | 6572
| J | 11.431505999999997 | 103 | 1322 | 6498
| Abby | 11.376136999999998 | 9 | 82 | 7922
| Erica | 10.993773 | 6 | 15 | 7071
| Randy | 10.748785999999999 | 21 | 125 | 7846
Fom - e o o Fom - +
XL B RBAPhIZ R OISR BB ITFREREEE, hoJsER

—EREZMWMHNABTXRER, 1E!zn%?kﬂ],u —RIFATFE, DAY ﬂavt?ﬁ
ERFERE, PhilipfInEFEE, BRAES, BRIRELLPhIZAFE, BA
ISR, MEEEIHENAR, BIfpagerank B FHF A2 &S HT, 1&1}3
0%, NTFRIMNHWNARRF, BANEFEREBREBPIl. PhilipFIEYEE T
®, ABMRHEELSNZWEFTIRRELE

BEATANE L BT XHIIFIE K #T?ﬂzﬂ]ﬂ’]}*ﬂmz@u AL TR
SHR—NTTHE . B,

R R 35 B

B, HEZWONEAS TMNERERLN, &
JESUEBA, L)l@ﬂﬁﬂ]“'HMHEMZ\EE’\JFIEJJO Bk, FAkEHBellagiofIH it
R, HERAEZWEHATLRAT

query = """\

MATCH (b:Business {name: S$hotel})

MATCH (b)<-[:REVIEWS]-(review)<-[:WROTE]-(user)
WHERE exists(user.hotelPageRank)

RETURN user.name AS name,

user.hotelPageRank AS pageRank,review.stars AS stars

with driver.session() as session:

params = { "hotel": "Bellagio Hotel" }
df = pd.DataFrame([dict(record) for record in session.run(query, params)]) df = df.round(2)
df = df[["name", "pageRank", "stars"]]

top_reviews = df.sort_values(by=["pageRank"], ascending=False).head(10)

print(tabulate(top_reviews, headers='keys', tablefmt='psql', showindex=False))
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WRBAMETEIE, BAEBEIX D

Fomm o - +
| name | pageRank | stars |
Fomm o - +
| Misti | 12.239516000000004 | 5
| Michael | 11.460049 | 4
| J | 11.431505999999997 | 5
| Erica | 10.993773 | 4
| Christine | 10.740770499999998 | 4 |
| Jeremy | 9.576763499999998 | 5 |
| Connie | 9.118103499999998 | 5 |
| Joyce | 7.621449000000001 | 4
| Henry | 7.299146 | 5
| Flora | 6.7570075 | 4
Fomm o - +

BER, XEERSHMNZTNREEEHERAR. XERAEXE, &
MRKEMBLENBellagioAITFIR R .

BellagioBi Y% A RS BIANE R REF. BII0AA MW MIAERS H 7 HEE
RIFHER . AR ERRXLEANTRIFEIFDZMITNER.

HRETABRWANBEAGRRE * HAMNTLUET U TREBRE R TTE A
ARENEA, WNAEREIRTHESR

query = """\

MATCH (b:Business {name: S$hotel})

MATCH (b)<-[:REVIEWS]-(review)<-[:WROTE]-(user)

WHERE exists(user.hotelPageRank) AND review.stars < $goodRating

RETURN user.name AS name,user.hotelPageRank AS pageRank,review.stars AS stars

with driver.session() as session:
params = { "hotel": "Bellagio Hotel", "goodRating": 4 }
df = pd.DataFrame([dict(record) for record in session.run(query, params)])
df = df.round(2)
df = df[["name", "pageRank", "stars”]]

top_reviews = df.sort_values(by=["pageRank"], ascending=False).head(10)

print(tabulate(top_reviews, headers='keys', tablefmt='psql', showindex=False))

WRBANETIZR, BREIUTE

T it fomm— +
| name | pageRank | stars |
Fmmmm - fomm - fomm— +
| Chris | 5.84 | 3 |
| Lorrie | 4.95 | 2 |
| Dani | 3.47 | 1 |
| Victor | 3.35 | 3 |
| Francine | 2.93 | 3 |
| Rex | 2.79 | 2 |
| Jon | 2.55 | 3 |
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| Rachel |
| Leslie |
| Benay [
tmmm +

EJEJHI‘HEIF%E'E‘"’E’]BellagiOﬁﬁF' ChrisMLorrie, ZHF#&BI1000A 58 F W /1 HY

FORERNZTNERER) | FFATRBLEHTOAER. S BT
%ﬁ%kf“mﬁﬂﬁ 5XE, RFIKHEEEGEIENNATESEHEERRA
B3,

Bellagio3s X #E]

ERMNBHMBMNBBERWANITLRZE, Belagioll EERFE(TEXRER
FHEFHNEHT, BHHEEMSVHTRIXIE . ERMNNZEF, BMNEY
1RSSR EAERBEHXHBEAREINE AR, BMNTUERZFIITEE
B9 O M B R SRTTE H BREEBellagio iR R ANMX T BN YelpM4& h F R 47 AV BX
#, MBZXRTPHEAREEZ B HFE.

BARA X7 Las VegasFHBE X MO B ARNE, FrIAFRITE AEfRCXE A
.

SET u:LasVegas

FEFHAMLas Vegas P LIETHRNFIOHEEFTERKEE, BLLBRIEE
FARA-BrandesZ &, 1ZEEBIIRED SITERNMES, HENXRRIIENR
BRI RERE

ZiF LR, RIBGET —LESHEELRRTRINMENER. HRIEEA
REAN SN RERE (maxDepth—4) #ﬁzo%ﬂﬁ*ﬁﬁﬁﬁ%ﬁ (2= A

02) ., IHIE, EMRENTSSHEES /ﬁﬁ]ﬁ ERZERHFE SHERIT
HER, WTFEEEFERE, ®ES 5(1_ MR DOR B U %8 328 5 A

U TEEBNITREEF B ERFHEE between)% N

CALL algo.betweenness.sampled('LasVegas', 'FRIENDS',
{write: true, writeProperty: "between", maxDepth: 4, probability: 0.2}

)
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HARNAETEREAZEDPBZH, ILBNEE—MRENREUEEERE
BNEND /AN

MATCH (u:User)
WHERE exists(u.between)
RETURN count(u.between) AS count,
avg(u.between) AS ave,
toInteger (percentileDisc(u.between, 0.5)) AS ~50%°,
.75)) AS “75%,
.90)) AS "90%°,
.95)) AS "95%°,
.99)) AS "99%°,
.999)) AS °99.9%°,
.9999)) AS 99.99%°,
.99999)) AS ~99.999%°,
)) AS pl00

toInteger(percentileDisc(u.between,
toInteger (percentileDisc(u.between,
toInteger (percentileDisc(u.between,
toInteger (percentileDisc(u.between,
toInteger (percentileDisc(u.between,
toInteger (percentileDisc(u.between,

toInteger(percentileDisc(u.between,

- © © © © © © © o

toInteger (percentileDisc(u.between,

!ZD RPAVNEITIZREL, FERUTE

B et T +-———- +om— - o B et o o Fomm e et o +
| count | ave | 50% | 75% | 90% | 95% | 99% | 99.9% | 99.99% | 99.999% | 100% |
+o—m - e e +-———- +om— - o B et o o Fomm B et o +
| 506028 | 320538.6014 | @ | 10005 | 318944 | 1001655 | 4436409 | 34854988 | 214080923 | 621434012 | 1998032952 |
+o—m - e e +-———- +om— - o B et o o Fomm B et o +

BABE—FMARES A0, XEREMMNIRAIBEREFNEKR. FIITED
1&%5( (99%F1) R FFKA1500000 A Z B E D400 Mz L. &2 ERT

?Jzﬂ]%ﬂ:é?kﬂ]ﬂ’]k%ﬁ(ﬁﬁ)ﬂ EEAR, BEE—EHAXERREMNTRANE
ﬁ%J X2/ SRR 2R B B BT

BT MBS IETIATE ﬂélémﬁzﬂ]ﬂﬁ EEERSHE

MATCH(u:User)-[ :WROTE]->()-[ :REVIEWS]->(:Business {name:"Bellagio Hotel"})

WHERE exists(u.between)

RETURN u.name AS user,toInteger(u.between) AS betweenness,u.hotelPageRank AS pageRank, size((u)-[:WROTE]->()-
[ :REVIEWS]->()-[:IN_CATEGORY]->AS hotelReviews ORDER BY u.between DESC LIMIT 10

BWHWOT

Fom e o e o +
| user | betweenness | pageRank | hotelReviews |
Fom e o e o +
| Misti | 841707563 | 12.239516000000004 | 19 |
| Christine | 236269693 | 10.740770499999998 | 16 |
| Erica | 235806844 | 10.993773 | 6

| Mike | 215534452 | NULL | 2 |
| J | 192155233 | 11.431505999999997 | 103 |
| Michael | 161335816 | 5.105143 | 31 |
| Jeremy | 160312436 | 9.576763499999998 | 6 |
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| Michael | 139960910 | 11.460049 | 13 |
| Chris | 136697785 | 5.838922499999999 | 5 |
| Connie | 133372418 | 9.118103499999998 | 7 |
Fom - Fom - o Fom - +

BMNEXERIN—EAMZ B Epagerank&EIGH BRI A—FE, Mike@—
NEBBIS, MHRES, BAMIEEEEBNEE (EXRKE) . B
A7 Las VegashYelptt R EHE LS FHIELR .

ATEMEZHNER, BIBEEIE EEE BrOEMRY, UTH#E
BAONZIET 4. XERBAFNITFZABNBIEHRTTEE, BRBRNEEUT
i, MHKEMBMNESROEE !

MATCH (u:User)—( :WROTE]>( )—[ sREVIEWS]_> (:Business {name:*Bellagio Hotel'}) WHERE u.bstwesn > 4436409

// Find the restaurants those users have reviewed in Las Vegas

MATCH (u)-[:WROTE]->(review)-[:REVIEWS]-(business)
WHERE (business)-[:IN_CATEGORY]->(:Category {name: "Restaurants"}) AND (business)-[:IN_CITY]->(:City {name: "Las
Vegas"})

// Only include restaurants that have more than 3 reviews by these users

WITH business, avg(review.stars) AS averageReview, count(*) AS numberOfReviews WHERE numberOfReviews >= 3

RETURN business.name AS business, averageReview, numberOfReviews ORDER BY averageReview DESC, numberOfReviews DESC

LIMIT 10

XANEEHE T RINEREZW ORS00 EESE, F3HF T Las Vegasixk A ¥ 11
HHIONET, EFELFEINATEMIIZET. IRFEMNETE, BITEERX
EBRAYEE

e e
| business

e e
Jean Georges Steakhouse

Sushi House Goyemon

Art of_Flavors

é by José Andrés

Parma By Chef Marc

Yonaka Modern Japanese

Kabuto

Harvest by Roy Ellamar

Portofino by Chef Michael LaPlaca
Montesano’s Eateria

_________________ +

numberOfReviews |
_________________ +

WWwWwhDDhDbhbhoo

—_———- - — — — — — + — &
e e

_________________ +
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AN T D2 W Bellagio 5 XEEB [TEA G2 —RIEHES), MURSIREM
BE LT EERAOBFENTEAN. TN Bellagiof) X LBRERESE, KA THINT
EMRLERIE T RER S TR B B iRp R AR,

BRI E LH BiBellagiofz it ®] 7 FraVAH A, T 7 Bt At Xie
kit —H S TAN N R

sl ES e

HPMNFRLRAERZEAEFEREER, BNFERTMAIT RN
BEVEMR S5, YelpHIEEBEE10005 M KR, Hob—ERFMUFRULEM. o)
B AR LE ATNH AP IR BBV L SR BN AR

BMNOERB AR BB EEAXR, B2 TUERAE_Z "B
B, ZoEMK-2E" fmieB8, RIE\ESWIEX B ST RKRME—
KABIATERIE

Bign, RERBE—1 WK B oL BEMB LK, NET7-8F .

Historical Tours

Hotels

E7-8 BM LRI

ME7-9FrR, X¥E=E—PMEFE, ZEREBENHEREZ BE—ME
HIRYBEEE
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»
V4
4 \\
1 Historical Tours

Hotels /]

<«

. ~~—

E7-93% 8 £ AIE

HEXMERT, BIRFELAFTECRZAMUER, MY NETHEENE
=, 15U§DE?£%§E’9’I‘HM'I@J:i%ﬁﬁ%%?%o ERREEE T NFROE AV RE
HENRAHREREREE

CALL algo.labelPropagation.stream(
'MATCH (c:Category) RETURN id(c) AS id',
'MATCH (cl:Category)<-[:IN_CATEGORY]-()-[:IN_CATEGORY]->(c2:Category)
WHERE id(cl) < id(c2)
RETURN id(cl) AS source, id(c2) AS target, count(*) AS weight',
{graph: "cypher"}

)

YIELD nodeId, label

MATCH (c:Category) WHERE id(c) = nodeld

MERGE (sc:SuperCategory {name: "SuperCategory-" + label})

MERGE (c)-[:IN_SUPER_CATEGORY]->(sc)

IERMNEXLEBRAN—PERGFHRR, BBIIRKEINHBIR

MATCH (sc:SuperCategory)<-[:IN_SUPER CATEGORY]-(category)

WITH sc, category, size((category)<-[:IN_CATEGORY]-()) as size ORDER BY size DESC
WITH sc, collect(category.name)[0] as biggestCategory

