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Hierarchical graph representation learning based on graphical mutual
information pooling

WU Xinyao'?, XU Ji'"
(1. State Key Laboratory of Public Big Data, Guizhou University, Guiyang 550025, Guizhou, China; 2. School of Computer Science
and Technology, Guizhou University, Guiyang 550025, Guizhou, China)

Abstract: A graph pooling operator called graphical mutual information pooling ( GMIPool ). GMIPool is proposed utilizes mutual
information neural estimation to measure the mutual information between nodes and their corresponding subgraphs, including both
feature mutual information and structural mutual information. It leverages this information to identify and retain key nodes in the graph,
constructing a more compact coarsened graph. To ensure structural consistency between the original and coarsened graphs, the method
adjusts the coarsened graph’s structure using the neighborhood correlations between nodes. Experiments on several node classification
task datasets validate the effectiveness of GMIPool.

Key words: graph neural networks; graph pooling; multi-granularity; graphical mutual information; mutual information neural

estimation
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EIEE  Z2 0 FE 3R 2 Jext T MR 2 ROBERHIE A= 2 1 A SRHE, FT LA SRR 73 )2 30K . DUy
KAE55 MBI 1Z 455 B AER T SRR AN S 3 M S AN B bR, TRHGE 7 2 — DO RoR . SR
1M, BT T GNNs 1 H B2 2 £ 53 0 A 3R, PRI DAY 23l i — > B HE AN A8 P T 1 R SR
G RSB BIARAECRE, (HAE, BRI TE R RETCHE X 3 B AN 6] - 2548 B N FE S8 PR LA TS s e R -
SRR A 0, B BN B Z R R AR B E ARE B TS 2 A

Rt G T — S ST AR IR sh 1 A i B T s R AR, T RISk —
ZH AR E T IR AR B AT e T3 0 25 3 DR AR 1 s ) B P MM B3 AN 0 2 1 1 S5O RIORE I 1 30, 7
FNFEERFE TR, SR, 19 sUR I E TR SN RIS I ] 52 Zf B 5y, HORLAR IS 799 5 5 B A 4 A
ARG = EHEOCHR AR TR FRDRZ AR B2, 1 RS R R U T AT RETC I DR B IR 2 1Y 454 R 25
FIFFME B e 8 M, I ELIE R JCHE 78535 S8 R R 5 L

EIXT AR PRAR , A SCHRE R B {5 B AL ( graphical mutual information pooling, GMIPool) , GMIPool | FH 7
RT3t ¥ Ay EL R A S 4 P ARG infornax '® VU] DR AIE 045 P 79 7 T R0 4 A VR A 3 AR S P L 2 T f e
‘H{% 2. (graphical mutual information, GMI) , ¥ EH U If-Of BRI 4L Rl 5 KRR BE FRAF S 74 T (H D T vh ) Sy
BRFLEH ) B SERET 5, A 5 8 =F & B HLIEl . GMIPool AN EHEEEE ST A RPRLZ 77 55 Z (B X R e R
AR F LB b 25 Bl LT 34 K, GMIPool 784075 18 T E A R ERA5 B, A RkE e R Z 00 Jey B 445 #4)
MR EK, Ak, GMIPool I I i SRBOCHK MR PSS A A T 1, ORRF TS [RDRLEE )2 ] T 1 4 b
R —FE . TEZAD AT R AR B E R SRR g, SRR W], GMIPool 1 342 Tt T /0 2 VERE, Sk T HA
R/ MR B ORFRAi ) —EUE Y AR

