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Abstract In the field of social networking, finance, public security, health care, etc, the application
of big data technology is matured constantly, but its application in competitive sports is still in
exploratory stage. Lacking of recording the pass data in basketball technical statistics leads that we
can not research the statistical analysis, data mining and application on the pass data. Firstly, as the
aggregation from of passing data is graph, based on data acquisition, clean and format conversion,
Vertex and Edge table construction, we create the pass network graph with GraphX, which lays the
foundation for other applications. Secondly, the PlayerRank algorithm is proposed to distinguish the
importance of players, player position personalized the graph vertex’s color, etc, which improves the
visual quality of pass network graph. Finally, we can use the pass network graph created by GraphX
to analyze the effect of passing quantity and quality on the outcome of the game, and the pass network
graph is also used to analyze the team’s passing data, tactical player selection, on-the-spot tactics

supporting, subgraph extraction and gaming experience improvement, etc.

Key words  big data application; pass network; GraphX frame; PlayerRank algorithm; player

importance
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Table 1 Basic Professional Terminology

F1 EMEUARE

Terminology

Description

The National Basketball Association (NBA) is the pre-eminent men’s professional basketball league in North

NBA . . . . . .
America, and is widely considered to be the premier men’s professional basketball league in the world.
CBA Chinese Basketball Association is a national non-profit sports organisation in China.
NBA T The NBA consists of 30 teams, with the United States is home to 29 teams and one is located in Canada. The
eam . . .. . . L . .
current league organization divides thirty teams into two conferences of three divisions with five teams each.
NBA schedule is divided into 3 stages, the preseason, regular season and the playoffs. The preseason only 5
games, it's main purpose is training, which are not included in the normal statistics. The regular season has 82
NBA Rules games, after the regular season, the East and West League top 8 playoff team to the playoffs, take 7 games 4 wins

knockout, regular season winning team won a higher rate of home court advantage, and then by the East and West
of the champions of the NBA finals, decide the NBA championship.
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Continued (Table 1)

Terminology

Description

Basketball Technical

Basketball statistics include: points, rebounds, assists, steals, blocks, fouls drawn,turnovers, etc.

Statistics

The National Basketball Association Most Valuable Player (MVP) is an annual National Basketball Association

Regular Season MVP

(NBA) award given since the 19551956 NBA season to the best performing player of the regular season.

NBA Finals Most Valuable Player Award is an annual National Basketball Association (NBA) award given since

Final MVP

the 1969 NBA Finals. The award is decided by a panel of nine media members, who cast votes after the conclusion

of the Finals. The person with the highest votes wins the award.
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Fig. 2 The construction and application framework of passing network diagram.
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Fig. 3 Data acquisition process.
&3 s 3RO
FIH HTTP Get J5 i 15 2038 [l /) 5040 . A= %24 A 'Period=08&.'
playerid Fi %7 i B9 JSON ¢ 4. CURL Ky Python ,PlayerID: {playerid} &'

P A AR 1 R

'Season=2015-16&."

#Z X8 1. CURL Python ## F{CHY. ,SeasonSegmem‘: &'

for playerid in playerids:
os. system (' curl "http://stats. nb

playerdashptpass?’
"DateFrom=&.'
'"DateTo=2&.'
'GameSegment=&.'
'LastNGames=08&.'
"LeaguelD=008&.'
'Location=8&.'
"Month=08&.'
'Op ponent TeamID=08&.'
"Outcome=&.'
'PerMode=Totals&.'

'SeasonType=Regular+ Season&.’
a. com/stats/ "TeamID=0&.
'VsCon ference =&.'
"VsDivision="">> {playerid}. json,.
format(playerid= playerid))
4 PR playerids B F i A W playerid , TR
P L PR 3 i Python fURY . H 24T 5E playerids
AP A TR, AN 3 iR i) JSON 3¢
PG A JSON SCPEXT R —A4~BR 51 1% BREUE .
R A L E AP BR 3 I ARAS L AT E ALY
SR LA [R) 4% 3R ECHE 1 48 . 40 2 % DateFrom
R AR UL BRBCHE T X5 I 14 Ll B I I B 1] B Y
SRR 2 PR

Table 2 Interpretation of Parameters

K2 SHEUEER

Parameter Default Value Description
DateFrom NULL Game Start Date Time
DateTo NULL Game End Date Time
GameSegment Entrie Game Game Time Segmentation: Entrie Game—+ First Half+ Second Half+ Overtime
LastNGames All Games Recent N Games

LeaguelD NULL

League Identifier
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Continued (Table 2)

Parameter Default Value Description
Location All Locations Game Location: All Locations+ Home+ Road
Month All Months Game Month: All Months—+ Specific Month

Op ponent TeamID Vs All Teams

Outcome All Outcomes

PerMode Totals
Period All Quarters

PlayerID NULL
Season 2015-16

SeasonSegment Entire Season

SeasonType Regular+ Season

TeamlID NULL

VisCon ference All Conference

VsDivision All Division

Opponent Team Identifier
Game Result: All Outcomes—+ Wins—+ Losses
Data Return Type: Totals+Per Game
According to Quarter Query Data, eg 2nd Quarter

Player’s ID Value
Season Identifier

Entire Season-+ Pre All-Star+ Post All-Star

Regular-+ Playoffs+ All Star
Team Identifier
Conference: All Conference+ East+ West

Division: All Division, Atlantic, Central

JSON (Javascript object notation) {E & 5% & 2%
BB 5 3 e 4% 20, 1T L5 XML (extensible markup
language) #% =M 5.5 fk. A< 3Ch F] ] Python f %
Bt JSON L4 B9 55 4 5% 1k o4 pandas DataFrame,
FEBE JSON gk Xk 1) 7 B il A i ok . JF 474
CSV #& =0, AR R

B R E 2. JSON Hdfs 5 1L AL 1.

import pandas as pds

d f=pds. DataFrame()

for playerid in playerids:

with open("{ playerid}. json’. format
(playerid= playerid)) as json_file:
parsed=json. load(json_file)
['resultSets'][0]
df=df.append(pd. DataFrame(parsed
['rowSet' ], columns= parsed[ "headers']))
df =df.rename(columns={'PLAYER_
NAME_LAST FIRST': 'PLAYER'})
dfLdf['PASS_TO"]

.isin(d f{'PLAYER' D J[['PLAYER',

'"PASS_TO','PASS']]. to_csv(’passes. csv' s

index=TFalse)

dfl'id J=d f['PLAYER']. str. replace(’, ', ')
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FGP) A 1 i e V R KR ES E i8R,
Vertex [ Edge REHEFMANE 3 L3k 4 Piw.