SET sc.friendlyName = "SuperCat " + biggestCategory

AT AERET7-105 FF) KA FEB R BB

MEDICAL 5 Al B9t =E El&% 168



Recording &
Rehearsal
Studios

dNS NI

AH093LVD ¥3

Cannabis
Dispensarie

- N SuperCat Local M. IN_SUPER_CATEGORY —
Services

Gold Buyers
Pumpkin
Patches
N2 i
&7-10. ZEAIF0EB
o S A B S N =7 Ny AN V= 11
THENEIEEKR SR ETENITEE &E WAYSUER
MATCH (hotels:Category {name: "Hotels"}),
(lasVegas:City {name: "Las Vegas"}), (hotels)-[:IN_SUPER CATEGORY]->()<-[:IN_SUPER CATEGORY]-(otherCategory)
RETURN otherCategory.name AS otherCategory,size((otherCategory)<-[:IN_CATEGORY]-(:Business)- [:IN_CITY]->(lasVegas)) AS

businesses ORDER BY count DESC LIMIT 10

WREZITIZEW, BATEERA T R

o e et
| otherCategory | businesses |
o e et +
| Tours | 189 |
| Car Rental | 160

| Limos | 84 |
| Resorts | 73 |
| Airport Shuttles | 52 |
| Taxis | 35 |
| Vacation Rentals | 29

| Airports | 25 |
| Airlines | 23 |
| Motorcycle Rental | 19
o e et +
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XELEREEKRIFEG? B4, BEEMREADEE, BiFLE X2
ETHERREND L. RECREEZRELRBNRTHEX MEMMEE PEBAL
SRS o

WA, IERANAERX LR FHE — LWL S T K FEN LW

// Find businesses in Las Vegas that have the same SuperCategory as Hotels

MATCH (hotels:Category {name: "Hotels"}), (hotels)-[:IN_SUPER CATEGORY]->()<-[:IN_SUPER CATEGORY]-(otherCategory),
(otherCategory)<-[:IN_CATEGORY]-(business)

WHERE (business)-[:IN_CITY]->(:City {name: "Las Vegas"})

// Select 10 random categories and calculate the 90th percentile star rating

WITH otherCategory, count(*) AS count,

collect(business) AS businesses, percentileDisc(business.averageStars, 0.9) AS p90Stars
ORDER BY rand() DESC LIMIT 10

// Select businesses from each of those categories that have an average rating

// higher than the 90th percentile using a pattern comprehension

WITH otherCategory, [b in businesses where b.averageStars >= p90Stars] AS businesses

// Select one business per category

WITH otherCategory, businesses[toInteger(rand() * size(businesses))] AS business

RETURN otherCategory.name AS otherCategory, business.name AS business,

business.averageStars AS averageStars

EXNEEFR, BIIEREARNIER (pattern comprehension) . &I

ﬁﬁ@%—ﬂl%?’l‘%ﬁ@ﬁﬂﬁﬂ@ﬂ%E’\Jiﬁiﬂ’ﬁjiﬁo © {5 F L Ee Fa F11B18 AYWHERE

TRERFENER, REEHRBEXIRF ., CypherfyiX/NI18EE X CraphQLEA
3k, GraphQLE—MATFAPINEIEIES.
MRIZITIZE, HE [IMNTER

e et T o +
| otherCategory | business | averageStars
e e o +
| Motorcycle_Rental | Adrenaline_Rush_Slingshot_Rentals | 5.0 |
| Snorkeling | Sin_City_Scuba | 5.0

| Guest_Houses | Hotel_Del_Kacvinsky | 5.0 |
| Car_Rental | The_Lead_Team | 5.0

| Food_Tours | Taste_BUZZ_Food_Tours | 5.0 |
| Airports | Signature_Flight_Support | 5.0

| Public_Transportation | JetSuiteX | 4.6875 |
| Ski_Resorts | Trikke_Las_Vegas | 4.833333333333332 |
| Town_Car_Service | MW_Travel_Vegas | 4.866666666666665 |
| Campgrounds | McWilliams_Campground | 3.875 |
e e o +
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RiE, BATARER AHENE N BREFTASSRIREZEIN. #ln, YEA
EX 5ELas VegasABEIER, FHAIMAET UFREH BN S o4, FHA19 DUEIX
Ler KT B b AR S5, RIESEIRR.

BEES
® {REEDLRH]H— DT IEE AT RERT [B A ZALIB L
® NTHEEMNEESEMIVESEAN?
® ESHRTEE (FTHEHM) 7
® ERAXWINNTHRRAZERASHMBETIWNMERKRER Y

FA Apache Spark 5 #rinFE £

TR, ROVEEARE %5 k5% B E ASparksd 3= B L7 5HREID
BRRE—RERYR, B—MEYKOIRITRER, BRNT @RS MY
MR ER . RITEELERRNGRPEL, REEAFRA MEEND
MERER. HRAGNEBTOMEL, FRIBNOE CRNSERA,

EEXBEITREGRTABNTBRES. HTHTDWN, ROITEERHR
2018E5 8 MM IRAT /AR M RER0IR, HPOEY A EEEARME ROMIT. K
TAMESXTHIZNES, GIRERES, RIEEN— 27 Ropenflights
JilE=% ¢/

IEBATIEEIRH Aspark. SRR AER—RE, BAi1EOBHR Mosv3tr
REAE, XEXAHEEBHGiIthubTFHEET T A,

nodes = spark.read.csv('"data/airports.csv", header=False)

cleaned _nodes = (nodes.select("_cl", "_c3", "_c4", "_c6", "_c7")
.filter("_c3 = 'United States'")
.withColumnRenamed("_cl", "name")
.withColumnRenamed("_c4", "id")s
.withColumnRenamed("_c6", "latitude")
.withColumnRenamed("_c7", "longitude")
.drop("_c3"))

cleaned _nodes = cleaned nodes[cleaned_nodes["id"] != "\\N"]

relationships = spark.read.csv("data/188591317_T ONTIME.csv", header=True)

cleaned_relationships = (relationships
.select("ORIGIN", "DEST", "FL_DATE", "DEP_DELAY",
”ARRiDELAY", "DISTANCE", "TAILiNUM", "FLiNUM",
"CRS_DEP_TIME", "CRS_ARR_TIME",

"UNIQUE_CARRIER")
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.withColumnRenamed("ORIGIN", "src")

.withColumnRenamed("DEST", "dst")
.withColumnRenamed("DEP_DELAY", "deptDelay")
.withColumnRenamed("ARR_DELAY", "arrDelay")
.withColumnRenamed("TAIL_NUM", "tailNumber")
.withColumnRenamed("FL_NUM", "flightNumber")
.withColumnRenamed("FL_DATE", "date")
.withColumnRenamed("CRS_DEP_TIME", "time")
.withColumnRenamed("CRS_ARR_TIME", "arrivalTime")
.withColumnRenamed("DISTANCE", "distance")
.withColumnRenamed ("UNIQUE_CARRIER", "airline")

.withColumn("deptDelay",
F.col("deptDelay").cast(FloatType()))
.withColumn("arrDelay",
F.col("arrDelay").cast(FloatType()))
.withColumn("time", F.col("time").cast(IntegerType()))
.withColumn("arrivalTime",
F.col("arrivalTime").cast(IntegerType()))

)

g = GraphFrame(cleaned nodes, cleaned relationships)

BRI R T—EEE, BABYLNSEEEXMVZNRE. H1E
AXEFREEEFARMENRIR, LR AESNEFRE, BMNES
{RE 2 4id. dstMsrch9%, IE#NSparkAgraphframesZEFrEAAYARHE .

B KEE— 1 BIAIDataFrame, Rtz A SRR ZIAT= 2 E)F
o BN ERENEEREA

airlines_reference = (spark.read.csv('"data/airlines.csv")
.select("_cl", "_c3")
.withColumnRenamed("_cl", "name")
.withColumnRenamed("_c3", "code"))
airlines_reference = airlines_reference[airlines_reference["code"] != "null"]

KRR

IERMM—ER RN TR, BREBERTARTH.
B, LRNEBFRNBZ DG

g.vertices.count()
1435

BANAEXEA S 2 BFJLFEREL ?

g.edges.count()
616529
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- qWEiIR 7

WRLEAIZE CRIMEER % 7 BT UERE UM EEITE B MYZiE kA

FRIEEL

airports_degree = g.outDegrees.withColumnRenamed("id", "oId”)
full_airports_degree = (airports_degree
.join(g.vertices, airports_degree.old == g.vertices.id)

.sort("outDegree", ascending=False)

.select("id", "name", "outDegree"”))

full_airports_degree.show(n=10, truncate=False)

WRBITIZAREE, BATEER XA T R

La_Guardia_Airport
George_Bush_Intercontinental_Houston_Airport

- - +

| id | name

- - +

| ATL | Hartsfield_Jackson_Atlanta_International_Airport |

| ORD | Chicago_0’Hare_International_Airport

| DFW | Dallas_Fort_Worth_International_Airport

| CLT | Charlotte_Douglas_International_Airport

| DEN | Denver_International_Airport

| LAX | Los_Angeles_International_Airport

| PHX | Phoenix_Sky_Harbor_International_Airport

| SFO | San_Francisco_International_Airport

| | |

| | |
+ +

——————————— +

outDegree |

——————————— +

|
|
|
|
|
19059 |
|
|
|
|

——————————— +

REHEERFMEE ZWMAYLIS, Chicago. Atlanta. Los Angeles#ll
New York, FATET] XA X TRIDEIEIM AP T MR~

plt.style.use('fivethirtyeight')

ax = (full_airports_degree.toPandas().head(10).plot(kind='bar', x='id', y='outDegree',
ax.xaxis.set_label text("")

plt.xticks(rotation=45)

plt.tight_layout()

plt.show()

HEREFRWOET7-11F7R,

MEDICAL 5 Al B9t =E

legend=None))
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SANIFIFHE, MIERERRRDHES, DEN (Denver International
Airport) BF R ARIWIBHYL, HEBMIIEIX AATL (Hartsfield Jackson
Atlanta International Airport, ATL) 89—3IM k.

ORD#1#7 /Y R

ERMNNZEF, BNEFEARESFNREEZEKRTT, HFEBEIORD
(Chicago O’ Hare International Airport) XFAYH B AFZZIRITERTER . X
MRS O MITEREIE, FriAFRNTTIMEZEH#HAN
T RE% B 47595 A 15 H MORDE KAIAIIAI FIFEIR

delayed flights = (g.edges
.filter("src = 'ORD' and deptDelay > 0")
.groupBy("dst")
.agg(F.avg("deptDelay"), F.count("deptDelay"))
.withColumn("averageDelay",
F.round(F.col("avg(deptDelay)"), 2))
.withColumn("numberOfDelays",
F.col("count(deptDelay)")))
(delayed_flights
.join(g.vertices, delayed flights.dst == g.vertices.id)
.sort(F.desc("averageDelay"))
.select("dst", "name", "averageDelay", "numberOfDelays")

.show(n=10, truncate=False))
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—BRIMNMTE TR ENHARNEHER, HITMA— 1 E2E A%
PEAEE £ 4 B AYSpark DataFrame, XAEFA 15D IAFTED B M9 H 1M E B
ETH R IR B R R ™ E RY10 B /Yt

e e T T Fom e Fm +
| dst | name | averageDelay | numberOfDelays |
e e T T Fom e Fm +
| CKB | North Central West Virginia Airport | 145.08 | 12 |
| OGG | Kahului Airport | 119.67 | 9 |
| MQT | Sawyer International Airport | 114.75 | 12 |
| MOB | Mobile Regional Airport | 102.2 | 10 |
| TTN | Trenton Mercer Airport | 101.18 | 17 |
| AVL | Asheville Regional Airport | 98.5 | 28 |
| ISP | Long Island Mac Arthur Airport | 94.08 | 13 |
| ANC | Ted Stevens Anchorage International Airport | 83.74 | 23 |
| BTV | Burlington International Airport | 83.2 | 25 |
| CMX | Houghton County Memorial Airport | 79.18 | 17 |
e e e T T Fom e Fm +
XREB, EE—PEESEERY | MORDEICKBHI12R AT L iRB
2INE VRN B X EYHZ BT, BEARETHA
from_expr = 'id = "ORD"'
to_expr = 'id = "CKB"'

ord_to_ckb = g.bfs(from expr, to_expr)

ord_to_ckb = ord_to_ckb.select(
F.col("e0.date"),
F.col("e0.time"),
F.col("e0.flightNumber"),
F.col("e0.deptDelay"))

AT AR TR ST

ax = (ord_to_ckb.sort("date").toPandas().plot(kind='bar', x='date', y='deptDelay', legend=None))
ax.xaxis.set_label_ text("")

plt.tight_layout()

plt.show()

MEHRNETXNMARE, BIEESEIET7-12FE k.
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&7-12, MORDZ|CKBEIALHE

RA—FHIMPIH LR, {B2018FE582H @
IR

MRFNELMHEL T EVIHIEIRE AT 73
HFgm, BLEMNTESEZR—LEBNER.

AESFOFERM—X

IBMNEFE—MIZNERESEE X RRER" (@
Francisco International Airport) . D FEI—Fh 77 %2 & motif,

FHEER.

7ENeodjh FimotiftE H YL 2 BRI (graph pattern)

MATCHZ £ FaFRAICypherZigi=E 1,
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XEAIHRE
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EMNERELHIH

o EIRIZEH
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GraphFrame A FF A 1#E ZEmotif, E LA IXFEAMBIEBEAZTIHA—EB
43 B Sl & 1R R Lyt

ZPX

motifs = (g.find("(a)-[ab]->(b);

H:IZLF\.