1 MxIT1E

11 EBEREES5EEEREMIT

‘H{% B (mutual information, MI) i & /™ FEAIL AR i 352 095 B, AN [R] 3838 0 AR DL B2 5 1, B e
PR EIAR [ AR LM ST AR DG, PR IR — i o Sy 4 T A9 5 £ PR B AL AR S AR 1 R e i i, RS E
FE AV RAFARAE DA SE BRI FH R R T S e i e A e, B A B AS THIE G 2 B R B RIME, 3X
SO PRI FE B B S BN AN HER , DL BT SR R R 0 A0 RS B PE B R R, R i piei sk
[0 W5 AT HAZ B &A1 (mutual information neural estimation, MINE) ,iZJ7 il i3 I 4:— A5 it
WL AR s TR PR ALAS 1 AR B S BOR S THELAR B % T Fhi i X o NS R AR I IE AR A
(K H FEHLAS S IS ER A A ) FAREAS (R A ASBENLAE SR e fR) A% . AW =i T A
{8, AR AL BEH LR fE 2 M AR S, SRS B HGAME , 7ERIFRR 2% 2] i, 2 T infomax #i
W, A5 B2 N TSR R AE 24 2, Hjelm 257 i f5 KA TR A 22 0 24 20 i s s A A 1 J2 22 T
A BB R MR (5 B KAk (deep infomax, DIM) . Fedus %58 S KA B AR5 A R AR s 2 1]
MEAR S, UK DIM A& 5 | A S &85, 32 H R B {5 J8 B Kk (deep graph infomax, DGI) , Peng %"
T SRR NAS A AN 7 T B AR S, B2 1 K05 . ( graphical mutual information, GMI) & % A & il
TR A Z IR . Pang 510 42 HKLIEN (5 B KAkt Ak ( coarsened graph infomax pooling, CGIPool ) #x
KA HALTT 5 B 2w Z [ 0 B A5 B T 525
12 Eif

Bt AL > 20 B B FRR B —FI A 20T, 2 B2 G i TABUE R IR AR, A28 4
TAJERbAE )T, BAn, Vinyals 2 38 i KAECIZ 4% (long short-term memory , LSTMs ) B-45 s 45 B LA
BRI 2R, (R 2 B AR RERRUE Hr A2 A5 B, bRk —[m) i, Zhang 451 4 H— o] Sl 9
AR5 P2 B S B R B AT Y HE Y ORI AT & A RORF R B, S2RIETITIEMIE &, Ying
L) PR 2 AT i Ak ( differentiable pooling, DiffPool ) UMLK EL T+, 1% 7 Wl FH A 28 I 4 Sl 2 2] — AN 4y
B AR A T s W R EFEAE A T P2 A HUR B A P, Yuan 250 58 it 8 2 B8 15 B 4544 G 22 % DiffPool
PTHRE . Ma 250 LTS RISK I B RF R bk, SR, T s ORI R X s ik A A
WM E 24 . M2 T, 59— 2R E SR B AP AN E BT 2 0 SR A Tt A 9 5 IR RCR T . Gao 451
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$EH 24 M Kk ( graph pooling, gPool) FIHLIL T, gPool F FH 4 sy AT I 254852 [m] b 15 s R AR LA b i
AR kR, Lee %17 LT S0 A E R A HLH], 48 B 1R 7 Ak ( self-attention graph pooling,
SAGPool) , Gao %™ JET {5 B RS MEMIHE I —FhIE SR B9 MEH 7 R, Zhang %1 ST AIRAHL
il Z A0 ) AL ( multi-view graph pooling, MVPool ) A% A M B— R 3855 55 A9 75725 (U SAGPool
Al gPool ) , Hyt b P o it Chen 25720 42 H Y 5 (5 B KLt AL (vertex infomax pooling, VIPool) , 1%
T B KA s B AR B A B e B AR R AR 4y s i A Tt

LR, gPool ] TRt AT KRR I o O B 2 R m T e R BURTME B %
4% B TAREARSS B4R Y 5 7 0 B K, SAGPool PR 5 A AR B Fh e LSl @ 4R e, S BB A 220 W
P H ) — B E LR B, VIPool e ALY a5 R AR A R fiE 2 1 19 BLA5 8, 208 T R NS BLAR S
GMIPool 5 bR 75 Bk[R] & T 19 sl Rt A 77 i (E2 IR B8 1o 1 B S8 BT g Bk, GMIPool DAKE— 5
SRR O R HAR S P RIS T SR SCHE IR 22 (1% GMIL, B 4 P (R 25 4 v %) Sy A 4 Jm 5 8. AL LG
iR T7EL , GMIPool i (1) B {7 8 B Jin 4 18, AT LA BE S b e 3R [ rh i S BE(E L, S AT S5 SR AT ML
LIPS