%E & Spark W X Vertices 28 #) E X, F Bt
PLAYERID KT & ID, 7B PLAYERNAME 4 Tii
MR .

454 Spark HX) Edges 289 3. Bt PASSERID
MR TS 1D, 7B PASSTOID Sy H AR T 1D, 5 B
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JEPE. R 7R Edge b % T4E E Y PASSERID
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Table 3 Data Dictionary of Table Vertex
R 3 Vertex RYEFEFH
Name Data Type Description
PLAYERID INT The ID of This Player in nba. com Database
PLAYERNAME VARCHAR The Name of This Player
Table 4 Table Edge’s Data Dictionary
R 4 Edge REIEFH
Name Data Type Description
PASSERID INT The Passer’s ID
PASSTOID INT The Receiver’s 1D
FREQUENCY FLOAT The Frequency of Passes Made
PASSNUM INT The Number of Passes Made from the Given Teammate
AST INT The Number of Assists Recorded When Making Pass from the Given Teammate
FGM INT Field Goals Made —The Number of Field Goals Made When Making a Pass {rom the Given Teammate
FGA INT Field Goals Attempted —The Number of Field Goals Attempted When Making a Pass from the Given Teammate
FGP FLOAT Field Goal Percentage — The Field Goal Percentage of Shots that Followed a Pass from the Given Teammate
FGM2 INT 2 Point Field Goals Made
FGA2 INT 2 Point Field Goals Attempted
FGP2 FLOAT 2 Point Field Goal Percentage
FGM3 INT 3 Point Field Goals Made
FGA3 INT 3 Point Field Goals Attempted
FGP3 FLOAT 3 Point Field Goal Percentage

#5229 (B Edge &) FREQUENCY F Bt
H7AE G Frequency , J ALK 5 1AL BRBN 51 500CK 7.
ﬁ\:qj i6[1577]):

ZFrequency, = 1. (D

I B Xt T 45 % ) (PASSERID, PASSTOID) ,
Frequency E’Jﬁ“ﬁ/\iﬁjﬂ (1% Edge F PASSERID
5 PASSTOID F g M4
Frequency( passerid , passtoid ) =

S passerid 5 passtoid) :

passnum { passerid , passtoid )

Zpassnum (passerid )
AR

(2

K (2)HE 2 ANER B2 JE] B A% BR AR

# Edge % ' FGM. FGA, FGP = Bt 43 5 g 4% i
fgm. fga, fgp, I A X F 4 E 9 (PASSERID,
PASSTOID) . fgp " it5 N

fgp:];f(”—r’zxmo%. (3)

FEE, X F 45 %€ 19 (PASSERID, PASSTOID),
F B FGP2 K FGP3 W{E ]t 112 %

fep? — ~§i’(’1722><1oo%, 1)

fg’”3><1oo/ 5)
fga3

15 52 b 09 N 3 5 b, A8 & Frequency, fgps
Fap2. fap3 B & BN A 5 T B A0 B0 S .
2.4 RHKMERHE

ARATLL 20152016 FE 7= 114 5 55 22 95 - BA R 491
F I 82 Wi MBI IB] BT A A IR AL BRI 2% . 1
Je Rt 2.2 45 A O AR BT U AR A 15 BRI 4%
L) T st B an 2 5 P

fgp3 =

Table 5 The Cavaliers Passing Network Diagram’s Vertex Data
x5 BHEEIRNEN RHIE

ROW PLAYERID PLAYERNAME
1 203099 Cunningham_Jared
2 202697 Shumpert_Iman
3 2210 Jefferson_Richard
4 2592 Jones_James
5 201619 Kaun_Sasha
6 202618 Irving Kyrie
7 2747 Smith_J. R.
8 201567 Love_Kevin
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Continued (Table 5) getLines(). toList
ROW PLAYERID PLAYERNAME var edges=Ilines. map {
9 202684 Thompson_Tristan line=">val fields=Iline. split("\t")
10 203925 Harris_Joe ("James _LeBron”, fields (0). toString ,
11 202389 Mozgov_Timofey fields(2). toString, fields(3). toLong,
12 203521 Dellavedova_Matthew fields(4). toLong, fields (5). toLong,
13 1otz Frye_Channing fields(6). tolong. fields (7). toFloat,
1 2760 Varejao_Anderson fields(8). toLong, fields (9). toLong,
o 768 Jones Dahntay fields(10). toFloat, fields(11). toLong,
0 20 Williams_Mo fields(12). toLong , fields(13). toFloat) }
17 2544 James_LeBron
s 903895 MeRee. Jordan val pw=new PrintWriter(new File
("[Cavaliers_data/out_data/James_
L 2015—2016 $E% NBA %€ MVP LeBron LeBron. cvs"))
James Sy {5l 3 5 A 2. 2 5 3R A5 19 JSON $cdis . for Gi<<—edges) {
T3 AT B Uk Sas X AL AR TP (Scala ACHS, 4 pw. write(i. toString ) +"\n")
oAU 3 i) A BIRF G 2.2 P i Edge % h
LEM R B EUINSR 6 Fr. pw. close()
oS 3. Bl 1 Uk Lk Ui A }
object WebPageDataTrans fer { }
def mainCargs: Array[ String ]) : Unit= { B s U AR P I iR £l s I B S Cavaliers
val lines= Source. fromFile("|Cavaliers_data/ data 132 AN KL . Ko ab 21 58 8 5 % B0 5 A out_data
James_LeBron. cvs”). H .