(b)-[bc]->(c)")

.filter("""(b.id = 'SFO') and
(ab.date = '2018-05-11"' and bc.date = '2018-05-11") and
(ab.arrDelay > 30 or bc.deptDelay > 30) and
(ab.flightNumber = bc.flightNumber) and

(ab.airline = bc.airline) and

(ab.time < bc.time)"""))

ﬂ%immﬁﬁuﬁﬁﬂﬁuT

motif (a)-[ab]->(b); (b)-[bc]->(c) BEHE— MW ZHEE Y. A
FIERIRAEE

A

k#r

° — AR ELE
® IRATEFIH
® MIFSHALE

IASFO, E5 BB FTSFO, MMM A —
LI AR B30 £
SYNCILENE

“Nsequence

RIFFA T DEREVE R FFEFETA RSB

result = (motifs.withColumn("delta",

.select("ab", "bc",
.sort("delta",

result.select(

motifs.bc.deptDelay - motifs.ab.arrDelay)

"delta")

ascending=False))

F.col("ab.src").alias("al"),
F.col("ab.time").alias("alDeptTime"),
F.col("ab.arrDelay"),
F.col("ab.dst").alias("a2"),
F.col("bc.time").alias("a2DeptTime"),
F.col("bc.deptDelay"),
F.col("bc.dst").alias("a3"),
F.col("ab.airline"),
F.col("ab.flightNumber"),
F.col("delta")

HBAEITEE
TFSFO,
gn %m LH:M‘%

BRI R Bz g E,

X UEEFEMEREREZ N

K5z LXTQ*%

o fommmm e fom——m fommmmm o ommmmmm oo fomm— fommmm +
| airline | flightNumber | al | alDeptTime | arrDelay | a2 | a2DeptTime | deptDelay | a3 | delta |
fommmmm - fommmm e fom——— fommmmm o fommmmm fom——m fommmmm o ommmmmm oo fomm— fommmm +
| WN | 1454 | PDX | 1130 | -18.0 | SFO | 1350 | 178.0 | BUR | 196.0 |
| 00 | 5700 | ACV | 1755 | -9.0 | SFO | 2235 | 64.0 | RDM | 73.0 |
| UA | 753 | BWI | 700 | -3.0 | SFO | 1125 | 49.0 | IAD | 52.0 |
| UA | 1900 | ATL | 740 | 40.0 | SFO | 1110 | 77.0 | SAN | 37.0 |
| WN | 157 | BUR | 1405 | 25.0 | SFO | 1600 | 39.0 | PDX | 14.0 |
| DL | 745 | DTW | 835 | 34.0 | SFO | 1135 | 44.0 | DTW | 10.0 |
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| WN | 1783 | DEN | 1830 | 25.0 | SFO | 2045 | 33.0 | BIR | 8.0 |
| WN | 5789 | PDX | 1855 | 119.0 | SFO | 2120 | 117.0 | DEN | -2.0 |
| WN | 1585 | BUR | 2025 | 31.0 | SFO | 2230 | 11.0 | PHX | -20.0 |

Fommm - Fom - +o———- Fom - Fommm o +o———- Fom - Fommm - Fo——m - +

RICENBEAZWNIASY, EHIEREE—H  EXEF, BRRBTE
=N BANE T IXF R arrDelayd| g — £ {E | XEKER SFORMIER
2

EIETRE, —EMREE, MWNS789FMWNIS8S, 7ZESFORYME F 3R+ T g,
WMEM TN RIEE.

=2 SN BB

P&, BRERBENELRT TREX, RMREEMAPLERMENTITR, UR
TRANNEER URLZNBEN, RIRBSIH. IRBNN—PEBERNEEN
ik, BT MGEZDDAAREOYG, AREEAR—HKAI=2 SR EERY
7

IERMNEEREMBRMZAE, FHEEREMIEATE L DAL

airlines = (g.edges
.groupBy("airline")
.agg(F.count("airline").alias("flights"))
.sort("flights", ascending=False))
full name_airlines = (airlines_reference
.join(airlines, airlines.airline
== airlines_reference.code)

.select("code", "name", "flights"))

PAERMNEE—MERERZIAMILE R

ax = (full_name_airlines.toPandas()
.plot(kind='bar', x='name', y='flights', legend=None))
ax.xaxis.set_label text("")
plt.tight_layout()
plt.show()

WMRBANBTREANEN, WPEERT-13PFE R
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E7-13, ALZASIEMIEEL

B, LRNBS— I ER, ZEBEARE A E S RE MIZEAT
BALAHA L, E B EHLIS G R %A T G S 5 EORTE

def find scc_components(g, airline):
# Create a subgraph containing only flights on the provided airline airline_relationships = g.edges[g.edges.airline ==
airline] airline graph = GraphFrame(g.vertices, airline_relationships)
# Calculate the Strongly Connected Components
scc = airline_graph.stronglyConnectedComponents (maxIter=10)
# Find the size of the biggest component and return that
return (scc

.groupBy("component") .agg(F.count("id").alias("size")) .sort("size", ascending=False) .take(1l)[0]["size"])

BT UREEUATRIEREE—NEIRER, ATEE
RBEFAHNYIHEE

Mz rE R HE R

i)

# Calculate the largest strongly connected component for each airline

airline_scc = [(airline, find_scc_components(g, airline))
for airline in airlines.toPandas()["airline"].tolist()]
airline_scc_df = spark.createDataFrame(airline_scc, ['id', 'sccCount’])

# Join the SCC DataFrame with the airlines DataFrame so that we can show
# the number of flights an airline has alongside the number of

# airports reachable in its biggest component

airline_reach = (airline_scc_df

.join(full_name_airlines, full name airlines.code == airline_scc_df.id)
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.select("code", "name", "flights", "sccCount")
.sort("sccCount", ascending=False))
And now let’s create a bar chart showing our airlines:
ax = (airline_reach.toPandas()
.plot(kind='bar', x='name', y='sccCount', legend=None))
ax.xaxis.set_label text("")
plt.tight_layout()
plt.show()
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SkyWestfi B & AKX, #HH200Z MEREBNVIG, XoT o kBT
HEABKBMELASNEVER, Z23EEaEMEASMMEFERN M. 5
—J1E, SouthwestilF &% ML, BXEZEKANOMT,

WM, IEBRMMRERRMNBENRZEHE Lo #ZEDelta Airlines (DL) . F{(]
EIE TR EMT A BIME AR X VLA ?

airline_relationships = g.edges.filter("airline = 'DL'")
airline_graph = GraphFrame(g.vertices, airline_relationships)
clusters = airline graph.labelPropagation(maxIter=10)
(clusters

.sort("label")

.groupby("label")

.agg(F.collect_list("id").alias("airports"),
F.count("id").alias("count"))

.sort("count", ascending=False)

.show(truncate=70, n=10))
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Fomm e Fo————— +
| label | airports | count |
Fomm e Fo————— +
| 1606317768706 | [IND, ORF, ATW, RIC, TRI, XNA, ECP, AVL, JAX, SYR, BHM, GSO, MEM, C.. | 89 |
| 1219770712067 | [GEG, SLC, DTW, LAS, SEA, BOS, MSN, SNA, JFK, TVC, LIH, JAC, FLL, M. | 53 |
| 17179869187 | [RHV] |1 |
| 25769803777 | [CWT] |1 |
| 25769803776 | [CDW] |1 |
| 25769803782 | [KNW] |1 |
| 25769803778 | [DRT] |1 |
| 25769803779 | [FOK] |1 |
| 25769803781 | [HVR] |1 |
| 42949672962 | [GTF] |1 |
Fomm e Fo————— +

DLE R ZEAHNGZE D AWAE, IEBAVRAAR—T. REFAZHG
ZET, AUBMNRABRTRAE (degree) B9 (J‘&ﬁﬁ,ﬂf) o BT UERS X
THREBXTESMISHNE

all_flights = g.degrees.withColumnRenamed("id", "aId")
AE, BMBEEERTRASHNIGESERX

(clusters
.filter("label=1606317768706")
.join(all_flights, all_flights.aId == result.id)
.sort("degree", ascending=False)
.select("id", "name", "degree")

.show(truncate=False))

ﬁﬂ%ﬁﬂ‘hﬁ_ XANEW, BAVEFEX N

s et e R +
| id | name | degree |
- T T R +
| DFW | Dallas_Fort_Worth_International_Airport | 47514 |
| CLT | Charlotte_Douglas_International_Airport | 40495 |
| IAH | George_Bush_Intercontinental_Houston_Airport | 28814 |
| EWR | Newark_Liberty_International_Airport | 25131 |
| PHL | Philadelphia_International_Airport | 20804 |
| BWI | Baltimore/Washington_International_Thurgood_Marshall_Airport | 18989 |
| MDW | Chicago_Midway_International_Airport | 15178 |
| BNA | Nashville_International_Airport | 12455 |
| DAL | Dallas_Love_Field | 12084 |
| IAD | Washington_Dulles_International_Airport | 11566 |
| STL | Lambert_St_Louis_International_Airport | 11439 |
| HOU | William_P_Hobby_Airport | 9742 |
| IND | Indianapolis_International_Airport | 8543 |
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o
(=}
—
+ — — — — — —

Pittsburgh_International_Airport
Cleveland_Hopkins_International_Airport
Port_Columbus_International_Airport
San_Antonio_International_Airport
Jacksonville_International_Airport
Bradley_International_Airport
Southwest_Florida_International_Airport

4+ - -

&7-15, 5£E£1606317768706411%

PWALERNNE ZRERMERHNZEE

(clusters

.filter("label=1219770712067")

.join

.sort

(all_flights, all_flights.aId == result.id)

("degree", ascending=False)

.select("id", "name", "degree")

.show

+
|
tm———= +
|
|
|
|
|
|
|

MEDICAL

(truncate=False))

Hartsfield Jackson Atlanta International Airport
Chicago 0’Hare International Airport

Denver International Airport

Los Angeles International Airport

Phoenix Sky Harbor International Airport

San Francisco International Airport

LA Guardia Airport

5 A HtE
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| LAS | McCarran International Airport | 27801 |
| DTW | Detroit Metropolitan Wayne County Airport | 27477 |
| MSP | Minneapolis-St Paul International/Wold-Chamberlain Airport | 27163 |
| BOS | General Edward Lawrence Logan International Airport | 26214 |
| SEA | Seattle Tacoma International Airport | 24098 |
| MCO | Orlando International Airport | 23442 |
| JFK | John F Kennedy International Airport | 22294 |
| DCA | Ronald Reagan Washington National Airport | 22244 |
| SLC | Salt Lake City International Airport | 18661 |
| FLL | Fort Lauderdale Hollywood International Airport | 16364 |
| SAN | San Diego International Airport | 15401 |
| MIA | Miami International Airport | 14869 |
| TPA | Tampa International Airport | 12509 |
- T T fom——— +

HET-1681, BATUBZIXNEHEAEMERTRA, HEEE—LH
JETTEAE R

&7-16, E£E£1219770712067411%

B SR A AX LBk Y AR AT BT U 7E B ASGithub 76 B R #25 .

FEEEDLML A KITERITRIE, F11FERE]—use-two-get-one-free
(EZTlE—) MEHEIT. IRBINTERSBTFRIMIE, BNBERHEHEREH—
A, BEREENEFRNERTHN IR T | AFRNNEEMEE KSR,
WEBRME—NEREF KT,

EEES
0 [FRHFEERFE R {EMIRE FIBozeman Yellowstone International Airport
(BZN) MIRRILEE.
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® WMREMRANE, FH4AXHIL?

B

AREJLES, BAIFHANET Apache SparkFINeodj H A TEERE . Fi
PEAAE XA A X BRI EE R N TR,

HAARER, BMNNMEBT-EIERE HPEREAMESMOATHRERL
MEE. BOERRITLS BRI FNeodj F A YelpBlE, FHEMDPAMZIRITS
S IHESpark R E TS A S8R,

T—%, BUIEMREELZERREERNMAE @ AEKEEHFES.
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FN\E REEEERYEFES

BIEZREENB T JLMEE, FIaLPA ; B2, BHIWAE, RITHE2EE
BEZAT—MRMEED . HTEENSRES (ML) PSRk s, KM
e R A er (5 R B B A SR IG B ML T1ER TR

TEAER, BNESNBRAREEANSZINELANE © RBUEEH
RXEVFHE, FATEXETN. Bk, RITENE—LEEANMLES, H 78
RAFMNN ETXEENEEM. RE, BIERERTRBRENEANAAR, B
T AR AR AR IEEBVE. RN AR ZETON .

BB EROECENFFZIEE, FilGMTHhEZETUNMAERE, Hi&
NeodjFSpark & B EIF MM THEREHR . FKAAY7~FIEE FCitation Network
Dataset, EEAEE. X, EEXRMSIAXER. BAVEE B IL/MEE ST
RIEBRRREERUREE, FRFEEEEZNESHE

PsFEI S ETXNEEM

MasrFIARALER, MEXTWATEEN—FITE. MLEREXBIIRE
TE B R BIAME TSR p A s BRI GA, TET A SERlX 4
FRATENRE, ABREORAERREHIE FHEEEBFEINETLENE
FXERFR.

MEANBX LW, FIBREREENR, TEhHTEX ML B R, F0
SINGEREALLR D2 EEIR. MLEEaISH, SEESHEEEN, EEBAR
L. X RAEFZHCRHERBIIZG S, Bl ENERIEFNE
Z¥ 3.

RIEEMLIN . KEIREN T 5B MM IITITEEE N T EIS R A EML
EEEARATAIEREANSRRE, BESFZIEREZ, CAEnE
REMRREE | M SAFBRUNERE. IRBATEILTX—BIF, BRETEE
REBE B EEHF. ETHNERMRE,

ATRSVSHRFINERN, BNERRTRE ZMER, BZNFEES
RENETXER, REAIZER ETXCRMME BFrURR—+F. AEEMRft
MBEBEMNKE, MAMXNEEENSIER, REHE-—MELTHARLEN,
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THRAMNER, FREWMTELEBINN BB £ T BIASE#HMR
Mo

B. ETXTERYE

MERBEBFEXER, HETNTANE N AR ERIR L EWFRTT
ZFREFREMNVEGHAEEAN, XHEATAALEEREKTREN. EXH
WIES, EHEDUCIEEMMAE YRR . EIEEMIMLE MEBERZRN L
TXER, XEEENTEHFNRREFTEE.

U\Ei@*ﬂﬂiifﬁﬁﬁﬂ]%%ﬂﬁ REFERTANREBITUNEF. Flan,
MR—MAKE, MMNPYPLR. RARZESHRENTRMERSIZM, E8-13LH
TR.Bond% A?" 20124 A918 XA 61-Million-Person Experiment in Social Influence
and Political Mobilization” P 53 F9#E IR IE AIIZE  (reported voting) FlFacebook B A
PR ESI R .