2 ETHIEAmW
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SR BT AR B AT 1R, X)) ANV SEBR Y, A BAR SR 2 Al v i S 0 #4232 [
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PR AR AT A4 A AE TR 1R, XD) . w, ORI (EE LA, GMIPool Ul w, 8 SRERR K
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1S LIkl ) I TR IO XD MR T 0578 1Ok X! ) i—s B [ o fb., GMIPool B33
n
AR SIS B RIS 0 A X 2 (5 ., ¥4 GMIPool 4 IS8 JE W i 151 .43
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B, 5 RTEROR by TSR PT DAL & K SR AR S, 1 — 20 Ak 5 15 380 A REL T U B S AT R b P B i T ()
B MK I(h),X]) ,GMIPool {#i [ Jensen-Shannon [ H {5 BAGTT#E, B
I(hy;x] ;)= ~log(1+exp(=D,(h;,x},)) ) ~Ep[log(1+exp(D,(h;,x7,))) ], (3)
X Dy SZRBHCK 0 MGG T by 1 x)  Z I EAE PR AFEAZS 0] %) J& N P oRBER R
A, FE GMIPool HA] LU A i A bR i ST 28 Al 3t 1Chysx) ) R ORFREBOR B 87 % , GMIPool i
—AME RN Z M GE T R4 B
Dy(hjsx] ) =0 (h] Ox),), (4)
Ko BFIERELL O 2 D, MSEL
XA EAF ., GMIPool Y s ¥ 7E 2R B AR RLE S48 R 4544, (i FH 28 Ui Al iH A &1 S, FJsET A,
e [E1: R Y SN AR Y S
Szzo'(HtH/T) (5)
1(s”,a)”)=a)’ log s’ +(1-a;" ) log(1-s5;") ,
K. S, BEMG EISEH , o ZREE RECK T S B AR R0, 1] Z ), s Bl a)’ 5 ERE S, 5
JEE A, AR, SERTRAL I(siY,a) ,GMIPool {755 (37 St A RS & JE UG B R4 e B rhr, T 4
WER NS 2 EME R .
L RRHE B B ZEH BAR B AR89 st A by FISCHEE G R EE R
(8, Gl)= X I x] )41 i) (6)
1 1 24 GMIPool Gnfaf 1| FH I BAF B it ALy BRI AR . DAREAS 19 A — B SRS Ay S 43 181 R 48] 7t
KT, GMIPool 38 i PRAse I 25 A RERLA T AL S 5 U B ) SRR AS | AR &R 0C 28 Sy TE SR AR v 949 s A
X Ip ) S HE ] I A R =2 PR 2 A MINE (285188, Al 59 s RS B Z A 1) GMI, GMIPool fig
Kb AT 55 ] BB 2 () A G IR B, DT 4 T b L 11 285 ) v 1 R RN 4 R AR B, T AR
GMIPool R 5.0k W ELHNS B A5 B 1 S BB A0, A B BLAS B K BRI nyy =y, 10 05 (r DAt Ak
) B DA R O SRS B R B R
p=D,(h;;X}), (7)
Q=T (p.n1y) (8)
(), p BT ROCT SR AR, (8) 1 T, 22 Jm k7 s, 02 5T 5AF B e iy ST R 5|
RS . (HAS A , GMIPool A AIHAFIE BAR B 747 s e 2R 1(s)7,a)”) B f% GNNs % th 757
MIASTE R E bt R E R ME B D 2 AT AT,
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Fig.1 Tllustration of GMIPool (In the coarsened graph, gray nodes represent the discarded nodes,
and dashed lines indicate the discarded edges. )
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e FHY S B EE DA AT SIS TE RO R T
X1+1:H1['Q’:J®P(Q)TI, (9)
. ONMIKHIFR T e R B4 1 S [aH H, [ 0, ] N 2 S 3) CHETT SRR, HLIRAS AR B8 s R rh
WP EEMEOCR IR R TR BETE P28 1 4 2 A% DT S s B i A A AL 1 2
BRI 5 BT A R P B AN A BOR AR M B 2% T EL DR 5 i L 2 [ e = 2354 —
b XA TR — AR 25 BAF BAG T AR ORI AT S P25 Ae — S R 2 1 A 2 (R AR BOC &R
EIEREISE Y, BRI E IR
200707
/AN A
KA, FA,, SR R R R B SR . 0 e A, HPAL S5 0 v AR s B A, R A i A X kL
EIRsZ 5 I A SELA LA, [ Q,0] FFTH 2 WIE B R 8, 5 R R B A sl Beof B By
S AR 23 R AR R T 8 B ATERH I X 2 AN sSON R AR ARL , Bl FH OGRE Ty A e (A B S 3
WEHEEER , MOk, Ty s Z A B 2k — 0BG 5 2% GNNs H AT S AL HE . 8 X
B ZEAIEIE , [ 3 W b 8 3 [ G504 LIS 55
23 EXREE
AL FR IO [RDRLZ B I S5 R RRAIE 1T RAE WL AN TR R 2 1 R PR A2 381 S s i L 4t A oy AR AN [ 22 22
151 R R Sl S e S N i =2 A R SN 00 7200 a il O i = ST L P OB ULE &Y (O
SRR IR 3 5K il 5% GMIPool ALK SRR i B Q FETEFIR H, , T8 A {5 B0K XF 17 1Y)