Table 6 LeBron James Regular Season’s Passing Network Edge Data
% 6 LeBron James & M ZE £k W 48 Edge #{#7

sreld dstld attr

2544 201567 21.5%.,820.126,146,322.45. 3,80,163,49.1,66,159,41.5
2544 202618 18.9%,721,41,80,191,41.9,64,130,49.2,16,61,26. 2
2544 2747 16.6%,634,105,129,313,41.2,42,109,38.5,87,204,42. 6
2544 203521 14.6%,558,49,59,124,47.6,22,53,41.5,37,71,52. 1
2544 202389 5.7%.216,52,52,102,51.0,52,97,53.6,0,5,0. 0
2544 202684 5.5%,209,46,47,76,61.8,47,76,61.8,0,0,0.0
2544 2590 5.2%,199,15,22,51,43.1,15,25,60.0,7,26,26. 9
2544 202697 3.9%,148,19,22,61,36.1,12,25,48.0,10,36,27. 8
2544 2210 2.9%,109,23,25,50,50.0,18,26,69.2,7,24,29. 2
2544 101112 1.7%,64,18,17,32,53.1,2,5,40.0,15,27,55. 6
2544 2760 1.3%,48,6,6,15,40.0,6,15,40.0,0,0,0.0

2544 203099 1.2%,47,9.9,17,52.9,3,6,50.0,6,11,54.5

2544 2592 1.0%,40,4,4,17,23.5,0,0,0.0,4,17,23.5

Notes: srcld,dstld and attr field are corresponding to the Edges class source vertex ID,target vertex ID and edge attribute.
The attr can be further divided into: FREQUENCY,PASSNUM, AST,FGM,FGA,FGP,FGM2,FGA2,FGP2,
FGM3,FGA3,.FGP3.

7% 6 H & LeBron James BANEK 51 AOECHE . 40 T XAZ BRI 44 (14 Spark GraphX W% AR 4 Fif7s «
i = BA BT A BA D31 1 BR A 220 45 B 1 A 1R BA K ED 4. B BAE TR AL B ) 45 ) 2
82 78 IFE T A WAL FRBUIE . ¥ 3 55 1 BA & 0 38 15 (D package Cavaliers. pass. anlaysis. datamaker
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@ import org. apache. spark. import org. apache.
spark. graphx. import org. apache. spark. rdd.
RDD

@ object CavalierPassNetWork {

@ def main(args: Array[ String]): Unit={

®  val conf=new SparkConf(Q). setAppName

("CavalierPassNetWork”). setMaster
("local[47")
val passes: RDD[ String |=sc. textFile
("[Cavaliers [edgs. cvs™)
@  val player:RDD[ String |=sc. textFile
("[Cavaliers/vertex. cvs”)
val vertices :RDD[ (VertexId ,String) |=
player. map {
line=">val fields=line.split("")
(fields(0). toLong, fields(1))
}
val edges:RDD[ Edge[ (String,Long,
Long) |]= passes. map {
line=">val fields=1line.split("")
Edge ( fields (0). toLong, fields(1).
toLong, (fields(2). toString (), fields
(3). toLong, fields(4). tol.ong))
}

@  val graph=Graph(vertices,edges)

@

@ }

TE 40 b A% 3K 9 25 4 AR oL 47 © O AR 43 5l
TS 5 B N ovs SO R R ICEI N A7 17 ®
M player i # 2 B T AT @QTEAT © F it pass
(R BE Al ) A 12 ok I 2% 1 0 300 0 e P R AR 8 v )
Yyt 17 A 8 AT OFE R 5t vertices M edges W5
filt b, 38 5 8 Graph 28 i 48 & oA 85, 44 38 1 1% Bk
W2 graph 1% 3R I 25 i i HI T T B4l

3 fEEK M 2 By AT AR AL B 52

3.1 EHRMESHLZTMETRLARE

B FT WA A K Ak A8 1 T e i ol o e R 3
(I8 3R 7 HH 2R+ RE 0% S 0Ll 1) D P R O S HiE
Z B PR IR A8 AT 8 2 P 42 4 X080 P TR T AR 2% 114
I ). X EL A T T R ) SR AR 0 5%, ] 7
A BR A S5 2 225 (] v 47 AT A4 S B AL T
A 2 A THT I £ X 520 7 2. Herman 58 AN X
P ] AR A T Ik M BOR HEAT T 2538 . R BE XS

BT oAb it 52 N 3 it 7 A a9 r ik 5 HR
Cn#t & 4 AR Treemapst™ | Voronoi [& 3 759 | 48
AR TreeNetViz™ ™ 45) , (H % 28 #iL ) 3K T35 25 0
AT RAR T iR AR SR R T T AR i 32 2R KL

FEER P 4% 1 W1 AL 55 4k 58 0 2% TR ) vl AR AR B
ZeAel H P Ak 32 9 46 P A] G NodeX L 2% T B 47
AT AR, H R A SCHE 22 3R NodeXL 2 il 14 Bk
I 2% B & B Node XL 45 4t 28 W 26 iy ml 446 T 2
FEANIE A A% BRI 2% 1 T Ak R R A% 2R ) 2% A8 L At
WL A I R R BRI 4 WU Z A
PEALAE A

IR 32 T S Rb > s g O P S S N
[ BR O3 7 A% BRI 45 v 1 A2 5 52 A O 6] Can
HHLFE MVP Stephen Curry 7 % BR [ £% v (1% 5 %2
5 5 He HAt A 20 BR 51 ) . AR SCAE 15 e AN ) T AT,
A2 s DAL X 23 A R BR 53 7 A% 33K 190 286 v 1) B 224k
Fr LA e AR R R B R R k.