Friends “Voting” Friends of Friends “Voting”

“I Voted” “| Voted” “| Voted”
Button Button Button

2 i zn 4

60M Facebook Users Added 886K “Votes” Added TM “Votes”

F8-1 AMEZHMEZ WA MMRE. EX M7 H, BB REBLH AR SR
EHLEENXAZMELX,

EEEI, REXRZENPEEET AN AR FAERMIEET, FHH
&, PEROBPEXIEINT1.7%. INIBED LTS EBENTNE, HA1TINE
B8 IR EE, FBLA A S EEHRE B S HH. Nicholas Christakis
#James FowlerfE {Connected) (Little, BrownFCompany) —HHNA 7T K EF
HAthtt =M B a2 mEA18BI+

A INER ?E*DJ:TXTUEEL_%H;W AR EEEREEMNELT. fla,
TERINMERHLEIE, EEAEREFBLERELZT AN LT XEERE

FmEBWEMNMEY ., AmazonfJAlexafEH T £ E E T XHEEY (several layers of
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contextual models) | EEAHM. 20184, UDBEEEHEEN, EIINT
“ETXC#% (context carryover) 7, 1§ UBTEYS EARHANTHE S,

REME, SFRUSHBLITARROARERO L TXEE. TRET
MLAKE T TR SR, TI2M T S S TNERAMERIE, 1ok, +
TYXEEHFRERSHE, HEARBEFLE, NTFHENIERS, B
B RE SRS BSMNOE B E— MU k. AR, RNTNERS
Hh R S R AR

EIZEHFE (Connected feature) IEEE5%HF

FHEHRBAME RS BT RIBE AR EE, SE— " aENTFEMER
KNG R{EIRR, IRE—NERNTR, ST Eﬁ%ﬁj‘ REFML>
A F B AR TN .

FHIERUSEF

FL IR BB HA BEIEFIB IR R — ARG R M A9t B IEAITTE . ZTEABANE
EPRITRIF U R FHEANE () | BB T X AER MBI T X 7R, FERR, #H5
ERNRBRYEZRANSAE, BIXEANRATEEREE. EAAZFRERLR

(incidental comparison).
WA FEZHEN B R EBEH IR A FIIRRAFIE FEIIL . ERARKRFANIEE
MNRE, BIa, WRENTE20NEE, AFI3NLEBERE T HNTEEANEI2% FAFEAT T
AR Z FUEER 7 MFIE

BIEBIRFMTAEE—ET DUREARNE, EAEMRE EZmENEE
MEIFR. AANFEREENSHEESTEBENER, FURNEAZEFNE
PR RERFFE. ERFFIE(connected feature) 2 N B EHR G IR ENAVIFIE . X LEE%F
IE] MUMET T s BEEERTNEEEEE, ATEEFIRERNEESEEAE.
XEEe BERRAEREEAEXREEBTIRATHNITE.

TMIEFBERNVIRAS, MEEERIALENINE, MEEENNERE
WERITE (hypertargeted), XFEHMNCIER R REINGEIE FRASEMSE) £
THEREFHER, FAAY BTEAM. TR INEREEER X LEAFIE,
HHEMLAFMEN N RS EFEE T MW, 6120, 75T DU FHE B
FEGET R, RIBBUNFIEIEXR, RBETESHENT UM, FIEXRTIY
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BT RFHIESNBEBEREX .. 1277752 HK Henniab, N.MezghaniF1C.Gouin
Vallerand £ “Unsupervised Graph-Based Feature Selection Via Subspace and PageRank
Centrality” s i & AR R BRI BUR SRR IEA R .

E#%A (Graph Embedding)

RBAZBEFHTRMXRERTAFLEE. XERNEETHEZRITH
LR E, WES2ETM (x, v, z) 245,

Graph Representation Matrix Representation Vector Representation
n -dimensional vector space

o9
¢ 0 d, d, . d )
d 0 d d
d 0 d
—p M=% %
d d d 0
o
s

18- 2. B B N R IRES B o] AT AL A 2 4 ARV E R & P

R N\ A A ELES EZFHRBIEE AE. EERINEBINEFIER
RTIBENERESEREEN TR, AVSZIESHMTES. INTEEENFES
AHEA, BABEEBIXFRBREZNETXER, BREEAH#TIE. Bk
NI AT HERIZHE . (TE A BB R D BN ST, (K
DERATNERHRR, AiEFEALTLEEBEZIRS, FEEFEHBEEIRS.
AEFBERNTREE. )

XE—MREXRAZE, HEZFERE, SFEnode2vec, struc2vec,
GraphSAGE,., DeepWalk#l DeepGL,

WE, EBRMNBEF - EEERSERNEE DR N2 FE A,

B4 (graphy features)
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R ERRTRNMNEENEIRENEZEXIEE, fIHHEANSRH
TROXFY. BE=ZAREMERNSE. ERNNOREH, BMBAXLEESE
e, AAEMNREZUE HARNFHERRORGENR. I, SHMNEHL
MBHANAETHAA AR, I UfERFIETIRE.

Blgn, WRIAVEFES ZDARE - HEZEPBRLEHEERS . XA
ITEERAERDRIEFERILERXRVRERR, BEENGFE. B TTEH
HEHRXREFRE.

AR DU ath B R X ERTE, FHRXEEHUN M B ThRE 3 2 F I
BREET. B0, BATMUERBRIEEXRNITE, FEZEFEATRBUR
m, BT EAMESEFSIES.

B & k4% (graph algorithm features)

BT UEAEEEZRIUBAN IR —REMNRLE IARBEH
Rl AIRE, IERMRERFBMNMER LRV RBFRTHE ) WiFE -8
BNBESERRR. EXMERT, RMNABTE-TEENERFE MEE—
PRIBNEREXREN. EENNRHT, B EBERQNEERZIUERERN
FHE, BRFOMEZE (APageRank) MEFEHY .

teoh, EEZIERFHINTDE T L B ER—MITERS. B, Al
I DU ERAFIE S B T LouvainB A LA X . 5 FPageRank IR M X B =
MR RAEEMEVEE R E 2R IMBE &R IUNEIE.

8-3R T —MAEETIE {EE W PagerankHMColoringFEIL A 5 NG H
HMEREERES. LK BS Fakhraeigs A {912 X “Collective Spammer
Detection in Evolving Multi-Relational Social Networks™,

FEIZXH, E%EH (Graph Structure ) =M T £ AJLMEEEHTH
ERFERR, B8NE, FFRIM SRR LI PREUCCEEHELL [ 8 b R N
EZRHIEERIUNM. REFEED (Report Subgraph) E7 T AP EIFLThREH
HAMLIER O] UE A ThEE . BEE— P EBERAIMLIIERERE & ZMITE,
B BB ERTNARNTTE, F9K70% BT B EFsRC R £ 1%,
AR H90%
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RIEERAIIRE T I FHE, A1t o] PUB IS A PageRankiX ## 1 B & 7%k
AT R RNFHE. XERNEBRESMFREIE, FERTERRERSL
ERENRELTE, FIAXEER, RINETRORIE SHIMARE, BT
ARH—HIAEER, X—777%7D. IENCO. R. MEOFIM. Bottaf§ff 5318 X
“Using PageRank in Feature Selection” 1347 7 #1iA ,

& a //Ca O— )d (w3 zhsMultlple relations

are more

a :\Aé:v\u | Wit 6 £ a predictive than
fa 4 1

multiple features

== | ]
o <

AUPR: Can classify 70%
0.187 = 0.328 of the

=
%

spammers that

5528 ¢ H S g
Qv £E3 3 g E £
3‘»' @’ e e 8 . 5 8 = = needed manual
R () 4.’/ P -] ~ [ [ labeling with

90% accuracy

2 > . AUPR: 0.779
NE Even simple

bigrams are highly
predictive

y
=
\4
)
[N
IV
IV
N
: g

AUPR: 0.471

Jointly refining the
credibility of the source is
highly effective!

AUPR:
0.674 > 0.884

FI8-3 KB IR T LS HAMAFNTTENRE S, DIeS%R. AUPREISIEHARIEL T
AR, HUEMAELT,

Report Subgraph

BMNEZ&iE T E BTN AT R EIEMN R4 R X B RN N5
o AXEFRT, EBERBAEZ MEMEINEXRD, FRFFERE
SR TEE XA ERAHERN L TXERNER T AR X7 A

EEFIRBERIRZEINS — PO (URAZEERKHINES) %%L
BN, SETUNE —MEITT XRRRKEANTTEMNTTE, HEFIZXKETEE
HIMAERMNOEFR, EHTFHEATEREZLX. B TREZNSMH, EILX’I?%JEW'
K, R BHONRGAERNSEER ZNERAE, NFRmENEAmEER
IR, BEEEMIEEXR.

B P A E R LR B ARSUA SR TON, Al iEPEAR T EARNEY
fE, IARMAO TR X FE A P IR B AL -

BT 2 RE s AR A SR TNt 2 AR AERY, FE1E3C The Link Prediction
Problem for Social Networks”H1D. Liben NowellF1J. KleinbergIA /g, XM 2& 2 ¥ 5k o]

REEEBNEEREE, ARENT ALY, HALTEREANE,
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BATNERAR 7 ERFENEIEEYsF S, BALTAITRAZI AR
RN ARG, BRI BEEERSHIN .

Sk HEMYLERFE S - SN

REMNHEHRIBIBERT—DPETSIXMEHIES (Citation Network Dataset)
BISEER R, ZEIEEZMDBLP, ACMAMIMAGHIZRM— MARIIRE ., %5
PEELE]. TangZr A 912 3 “ArnetMiner : Extraction and Mining of Academic Social
Networks” 1317 7 #ik . RHITMAEE3,079,0078R18 X 1,766,547 {EH |
9,437, 718 1EE KR H25,166,99401 5| LK F

BB E—NFELIE ERXENTHRYPEINNE !

® ] ecture Notes in Computer Science

® Communications of the ACM

® International Conference on Software Engineering

® Advances in Computing and Communications

BANERMNEBRECE51.956B10 X . 802990 {EE . 140575 {EE X R
28,706 51K F . BUIRRIBESIEEXNEZFVE— N EEEE, RETNARE
MMEEZENEE. NANIEEEINEBEZBNEERNE, E6EEZ
BEZPEEN, AEEMNBTER.

AARENHRE?, BMBEIRAFTNIE, KBRS ANeodj, REFA]
BN BT ERFEEEE (B994k) | FRHAIF ASpark DataFrame, {3
TGN, Flbz/m, BNSESpak PRI FI BB R, BRE%EHEN
MERRATTE.

&E, BB IYGEIHEEMIUNRR, MEKRRERIETE, FINE
% FiNeodj IR BN H B BUEFHIE .

T EfMEHE

IEBAMRE T EMEIRTE. ARRNBERRIBATNEFREREFEE—I
¥ I EE,
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ABMMEMFBEZR, ILBNERERNEPEANE

— 5PythonBHER 5 4 75 R 5t 58 & &£ AL A9Neod] Python

Py2neo JE3

: — N EMENE, ATHEENBNEEITE, 825%
pane® T AEIR SRR AT T A
Spark MLIib Spark B9H18§F I E

A AMLIbE A S FE I EN— N RSe. AZERMTTET IS H ML
e, fnScikitlearnZ%, Z&4&5FH.

Frf B AR A EG 7EPySpark REPLHIZ ST, IO UBEETA T a3k
JBEIREPL :

export SPARK VERSION="spark-2.4.0-bin-hadoop2.7"
./${SPARK VERSION}/bin/pyspark \

--driver-memory 2g \

--executor-memory 6g \

--packages julioasotodv:spark-tree-plotting:0.2

XEMTFHNEEIZFSHIREPLEE AN G, ELFNMBNFLE
GraphFrames, [f&spark-tree-plottingiX/ M, 4R SH, SparkfyEHT X 10k A2
spark-2.4.0-bin-hadoop2.7, {EHTX—hRATIREEIRFEEAXNAREN, EHRK
1& % B Spark (R AMIE L £ .

BalE, BATESAMNTEERRE

from py2neo import Graph

import pandas as pd

from numpy.random import randint

from pyspark.ml import Pipeline

from pyspark.ml.classification import RandomForestClassifier
from pyspark.ml.feature import StringIndexer, VectorAssembler
from pyspark.ml.evaluation import BinaryClassificationEvaluator
from pyspark.sgl.types import *

from pyspark.sgl import functions as F

from sklearn.metrics import roc_curve, auc

from collections import Counter

from cycler import cycler
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import matplotlib
matplotlib.use('TkAgg')
import matplotlib.pyplot as plt

ML FATCIE— P EINeodj IR FEERYE 1

graph = Graph("bolt://localhost:7687", auth=("neo4j", "neo"))

B EFEF ANeodj

MERNEZBEIRINEENeodjh, FEATRMBIVIZFNIA BIE— M FHH
2El. BMNBETHEIEERAI009zipXMH, BEE, FRHABTRESAXMG X
o BANRZHE AT X
dblp-ref-0.json
dblp-ref-1.json
dblp-ref-2.json

dblp-ref-3.json

AESAXMRPEEXEXRE, FTEBUTEIEARINE Neodjix B X4 H,
D& 5 FHAPOC B AL FRIX 2o 3 1

apoc.import.file.enabled=true

apoc.import.file.use_neo4j_config=true

B, BRIV EIBARMARACIZERNNESIEE !

CREATE CONSTRAINT ON (article:Article)
ASSERT article.index IS UNIQUE;

CREATE CONSTRAINT ON (author:Author)

ASSERT author.name IS UNIQUE;

WA, AT LUETTIA T EEMISONHSNEIE -

CALL apoc.periodic.iterate(

'UNWIND ["dblp-ref-0.json","dblp-ref-1.json",

"dblp-ref-2.json","dblp-ref-3.json"] AS file

CALL apoc.load.json("file:///" + file)

YIELD value

WHERE value.venue IN ["Lecture Notes in Computer Science",
"Communications of The ACM",
"international conference on software engineering",

"advances in computing and communications"]
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return value',
'MERGE (a:Article {index:value.id})
ON CREATE SET a += apoc.map.clean(value,["id","authors","references"],[0])
WITH a,value.authors as authors
UNWIND authors as author
MERGE (b:Author{name:author})
MERGE (b)<-[:AUTHOR]-(a)"'
, {batchSize: 10000, iterateList: true});

XK A Pk L 8-4 P A IR R .