TR B E T, A A, R H SR RBHEE AT SRR, EoRARIE R IR A R SRR P A S
£

P

(Al+l>i,j:(Al[‘Qa‘Q]>i,j+/\ (10)

F., =0, F,[Q]=H, (11)
H), =Eqw(Fp ,Ay) tHy
Arb: 0 e R % REFEIE M IR RIZEL, | IR ST ZEL, E e e KIS PUZ M U i R 5, 24—
JERYY URFIE MR RS0 B P2 R R 5 A DR ARAE
24 K EEYILRREE
AT RN GRS A R R 3 26480 2 A T5 TR N Rk . AR OS2 115 GMI I g S g 1
S TR ZEPUR N T HAT T 24855
TEZRIS, 5 LA —ESE B LU AP ) i R P R IE AR B AZS BAE R Atk

L= S 10.G=~ (-3 105X 4815 ) ). (12)
A n, IR A G, H AR L SEIAT S5 0 PRI PSS SUR AR Ay 2 Sk i, B
Lyg== 2 (y,log($)+(1-y)log(1-3,), (13)
Ay, R TR B BIBRE 5, R BRI  , SH
L :aLpool +Llask ’ ( ]4)

KA SE o H TR AL R o 2 2 By F AL RR BT, 320 1T 52 M B R A 2 o) aod B8 v X T (81 B A B RN
AT S AR T, FERHS YNGR I B BRI o, B DI ZRBEIEE N o FEAIG {8 A5 GMIPool 76 )11 2549
WS BN OCHE AR BVHAL IS i 2 iR SIGER B2, A B TR B Be i As S B 10 BA5 SV PAN L, 2E T A
MRS DGR a5, BEA VIR BRI B iE A B ST 55, A B Tkt S ) 5k B A Ry B e DL, AT
P AL PR M R AR
25 RKHEZSR

&l 2 i i GMIPool thALJZE AT S 3 AT S5 IR A SR AR A0HY AT R S A8 - 2 11 T, g s
2~ FZ F GMIPool Jibfb)ZHEZ Mk, H THEBOR R RS )2 RS B i as i ERAEZ MG R)Z4
B, TR A5 R IR AN [RDRLBE S22 90 i AR B R 21 D s PT o, DT A UM B R AT i A e BT
A LAY B AT T S AT 5 . S AR R4 FLR 45 ! (graph convolutional networks, GCNs)
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YERERZ,
C i A |
Lo L
: | | g | b oo 3 ; oo : | "
: A 4 ¢ : 2 : ¥ :

\\> \\ GNNs §““\\>“\ ‘GMIPool: 48 \\ll : GNNs : W \\ll GMIPool. []] .
o e Dl BT NGRSl e | e
/N I ““ / N ll/ \ll : i : ll/ \ll : -

HAH | !
: : GNNs
2 A L T
[ L] 1] [ B [ T
1] \Il\ [ AN \ : : I N om
N f* : . N 5 *f : AN
“\ >\\{.|| - N\ >\\/ i unPool \\/ r >\@ R unPool \/ ’
n MU . GNNs': Pas P ; GNNs k]

K2 JET GMIPool & F/R 4 JHEAL R IR
Fig.2 Illustration of the Graph Representation Learning Framework based on GMIPool