2) A3k 4 ik 51 M A (7 B 1 X 43, NBA
Fiig I 5 & B\ M A Bk A T (point guard) (15
4y )5 I (shooting guard) . /Ny 4 (small forward) .
KT (power forward) M W (center) , A [6] 14 v
BN LS B ROR AT BRI L S S A
HAR KM 22 5, 07 LUAR BRI 45 v g X 43 AN [R) B8R 61 1Y
AL AR SCH R IR B3 A £ A ) 50 179 0 R
fiff AN [) 35K 51 22 8] B9 A €8 IX 43 [] R

3) AEE 2 AR5 Z ) AR BR UK O %) 1 X 43
BRI Z M AR BRCBUE T E A s 8, TRk
T3 2 4Bk B2 0] B9 % BRR B, 7T R 2R 807 b
HrIE R BIAE D 1 i R B f 4% Bk B . (H 2, 58
e Tk B E T30 A B DE K SR B bR T B A
FEUE BRI 2% ] 3 T 2% L. Pt AR SOl AR BRI SR
(Bl %) {5 B A 20 W M 40 ok Gk, B 2 ek 2
[B) B A5 BR B £, Al AT 22 18] %) 30 Bk 5 2 2 At AT
Z (8] AR BR U R /D, 31 A

4) AL BRI 2 E 0 FH 7 A2 B Re 0. AR g s vl
H AR Z 8@ S 7S R #7 8UE s . A B &
AR AC HBE JT. A SC A B AL BRI 4% & TR )2
KA JavaScript IS, 38 15 30 Y8 5 B 78 A% BR ) 4% 14
14 [e] i 42 B 2l 2 09 P =B me )02 AL . R A] H
SR 1A D T R — R Bk D AR BRI 1O
3.2 fEERMERT MUKW NEE

LA 3.1 Y 4 AR SR L A MR I
10 Ff (Ui iCharts, Fusion Charts Suit, Modest Maps,
Chartkick, Bonsai, Google Charts, Gephi, Protvis
S AL T B (HEZE) o, PRt B networkD3 (R i
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& W EE T JavaScript ()8 AT LA T HO RE4E b iy
forceNetwork 1E b 1% 2R I’ & ) v #8416 T H.. F| FH
networkD3 2= forceNetwork 1% Bk W 2% [&] 75 5 i
B AR 2 2.

1) To 5B TS8OI A 466 TR 44 B T AR
D TS 43 2545 B (X 43 3R 0367 ) L T A K/ (X 43
BROUHE B IO R BCHE b, TR 4% BR O 3K Y I 4
PLAYERNAME F B, Tii /&5 ID S PLAYERID 7 E¢.

2) EAE. HBHE S S B AR R
PE. H L I 5 Edge &) PASSERID 5 Bt
N HART S5 Edge % 1) PASSTOID < Bt Xf
INE 5 320 T 1 T AR O 3 5wl P SR B A [E] AT
B SC.Aan s an SR O T 3K 51 2 [A) Y A kR L
Wi )@ ¥R Edge & PASSNUM 7 Be s I 2 JH] 7
ORVE 2 Bk 01 22 8] B A% BR B SO AR A B 0 32 ) PR
i Edge R iy AST FE.

BROU O B 5 SN TCARTE T L 2E Bk 51 AT
T 2 AL LW E (0 Tristan Thompson A #T Hr 4
5ORHTEE 2 A ), It DLSE B v JF A 2 7™ 4% 4 IR
PR T 550 5 O /NET B RET s b ny i
BEAT R E L XH 5 ORI £ (05 25 - Guard.,
Forward, Center, Forward-Guard, Forward-Center.
(] A DA Sy 1 B A 91 35k B3 Ao 4 28 R B 66 A R A
R TR
Table 7 The Cavaliers Player’s Position Classification Table

®7T WIRKBRUESER

PLAYERNAME LABLE POSITION COLOR
Cunningham_Jared 1 Guard
Shumpert_Iman 1 Guard
Jefferson_Richard 2 Forward
Jones_James 4 Forward-Guard
Kaun_Sasha 3 Center
Irving_Kyrie 1 Guard
Smith_J. R. 4 Forward-Guard
Love_Kevin 2 Forward
Thompson_Tristan 5 Forward-Center
Harris_Joe 1 Guard
Mozgov_Timofey 3 Center -
Dellavedova_Matthew 1 Guard
Frye_Channing 2 Forward
Varejao_Anderson 3 Center
Jones Dahntay 4 Forward-Guard
Williams_Mo 1 Guard
James_LeBron 2 Forward -
McRae_Jordan 1 Guard

3.3 REREERRNETHNEEZEITE

TR BR B B R BRI 2% T 2 A2 /)
AJ5E b5 15 R O R A PageRank U HE R
FEARL o A T 4 A5 1 B M RS R — A~ B 1 4L
T LS % Google 1) PageRank %3, 48 SCHE 3t
FABR L TE A% BR W 2% v ELRE B 1Y 58 1E PlayerRank,
HitHHy
PR (T?)
C(Ti) -
Hrp  PR(p) R —DBR G p 78 A% BRI 25 v i) B 2L
FERE  HIBCM Y B o [0 10 R 8 R 138 ) i 8 i
sa A BEALALE AR &, FLECE VI o L0, 1], 58
PageRank HBRIABUAH 0. 8531 Frn AL ER M 2% HhEk 51
(A BB T.(i=1.2,3, ) FRMEKR p 1&
BRIER VEE B CCT O RRER B T, [ AMEERER 51 1

