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Forecasting the Wholesale Price of Farmed Olive Flounder Paralichthys
olivaceus Using LSTM and GRU Models

Ga-hyun Lee and Do-Hoon Kim*

Department of Marine Fisheries Business and Economics, Pukyong National University, Busan 48513, Republic of Korea

Fluctuations in the price of aquaculture products have recently intensified. In particular, wholesale price fluctuations
are adversely affecting consumers. Therefore, there is an emerging need for a study on forecasting the wholesale price
of aquaculture products. The present study forecasted the wholesale price of olive flounder Paralichthys olivaceus, a
representative farmed fish species in Korea, by constructing multivariate long-short term memory (LSTM) and gated
recurrent unit (GRU) models. These deep learning models have recently been proven to be effective for forecasting
in various fields. A total of 191 monthly data obtained for 17 variables were used to train and test the models. The
results showed that the mean average percent error of LSTM and GRU models were 2.19% and 2.68%, respectively.
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AbFL- 200692 713 0.2 ATslold AAFS Hold o] A
22101 ASAIE Holt) 20210 Aol AYAteFe] oF
2.6H1E AYARRITE. Sal] Bl HFA o AR oF 2407HEC 2
RA| 4241 AYAkEEQ] oF 63% 42220|tHKOSIS, 2022). 2021
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FE0 2 ALYt E35], 20199 SEFE 20214 49714
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Fig 1. Annual statistics of production be fishery type.

g B ST A 2o A= T AP A+E AESHL,
A gl arofl = A of] 83t M) A A%}
AL el 2 IS 7] 55kl ol S A atof] ti ek 8- At
of 7|5k, A= Ao RoF AEO R 2 ALY A
A SHAIR 52 AlAT8EIT

Held 2Ee v = sy, otk dRke & o
Bl £H 59 54 w2l X oheFet 2ofollA] F5REL 9]
CHWang et al., 2019). £3] & 2&S
Zate o] A7t oh4 28k, J sl oAl w4t
& 7H d&S& fldl g 2Es 285t
(2018)9] Aol A= Held datelE= ol
SARE 7HA Ol WA= FRke ARt oy el vhEal w4t
& 7}AS o =519 th Bae and Kim (2016)2 Q12 A1 A o] &
Y3 HASE ol sAE 7Ho HHstE Bl AR E = E

T2 o]-8351%5 o™, Imetal. (2018)= 4
g5t B 7HAS A
Held 2ds FEsto] pAbE 7S A5t YA
tal Q012)2 ABAAY 71HE Bste] 1%
of S22 s}, Sjmer W SlmvtZlo] SlgEzte]
2= o3k 2489k Song (20212 MLFN (multi-layer
feedforward network)2} GRNN (generalized regression neu-
ral network) B9l Z12|31 o3| A RS ARE-Sto] 2019\
2020 9] FAAF Y| 2] A7 A ol Zalolny. w7 v
1 A3k GRNN 29| B4l E-S8 9 *(mean absolute
percentage error, MAPE)7} 2019¢of&= 5.26%, 2020 ]|
= 6.04%2, 7P 43t Ao 2 H7EE %It Woo and Shin

DSOS S S S S

Distant Waters Fishery Inland Waters Fishery

(2022)2 LSTM (long short term memory)xt MLP (multi-
layer perceptron) 22, “12] 37 ARMA (autoregressive moving
average) 198 Bgto] FAAL Rl eto] woj7 A o
sholct. e 7k v A3k MLP 24 o] MAPE7} 17%2 714
7 YeRTE Lee and Kim (2022)= thHzFo 2 LSTMI}
GRU (gated recurrent unit) & 7-53}0] QFAAF 2u]52ho] AF
A7HAS &SR, T 2Ee] o 58S Blastiith
1AV LSTM 2 9] of £8o] ¥ L3k A 2 = Lepf o,
HAZF LSTME] MAPE= 13.05%, tHH=F LSTMS] MAPE
= 4.66%2 UEH oibs 7HA o5 A vl e ey Kl 2
&9 Fasgdo] A=Ak