31 HEE&E

ASCAEZA B LT R B A2 55, 38 1 i i b it B 4 i e T 458 | 3k S 554
RS 3 AW T B9 51 SCEEHERYE 2 < Cora , Citeseer ,Pubmed , 2 /)" 12 i F 1 5 7 & $( 4% 2 : Coauthor-CS #1
Coauthor-Physics, 7E5 | SCEHRAE T, 17 IR 3RS, IR S Z RIS TR A EHEWRE D, W SR
VBB, NFEBEZ RN A E TR, FEEHECE Y S5 BT DL Il e 7 s 0 Js 5 B Ao
B EIZEH  EJE A D 1 s bR vl DM, SO0 R AR e B i A9 b (9 S B R E 6 T | SCE R
AR T SCHR 21 ] AR A B e . X6 28R , B SEREALIL 20 415 SV AR 30 A9 sifE o
UEAR  HAY A4

T WESEBAREN SRR

Table 1 Node classification dataset statistics

Btk AL PR 5| Bla sk sl (IR Bt/ k)
Cora 2708 1433 7 140/500/1 000

Citeseer 3327 3703 6 120/500/1 000

Pubmed 19717 500 3 60/500/1 000
Coauthor-CS 18 333 6 805 15 300/450/17 583
Coauthor-Physics 34493 8415 5 100/150/34 243

32 MHEEZMKEIRE

TEAT RSB U BT, T2 2 S g TP R0 R AR BT & | I S LR AT Sy AR el A
TR e B RIAE R D S o )2 Al 3 N2

LG B AR SEERE N 2 A B ARRAE BB E A% G2 R ik AR B SR AR A 43 1] 22 J2 AL
( multilayer perceptron, MLP) FIZREEYEE (deep walk) , Horft, MLP 577 SR AE 85052 B0 AE ) 2SR EA 7740 A5 40
FAE55, 1M Deep Walk Wi ik FEALIEE SRR BIZ5HE , 57 519 s A

B RIS, IXSALIE TR B BTSRRI A Y s A B T B2 WA, 2 TR
T2, e 3 Fh gL e W PRI UM TR 1 Sy SR AR | 43 ) 2 P L 45 1Y) (graph convolutional
networks, GCNs) [KIVEE 1 /242 (graph attention networks, GAT) FlEIRAE S B A M%) (graph sample and
aggregate, GraphSAGE) ,

ERFRE )RR E B E i A 2 GNNs P (B EA %2r S B B R R, SE5
W PRI U 2% ( graph-U-Nets, g-U-Nets) ZALEH4L " ( multi-view graph pooling, MVPool ) il [ i&i
N 22 I A 22 9 2% 12 ((adaptive multi-grained graph neural networks, AdamGNNs ) 1F A 5= B2 k) X} Ho A AU
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g-U-NetsHl MVPool 7£ 77 55324571 |2k -5 GMIPool AHIFBZAS (B BT L 4 B AR, g-U-Netsfii
FHA s 1) s A TidLAE , MVPool F T B HLHI Bl A RRIE | 4508 55 AN [ 00 £ 9 B 2Pk A 7 i Ak , AdamGNN
FILFH B £ 5238 A A

SEHG I E . GMIPool 3 T+ Pytorch Geometric 528K, {03 ] #£ https: // github. com/XinYaoWul11/GMIPool
HORER, X I8 SCrh 2 2R (B 4, S0 b 5 | RS SR e SO A W iatast 3 o Bt 4, A 51
6 PR A SIS SRS A TR LS . #E GMIPool AYEAKRSZELH {# ) Adam AYEIL#RIE4 dropout HL
T SRR RS, 2R3 0.76, SEg i A IR G R R S8 &, 5 ) R R [ 0.1,0.
05,0.01,0.001 |, KL ZERHE R E M 0.1,0.01,0.001 |, %F T A BIEURELE , GMIPool T 2 11 S e %6
TRYERES R 32 AL EECK 2~4 )2, BRI HALE N 0.2~0.8,
33 IWER

AN . GMIPool A4S FELRABTRIAE 15 oA 55 LB TERE , SCI0 (Y A 2 SR R A Sy B A A
BERYTEDR, 5 RS HER 2N

1 N
P=NZI(y,-=y”',-), (15)
i=1

s N RN T AR eREy, SR I EIRAE 9, AR FIARAE
R PRIE LR g a] SEPEFI G, SC6 P R IEAR R R S R ARSI HEA T PRA , O XS 25 FE LR
HEAT 10 WE R T3 70 e R SO AR 22 . 3R 2 BHE T R BULE AR B 46 |, 9 s r RAT 55 1
OYEUETN AR L B R 22 , b AL A B s 125 BT I B B T 70 R UER R ey, TR IR, 3R 2
g Je —A7 e GMIPool AT i fe oA R e A X A L R A YR TH A 0 b, U AR RE I
K2 AHATEAR B bR R