" PR(T) . - =
B ST o MR ARG p SRR T, 5

TEROL p T4 T 1 PR {H. 1£ PageRank f ik, —
AN G855 — A PR AE = A 00T BT 4 4 L 1 X
I DT (4 AR B B R4 L H PR (Bt 248 5 s I R B AE
LBk M2 b [ AR L O NBA WA B R R G 1
WEs) AN 5 2 [ A) S5 3 B 73 Gl i 48 o ML
A () T3 iE A e 38 PR 25 B BR 5O B X 43 BR 0L p 488
S ER 5 (AN Stephen Curry B¢ LeBron James) # 47
& FEIRIEL A RUTIZER A p 5 H K 51T A ) — [
A ullIsk il p WARHE %, 5 PageRank 5L THHA
D5k —#E B PlayerRank W8 ERB p BIWI 4R
PR A 188 J5 MR X (6) 3 19 it 5 A~ 3R 51 1Y
PR {8, HB ARG PR {EBE TRE.

H1 T GraphX 2 fit T PageRank 1 52 8L, 78
2.4 B ER M 464 3 1 S Al | L 3i 3 I H PageRank
APT BB f% PR 8 b X Bk 01 8 22 B #F A7 3F 5. (H 2
PageRank S35 % A 2 BOF A IRt 50 00 )& 1
Chn A% BRUCEL 255, Bir LG 206 2. 4 95 i AL Bk
D 28 AT AR H , A RE EAT BR DY B R AR Al 4
k€I N

e 4 Fros 5k i Edge Table i) — 2590 3%
YE N 7~ B, 75 Bl vh passerid = 2544, passtoid =
202618, passnum = 721, X 47 iC % #F /~x LeBron
James 78 % #L2€ ] (6] 2 3L 45 Kyrie Irving £ 8k 721
. 5kl A 7 B PASSERID 5 PASSTOID (i)
e b5F 22, 3 H passerid {8}y 2544, passtoid {H N
202618, JF ¥ A7 H I 721 W BB BE ¥ 1Y Scala
BT .

(6)

PR(p) = U —a)+ay,
i=1
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@
&)

©® ®o0e e

© e 6 6

@ }

Edge Table

PASSERID | PASSTOID

PASSNUM

2544 202618

721

Fig. 4

] o
Pass 721 Times
7 ,&. g
— 23 i

2

PASSERID | PASSTOID
2544 202618
2544 202618
2544 202618
2544 202618

| 2544 | 202618 |

4 PROIFE i A K A2 4o

¥R 85 5. PageRank 537 54 A8 ¥ A5 )y
(D object ScalaGenPassFile

def main(args: Array[ String]) : Unit= {

val lines= Source. fromFile("[passes.
esv). getLines(). toList
var edges=lines. map{line=">
val fields=line. split(" ")
( fields (0). toLong., fields (1).
toLong, fields(2).tolLong) )
var javalist=new Javalist[ String ]
for (i<l—edges)
for (j<<—0 to i. _3. toLong. tolnt—1)
javalist. add((i. _1.toLong,
i. _2.toLong).toString())
val pw=new PrintWriter(new File
("/PRdata/RPInputdata. cvs”))
for G<T—javalist. toArray())
pw. write(i. toString () +"\n")
pw. close()

FRASAT O HF 55 - BA & BLFE T A 14 1% BR B0 (3%
Edge FEHE) 2B B &= lines F 347 @D ¥ Edge £
iy 7 B PASSERID, PASSTOID & PASSNUM
BCH K T © ~ ®© 4 1 I i % (PASSERID,
PASSTOID) 3f 1 3% PASSNUM ¥k i 47 %% $it 1 455
T 1@~ @178 4 i #dE 5 A RPInputdata. cvs
. RPInputdata. evs SCHF 21T PR 8 1 A
45,118 PR {7 ] GrahpX #) pageRank H K
B, 56 BRI A% L Spark ARSI .

B RAG 6. BRI EEEIH.

(D object CavalierPR {

@
&)

@

® )

r

Total 721 Rows

Input data transformation for PR computing.

def mainCargs: Array[ String]) :Unit = {

val conf=new SparkConf().
setAppName("CavalierPR").
setMaster("local[4]")

val sc=new SparkContext(conf)

val pass_file;RDD[ String ]=
sc. textFile("/PRdata |
RPInputdata. cvs”)

val player file:RDD[ String|=

sc. textFile("PRdata/Cavalier_

players. cvs”)

vertices: RDD[ (VertexId ,String) ]

= player file.map {

line=">val fields=line.split("")

(fields(0). toLong, fields(1))}

edges: RDD[ Edge[ Long | ]=

pass_file. map{line=">

val fields=line. split("")

Edge( fields(0). toLong, fields(1).

toLong) }

—_—

va

—_—

va

val graph=Graph(vertices,edges)
val cavalier PR _value= graph.
pageRank(0.01,0.15). vertices
cavalier PR _wvalue. join(vertices).
saveAsTextFile("|PRdata/cavalier_

PR_value. cvs”)

B GV E R Spark LR 1T Q) ~ @ 52 1K
Spark ¥ 55 B ) 4 Ak 47 © BOA B SO R R
RPInputdata. cvs CFEGE (B B8 s F7 @ 2% A
o B BR 5% Kl RO T /9 B i) s 47 @ 2% i
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player_file fY A} b A4 32 Hy B A9 TO0 R, H 2 B )
RDD[ (VertexId,String) |; 17 ® £ % & pass_file [
Benb b oA 3 B R 3L, H 2R AL O RDD [ Edge
[Long ] 47 @i i T i 55 3 44 325 i 181 5 47 QO 38 2ok 14
JH GraphX B B4 pageRank 11358k 5 i) 2 &, H
Fr 0. 01 FoRITHEKEE,0. 15 4 resetProb 2 8; &
J5 4T @ ¥ 1 B 45 R 77 % 3] /PRdata/cavalier _ PR _
value. cvs X . £ 2% PlayerRank 09315 45 540
# 8 PR