o] &J9] AR 714 d|Se] #ek A tiEE HE A Al
AE 25 F-8-314 T} Guttormsen (1999)2 CAD (classi-
cal additive decomposition), HW (holt winters) A|<=% 2,
ARMA, VAR (vector auto regression) =& % &= 7}4] Naive
wElE Ao]o] 27k AH|712E o581tk MPE (mean per-
centage error), MAPE, RAF (ratio of accurate forecasts)E- ©|
&3to] oS F e B7IRE 23 MPE?F RAFE ©]-8-3f 4
7¥st of| %82 CAD 24lo], MAPES 0|83 H7}3t o =¢
2 VAR 1§ 0] 7} =2 4 0 & YET Nam et al. (2014)
+ ARIMA (autoregressive integrated moving average) 13
I} VECM (vector error correction model) ®&, 18|11 th5
ARA 02 7 1A w7 2 2S Ptk A
g 9] o =& v| st Ayl RMSE (root mean squared error),
MAE (mean absolute error), MAPE, Theil IC (theil inequality
coefficient) 2+ th5-3] fEL o] 7P B2 A o2 F7hE 3]
t}. Gordon (20172 ARMAX (autoregressive moving aver-
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age with exogenous variable) 2@ 3} EC (error-correction)
W At k2] A0 YRS A R4S B4
shin, A Beo i Bl 47442 25tk ARMAX =
o] S L v Al B A ole] 2
s, vl kel 2 shte 48 A2 Ao
v AUiche] S A2 AAI71 sheto 2 ofof s
o= et EC mEg AMgalo] A 7123 £ 712
(process price) 7+9] ATAS BAa A3f, B4 7123} 414
7HAE A7|17ol| AR+t BA T EASHH, 3 7HA 0] AHA|
714 838 Hetie Aow Uty S48 R

W o

AR 7= BE A% A B Y-S B8R0
fﬂTﬂuﬁﬂﬁmﬂ” A Bgato] 714 S ol e AT
L o}Z] u|53l Al A o]t}

& ol A= iRt e HlolE &8o] o]H Hed &

Table 1. Basic statistics of analysis variables

A rf7HA oS 245

dlo] EA4 o whet B E = e HpE este] =3 7t
Apo) o] 71711 20061 10975 2022 89712 9] L
AR5 A5l tH(Najafabadi et al., 2015).

Ao AR e AR F A9 A T 71A Q)
A, shd, F4h), AE ARZHA AT, ), S5k 2 A
=9, =Y 2 AT, AAE J AL 2] EEhe] mul7t
2, AR 7V, Z51, o B, Aol 9 ol =97, A
3 W2 Al FAY 2, 212 L 543 AA a2l CO-
VID-19 §ju] ¥4= 5 & 17714 o™, o]5 HyEof tigh 7|2
A L AR &4 <= Table 194 A 2] vie} 2t

%é m*— AN A9 9] FAAEEHA] 900 g-1.0 kg F5 T=rf

7HA 0= ARGl AL H A8 271 5 F A HIS

o] 7} =0 AL | kg ZEo|th(KMI, 2022). 18] S}
F/}Oﬂﬁ FAAF A O] =8 A= Al S 2, 2021 7%
A= g A FABAFES] 50% o)== ZFAISFAL QITHKOSIS,
2022) 1, shd, 1E]ar FARS] muj Al F A4 2] €]

= H|Z=o] 7} & 3L ol o]H(Lee and Ma, 2020; MOF,
2021) 53] 2 1 A kA4 g A mufrhA o] WA ol

Incheon wholesale price (won)' Hanam wholesale price (won)' Busan wholesale price (won)' Jeju producer price (won)'

Average 13,453 13,875 14,265 11,355
Maximum 18,575 19,625 19,625 16,358
Minimum 9,750 9,750 9,250 7,526
Median 13,375 13,625 14,000 11,326
Wando producer price (won)' Shipment volume (ton)' Growing volume (ton)' Export volume (ton)?

Average 12,614 1,128 1,759 260
Maximum 17,887 2,094 3,082 562
Minimum 8,274 499 746 82
Median 12,452 1,120 1,618 240

Import volume (ton Korean rockfien (won) _ Korean rookiah gwor) _ Kerean rocksh (on)
Average 18 11,619 8,971 1,932
Maximum 187 20,906 17,205 4,055
Minimum 0 7,229 5,638 663
Median 0 11,264 8,550 1,842

KGrowing volume of 1 Import volume of salmon (ton)? Import volume 2f yellow tail Water temp:arasture of Jeju

orean rockfish (ton) (ton) (°C)
Average 21,790 856 74 19
Maximum 44,985 2,896 1,164 27
Minimum 10,371 0 0 14
Median 18,227 483 7 19

COVID-19 Dummy Variable

0 COVID-19 (O)
1 COVID-19 (X)

'KMI (2022), Fisheries outlook statistics. 2KSC (2022), Trade statistics. ’KMA (2022).
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Fig 2. Changes in wholesale price of olive flounder Paralichthys olivaceus (Incheon, 900 g—1 kg).

