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A Network Maximum Flow Based Approach for
Author Name Disambiguation

QUAN Jingi, FULuoyi, GAN Xiaoying, WANG Xinbing
(School of Electronic, Information and Electrical Engineering, Shanghai Jiao Tong University,
Shanghai 200240, China)

Abstract: In order to reduce the influence of sharing features (organizations., conferences, etc.) among
different author entities on author name disambiguation, an algorithm based on network maximum flow is
proposed in this paper. The algorithm puts the paper entities and features into a network graph, and sets
the capacity of feature nodes based on the sharing degree. And then, it calculates maximum flow between
each paper nodes and does clustering based on maximum flow. The experiment results show that the

proposed algorithm has a more balanced performance on accuracy and recall, and has better overall

performance.
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IX 43 5] B0 T T W58, Yin 25004 T A 44 IX 0 HE
8 DISTINCT i HE B2 45 & Jaccard Z % M B ML YiF
FE SR SAEA WAR L R 245 1) BEHL(SVMD I
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Fig. 1 The relationship between authors and papers
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Fig.2 Academic heterogeneous relationship network
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Fig. 3 Diagram of changing vertex capacity to edge capacity
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(1) Initial Visited=—{}

(2) r<—rand(P) // BEAL B — 8 30 My 2

BRI s -

(3) for each i€ P—{r} do

(4)  Treeli]<r// FHABIRCW R 5 r i

(5) for each i€ P—{r}) do /3T i PRI &

(6) j<Treel] //j HAERARIMH 5B 30T & L
FAAR B 5 JF R 5 10 H A A

(7) cut, partition<MinimumCut(i, j) /T8 i
/NE] cut M E|£E partition

(8) Flows[i, j]<cut, Flows[j, i]<—cut /it
WICH S ) Z I8 R R
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T 5w R AR F—FI R B BT R A

(10)  if k€ P and k€ Visited and Treel k= //
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(12) for each m& Visited-{;j} do

(13)  if cut << Flows[ i, m]

(14) Flows[ i, m]<—cut, Flows[m, i ]<cut

(15) Visited<VisitedU: /&3¢ &5 i b5 0 B i ]

(16) return Flows
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(1) Initial Visited<—{}, cap<1

(2) Z<neighbors(x) /3BT E i AR EE S

(3) for each € Z do

(4) if =€ Visited

(5)  s<=1, Visited<VisitedU =

(6)  for each y&V-Visited do

(7 if Flows[z, y]>1

(8 s<s+1

(9)  cap<—cap/[2+1b(1+4s)]

(10) return cap
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Tab.1 The statistics of dataset
TE& 4 W R FARE A
Wen Gao 517 10
Sanjay Jain 342 5
Lei Wang 320 110
David E. Goldberg 255 2
Yu Zhang 245 71
Jing Zhang 230 84
Jim Gray 222 5
Lei Chen 206 40
Yang Wang 200 54
Bin Li 185 60

3.2 ZEWigE
SL UG R A PairwisePrecision, PairwiseRecall #
PairwiseF1 YE N TEM T8 45 .
PairwisePrecision=TP/(TP+FP) (2)
PairwiseRecall=TP/(TP+FN) (3)
PairwiseF1=

2 X PairwisePrecision X PairwiseRecall
PairwisePrecision—+ PairwiseRecall

A TP Rom B8 T A — 38 H #0453 7] —
X EL FP 2R BN & T 6] — 28 (H 1 4 i 3
[F]— 2 B X %0 FN Ko B 52 @ T ] — 28 {3 9500 43
Fic 2] A [6] 25 1) X %, PairwisePrecision #% /& % 5%
Z A — DR PRy CE AR TR — A8, Pair-
wiseRecall i & WACER B2 [6] — N5 1Y SC 5 5 2 [A]
—A~Z5h, PairwiseF1 & PairwisePrecision il Pair-
wiseRecall & F1 5 35 %, PairwiseF1 #5536 25

4)
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(1) B [0 2% 25 i [a] 4 1 4% i ] Node2Vec
ST YN SR AR B0 AR T Ak R R L 4 SR
Single-Link il Average-Link W ff 5 Y )2 Ik B 2%
PEAT R 2R,

(2) K HSCRRL8 I 22 T By I A5 52 BA. # T SCiik
[8] R T AR M RRAE . 2 T AP W AR 3
EAT T PILE X He 92 5, Horh — 4 R0 & 4 & AR AE
1M1 53 5b— A WA ] & A & AL FE SR 36 T e 1Y
XU/ W) 3 ARRAE.