~AUTHOR

&I8-4.5[ X K ARE

XE—PMEEXEMEZNERERR, FERAPERME ST UMNKFR P
WIRER, DUEBITUN .

AEXRHE

BREMWARKMEEZBNEE, UBMBENEE—NEZXRETT
Ao T Neodj Cypher B A G EEIEXIIEEZEICIRZEIEEEXR ¢

MATCH (al)<-[:AUTHOR]-(paper)-[:AUTHOR]->(a2:Author)

WITH al, a2, paper

ORDER BY al, paper.year

WITH al, a2, collect(paper)[0].year AS year, count(*) AS collaborations
MERGE (al)-[coauthor:CO_AUTHOR {year: year}]-(a2)

SET coauthor.collaborations = collaborations;

BNETEHHEEEZERXREEN YcarBERXAMEEIMENERRE
e BNARANERERAIEZTEERNE, BENEESLEX.

ER-SEEREMN—Mo=pl (EFR, XE2—MRNBER) . MNELT A
BE-LEEBNEXEY.,
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o=
g%

s
%
%

Makoto
Katsuro Inoue, COAUTHOR, Matsushita w

K8-5.5&FEK

AFHNEIEAR—MEE, ENZEN%ECO_AUTHORX R, ELLHA]
FOMEEEEMBILME, REEGME=NESEEZENANTE. BAERNE
LM T BIRM—DEANER, ILINIRINETNKBTEZNR N EIEE.

BlEE (balanced) EYIIZFIMXEIEE

T EEEHUNERE, BNHEZXFTOURKEZAEE. XNEBIEET
RIFHIAX—=, FABRMNEXEZETHITUARSBIEENBH. JNFEUHE
H AW —ERE XBANMNGANENT 2. BATEER—EZ I AR AT
HEMNIIZG, RERAB—FEZFNREAREEEE DNIEE,

UERMNAEBEXEXERTANGERN. BMNTURES X TEERREUR
FHTHNXEL

ORDER BY year

by_year = graph.run(query).to_data_frame()
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PSR TR AFE, ER TR USE

plt.style.use('fivethirtyeight')

ax = by year.plot(kind='bar', x='year',6 y='count', legend=None, figsize=(15,8))
ax.xaxis.set_label text("")

plt.tight_layout()

plt.show()

A A ER-6 R BRI T A A BB AR .

8000

7000
6000
5000
4000
3000

2000

1000 H‘|
o/ llmmmmummannlacilalalllll il [ I

~OOO

DO O

00O O

HeEANN

FI8-6 ZEMASIRXE

19974 2 I RMIERD, 20015 EN06EHALERT ABXE, 20
BT, RER0NERGESET (013 . 2006 MFE—MRIFH
—F, THURRNOHESBFR, IIGRNGERIMETN. LRNEES
—EZRRRT EORX, NREB—EMBLERET SHRX. BNTNUHS
M T BT

MATCH (article:Article)
RETURN article.year < 2006 AS training, count(*) AS count

HAERMT, HPtrueFig2006F 2 HIARNILX !

Fmmmm - R

| training | count |
Fmmmm - R +
| false | 21059 |
| true | 30897 |
Fmmmm - R +
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HERIERTE | 60%E’\Ji/eﬁﬁ2006¢2ﬁﬁ7i%% 40%7E2006F HAlE S 2 ]a &
Fo MTHMNEFNHRKY, XE—MEHENEIETZ.

PERMNBT — ATE!@E’]X#/\H IEFATE 2006 F MR D BIRETE
Z. B ES R E1ERE20065F 2 IR M ALEE 2 B2 37—
CO_AUTHOR_EARLYXZ,

MATCH (al)<-[:AUTHOR]-(paper)-[:AUTHOR]->(a2:Author)

WITH al, a2, paper

ORDER BY al, paper.year

WITH al, a2, collect(paper)[0].year AS year, count(*) AS collaborations
WHERE year < 2006

MERGE (al)-[coauthor:CO_AUTHOR EARLY {year: year}]-(a2)

SET coauthor.collaborations = collaborations;

Ala, BATEAE2006F 2 5 E R ENPAEE Z B#
CO_AUTHOR_LATE% X :

MATCH (al)<-[:AUTHOR]-(paper)-[:AUTHOR]->(a2:Author)

WITH al, a2, paper

ORDER BY al, paper.year

WITH al, a2, collect(paper)[0].year AS year, count(*) AS collaborations
WHERE year >= 2006

MERGE (al)-[coauthor:CO_AUTHOR LATE {year: year}]-(a2)

SET coauthor.collaborations = collaborations;

AMZEMNONGMNAK 8, ERNMERERZINTRZEFRE, U
B ¥ 3 FCO_AUTHOR_EARLY F9% & :

MATCH ()-[:CO_AUTHOR_EARLY]->()

RETURN count(*) AS count

MZEBEFRE A B RHER -

& 8K+ E/CO_AUTHOR _LATERIER

MATCH ()-[:CO_AUTHOR_LATE]->()

RETURN count(*) AS count
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BTIZEERIRE AR

PEBNELAESFHERNMNEINHBIEET .
BIA—TRRNZNIGESNA K BALLH], TEIFNZESMRE 8
AL,

EEL b S 6

AN 55 2 18] f§CO_AUTHOR_EARLY#ICO_AUTHOR_LATE* Z ¥ E A
MBI (positive) BlF, EBHRMNBFECIZ—LIER (negative) MFIF. KT
BUSTHEFFONEHLERHEN, RFEABES, XTEBERXEF. RIMPRXE
REMHAREBL T X RNBAIEKRES,

MRHNE|FKATHICO_AUTHOR_EARLY #i#E, HNISKMFAS 018 MES
FXMXR, ERBESLOONMMERR . XUTERTEATE, BELEM™IR
BAMETTREENRAXRIE (45018%45017) /2=1,013,287,653, XEHKE
ARZAEMNGF CRAE®RE) . MRBAVBAENREGFRIIGIATAIEL,
BATRHE — 1 = E R KA o) @ (class imbalance problem), —/MRELT] Rl
MEXNTHREXEXRERLERSHEE.

fR. Lichtenwalter. J. Lussier#IN. Chawlafdit 3 “New Perspectives and
Methods in Link Prediction”d, iR 7 A —BE B LT T35, EP—FAEZ
B AERMANBED R PERE RN AEENTSRKBENENG F. (ELE
11l B2 3 4k S f51))

BATHBE R A NB =R R ZEARE T S X RASZTRAA ',
AEFBLELBEXREZNT RN, AEHNTREX XL Xt H#H TR, XFERA
AT UFHFEENERTH,
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FMBE314248 T8, ENEBENMKREZERERR, NRFKNHEMNEEE)
=MNERE, BAIE6T.67TTX T &
THEBERECRE BT 5 m AR TR

def down_sample(df):
copy = df.copy()
zero = Counter (copy.label.values)[0]
un = Counter(copy.label.values)[1]
n = zero - un
copy = copy.drop(copy[copy.label == 0].sample(n=n, random state=1).index)

return copy.sample(frac=1)

XPMREITEHERENFROREZZE A Xﬁﬁﬂ’\ﬂﬂ?i_ﬁ;ﬂ‘i NI}
SERENET. RE, BOTULETUTREREE—NEEFEIE R REIRY
Ullé,\’%% )

train_existing links = graph.run("""
MATCH (author:Author)-[:CO_AUTHOR_EARLY]->(other:Author)
RETURN id(author) AS nodel, id(other) AS node2, 1 AS label

"").to_data_frame()

train_missing_links = graph.run("""
MATCH (author:Author)

WHERE (author)-[:CO_AUTHOR EARLY]-()
MATCH (author)-[:CO_AUTHOR EARLY*2..3]-(other)
WHERE not ( (author)-[:CO_AUTHOR EARLY]-(other))

RETURN id(author) AS nodel, id(other) AS node2, 0 AS label

"").to_data_frame()
train_missing links = train_missing links.drop_duplicates()
training df = train missing_links.append(train_existing links, ignore_ index=True)
training df['label'] = training df['label'].astype('category')

training df = down_sample(training df)

training data = spark.createDataFrame(training df)

E AL label 5582 %] (coerce) A— KR, HAPIFKIF—PRZEFE
§EiE, OFRTOFBEE. BRNYRERITETIATRALKE FDataFrame A9 £3E -

training data.show(n=5)
- - - +

| nodel | node2 | label |
e e e +

MEDICAL 5 Al B9t =E EE% 199



| 10019 | 28091 | 1 |

| 10170 | 51476 | 1 |

| 10259 | 17140 | 0 |

| 10259 | 26047 | 1 |

| 10293 | 71349 | 1 |
+ +

ZREBUIRTT TRINIIE, URENEGREEEZEEXR  flW, T

=10019F128091 B 1MFR%, F"on B —PME.
WME, IEBMNITIATREEEKEEDataFrame I A ZHE

training data.groupby("label").count().show()

ZRUWT

e e +
| label | count |
e e +
| o | 81096 |
| 1 | 81096 |
e e +

A AEEEE M positiveFInegativetF A I T FA1H9 )

test_existing links = graph.run("""
MATCH (author:Author)-[:CO_AUTHOR_LATE]->(other:Author)
RETURN id(author) AS nodel, id(other) AS node2, 1 AS label

""").to_data_frame()

test_missing_links = graph.run("""

MATCH (author:Author)

WHERE (author)-[:CO_AUTHOR_LATE]-()
MATCH (author)-[:CO_AUTHOR*2..3]-(other)
WHERE not ( (author)-[:CO_AUTHOR]-(other))

RETURN id(author) AS nodel, id(other) AS node2, 0 AS label

""").to_data_frame()

test_missing links = test_missing links.drop_duplicates()

test_df = test_missing_links.append(test_existing links, ignore_index=True)
test_df['label'] = test df['label'].astype('category')

test_df = down_sample(test_df)

test_data = spark.createDataFrame(test_df)

BT 70 TR ALk E HDataFrame (Y A A

test_data.groupby("label").count().show()

R
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Fo————— Fo————— +

| label | count |
- - +

| 0 | 74128 |
[ 1 | 74128 |

Fo————— Fo————— +

BARBMNEZ TG T INEMNHEIESE, BLALRNBERNEENTTIE.

SR TR ER D B S 43

BMNBEN-LEEXRRERIS, BEEEPHMETRTUMARALIEE S
KEMERAEESE. BMNNBREEQEME@A N, EAEXMERLT, HABEE
RENMENFDESHEA X BABMUTRETR, B TERBMNT 1EE
MAEEENTREN | (BR-LEFHIESRENERMEX)

® FZHFEMEE
EEZEBEAEN=TTRR
BEZERKBERANESE
F—HXMEE (XEAIH XL Zcommunity detectionB % AL,
FAFE ERSEFRMAEX, TE)
® EFE—TEEREHXMNEE

FPEETRMNNVBRREERFHE, FEAXERTNG - Tokss. =T
DERR—TMLER, HESEREANTNTRZABORATE XA rIHB—
o BUMEA D KR RARED EMNTN —MEBEREH 8. XTI A,
BEIRTAE—NEE (FEEEXR) , BORTREHRE (LBEEEXRR) -

BAVET BSpark FHIBBHLARM LI A D K85 FEVLBRME—MA T
K. HEAMAEMESNRRFEITTE MES-THIR.
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DATA

x{\“ fe e, 3
KA KA A

Decision Tree1 Decision Tree 2 DecisionTree n
(lassified as A Classified as B (lassified as B
Voting
(lassified as B
E8-7— PRV ARMEY — MRENES, RERBERESAZHE (BT HFY

B (BTEAE) .

BMOENFMRD KIEMNBMNNENZNRERFRMNER, HERARE
kR, EXBENGFF, nERERERLGHFERE (§EEXER) . UAiL
BOIGIEZRMNN TIERE.

SIENRFINEE

BA T E T Spark F A BBV R K2R CIEV ISR F I BIE ., XFFEAERE
&, BARNOEEEEHBFITEERE MR AN BFHDREEHK. &
REFUEAENSBEMEL, BEVFEHRTERRERBENASEEREGENNIIL
FIRMEEY,

AT BIREBAMMIMLE®E (pipline) , FNTKEEA—MFLEIIRIEAFRE
B, XEERMNODEFZBFEAIE., 7 EREE XS ER A — B
Hllfeatures, [ Lt 3 {1115 A VectorAssemblerSk 45 £ R 4% ¥ 0 AT iR AUAE =X

MTREBEENSFZIEE, FHEAMLLbIEESE !

numTrees=30, maxDepth=10)
return Pipeline(stages=[assembler, rf])
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RandomForestClassifier{# FH I & %5 :

BEEMNNETENFRNEZER , I—XNPTREER
labelCol 1o
BHiEE
BEATIN—XPTREeSEARENTENTRN
featuresCol 2
numTrees TR A AR BVAR R A 2B
maxDepth RERWARRXRE

BUMRIESL W IEFE R RN ETNRE. BNTUERESH, tbma PR
ERPAMENEZRE, REESHBERERIHE, MERRLBRERTE—
LA MIBIR

BNEENATEMMIAFESL 7 RMNNEE, PrROLETiael@ R A

THEER

-

Tom ke « BEARR BT

BB ELEUE— M EEARE, 2R8I FRERAL{EE AYCommon
authors. preferential attachmentZ{the total union of neighbors H1 2 BX A9 45 1iF Sk T &
KAt E

Common authors : ZEHAMERZ MBTES AREL, EINFET EH—
MR, AR FHEEENEERRTESENBMSE.
Preferential attachment (FEALHIE) BITHEM LN AL ERBAT
HENEEER— D, EREEEMEMASENEEEHTE
RE1E.

Total union of neighbors | ZHEMEEMNEEELEY, BEEE.