A vlsf AR AL ek A 900 g-1 kg G A Zufj 714 2]
7 EHALE W] sl 2, Table 204 2ol ule} ﬂo]
2019 oA Azt FZH}0] HFT} 2020 o]F A7

H2pe] ot o] ZHa-b)7} 7P 252 Q1A olTt. o] °lx4 5_
uH/\]xP,,] PIZSPAREN 900 g—1.0 kg &= o A tjaro g )

BRI AR A o B2 5 A 9
x}ﬁ-ﬁ'— a3l
B4 AR 0] EuvhE wake T2 0 Al

H, Fig. 20| 4] Hol=ute} o], 1147t 129 5 A& Ho| 5t
ghelal 589 5 o5&l A5t AEE Hol sl %
S A A G A & = Atk 53] 20209 5B = 71 0] &
sto] Al ol TAglo] HE3] Asdts FAIE Kol OIXJ_
Hop g o g w8 po mie BES Hola glrk 2
Foll A olget A W A= EAS vHgsy| $3l F&5H
59| 27| AR} WS S gl Z3tato] B4kt
SPE I FARS QI Bl E o] AL PR O] 28 EufjAlto]
o, Pt FARS] | 2] w7142 Fig. 30l 4] K= vpel o],
QUA | | 7FA T} u] =5k A1 E Rl T35 Al 714 W

= Table 30f|4] Hi= Bie} o], A= v 7ot oA
ZE31 gl oof & Aol A= ¢1%d 2|9 9] 714 of
ololet e & AR oS s 9 el B} e
SR A1 BRAGAILE SARIT A
o B2EA U A RS BN, D7l BLHA50 5
9% 900 g-1 kg FEE0 2 FHaI3ic).

S5Hd 9 =2 Song (2021)= aLsto] A4 hd ]
2 ARSI B A B A o] T
A € AuE ggolilen, 1 kg ol F59 AwE &8
SHiTh AMA|7FA L QFAAE HA|7F ARA 7 FA of| A mulj7hE o
RO QIIHAIE 7HIth= At Aol whet Euf7hA o
=2 3t 2 EZ951% th(Lee and Ma, 2020). SH=af|
AN AR EEATE O] BEFA A RE B8l
A, B | kg A7 7|20 2 HESIsick ofie
2h2 g2k A BA ol Yl olFolth(Kang, 2015). ofof &
Aol M= 2uESE] g 9 7H T X 3#27F A 7HE
P A Ao g weste] 2ulEeo] wulj7hA, AR 7},
o, Le|al A B SN R geiiith ehei

ﬂl

Table 2. Annual SD of Wholesale price of olive flounder Paralichthys olivaceus my region (900 g—1 kg)

‘06 ‘07 08 ‘09 10 M 12 13 14 15 16 17 18 19 Average (a)

Incheon (won) 1,218 1,037 815 1,456 1,379 1,005 716 1,092 665 1,153 754 1,229 1,524 209 1,018
Hanam (won) 1,300 1,005 711 1,729 1,717 1,065 797 939 797 1,043 519 1,385 1,258 467 1,052
Busan (won) 1,768 1,038 832 2,253 1,686 975 965 1,124 600 1,448 1,000 1,464 1,132 741 1,216

‘20 21 Average (b) a-b
Incheon (won) 2,111 1,473 1,792 774
Hanam (won) 2,123 1,487 1,805 753
Busan (won) 2,652 1,103 1,877 661
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Fig 3. Comparison of wholesale price changes of olive flounder Paralichthys olivaceus by region (900 g—1 kg).