Table 8 The Cavaliers Player’s PlayerRank Computing Result
*8 HWINKREEZEETHHLAR

PLAYERID PLAYERNAME PLAYERRANK
203099 Cunningham_Jared 0.4224565607897039
202697 Shumpert_Iman 0.7364259672296204

2210 Jefferson_Richard 0.7784616241827468

2592 Jones_James 0.5112005308670231
201619 Kaun_Sasha 0.2204240081435887
202618 Irving_Kyrie 1.7713079353999628

2747 Smith_J. R. 1.2849631892334719
201567 Love_Kevin 1.7702827741966163
202684 Thompson_Tristan 0.8603951189450415
203925 Harris_Joe 0.1646007801811211
202389 Mozgov_Timofey 0.6979348543020524
203521 Dellavedova_Matthew 1.992442548658214

101112

Frye_Channing

0.49740698986676474

2760 Varejao_Anderson 0.36266719917791773
2563 Jones_Dahntay 0.20389846121127372
2590 Williams_Mo 0.9011093825227108
2544 James_LeBron 2.5503073589131113
203895 McRae_Jordan 0.33383878452187665

MNBE A BA Bk By O A R IR A
PlayerRank fH# 1 1 B)—3A 5 8K 5, MX 5 £
IR B3 LR B A B R Bk O o, LeBron
James B PlayerRank {Hi53 TR ANBY 2. 55 M &
KR )G T Matthew Dellavedova H PlayerRank
H AR T 1. 99; 1 Kyrie Irving 5 Kevin Love A
PlayerRank {8 #F 78 1. 77 £ A&. B Kk Tristan
Thompson 1 28 14T 56 & 3K G, B J& By T (9 2
EON T AR RSB D R B PlayerRank
BAK. PlayerRank {HER T REHE PPl — 3K 51 78 1% Bk
Do 2 v i) 1 AR BT b O3 A — A AR A AT LA
5 Y — S BRBABR B3 22 8] 0 3R AL 23 B AR L.

3.4 ForceNetwork ] #1 4t & 5k W £&
NetworkD3 J& RiGH FW— M2 T HA,f#
FH R W 20 % 3% NetworkD3 3, 4R J5 i i library
(networkD3) 5 A F FE 7 . R i 5 2 il % + A%
Bk o 2 A O AR BN R
BB 7. RE S 2l 1% 5k W 4.
@ library(networkD3)
@ passes<—read. csv("RPInputdata. cvs”)
® groups<<—read. csv("groupsR. csv")
@ size<<—read. csv("cavalier PR_value. cvs”)
© passes $ source< —as. numeric(as. factor
(passes $ PASSERID)) —1
©® passes $ target<_—as. numeric(as. factor
(passes $ PASSTOID)) —1
@ passes $ PASSNUM<C— passes
$ PASSNUM/50
groups $ nodeid<<— groups $ PlayerName
@ groups $ name<—as. numericCas. factor
(groups $ PlayerName)) —1
O groups$ group<<—as. numeric(as. factor
(groups $ label)) —1
@ nodes<—merge(groups,sizel —17,
by="id")
@ nodes $ PlayerRank<—nodes
$ PlayerRank2 % 100
@ forceNetwork(Links= passes,
Nodes=nodes ,
Source="source”
fontFamily="Arial”,
colourScale=]S("d3. scale.
categoryl00”),
Target="target”,
Value="PASSNUM",
NodeID="nodeid" .
Nodesize="PlayerRank”,
linkDistance=350,
Group="group”,
opacity=0.8,
fontSize=16,
zoom=TRUE,
opacityNoHover=TRUE)
fRI54T O networkD3 415 A 347 @ ~ Q@ H #7
f# 7 RPInputdata. cvs H7 B3 203 . groupsR. csv 7
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B T00 5 28 B0 3% M cavalier PR value. cvs X4 /7
MER 1 PlayerRank {H U4 3 5 5 A B AL &t passes,
groups, size s g AT O~0 >{57‘|— passes, groups,
size 78 1 ROy B BCHE 4 0] BT ok Horh A &
source {1 PASSERID(RIf£ 8k A\ ID) 48 & target
it PASSTOID(R 8RN ID) 48 # PASSNUM
T4 A5 BRUCE S B nodeid F T A7 R 5K 51 10 1 4
ARtk PlayerRank T A7 4 BR B3 B PR {5 47 @ I
H forceNerwork PREUZHIEERN 4 K IR E T F
WA R fontFamily TR KN fontSize 1)K
J¥ linkDistance %52 %0, fe 26 22 1 19 B - B # #L 3¢
FEER P25 TN 5 s

Fig. 5 Cavaliers regular season passing network diagram.

P05 T o BA R LR A% Bk 00 45 [

5 -1 BA A% BRI 45 1] v 0050 B Sy 17 i 0 8K
oA 216, & 5 O [RGB ER DB AN [, 3F HoBK
B PlayerRank {A# K, TSR AF R 2 A BRIAZ
() A A5 RSB 22 o 3 B At AT 22 R) Ay i B, 3 3 1 5
AMER I BRI PlayerRank i . IF B AlAT]
Z L BRE 2 . 8 368 ] LUK B LeBron James
Y Kevin Love B4 0 [7] . fi7 & #8 4y 15 # (forward) ;
M AE Kyrie Irving 5 Matthew Dellavedova &8l 5
B(guard) ; WSHORE PR BE I ] 1 1% BRI 46 15 L3
AT, 5t & H T LeBron James 5 Kevin
Love & Kyrie Irving 5 Matthew Dellavedova {7 &
M E S, [/ — L ¥ PlayerRank {H¥EH) 2 3Kk 51
ARMELE LU FE B & 15 1 .