FENeodjF, AT PUEACypherEHITEXEE., T RECHITEIIZEN

XEFE

def apply graphy_training features(data):

query = """

UNWIND $pairs AS pair

MATCH (pl) WHERE id(pl) = pair.nodel

MATCH (p2) WHERE id(p2) = pair.node2

RETURN pai

r.nodel AS nodel,

pair.node2 AS node2,

MEDICAL 5
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[:CO_AUTHOR_EARLY]-(p2) | a]) AS commonAuthors,
size((pl)-[:CO_AUTHOR EARLY]-()) * size((p2)-
[:CO_AUTHOR_EARLY]-()) AS prefAttachment,
size(apoc.coll.toSet(
[(pl)-[:CO_AUTHOR_EARLY]-(a) | id(a)] +
[ (p2)-[:CO_AUTHOR_EARLY]-(a) | id(a)]
)) AS totalNeighbors

pairs = [{"nodel": row["nodel"], "node2": row['"node2"]}

for row in data.collect()]
features = spark.createDataFrame(graph.run(query,

{"pairs": pairs}).to_data_ frame())

return data.join(features, ["nodel", "node2”])

THEHREEAWAETEEA

def apply_graphy_test_ features(data):
query = """
UNWIND $pairs AS pair
MATCH (pl) WHERE id(pl) = pair.nodel
MATCH (p2) WHERE id(p2) = pair.node2
RETURN pair.nodel AS nodel,
pair.node2 AS node2,
size([(pl)-[:CO_AUTHOR]-(a)-[:CO_AUTHOR]-(p2) | a]) AS commonAuthors,
size((pl)-[:CO_AUTHOR]-()) * size((p2)-[:CO_AUTHOR]-())
AS prefAttachment,
size(apoc.coll.toSet(
[(pl)-[:CO_AUTHOR]-(a) | id(a)] + [(p2)-[:CO_AUTHOR]-(a) | id(a)]
)) AS totalNeighbors

pairs = [{"nodel": row["nodel"], "node2": row['"node2"]}
for row in data.collect()]
features = spark.createDataFrame(graph.run(query,
{"pairs": pairs}).to_data_ frame())

return data.join(features, ["nodel", "node2”])

>

X R ERSK FH— N DataFrame, H A 8% %nodel #node2 Ay &= 5F,
ERMNBE—ESXEXNHMEFEHE FTEENTARNE N EEE.

2

HAEF, UNWINDFRIXMTRERET/ANHNES, FE—ITEEPRD
EMNAFrEFTEE M.
FATET AFESpark P 3£ A3 X TS RBB K IX LT sE v AT 39!

SR E R
17

training data = apply_graphy training_ features(training data)

test_data = apply_graphy_ test_ features(test_data)

MEDICAL 5 Al B9t =E EE% 204



Y s rally 22

RFEIRE

SEPNEIE. UTRIEEZ S commonAuthorsifl

plt.style.use('fivethirtyeight')
fig, axs = plt.subplots(l, 2, figsize=(18, 7), sharey=True)
charts = [(1, "have collaborated"), (0, "haven't collaborated”)]

for index, chart in enumerate(charts):

label, title = chart

filtered = training data.filter(training data["label"] == label)
common_authors = filtered.toPandas()["commonAuthors"]
histogram = common_authors.value counts().sort_index()

histogram /= float(histogram.sum())
histogram.plot(kind="bar", x='Common Authors', color="darkblue",
ax=axs[index], title=f"Authors who {title} (label={label})")

axs[index].xaxis.set_label_ text("Common Authors")

plt.tight_layout()
plt.show()

AT IXERES-8HIE %,

07 Authors who have collaborated (label=1) Authors who haven't collaborated (label=0)

0.6
0.5
0.4
0.3
0.2
0.1
1111
%0 bl o BE S :

8—8.commonAuthorsE{’\]J’fﬁ$

Common Authors

Zih B1E#E 2 8B & ER AcommonAuthorsiR, HiAREE S1ERNRY
commonAuthorsw N, A G TENcommonAuthors )& K E A9, BI5S%HIER]
K0, XAFE, ERLREEEIHAP, XSBAZEHREHMOLRE
=3 xﬁ%ﬁ%ffﬁﬁm (£3) | 10%FLFSN#EIESE, NHI-2D RIS
EREZ.

G—PMRESRHUN E R . T REGNITICRIE .

def train_model(fields, training_ data):
pipeline = create_pipeline(fields)
model = pipeline.fit(training data)

return model
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BN E L CE — R {FEHcommonAuthors B AIERY . F4{7 0] U@
AT RADREEIZIER

(ﬁl
BN

basic_model = train_model(["commonAuthors"], training_data)

AFNMNERZTIGE, LHRNEECNETE —LLdummy HIEHTLLE .
AT AL AR #EcommonAuthors F AR EMETFEE RS -

eval _df = spark.createDataFrame(
[C0,)s (1/)s (2,), (10,), (100,)1,

[ 'commonAuthors'])
(basic_model.transform(eval_df)

.select("commonAuthors", "probability", "prediction")

.show(truncate=False))

BITIZABESRIUTER

o e tom e +
| commonAuthors | probability | prediction |
o e tom e +
| o | [0.7540494940434322,0.24595050595656787] | 0.0 |
| 1 | [0.7540494940434322,0.24595050595656787] | 0.0 |
| 2 | [0.0536835525078107,0.9463164474921892] | 1.0 |
| 10 | [0.0536835525078107,0.9463164474921892] | 1.0 |
o e tom e +

MR 1H9commonAuthors{B/NF2, BT5%HIMEEEZBASHRR,
IAFRATHIRE BTN 410, 2R FK (TAcommonAuthors{E 425 FE K, J”'J94%E’]1‘EE751\%
TMEBZETERR, EILFHMNAERT,

ISR

PALETMRENXRIERMNOER . REFJIMITEYT DITHERE R M
B, BRZEOTEEERFE—LELTNIEIRSFHA, MRS-1M7

7<8- 1IN SR

i AR ik

WIEF TN B SR AR 5 2R REARRLLE. ERALHE
HPIEAIENONER, ZERSTERS. thn—
BR#HIRESE, BOSREMSRNA, MERNBNEN

TP+TN/(TP+

A (accurac
Gk y) TN+FP+FN)
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EH 2, maMBSwHEHE, BHSEREM
MSHEF B — R,

TN IEF AP, EFIRFIALEE . RIKAEH
554K (precision) TP/(TP+FP) K EZ L& 1R S false positive, & false positive Y 1=
B, BWEZ10,

FrE R IEBI AR R IEFRIR AL F . — NMRIEY
TP/(TP+FN) | AEIZEZEKRE F £ ffalse negative, X F false negative

ZEZE(recall, true

positive rate, TPR) BREEl BERZ] 0,

fRIE# X (false FPATP+TN) B RBIFEARF, HEBRIRAIALLSE]. RS AYFalse
positive rate, FPR) positive{H R Ik & & % AYFalse positive,

ROC(Receiver ROC 2 & —Recall(true positive rate)F1{E [F #a XK
operating _ Ixvm (False positive rate) 7t A~ [&] 1942 2K =% ) {E T Y B H 49 i
characteristics, 3% %, ROCEHZ TMO0,002(1,1) % THIZAUC(Area
HERIEFE) under curve, AUC),

Hr, XFTP, FN, FP, TNEYERRMNT :
‘ ‘ UM {EPositive ¥ N {E Negative
‘ SLFR{EPositive True Positive False Negative

‘ SCPR{ENegative False Positive True Negative

XTF T2k, RESLEEFTNELXE, HELFHSZE  True Positive, True
Negative, False Negative, False Positive,  EfIf915I0 - (FE==Lfr1E) FE. tEZTFalse
Negative #5192 TN 7 2 ENegative, L[R5} EPositive, FrIXFNIEH S & 2False.,

ROCH % - X TFHIEE, WRREMOFIGFTEALIFEE, Bk EEXYEZFIFHFA
BRI IER, FE— T EET, #573%/—24 (FPR, TPR) . ST NFEMHBL, M
ROC, i ZERIEFL,

BAVEERAERE (accuracy) . FFHHE (precision) . BEIXE (recall) F1
ROCHIZRIEETANRE . EHEE—MERNEEZ, FMURIMTBERRSHK
M BEEBEMBEE., 18 EBROCHZ LLAR S MNMFE T S B TN ,

RIERNTVE AR, BN TEFEXRAARBNIERE. B0, F1TseBRAT
BERRIERARIAME (false negative) , BIRATAEIEFTH BIFHUNERHE R positive Y
ZRP, ITFAEMNERE, BMNUESEREZINEHE XLEREF—LEREZES
XN IRERMNFRUAKRE.
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F DL BRESSEE L E W positiveZE R, M fiNfalse positiveFtrue

positive,

EFANE A U T R BRI E X LT IERR

def evaluate_model(model, test_data):

# Execute the model against the test set

predictions = model.transform(test_data)

# Compute true positive, false positive, false negative counts

tp = predictions[ (predictions.label == 1) &
(predictions.prediction == 1)].count()

fp = predictions[(predictions.label == 0) &
(predictions.prediction == 1)].count()

fn = predictions[ (predictions.label == 1) &
(predictions.prediction == 0)].count()

# Compute recall and precision manually
recall = float(tp) / (tp + fn)
precision = float(tp) / (tp + fp)

# Compute accuracy using Spark MLLib's binary classification evaluator

accuracy = BinaryClassificationEvaluator().evaluate(predictions)

# Compute false positive rate and true positive rate using sklearn functions

labels = [row["label"] for row in predictions.select("label").collect()]

preds = [row["probability"][1] for row in predictions.select
("probability").collect()]

fpr, tpr, threshold = roc_curve(labels, preds)

roc_auc = auc(fpr, tpr)

return { "fpr": fpr, "tpr": tpr, "roc_auc": roc_auc, "accuracy": accuracy,

"recall": recall, "precision": precision }

REBMNBRE—1T R, UEHTEANSLETRSE

def display_results(results):
results = {k: v for k, v in results.items() if k not in
["fpr", "tpr", "roc_auc"]}
return pd.DataFrame({"Measure": list(results.keys()),

"Score": list(results.values())})

FAT T UGE At ACAB 1 A R T B 7 45

basic_results = evaluate_model(basic_model, test_data)

display_ results(basic_results)

| accuracy | 0.864457 |
| recall | ©.753278 |
| precision | ©.968670 |
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XARE—MERTTE, BARMNPUNAROEERIETFRNEMESTH
HEEENRE. A, WRBAVIEXLBERE—LEERDNE, KNS5
FAMES., Fla0, ZEENEE 50968670, XEECIESEEKTNEENTE
. AT, HRMNHBEIZEZ0.753278, XEKRETCARE T RGN $ERIFE.
AR UER I T R EZEHIROCH 2 (true positiveFfalse positive 948 5< 14
&)

def create_roc_plot():

plt.style.use('classic')

fig = plt.figure(figsize=(13, 8))

plt.xlim([0, 1])

plt.ylim([0, 1])

plt.ylabel('True Positive Rate')

plt.xlabel('False Positive Rate')

plt.rc('axes', prop_cycle=(cycler('color',
t'r', 'g', 'b', 'c', 'm', 'y', 'k'])))

plt.plot([0, 1], [0, 1], linestyle='--', label='Random score
(AUC = 0.50)")

return plt, fig

def add_curve(plt, title, fpr, tpr, roc):
plt.plot(fpr, tpr, label=f"{title} (AUC = {roc:0.2})")

AR S R
BNXERBAAE
plt, fig = create_roc_plot()
add_curve(plt, "Common Authors",
basic_results["fpr"], basic_results["tpr"], basic_results["roc_auc"])

plt.legend(loc='lower right')
plt.show()

AT U ER- 9T B EAE R ROCH Z
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1.0

0.8} -

True Positive Rate
o
o
A\

I
>
R

0.2f "
e ~~ Random score (AUC = 0.50)
7 — Common Authors (AUC = 0.85)
0'%.0 02 04 0.6 0.8 1.0

False Positive Rate

E8-9. B AR FIROCH 2

ERESERASH L T086HIR (AUC) 1¥70. BAXAR(TEMT
SHEHMNIUUENR, ERNTEEZ (SHMER) RKHEXEEHE ?*Zﬂ]ﬂ’]ﬁﬁ
EES-9H, FRNTBE L IRA1IEIL80%Htrue positive R EF, {19 alse positive ik
BT RN20% . XEFIERUXENELTUERSAE#R, EXLEHRT, BE
false positive Y AR = .

ML FAE AHMMERNEREEFRNZ2E T UBOERAMTATON..
GEANMERZ R, EBNEERERENEI2HN. BMNTUETUTREXER
B EENRNEAMSITER

(training_data.filter(training_data["label"]==1)

.describe()

.select("summary", "commonAuthors", "prefAttachment", "totalNeighbors")
.show())

(training_data.filter(training_data["label"]==0)

.describe()

.select("summary", "commonAuthors", "prefAttachment", "totalNeighbors")
.show())

?ﬂdl]—IUTTi\%EPE JETXERBANER

B aan dat T P o o +

| summary | commonAuthors | prefAttachment | totalNeighbors
tmmm o o L e +
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| count | 81096 | 81096 | 81096 |
| mean | 3.5959233501035808 | 69.93537289138798 | 10.082408503502021 |
| stddev | 4.715942231635516 | 171.47092255919472 | 8.44109970920685 |
| min | o | 1 | 2
| max | 44 | 3150 | 90 |
fomm——— e o o
fomm——— Fmmm e o m o +
| summary | commonAuthors | prefAttachment | totalNeighbors
fomm——— Fmmm e o m o +
| count | 81096 | 81096 | 81096 |
| mean | ©0.37666469369635985 | 48.18137762651672 | 12.97586810693499 |
| stddev | ©.6194576095461857 | 94.92635344980489 | 10.082991078685803 |
| min | o | 1 | 1
| max | 9 | 1849 | 89 |
fomm——— Fmmm e o m o +
®iEZE (FFXR) MLEE (TEFXR) 2BEFRANNENIZERM
Mk, RAMEBZEIZEREEKX, prefAttachmentfEIFEX T EETRIEE LR

FEEINEEER, X—ZF7EcommonAuthors FEARE ., WAVFEE!
totalNeighbors F9E/Z B AR ZE R, X RERRE X NMHERRERIF TN, ©1F
—ANE @@ ZprefAttachment IARERZEKXR, MR EMEAENR/IVE. XIE
ERMNNEFEFELss (BREZESE, superconnetors) HY/NEFRNEERIHAE,
WA, EBANETIATRE, KNG —DHAIEER! (graphy model) , RN

preferential attachment F total union of neighbors :

fields = ["commonAuthors", "prefAttachment", "totalNeighbors"]

graphy model = train_model(fields, training data)

IEBANE—TREMRE, FETRER

graphy results = evaluate model(graphy model, test_data)
display_ results(graphy_ results)

%1RE (graphy model) E9FUNFEELT -

Fomm Fommm +
| measure | score |
Fomm Fommm +
| accuracy | ©.978351 |
| recall | ©.924226 |
| precision | ©.943795 |
Fomm Fommm +
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RN EHRE
—=, BAMBARE RS
4—?L>{T1J€7a‘iﬂtt$5a%21:$%’_ﬂ$ﬂﬁ%%’_ﬂ ;

plt, fig = create_roc_plot()
add_curve(plt, "Common Authors",
basic_results["fpr"], basic_results["tpr"],
basic_results["roc_auc"])
add_curve(plt, "Graphy",
graphy results["fpr"], graphy results['tpr"],

graphy results["roc_auc"])

plt.legend(loc='lower right')
plt.show()

BATTIAEES- 10 FEIf

(accuracy) FZ[EIZE (recall) KKIES
PKT KLIBURITEE . 1EF {12 %mm&% Fie

7

. BRERE TB

itz

1.0

0.8}
%06
©
o
2
E
]
=] 0.4

0.2

42 % - - Random score (AUC = 0.50)
7S — Common Authors (AUC = 0.86)
L7 — Graphy (AUC = 0.98)
0'%.0 0.2 0.4 0.6 0.8

False Positive Rate

&18-10.graphyt&£ Y AUROC il 4%,

1.0

BRI, BANAFEIE EHRY T I

AERRENE R i A NS R .
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WETB T ZMHRE, BMNBIHEMERHL~ENERER. BAEEHA
FEE RN AR RETUNE imHTHF . XERNEBTHERRE XM
Gt BIEN ERFE.