FAPNE AR ESAE o] #
o, JA) 271 5l A A9 Bt A 2 o853t

Aot sl 5402 Qg =20 Msh= o4 HA9
AR, AAE T, AL S& i Rtth(Lee etal., 2002).
o|A Y 20 Woh= |gA] Aate] A2 o= A, 71
o= A4 e v AL R webErt ofo] FAAT dA A
ke ] ZOI 7}” 111 ML 7W THTo R FEHEA
HHE Fgsilnt. 71478 718w A
HFAR T AT Ao s g7Idtel 2

o5 SRS 135 vharito] 12300 A S g W

S5 2 ARE ZE3IA

=

I

tﬂ— Eq 7]A ;s Elg

6“4(KREI 2022). 237} 1AL A4S A
(Wohlgenant, 1985), |19] 2412 9 +-52 wol7h of

Zofl B2 widet & 4 Ik ool ATeAE PAI
SEYTFABA GX) £ W E BAY A2S G

e $elufelol WA 5] 415 19] of5olckKim and
Kang, 2019). 3HH, A ojo} whol= 2| Sz} thA] ojF o=

Qo 2 53 9o, 58] Slol Hojs| 415 19] o)l
tH(Kim and Kang, 2019; Song, 2021). o] 2u&&t} o=
of <hofol wol7} W A|o] 77 o} 2] 74A0] e o]
Aoz ot oo & dtollA= TAA = UTFIE A

Table 3. Correlation of IWP, HWP and BWP

IWP HWP BWP
IWP 1
HWP 0.940 1
BWP 0.922 0.926 1

IWP, Incheon wholesale price; HWP, Hanam wholesale price;
BWP, Busan wholesale price.

01 | Zof o] =9 AT A=2s B8k
, COVID-19 ZHAF A] A 2] 2020 o]=
li—% | F/dE o] |9 o] Ak 7HA ol
© g gekEch Song (2021)0l| 4 = o] 23t
COVID-19 B A| 4 AZ2 A A HS L8
5FaL, Lee and Kim (2022)0f| A= &3] &2

A3 COVID-19 T o] M5 28519
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4 (Deep Learning Model)
AL 17k H & mrlst Al 7| Ho|th JEE

o

AHelohs =7t AFH o R AgE o] YESIE P4t
AFAEY] 718 mdle ZHso] ddshs dHSt &
ERigo| st GO R A E o] Qlrh mEe] Ay °J
2= ol 7HEAE Folatal o8 Pt 2F EEo
2 ‘ﬂ?&ﬁ}% eIeH(Cooper, 1999).

5 T=xoll whel theret Rdle AlEstEh
= E%}Q_l _i_ﬂH‘Ei(smgle—layer perceptron, SLP)5-€|
45 thEHAEE(multi-layer perceptron,
MLP) z‘2““5'—/‘]7:‘‘3]'(conv01ut10nal neural network, CNN), <=
3+ 7 "H(recurrent neural network, RNN), 12|11 A& 2]
EH 1737 (generative adversarial network, GAN) 5| QJt}.
& AT M = AA L dl5ol S8 RNNS| 4F¢1 LSTM 2
GRU=Z “ﬂ Ldls ARg-SHI T

= YYT-2HT-SYToR o| R A AL &

ST o =0
2gke] AR IRt S Ao EiE o} HE 25E 7}
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— LSTM MEMORY CELL —_—

Input Gate Forget Gate Output Gate

o1

h(t-1) i h(t)
\_ J

Fig 4. Structure of LSTM. LSTM, Long-short term memory.

A

Fig 5. Structure of GRU. GRU, Gated recurrent units.

SA7F o] Ex= Zdolti(Mun et al., 2016). SFA|TH Al
HL7F AoASE oA HlofE| ko] dAaH/do] HolA o5
o] AstE]= 7| 2Ed £AI7F Y| = skt o] # gt A
AL 343 melo] LSTMelth LSTME 19974¢ Hochreiter
9} Schmidhubere] 23] A|ote Bl 2 7|22 RNN 2432
memory cello|2} E2]= 293 3 o= thA|sto] RNN9| gt
AE Rl ch(Hochreiter and Schmidhuber, 1997).