Table 2 Accuracy (%) of different algorithms on various datasets B . %

FLLR A Cora Citeseer Pubmed Coauthor-CS Coauthor-Physics
MLP 56.8+0.9 56.7+1 69.7+3.3 86.3+1.2 87.9+1.6
Deep Walk 67.2+0.8 41.2+£2.0 63.7+1.9 78.2+1.5 76.6+1.6
GCN 81.5+0.6 70.0+0.7 79.0+0.6 88.0+1.1 92.1+1.2
GAT 83.1+0.7 72.5+0.7 79.0+0.3 90.2+0.6 90.7+1.7
GraphSage 79.4+1.8 66.8+3.5 75.8+1.0 90.6+0.5 90.9+1.7
AdamGNN 83.1+0.9 72.8+0.5 80.6+0.6 91.5+0.2 93.1+0.5
MVpool 85.0+0.4 73.5+0.5 80.5+0.4 92.0+0.5 94.0+0.6
g-U-Nets 84.4+0.6 73.2+0.5 79.6+0.2 90.9+0.5 93.1+0.8
GMIPool 85.4+0.2 74.1+0.3 81.1+0.4 91.9+0.1 94.5+0.1
FAXHETF 0.51 0.78 0.62 -0.11 0.53

AFE 2 AT USR5 S0 A P i AR TR 43 288 o i A R ARG, A1 Sk 4% 0 1 TRl i AR S i 7 43 8 3ot R
Pt AT gt Horp  MLP A FH T AR A5 21 220 W T v 9 2 & A 4844 5 8L, AR RS 1T DeepWalk (SR A 2]
LS FAE BRI AT A, 208 T 15 »SRHE R SR 2 . AHAS T MLP Hil DeepWalk 45, > Wi B IS BN 5 S L
Aok g A IR A BB SRR AE RN S A S 2] B — (4 2 2 1) o 38 ot SR 8 (R S =X, ik 28R 7
S EHRAE LA R M REEE T, (0 T = it AL O PR h i J2 R A5 B BRI 55 i JZ
S5K4) BT MVPool Fll g-U-Nets %5432 BRI F/RAR A 5 AR (14 43S ME 0 A0 4 B0 A 1R TR AR B 1 Rk
B ES RS X AT T b AR R U AR R A R 25 F I i R PR EDE— 25 Bl Ak L 2 R S5 4

R AR 2 UE R SRR, GMIPool J& T43 2R /A (1), GMIPool 17 2R UER R AH L T g-U-
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Fig.3 Visualization of node embeddings generated by different graph neural network methods

3.5 MEHESH

Nk GMIPool fE42 55 GNNs 3154175 T HIRE T) , AR SLH AT A Rt ALJZ 208 GMITPool J3#r , S5 i
FHHEAE Cora Citeseer FlI Pubmed - A[RRALZE T SRR A, th TR IR RIEZER), H ik
TSR — M2 LIAN, HAt b AL Z A AR 808 0.8, AN3% 3 FR , HIREE/INT 4 1, BEE AL Z 4L
A4 T ASTEUAE A BB 1 1) 43RG BE B 5, U] GMIPool A R/ RAIE TTAY | DR B T I SR 22 (R 45 A0 A
SRRHIEZ: 5 FLREISAE— e B 28 GNNs i WLRHE S R ok P )2 eoh, 7 AL 2B/ 17
BT, GMIPool 7545 $idiAE L 1432 UER % L 538 9 GON 1y, W RN 7E 7R )2 M 45 Hh , GMIPool {KX fEA %R
AR R AR R

# 3 AIHJZE GMIPool 1E2 KR4 L1 /32w %

Table 3 Classification accuracy of GMIPool with different layers on various datasets B . %
UK=Y S Cora Citeseer Pubmed
1 83.1+0.5 70.7+0.6 79.6+0.4
2 83.4+0.3 72.2+0.4 80.4+0.4
3 84.5+0.7 72.7+0.6 80.6+0.6
4 84.9+0.5 74.0+0.2 80.9+0.7
5 84.1+0.3 71.3+0.3 80.4+0.3
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Fig.4 Illustration of sensitivity analysis of each parameter of GMIPool
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