ATHERBEERMY, Sparks AR ARMEEFIRD RN P T E R A%
. ZBRZENDEREFRE.,

FHIEHER (feature rankings) ZIMNEATHEMN—ARBIATIEER, S21HA—
AL, WRBNME—MEHEHF, SHBTEEMZE10, FAEHREF100%
SREAR

UTRHEET — P E%, HPERTRAEZEHIEINEE

def plot_ feature_importance(fields, feature importances):
df = pd.DataFrame({"Feature": fields, "Importance": feature_ importances})
df = df.sort_values("Importance", ascending=False)
ax = df.plot(kind='bar', x='Feature', y='Importance', legend=None)
ax.xaxis.set_label text("")
plt.tight_ layout()
plt.show()

HMNXFEAE

rf_model = graphy model.stages[-1]

plot_feature_ importance(fields, rf model.featureImportances)

BT R BRI SR AN ES- 11 FT7R.
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totalNeighbors I

commonAuthors
prefAttachment

8- 11 BB R

EBMERFEAN=HEF, commonAuthorsTERKFEE F 2 REEMNIF
fiE o
AT T EFUNARR IR, AT UFE Fspark-tree-plotting K B §1 14

BEAAMR R 89— NRE R . I THRADA K —PGraphViz X {F

from spark tree plotting import export_graphviz

dot_string = export_graphviz(rf_model.trees[0],
featureNames=fields, categoryNames=[], classNames=["True", "False"],

filled=True, roundedCorners=True, roundLeaves=True)

with open("/tmp/rf.dot", "w") as file:

file.write(dot_string)

Aia, BAT BT N EImEFTIA T o @ RAERIZ R TR R

dot -Tpdf /tmp/rf.dot -o /tmp/rf.pdf

Zan < 8% tH I EI8- 12 7= o
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Node D0
commonAuthors <= 1.5000

Impurity =0.5000
Gain =0.1687
Prediction = FALSE

Fa&

Step1 |

NodeID 1 True Node D2 :

commonAuthors <= 0.5000 commonAuthors <= 2.5000 =

Impurity =0.3877 Impurity =0.2476 Step2

Gain =0.0938 i =0.0272 H

Prediction =TRUE Prediction = FALSE e
True False True False

NodeIDS NodeID6 T
NodelD3 NodelD 4 totalNeighbors <= 0.5000 prefAttachment <= 15.5000
Impurity = 0.0000 Impurity = 0.3193 Impurity =0.4102 Impurity =0.0949 Step3 !
Prediction = FALSE Prediction =TRUE Gain =0.0247 Gain =0.0050
Prediction = FALSE Prediction = FALSE ;

False

NodeID7
Impurity  =0.0000
Prediction =TRUE

NodeID 8
Impurity  =0.3949
Prediction = FALSE

True

Node D9
Impurity = 0.0000
Prediction =TRUE

. Stepd o

E8-12. o] WAk AR IR

FENT RELH

-—+

33 &fﬂzﬂ]ﬁ}ﬂ R KBTI —X B F AT
T e o
| commonAuthors | prefAttachment | totalNeighbors |
B T T o o
| 10 | 12 5
B T T o o

B BEVHEMBE LD TBRREZ DTN

FA1MNode ID 0FF 4, X B H BT
False4) % (5] T Z|Node ID 2,

1)

2)  FHAIXEHF#BiI2.5 ) commonAuthors,
6,
3)  FA18prefAttachmentS K T15.54,
4) Node ID 92 XM RZE R H AY
&M, X4t
s,
5 &fE, BNHRMREXLERRWNAOES

TR O] BERY S SR TIN
WEILIMNBRARINE ZHEFHLE.

MEDICAL 5 Al B9t =E

1.5/ commonAuthors,

FrIAF (11189 False )

False

Node D 10
Impurity ~ =0.0902
Prediction = FALSE

e

FRIABATAE

) % F|Node ID

XK FE A1 E|Node ID 9,

ITHTR, XRRER(NAFTEFL
T = APridiction(FUME, LI True) gt 2R R HI TN

* BRI A5 B 34

&
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Mk : ZARNRERK

EENDERBRERETEMEAN=ZARESHTIN, RIIEFRMNEFEAN
EENBMNNTREEH—LHEH, BMNTUBIHITUTEERITE D SFREN
“REERARKRE

CALL algo.triangleCount('Author', 'CO_AUTHOR EARLY', { write:true,
writeProperty:'trianglesTrain', clusteringCoefficientProperty:

'coefficientTrain'});

CALL algo.triangleCount('Author', 'CO_AUTHOR', { write:true,
writeProperty:'trianglesTest', clusteringCoefficientProperty:

'coefficientTest'});

AT Bk 30 (5 F {1 A9 DataFrame 78 filiX LE I 8

def apply triangles_features(data, triangles_prop, coefficient_prop):
query = """
UNWIND $pairs AS pair
MATCH (pl) WHERE id(pl) = pair.nodel
MATCH (p2) WHERE id(p2) = pair.node2
RETURN pair.nodel AS nodel,
pair.node2 AS node2,
apoc.coll.min([pl[$trianglesProp], p2[$trianglesProp]])
AS minTriangles,
apoc.coll.max([pl[$trianglesProp], p2[$trianglesProp]])
AS maxTriangles,
apoc.coll.min([pl[$coefficientProp], p2[$coefficientProp]])
AS minCoefficient,
apoc.coll.max([pl[$coefficientProp], p2[$coefficientProp]])

AS maxCoefficient

params = {
"pairs": [{"nodel": row["nodel"], "node2": row["node2"]}
for row in data.collect()],
"trianglesProp": triangles_prop,
"coefficientProp": coefficient_ prop
}
features = spark.createDataFrame(graph.run(query, params).to_data frame())

return data.join(features, ["nodel", "node2”])

AR, BNEELA=ARITERRXRGEEZFATRIRKETR. £X
EEHR, ZNFE— ﬂlﬁlj&%lgﬁiﬁﬂlﬂ’ﬂ‘% BRER MEBWENCRFHTE
M. ATHEIX—R, BIE&A&/ MTEMERITEE X LRED BIFkK.
37 DataFrame :
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training data = apply_triangles_features(training data, "trianglesTrain", "coefficientTrain")

test_data = apply_triangles_features(test_data, "trianglesTest", "coefficientTest”)

HFETHREXETENZARFLENBEMERITESR

(training_data.filter(training_data["label"]==1)

.describe()

.select("summary", "minTriangles", "maxTriangles",
"minCoefficient", "maxCoefficient")

.show())

(training_data.filter(training_data["label"]==0)

.describe()

.select("summary", "minTriangles", "maxTriangles", "minCoefficient",
"maxCoefficient")

.show())

?idl]—IuTTi\%EPE E17 ﬁb{tﬁ%’]ﬁ*%

B s m e et e e e T +
| summary | minTriangles | maxTriangles | minCoefficient | maxCoefficient |
e e e e e e B e e e e e T e e e T +
| count | 81096 | 81096 | 81096 | 81096 |
| mean | 19.478260333431983 | 27.73590559337082 | 0.5703773654487051 | ©.8453786164620439 |
| stddev | 65.7615282768483 | 74.01896188921927 | ©.3614610553659958 | 0.2939681857356519 |
| min | @ | @ | 0.0 | 0.0 |
| max | 622 | 785 | 1.0 | 1.0 |
e e e e e e B e e e e e T e e e T +
to—m - B ettt B e B e Bt B et e E T +
| summary | minTriangles | maxTriangles | minCoefficient | maxCoefficient |
to—m - B ettt B e B e Bt B et e E T +
| count | 81096 | 81096 | 81096 | 81096 |
| mean | 5.754661142349808 | 35.651980368945445 | 0.49048921333297446 | 0.860283935358397 |
| stddev | 20.639236521699 | 85.82843448272624 | ©.3684138346533951 | 0.2578219623967906 |
| min | o ) | 0.0 | 0.0 |
| max | 617 | 785 | 1.0 | 1.0 |
to—m - B ettt B e B e Bt B et e E T +
;‘E%ﬁ, XN EpE coauthorshlpﬂlno coauthorship%{#E Z [8;% 8 A KB X
Ale XEREBEREX Eb’%:ﬁE%CT =t ﬁi‘ Jipl

SIZ

NI UBILIETTE

%F’U :

/N
fields = ["commonAuthors", "prefAttachment", "totalNeighbors",
"minTriangles", "maxTriangles", "minCoefficient", "maxCoefficient"]

triangle model = train_model(fields, training data)
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AL BATHERE I B R ES

triangle_results = evaluate_model(triangle_model, test_data)

display_ results(triangle_results)

trianglest& AU Ay T /D“ IEBARAN TR R

Fomm Fommm
| measure | score |
Fomm Fommm +
| accuracy | ©.992924 |
| recall | ©.965384 |
| precision | ©.958582 |
Fomm Fommm +

BB ENIREARNE METAVRR S, I TUNERESE] 7 RFaIR
5. BB =AFERRMEIROCH LR, REBMAOT :

plt, fig = create_roc_plot()

add_curve(plt, "Common Authors",

basic_results["fpr"], basic_results["tpr"], basic_results["roc_auc"])
add_curve(plt, "Graphy",
graphy results["fpr"], graphy results['tpr"],
graphy results["roc_auc"])
add_curve(plt, "Triangles",
triangle_results["fpr"], triangle results["tpr"],

triangle_results["roc_auc"])

plt.legend(loc='lower right')
plt.show()

BATTIAEES- 13 EE I
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[&18-13.trianglest& A FIROC #h 4%

BANMERELZEFR 7T T, 7 EBMNAETNIERETT BT 90%+aITR

MeeS . =S

8. iIERMNBEERNFILENENER

rf _model = triangle_model.stages[-1]

plot_feature importance(fields, rf model.featureImportances)

BITIZRE G RANES-14Pf 7
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0.7
0.6
0.5
0.4
0.3
0.2
0.1

0.0

minTriangles .

commonAuthors
maxTriangles
minCoefficient
totalNeighbors
maxCoefficient
prefAttachment

FS- 14N EEM - = /A (triangles) 1&EY

common authors#F{E AN HNNIREERANE—F., WiFRNEESR
EFHNOE, BEEUYBMNANEXEENSEET4,

FUMEEIE : X4

BAMRRER— XN T R NRIE B ERENE, ENZBEERTEE
BRR . bsh, BNBEHXKBER, BKER&TEE.