LSTM®] memory cell2 Fig. 404 E&= vle} o], input
gate, output gate, Z12]31 forget gate= =T+ Al Ao|EL}
sigmoid layer®} tanh layer= -4 %¢] QIth(Hochreiter and
Schmidhuber, 1997). Input gateZ Y= H X = forget gate
E AXH 8 AR gzt ol U A7 AR 2435 2
W7h 2 A E7E A Ao A= o] 71| 0] 99 F7EA 2l
AR E WG5S EE 3= Zlo|th(Fu et al., 2016; Shahid et al.,
2020). Sigmoid layer= 0-12] 7+ AAIsIe] HR 7} o] A
T8 AAEA] A5t Tanh layeri= A2 HElS Y45t
11, ©]i= memory cellof] F=7Fl T}, o] 2jgt I & A% FH =
output gate= &3 |11, th2 memory cello]] HE = 24 o|
YRS tHSelvin et al., 2017). ZF A2 4] (1)-(5)F 22 4=514]
WAAS ARE-Sl LrERd 4= Qi

oN

1=

Fot

AL (1)-(5)°1 4 Welbi= 2} 7| o] E9F memory cellof] 285+
A} BFL, X = 9] AAD WAE, b L 2} Ao Ex}
72| 7F Fof B o) ©hA| o] 295 gk & H| R Input
gate 4 forget gateo]| A= 4] (1)-(2)2} Zo] X &th o 7154
W 15 4 4513 sigmoid S4B S Bal w4 S 2
o3t} Input gate®} forget gate®] AAF A= 4] (3)Y] A&
717 memory cell?] C 2 AHH| 1, tanh 3143} 5471 218
o] 4] (4)°]l S|F5H= output gate AT AR} 3l A A <]
=45 g h = HghE), o|ef e v o] Hhn o] HFA o
2 Y 2 A2 TH(Fu et al., 2016; Shahid et al., 2020).

inpulgatc:Sigm Oid(“[igXI—i—Whight-lerig) ....... ( 1)

= sigmoid(ng Xt+thght_l+bfg) ......... )

f:)rgetgate

(OFHC), (£ 80 (18 ) X (tanh(W X W, b +b))--+(3)

het-1

=sigmoid(W X +W, +b,) e )

Ourputgate hoght- 1

htzompu[gawxmnh((c)t) .................. (5)

GRU 292 LSTMY] 2 & Hi} 7tagst wdlg 2=
Fig. 504 2+ vle} 2} 1 Reset GateZ 0|4 =29 HH
£ HESHAY B2l A8 o, o]i= LSTM] forget gate
o} GAJSE 71%-S 3t} z= update gate® ThS == F A
g 2ZkS 243k his oA w==9] Aejo|th(Cho et al,
2014; Fu et al., 2016).

LSTM ¥ GRU &2 A S %, e & 4=, 2|23} dare]E,
epochs 52| Zulj7i¥l4= A7 5of wpet o S o] AAH) 11
2|31 2|3t A gk He g2 Aod Ao] §la, 4 glojg ¢
o7 Foll whet =5 0= 25 of ghth(Le et al., 2011). wha}
A Hed B G5 A] GEEA O 2 ARSE] = RS TRk At
ZY AU BAS Foll B ATk vluste] 4o 1
4 Agst= Zlolnh & AqtolA= LSTM} GRU =49
Table 4] Zmj7NHRE S UsHA A8ataL F BElo] o 5
< Hlwskeot.

nE 22 FQEEe F 177K S-S AREs7] o
2o T 17719 === Al 2452 B 3709 &
B2 dsta e, 7t 5225670, 107], 12l 474 =R A
ket HEH R = sl RER ALAEH SHFORE 4

Table 4. Settings of hyper parameter

Input layer  Hidden layer Output layer
Layer Structure
17 256-10-4 1
Optimizer algorithm Adam
epochs 1,000
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=5 =uj7hA gro] whekel e},

A3} dag|E o2 AR5 Adam (adaptive moment esti-
mation)2 7JA} 317 (gradient descent)S HHAAIZ] Ao 2,
Kingma©]l ©J3]] #|¢t=|9ic}. AdaGrad®} RMSProp] Ao
2 FAE e gme] LA vjAleld shol 9 8%
o] 7}453 thE-2) o1 2] & o|th(Kingma and Ba, 2015). Epoch
& o5 darg ol AdEE SleE A oshe 2ujrlHao]
th(Brownlee, 2018). Epochs A4 0.2 d2y w49l s}
& BHE 3145 oJu|git & AollA s B o] e a7} 2|43}
2 wj71A] e<5317] Y3l epoch?] =5 1,0008] 2 A 451},