Vi % 07 56 2 I HEAT X He. 3% M hE 4 ] 44 X 43 2 4R
e SCHR 2 ] H i 5k SEEL Y.
3.3 ZWHER

BT SR A A 2 3 . & 2 AR
A EEFFIER LR EE 0. 8 3 WEH T AES .
BUFS A8 SC K 36 B 76 19 25 130/ 1A 1) 3 Fi AR 4IE 1) 52 56
ZE B Hoir . “Node2Vec-SL”fil“Node2Vec-AL” %
K Node2Vee 57k, “-SL” 3R IR R H B34 H2 )2 1K
WAL ALY RIR R OV B 2 R JE “MEND” &
IR TR Y SE R S s “MEND-R” %R 345 4 4
BIGH A o MAEHER s N B B F O R i R

x2 FERAEGEERINRERSER
Tab.2 Result of name disambiguation using co-author feature
Node2Vec-SL Node2Vec-AL A4 MFND-R MFND
i k4
I € F, o 3 F, I 3 F, o 3 F, o 3 F
Wen Gao 92.0 96.8 94.4 93.0 93.0 93.0 98.6 28.2 43.8 100.0 89.0 94.2 100.0 89.0 94.2
Sanjay Jain 82.6 98.0 89.6 86.4 90.9 88.6 96.9 70.5 81.6 100.0 68.9 81.6 100.0 68.9 81.6
Lei Wang 35.5 73.6 47.8 65.9 60.0 62.8 84.0 70.3 76.5 90.2 70.3 79.0 90.2 70.3 79.0
David E. Goldberg 99.2 99.2 99.2 100.0 90.2 94.8 99.4 55.5 71.2 100.0 60.8 75.6 100.0 60.8 75.6
Yu Zhang 6.4 76.7 11.9 6.6 74.1 12.1 82.4 45.3 58.4 100.0 45.2 62.2 100.0 45.2 62.2
Jing Zhang 15.0 67.1 24.5 41.8 53.4 46.9 85.5 46.8 60.5 98.4 47.6 64.1 98.4 47.6  64.1
Jim Gray 95.5 94.6 95.0 97.6 60.3 74.6 95.6 32.2 48.2 100.0 42.2 59.3 100.0 42.2  59.3
Lei Chen 48.5 86.1 62.1 49.1 86.1 62.5 97.6 41.6 58.3 99.9 44.4 61.4 99.9 44.4 61.4
Yang Wang 9.5 73.2 16.8 9.7 73.2 17.1 70.4 27.3 39.3 96.1 27.3 42.5 96.1 27.3 42.5
Bin Li 45.1 70.8 55.1 81.5 69.7 75.1 95.4 66.3 78.2 99.5 74.0 84.8 99.5 74.0 84.8
AVG 52.9 83.6 59.7 63.1 75.1 62.7 90.6 48.4 61.6 98.4 56.9 70.5 98.4 56.9 70.5

R3 FERGEENME.EXRRAENSW/BHIARENRNERSER

Tab.3 Result of name disambiguation using features of co-author & organization & venue of publication

Author Node2Vee-SL Node2Vee-AL A2 Ad MFND-R MFND
Name - 3 Fy - € F I e I - 5 Fy 4 5 Fy o e Fy
Wen Gao 94.2 98.0 96.1 90.5 18.3 30.5 93.9 93.5 93.7 95.0 39.8 56.1 97.6 98.0 97.8 98.8 98.0 98.4
Sanjay Jain  83.6 99.3 90.8 83.6 99.3 90.8 100.0 27.1 42.6 84.1 99.3 91.1 100.0 99.3 99.6 100.0 99.3 99.6
Lei Wang 61.2 53.0 56.8 80.0 41.2 54.4 60.5 28.2 38.5 82.0 42.5 56.0 35.4 57.4 43.8 59.6 81.4 68.8
David E. 98.4 98.4 98.4 99.2 97.7 98.4 98.0 96.0 97.0 99.2 97.7 98.4 100.0 95.3 97.6 100.0 95.3 97.6

Goldberg
YuZhang  62.7 53.2 57.5 821 51.4 63.3 62,9 30.5 41.1 8.5 48.7 60.9 46.7 64.0 54.0 57.0 62.2 59.5
Jing Zhang  32.8 36.5 34.6 79.4 41.4 54.4 73.7 346 47.1 78.0 39.0 52.0 47.5 59.0 52.6 72.0 57.2 63.7
Jim Gray 97.3 98.2 97.7 99.0 91.1 94.9 98.2 55.9 71.3 98.1 92.0 94.9 100.0 84.9 91.9 100.0 84.9 91.9
Lei Chen 88.2 63.1 73.6 91.4 22.2 35.8 100.0 26.4 41.8 91.0 21.8 35.1 89.8 84.8 87.2 88.9 72.5 79.9
Yang Wang 35.6 54.6 43.1 72.1 50.0 59.0 61.0 34.0 43.7 58.4 41.0 48.2 29.1 40.7 33.9 29.5 35.4 32.1
Bin Li 83.2 58.4 68.6 87.0 49.9 63.4 72.6 62.4 67.1 87.6 45.9 60.2 60.3 84.3 70.3 77.8 83.5 80.5
AVG 73.7 71.3 71.7 86.4 56.2 64.5 82.1 48.9 58.4 85.5 56.8 65.3 70.6 76.8 72.9 78.4 77.0 77.2
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4 ZiE
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AR Y — il T 4% B RO B A 44 X
(MFND) 5k 258 9 038 S0 Je HRRAE (5 1R 2 AL
a5 ) Bl I — I 0 2% PR o MR I AR I 9 0 B i I e AR
JEE B RE AN TR B A P B8 SO R T B R KA B
I T BRI HEAT K. SRS R AR S HA R
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AE IR 2R PR T A
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