TE 20152016 FE =A% 7 NBA & HLFE 5 &L
AERRST (73 9 1)  NBA JF R f K 3% i 40 5% (24
M) DL S NBA 3237 5 4 3% ik 28 5% (54 3% i) 1Y 42
M55 B LR LR AL BRI 2% K 5] 6 BT

Fig. 6 Warriors regular season passing network diagram.

6 B o BA R LR A% Bk ) 2% 15

4 RIKMENRAGERTH

i3 GraphX A4 2 £% 5K B 2% . G2 6% K| ] GraphX
FEAE APT 43 A7 4% BRI 26 Hp T A5 B 1006 I 4 L i I
W JE AR B 4R R TR IS I A BRI P9 8
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Table 9 NBA Three Season’s Overall Statistical Results for Passing Data
K9 NBAZANEFERBBFELMEFITER

Total Game

Assists Conversion

Season Matches Played Time/min Total Passes Passes Per Game Total Assists Ratio Assist Ratio/ %
2013—2014 1226 593280 735553 299.98 53950 13.634 7.335
2014—2015 1227 593760 739541 301. 36 54069 13.678 7.311
2015—2016 1228 593840 747761 304. 46 54728 13.663 7.319

Table 10 Per Game Passing Data Summary for All Team in Season 2015—2016
R 10 20152016 FE R KA IFHEKBFELCE

ROW Team Average Pass Average Assists Pass /\i%sisls Pass /}fsists Winrate/ %
Per Game Per Game Ratio Probability/ %
1 Hawks 324.5 25.6 12. 676 7.889 58.537
2 Celtics 318.4 24 13. 267 7.538 58. 025
3 Nets 292 22.3 13.094 7.637 25.610
4 Hornets 307.5 21.7 14. 171 7.057 58.537
5 Bulls 310.5 22.8 13.618 7.343 51. 220
6 Cavaliers 300. 2 22.7 13.225 7.562 69.512
7 Mavericks 332.2 22.1 15.032 6.653 51. 220
8 Nuggets 290. 8 22.7 12. 811 7.806 40. 244
9 Pistons 275.5 19.4 14. 201 7.042 53.659
10 Warriors 323.1 28.9 11.180 8.945 89. 024
11 Rockets 288 22.2 12.973 7.708 50. 000
12 Pacers 305.6 21.2 14. 415 6.937 54. 878
13 Clippers 289. 2 22.8 12. 684 7.884 64. 634
14 Lakers 281.7 18 15. 650 6.390 20,732
15 Grizzlies 306.9 20.7 14. 826 6. 745 51. 220
16 Heat 302.3 20.8 14. 534 6. 881 58.537
17 Bucks 291.4 23.1 12.615 7.927 40. 244
18 Timberwolves 283.8 23.4 12.128 8. 245 35. 366
19 Pelicans 293.2 22.2 13. 207 7.572 36. 585
20 Knicks 344.1 20.5 16. 785 5.958 39. 024
21 Thunder 264 23 11.478 8.712 67.073
22 Magic 307.8 23.5 13.098 7.635 43. 210
23 76ers 332.4 21.5 15. 460 6.468 12.195
24 Suns 312 20.7 15.072 6.635 28. 049
25 Blazers 284.7 21.3 13. 366 7.482 53.659
26 Kings 281.9 24.5 11. 506 8.691 40. 741
27 Spurs 331.7 24.5 13.539 7.386 81.707
28 Raptors 305.4 18.7 16. 332 6.123 67.901
29 Jazz 354.8 19 18.674 5.355 48. 780

30 Wizards 298.2 24.

12.171 8.216 50. 000
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Fig. 7 The relationship between the passing data and

winning rate.
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Fig. 8 Analysis of the impact of passing data on the outcome
of the game (Win or Loss) in 2015—2016 session.
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Table 11 Passing Data Summary for Cavalier in Regular Season 2015—2016
F 11 BHHBA 20152016 E A EEHREIEILE

Number Player FREQUENCY/ % PASSNUM AST AST Probability/ % FGP/%  FGP2/% FGP3/%
7 Cunningham 1.4 356 19 5.34 35.7 42.2 24
8 Dellavedova 13.3 3272 335 10. 24 47. 4 53.2 36.9
9 Frye 2.7 653 25 3.83 43.5 52.4 25.5
2 Irving 11 2699 248 9.19 47. 4 55.2 36.6
23 James 15.5 3813 513 13.45 45.1 49.7 39.8
24 Jefferson 4.5 1095 59 5.39 41.8 45.3 34.6
30 Jones 2.3 568 14 2.46 41.2 51.7 20.5
0 Love 13.9 3425 185 5. 40 50. 1 54.2 40.9
12 McRae 0.5 133 15 11. 28 44.7 48.3 38.9
20 Mozgov 5.5 1352 33 2. 44 46.6 54.7 30.4
4 Shumpert 4.5 1116 92 8.24 44.6 47.7 40. 5
5 Smith 7.4 1820 131 7.20 45.2 50.5 35.7
13 Thompson 9.5 2330 63 2.70 41.9 47. 6 32.2
17 Varejao 2 487 20 4.11 36.5 39.4 30.3
52 Williams 5.3 1304 97 7.44 43.3 49. 3 29.2

9 Xf B A~ 20152016 F€ 2 G+ BAAZ 0 BR B
R ER R BK T 100) B Bk B ii k47 T
X EL HEHET 9 Ca) () SG TE BR 51 (9 4% 2R 15 4% Bk e
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Table 12 Passing Data Summary for Cavalier in Regular Season 2015—2016