5} ©| 0| E|(training data)?} E| A E d]o] € (test data) H]E-&
97:3°0.2 HAsITh & 1917]9] AH7 5 49 1857] s
Sk HlolE &= 121l 9] 67] M5 B A E Hlo|H = 25}
Ak ok, HIAE HlolH 9 vl&5 73 52 82 522 AA3)
= 0] YA oL, 2 Aol A= 4] T o] B AlAIE A
F2O| 7h tha: §ESfo] S g Hdll Shs2 919 85 T olH
O H|FZ did ez 7 Attt i S0 Al
A= t-127] ARRE -17] AR E o]&5to] t7]9] FEHSE
o&3hes RS TSt
052 Bt xIE

A Aol B3t ol &8 HrF A E 2= A (6)3) Zol, MAPE
£ A&t

1 n _I_LY-X 0,
MAPE:;Z:H' le ‘>< 100( A)) ............... (6)

oA7|A, Y= AAIRE 181 X &= diggks 242 ou|gitt
MAPE:= @2}9] At 2ol A&, MAE, MSE 59| A %9}
= g AARl djAo] 7hsste] A& o HlolHE o8-
Sh= oS 2d9] 4% Hlal Al A= AREEItHGoodwin and
Lawton, 1999; de Myttenaere et al., 2016). 3FA|RFY £ X710
o] 77k B AIH, AAgke] 00 H Al4to] E7Fs5}

= o 5] 9lth(Voyant et al., 2017). & o15-o] B4 tjAk
w452 olelg thlel] oA ohe v ghel izt A7)

Table 5. Forecast results and MAPE of LSTM and GRU

MAPE (%)

0.01

0
2022.03

2022.05 2022.06 2022.07

—LSTM ——GRU

2022.04

2022.08

Fig 6. MAPE comparison of LSTM and GRU. MAPE, Mean aver-
age percent error; LSTM, Long-short term memory; GRU, Gated
recurrent units.

u o] ATHAl %2 siob U Mol ETe] 1w S 93
MAPES AF5}5ct.
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2 AtolAs ARE 17714 HEE B5 ARgsto]
2 H| L5 eYstor). thefel Bl 290 R o S3) Bt
11771 B8 B ARESE oS A3t 7 942619071
FFH o8 HEH4E Wdlof| £5telth LSTMZF GRU
2 TS mU o =3} A7} 9 MAPE:= Table 59} Fig. 6]
A B vkel 2tk 94 LSTM 299 Xt ©3}= 2022 3
29] 954.029, HA A= 20224 7Y€0] 242490 & e}
wtom, oo thgk MAPE= 72}t 6.32%2 0.15%= A4HE] 91
t}. GRU 29lo] Ao 2t 9 2}= 20224 392] 950.41Y, &
4 QA= 2022 599] 93480 & UElGon, olof thgt
MAPE= 7}7} 6.29%9} 0.60% = A4 ¢lch. LSTM}F GRU
0] 6701 Ha MAPE:= 717} 2.19%9} 2.68% & Leh} A3}4]
O & LSTME 0|83t |59 Fewrt g os =2 20
2 B7h=| qieh
ZF20] | EXE FAH R AR, o S2o] JrF o

Ay

d

o
A]
il

Actual LSTM GRU
value (won)  Forecasted value (won) Error (won)  APE (%) Forecasted value (won) Error (won)  APE (%)
2022.03 15,100 16,054.02 954.02 6.32 16,050.41 950.41 6.29
2022.04 15,406 15,866.92 460.92 2.99 15,726.84 320.84 2.08
2022.05 15,719 15,966.10 247.10 1.57 15,625.52 93.48 0.60
2022.06 16,000 15,966.42 33.58 0.21 15,616.33 383.67 2.40
2022.07 16,438 16,413.76 24.24 0.15 16,310.83 127.17 0.78
2022.08 16,250 16,561.18 311.18 1.91 16,891.13 641.13 3.95
MAPE 219 2.68

MAPE, Mean average percent error; LSTM, Long-short term memory; GRU, Gated recurrent units.
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Fig 7. Comparison of forecasted value of LSTM and GRU and
actual values. LSTM, Long-short term memory; GRU, Gated re-
current units
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oFim s}efat Aol 2022 8 0|49 o] B4t ] 7
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