Bk, BAVEERANeodjFHLPARITEEHNENHX ., HIBILZETUT
BRI — =, ZE R X FE )2 K partitionTrain /M, XXM
£ fpartitionTest/F 4 7 :

CALL algo.labelPropagation("Author", "CO_AUTHOR_EARLY", "BOTH",

{partitionProperty: "partitionTrain"});

CALL algo.labelPropagation("Author", "CO_AUTHOR", "BOTH",
{partitionProperty: "partitionTest"});

AT FE FALouvain BSX T E E MR E R . LouvainE 5 IR 6] ja) B 2K,
BAVE X LB K R R/ N B KT 7 V)| R fMlouvainTrain B 4 &, X EM
louvainTest/& M :
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CALL algo.louvain.stream("Author", "CO_AUTHOR EARLY",

{includeIntermediateCommunities:true})

YIELD nodeld, community, communities

WITH algo.getNodeById(nodeId) AS node, communities[0] AS smallestCommunity

SET node.louvainTrain = smallestCommunity;

CALL algo.louvain.stream("Author", "CO_AUTHOR",

{includeIntermediateCommunities:true})

YIELD nodeld, community, communities

WITH algo.getNodeById(nodeId) AS node, communities[0] AS smallestCommunity

SET node.louvainTest = smallestCommunity;

MAEBAVR EZ AT RERIR

ELXEEEHNE

def apply community features(data, partition prop, louvain_prop):

query =

UNWIND $pairs AS pair

MATCH (pl) WHERE id(pl) = pair.nodel

MATCH (p2) WHERE id(p2) = pair.node2

RETURN pair.nodel AS nodel,
pair.node2 AS node2,

CASE WHEN pl[$partitionProp] = p2[$partitionProp] THEN

1 ELSE 0 END AS samePartition,

CASE WHEN pl[$louvainProp] = p2[$louvainProp] THEN

1 ELSE 0 END AS sameLouvain

params = {

"pairs": [{"nodel": row["nodel"], "node2": row["node2"]} for

row in data.collect()],
"partitionProp": partition_prop,
"louvainProp": louvain_ prop

}

features = spark.createDataFrame(graph.run(query, params).to_data frame())

return data.join(features, ["nodel", "node2"])

FAT T DAGE A AT A ILe ThE Y A T-Spark 1 49|

training data = apply_community_ features(training data,

"partitionTrain",

"louvainTrain")

test_data = apply community features(test_data, "partitionTest", "louvainTest")

HMNITUETHRBREED /ANEEETR—7KX

plt.style.use('fivethirtyeight')

fig, axs = plt.subplots(l, 2, figsize=(18, 7), sharey=True)

charts = [(1, "have collaborated"), (0, "haven't collaborated”)]

for index, chart in enumerate(charts):

label, title = chart

filtered = training data.filter(training data["label"] == label)
values = (filtered.withColumn('samePartition',
F.when(F.col("samePartition") == 0, "False")

.otherwise("True"))

.groupby ("samePartition")
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.agg(F.count("label").alias("count"))
.select("samePartition", "count")
.toPandas())
values.set_index("samePartition", drop=True, inplace=True)
values.plot(kind="bar", ax=axs[index], legend=None,
title=f"Authors who {title} (label={label})")

axs[index].xaxis.set_label_ text("Same Partition”)

plt.tight_layout()
plt.show()

BAT LA RS- 15 B EBE TR IEH LS

0000 Authors who have collaborated (label=1) Authors who haven't collaborated (label=0)
60000
50000
40000
30000
20000
- - -
0
3 3 2 3
= = K S
Same Partition Same Partition

&8-15 E—o KX

B ML T DRI TN A e 0016 L IBEER T BB e
EETREA— SRS, BITHUBTET M TRE NLowvaink XML E
F

plt.style.use('fivethirtyeight')
fig, axs = plt.subplots(l, 2, figsize=(18, 7), sharey=True)

charts = [(1, "have collaborated"), (0, "haven't collaborated")]

for index, chart in enumerate(charts):

label, title = chart

filtered = training data.filter(training data["label"] == label)
values = (filtered.withColumn('sameLouvain',
F.when(F.col("sameLouvain") == 0, "False")

.otherwise("True"))
.groupby("sameLouvain")
.agg(F.count("label").alias("count"))
.select("sameLouvain", "count")
.toPandas())
values.set_index("sameLouvain", drop=True, inplace=True)
values.plot(kind="bar", ax=axs[index], legend=None,
title=f"Authors who {title} (label={label})")
axs[index].xaxis.set_label text("Same Louvain")
plt.tight_layout()
plt.show()
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BATT LRS- 16 B EBETIX N IEH LS

50000 Authors who have collaborated (label=1) Authors who haven't collaborated (label=0)
70000
60000
50000
40000
30000
20000
- -
. |
8 ] 8 ]
s = = =
Same Louvain Same Louvain

&]8-16, [E—"~LouvainB3%

BEXXMHIZFERFINMHN, MEAEINEZERITEER—I &
B, MBLLEEEIHNIEENAANTREER—NEET.
AT DU IET I TR I H bR R

fields = ["commonAuthors", "prefAttachment", "totalNeighbors",
"minTriangles", "maxTriangles", "minCoefficient", "maxCoefficient",
"samePartition", "sameLouvain"]

community model = train model(fields, training data)

MAULBATHEREF B RER
community results = evaluate model(community model, test data)
display results(community results)

#HXAEE (community model) FYFUNIEIRATEH :

Fomm Fommm +
| measure | score |
Fomm Fommm +
| accuracy | ©.995771 |
| recall | ©.957088 |
| precision | ©.978674 |
Fomm Fommm +

BN —LEERRELM0E, FiIbA 7 #THR, IR NBEETM TR
WA AR HIROCH % -

plt, fig = create_roc_plot()
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add_curve(plt, "Common Authors",

basic_results["fpr"], basic_results["tpr"], basic_results["roc_auc"])

add_curve(plt, "Graphy",
graphy results["fpr"], graphy results['tpr"],

graphy results["roc_auc"])

add_curve(plt, "Triangles",
triangle_results["fpr"], triangle results["tpr"],

triangle_results["roc_auc"])
add_curve(plt, "Community",
community results["fpr"], community results["tpr"],

community_results["roc_auc"])

plt.legend(loc='lower right')
plt.show()

BATTIAEES-1TH BRI
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- o - - Random score (AUC = 0.50)

I 7 —  Common Authors (AUC = 0.85) ||
7 — Graphy (AUC = 0.95)
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E8-17, #XEAIFIROCHIZ,

TN T B AN KRB ER 2, FIERNEEMERRERNR

/4

1E -

rf _model = community model.stages[-1]

plot_feature importance(fields, rf model.featureImportances)

Y]

IEITIZ R B R S R AN ER- 187,
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REcommon authorsiBE BK FEEEE, ERFEEE—MIELESH
NMTTE, TOURSHMNFEIRNTIN. HtXENEXPIRBRIEERNNR
E—MEEFERANEME, XHBTEERNOTNT .

ERMNNBIFF, BNELEEHENETENFITEE—MREFNFSE, 2
[EREEFATARINE 2 BB Fgraphy I EI B RIFHE, FATREBER NN
M. BAVRAESR 7 —NFH. FENEERRFTNEGERXR.

fF AR TRBFHERR ] N B Z RS RINTN ., EEMNERHEFMEAR
RTHENENE, SENZENEERIK. BMNEBNEXZEEEFHTNTE,
HEBBZ RN BER AR XREEZSFENRE.

EELS
FINTEFERE, URBAEHEHEMERENTGE. UMT2—E# DR
KRR -

® FMNMSWEIFERN I LIE BRNSWEIR TN M ?

o WHIEIEN, WRELEIAEHA?

o JIHMNXNFELHI P BESE WAL

® LIRS AIR X EMA S0 ; BATE UEMIZEER A A E IS
T AR SRS 3G 7
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B

-

HEAREF, FMNART EARBSLENEERIGEVSRFES . HONMET —
LI, REBET—PEMNeodjFlApache Spark TN $ 4% A9 F MBI
PR T BT R AR D KR A, FHE SRR B A KB AE SR B0 A1)
EER.

ABEE

HARBH, BMNNMETEBSURLEEGH2T. RE, BNONMAERTHE
Apache Spark#INeodjF gnfe & R EEANVF £ SLhron ], RERANTENBETFHN
faigaEl e 3.

BEERDIMMERFHRRERE, MBIEEVE. U4 M B e 2 F50m 7R 2%
AfERE. RMBERMARA, WAL SSEERKNEEE, TAA NIRRT

=
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B & A

HEEEMER

HAARTH, BAERENBTENELEREZFTMENNHEMES . TATVEH
REMAEBNEE, BEIES ANeodjl9 B —Fh777%, MR FH— procedureffE, iE
F-ERRRTEREESE. LB,

H &%

WEZEETRTESE. EXARF, BMNESNBT BLRERKEHE
REANEE, MUERBENFARFAAXARREANEL, FEEX WEE
(coloring)Fl /5 & I (heuristics) B%, #WERRT, EAECMNEXRFEZATE, E4Z
REZHBEIN.

HE% WETHSMNHXIEN (edge-based community detection) , 1REF
i, {BiR%7 7ENeodjsk Apache Spark R SLIR . F AT, BEEEE S TNEAE
AUIEIN, BT ERFEANEREEESIGMN.

HHE-—LEESE—EFR, BARLHFAESTEHE., fla, HNEESE
FRR THB/FIRBERERAN—LEE, Z— MEFSFRNOEEB UM EE,
TEBENATHEFEMEETUN, BB EBIERARNTEREET RBMSE
o, M &EBEUAH R,

Neodjilt & £z S A Yelp

Cypher&HIE S AEF M ERKEIES A\Neodj, EA-1EHT LERERNS
BRHIR .
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Raw data Transaction log Store files

EA-1.E T CypherliS A

BARN T EEEERENSEI T HEABRENTNTRRIT, BESAVA
ABEHIEERN, Neodif SATEREFMN®EFE. ZTEHEECBREME XM, Bl
EEHAE WRIA2FFR.

Raw data Transaction log Store files
I N ——
.V A I —
I —
— —

EA-2 - FHNeciSATE

NeodjG AN TR HesvXfr, FHEXEXHEFTRHENLX M. BA3ER
T1ZT RO AR esv R =1

1234 Bob 678 Awesome 3
Nodes ;
1235 Alice 679 Mediocre 2
1236 Erika 680 Really bad 1
) ) 1234 678
Relationships
1235 679
1236 680

EIA-3.Neod S NANE A csv A& R
YelpFIEE M A/NEKRENeodj SN L HE B LR I Neodj IR ELFE,

HIEX FISONER, At EAFNBEEHET HNeodj SN T REIAEE IR
A4 R T BAE BB AIISONF— 7w,
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‘ HEE

Python script

EA-4.45)SONEEHR A CSV

{2 Fpython, FAITH] X G —ME R A ARG B % AosvX . —B3K
M EIRRE R AOX S, BT DU S ANeodjd . 4R AR aNfT SEILX —
RHEAAE BRI RIREES.

APOCH1HfttNeod4j T H

Awesome Procedures on Cypher (APOC) 22— 18 &450% 1352
(procedure) FITTRE (function) HIEE, MTHBEMENLS, MEEER. ¥
EBEMEIRERUARENEBIIE. APOCENeodjIFRERE.,
NeodjiZ B HM T AT USMNMNEELZELEEER, HlmATERBREN
BRI RS N AR XETNEMINBNEEETT XM ERE,

HE RS

HE—MFENR BArsi B MEEIEES —THkik. BT BRI X
b, BEERENEZEHIBEMNERS
® SNAP (Stanford Network Analysis Project, SNAP) S3iFZ MNEIREINR
TR IR X FNfE A5 .
® ICON (Colorado Index of Complex Networks, ICON) 2 MZERlIFK A4
MR RENZEIEEN T ERS],
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® KONECT (Koblenz Network Collection , KONECT) SiF& LA
BNEKIBEE, WEHTNERETR., KEBBEESTE— LR
R H iR A E R AR

Apache SparkfINeo4jF & fELH B

ApacheSpark#INeodjE S BT Z AL TIR. WREBEEODB, TSRS
BAMZTENEX
® T —fA9Sparko)FR, 157ESpark Community 7T 17
users @spark.apache.org,
® X T GraphFrames[o]@, 1&{# A Github issue tracker,
® XITArTANeodjal (BIFEEZE) . BAHEFEZNeo4j Community

EIER

BREMFNTR T UARTTRE DT, BRI TEEE, WERZMMES
DITRNRES B RIITF LRI, ELFINLMREFNHITE4

® Coursera_I-fyPythoni®#Z . Applied Social Network Analysis

® YouTube_F fiLeonid ZhukovAgSocial Network AnalysisZ %]

o HNBEAFIMBOITRIE, BIEWIHE. [k RMEML TR

®  Complexity Explorerf2 {7 4 & R F 1I1RTE

RTRERSE

Mark Needham;ZNeo4jlIEMESEMA LA R KR TREIN, MBI TR
FEZEFINeodj, HEFHEKMNEIRDFAMES ZMRATTR ., Mark?E Bl
TEEBRENT VIR, SEMMENedNERERR S, thEBCHAE
Zhttps://markhneedham.com/blog/Ftweets @markhneedham F 5~ 7 H Sl A—%&
WITIHEYE R
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Amy E. Hodler;gNeodjl) M BRI F E 47 EMA TEEME I E KIE, iz
1B A E AT SRR 7R B S M 2% ch 549 S FUN 307517 4 . Amy#H: Bh I BAK R #eY
J1357EEDS . Microsoft, Hewlett-Packard (HP) . Hitachi IoT#1Cray Inc.Z5/A 5] €]
EHY S, AmyRERFHZAR, NERMHRMELTHXEB., HOHESE
@amyhodler.

KRN TA#Ric

EIE % (Graph Algorithms) T Rz R EIMIEEHIEK (Araneus
diadematus) , —FE IABMMIEERHEK, ERECLTEHEEMERZEZSIN,

KON R PRV BISR AR — K, HRMFE, FEamns, Hf—£%
ENEFEE—NMNMITFE, X877 WK —PMEBRNETF TFHIK . XEHKETE
MESEERREL, MEXSHEEEREES, XPMHEECIKRERARTFH
FHRZRAR

MMM ERRERLRATE, XRKREENEE— RN, £EF
W NEROEY ., WELEER CYORFENEE, MRERIRSEERM. S5
HREAEIMHNR, EH—FREE-FSNERENFSL" L EXMES
% FSRIIRBERIR A L NTEY . RiE, BTRRESE), REEDRIEE, I
EEENFIRAE, 2R HIHFE (enable consumption) . HE(IAIMEIRT
FEMAHEEPZE TN, BONNEERMRS AEMNNRESNCINM, REE
i FR922EE Eo el RN, RS AX N ERERDE TS,

EMNEE—F  EFERBUE, WREERMRA, & FPLrRi.
ORI, FAMMEAENS R RN, KR, BHIRERRIEE
ZBIABCHRRER—PEERN R,

HTXEHKRENL, FERFMER T AXZTHNMBEH, FriXANY
EMNEHT T RENOWR. 1973F, WHE AArabellaFAnitafy i 147 9K 7E X E
FRBNASKEEHNE LT LT 7%, NHZTE N SRR EEE9%
M, FEENRERENRVINEZE, ArabellaB 7 —MHE2HIM, REE—
SEERIZAEZM.

O'ReillyHTH T Z N EHIE KE, EIINHEREBRER.
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HHE K&/ ZKaren Montgomery iU & 15F K], HTMeyers Kleines Lexiconfy 2
HiRE ., HEFEEGilroyFlGuardian Sans, XZAF{K 4 Adobe Minion Pro ; $rf=F
{& ;1 Adobe Myriad Condensed ; AL {A A Dalton MaagfJUbuntu Mono,
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