F 12 LB 20152016 EMBFRBIBILE

Number Player FREQUENCY/%  Received NUM  AST AST Probability/ % FGP/%  FGP2/% FGP3/%
7 Cunningham 1.7 414 26 6.28 36.5 39.6 31.3
8 Dellavedova 14.4 3538 114 3.22 40. 9 40. 2 41.6
9 Frye 2.1 519 64 12.33 42.6 56.1 37.7
2 Irving 13.5 3319 114 3.43 44.5 49.8 32.4

23 James 19.3 4752 297 6.25 50.5 56 30.5
24 Jefferson 4.2 1041 118 11. 34 46 56.5 38
30 Jones 2 498 50 10. 04 39.7 45.9 37.4
0 Love 12 2952 308 10. 43 41.9 47 36. 4
12 McRae 0.7 179 5 2.79 39.6 34.2 60
20 Mozgov 3.8 930 174 18. 71 57.7 58.7 14.3
4 Shumpert 4.3 1047 78 7.45 36.9 43.2 30.7
5 Smith 8.8 2154 250 11.61 41.3 43 40. 3
13 Thompson 5.3 1291 171 13. 25 61.6 61.6 0
17 Varejao 1.4 340 24 7.06 43.8 44.4 0
52 Williams 6 1479 53 3.58 44.2 48.6 36.4
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Fig. 9 Comparison of players passing and receiving data in 2015—2016 regular season of Cavaliers.
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Fig. 10 The 3 points tactical lore based on passing data
analysis.

10 JETFALEREUE ) 3 02 R R

4.3 fEERM 4 F B N A

GraphX A Structural Operators FZ 4 reverse,
subgraph ,mask, groupEdges U Fh bk £, B Xt F
1L BRI 25 53 M AT T B B4R 02 subgraph. subgraph
A AR A% 3R 0 2% 10 BE Al b Al BRCHD 4 S A5 1 0 T IR
Ay 3@ o R ARl Stephen Curry B3¢
18] (9 15 BRSO -

b RS 8. [ 25 5 (&I 4l AR A

val subgraph_Curry= graph. subgraph(epred=

e=">e. srcld==201939)

W11 BrR 22 B il e gl 2R NI 11
rhon] DAAR WM A R A B AL R O3 A O A T R
() Al b n) LUEE R 7 &1 B2 i 1) s M L 42 4 R A Bk B
R A% SR ESCHE YR e g A 7 PR e P T B
B BB T 1 /Y BR 5L, 815 2 /Y B Br DL
Stephen Curry HFEMI 5K . 1] LL45 2] Stephen Curry
FEEREAE N3 13 iR



2748

ENFR S &R 2016, 53(12)

@ McAdoo, James Michael

@ Clark, lan
# Looney, Kevon

@ Barnes, Harrison

a Barbosa, Leandro

& Varejao, Anderson

Livingston, Shaun

@ Bogut, Andrew

@) Ezeli, Festus
Thompson, Klay

" Rush, Brandon

&) Speights, Marreese

t ' Iguodala, Andre

Curry, Stephen

Green, Draymond

Fig. 11 Subgraph extraction results for Stephen Curry.
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Table 13 Per Game Passing Data Summary for Stephen Curry
® 13 KEEERHHERYIE

Player FREQUENCY/ % PASSNUM AST AST Probability/ % FGP/%
Green 34.8 19.7 1.5 7.61 46. 8
Thompson 19.1 10.8 2.1 19. 44 47
Bogut 11.8 6.7 0.7 10. 45 59.4
Barnes 9.5 5.4 0.7 12.96 45.2
Iguodala 7.4 4.2 0.3 7.14 50
Livingston 3.6 2 0.2 10. 00 82.1
Rush 3.3 1.9 0.2 10. 53 43.9
Ezeli 3.1 1.8 0.3 16.67 47.8
Barbosa 2.6 1.5 0.1 6.67 38.9
Speights 1.9 1.1 0.2 18.18 44. 4
Table 14 Per Game Received the Pass Data Summary for Stephen Curry
* 14 HREEBEMNIZHHEREE
Player FREQUENCY/% PASSNUM AST AST Probability/ % FGP/ %
Green 41.6 28.8 2 6.94 49.5
Bogut 16.7 11.5 0.8 6.96 58.1
Barnes 9.1 6.3 0.4 6.35 44.9
Iguodala 7.4 5.2 0.6 11.54 56.6
Thompson 6.2 4.3 0.3 6.98 50
Ezeli 4.6 3.2 0.1 3.13 46. 8
Livingston 4.1 2.8 0.2 7.14 49.3
Rush 3.7 2.5 0.1 4.00 50
Speights 1.8 1.3 0.1 7.69 45.5
Barbosa 1.8 1.2 0.1 8. 33 46.9
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Fig. 12 The pass assist transformation efficient for
Stephen Curry.
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Table 15 Stephen Curry’s Pass Frequency
F15 EEEGHEMESR

Probabilit
Variable Y Description
Value
The probability of Curry passing the ball to
Fp -P, 34.8 . P . .y P £
Green in passing network
3 19 1 The probability of Curry passing the ball to
PP, .
: Thompson in passing network
3 1.8 The probability of Curry passing the ball to
PP .
3 Bogut in passing network
. The probability of Curry passing the ball to
Fp.p, 7.4

Iguodala in passing network
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Table 16 Stephen Curry’s Pass Frequency in the Game
F16 FEEEHFERPERBES

Probability

Variable Value Description
Pror, 476 The prébabilily of Curry passing the ball to
Green in the game

Prp.p, 26. 1 The probab‘ilily of Curry passing the ball to
N Thompson in the game

Pron, 16. 2 The pr?bal)ilily of Curry passing the ball to
’ Bogut in the game

Pro-p, 0.1 The probability of Curry passing the ball to

Iguodala in the game
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