Journal of Climate Change Research 2020, Vol. 11, No. 1, pp. 37~51
DOI: https://doi.org/10.15531/KSCCR.2020.11.1.37

S 22X ZYE 0[8e S& EMMMAIX] 22 oF Zoto| Fet: ot g+
=
=

*

gristn SHYENSStnt BfAlabystd, sty SAMESsnt Aus,  uiisty SAYESStat ua

=

K

Accuracy Evaluation of Potential Habitat Distribution in Pinus thunbergii using a Species
Distribution Model: Verification of the Ensemble Methodology

* . * . Sl EEEad
Chung, Hye In ‘ Choi, Yuyoung * Ryu, Jieun and Jeon, Seong Woo
"Ph.D. Student, Dept. of Environmental Science & Ecological Engineering, Korea Univ., Seoul, Korea
Research Professor, Dept. of Environmental Science & Ecological Engineering, Korea Univ., Seoul, Korea
Professor, Dept. of Environmental Science & Ecological Engineering, Korea Univ., Seoul, Korea

ABSTRACT

Species distribution models (SDMs) are widely used for biodiversity assessment, habitat management, and
climate change impact assessment due to their ability to quantitatively evaluate species distribution. However, due
to model uncertainty, the use of SDMs in public policy management has been limited. In order to overcome the
limitations, many studies have been conducted mainly focusing on an ensemble approach, which compensates for
the uncertainty of a single model. Even though ensemble methodology has been proven to improve accuracy
compared to single models, this was based on inner validation. As inner validation has established flaws, with
using the data in the form of ‘point/, the need to assess outer validation with independent data in a polygon
formations has been raised. In this study, we evaluated the accuracy of a Committee Averaging (CV) ensemble
methodology using outer validation. In order to minimize uncertainty beyond the methodology setting, we used
Pinus thunbergii, which has spatial specificity. As the outer validation method showed more accurate evaluation
results, we used outer validation indices - sensitivity, specificity and accuracy - for comparison analysis between
ensemble and single model results. Single models tend to overestimate compared to ensemble models, with a high
value of sensitivity and a low value of specificity, whereas ensemble models tended to decrease the spatial
uncertainty of single models, with generally high values of sensitivity, specificity and accuracy. Accordingly, the
ensemble model methodology proved to improve accuracy by reducing the uncertainty of single models.
Furthermore, through comparison analysis between outer and inner validation results, we additionally interpreted
differences and limitations among inner validation, and have finally confirmed the need for further consideration
in interpreting the results of the inner validation for both methodologies. Hence, outer validation using independent
data should also be used.
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(Aratijo and New, 2007). O]E%f& =4
Z|Zoll= ] 2yl 7IRiRE e R Ee] A
t} (Elith et al., 2006). GJAFE WIHH=E2 el W Eo] &z £
2o, F FHEY WY TY =SS ZiAdsH
(Kwon, 2014), ojof| wje} thefpt 2 ojapA7of gk
)T} (Aratjo et al., 2005b; Thuiller et al., 2009; Meller et al.,
2014; Thuiller, 2003).

SHAIRE 2t = HHEe A= A3l gt AT
AA1He]| we; (Buisson et al., 2010; Marmion et al., 2009)
FFE HHE 7l izt 371 249 "aido] A=

Q1 (Crimmins et al., 2013; Hirzel et al., 2006). & 23X &
§ Wl BEAOR ASHE W AL, BY TE
of AMFEl= T 2 ARE W £S5 =E3 A5 A
drs @QE% BRIt ol IS 7HAIH (Buisson
et al., 2010; Marmion et al., 2009; Dobrowski et al., 2011),
TS HSol AREEE AR FEZF F 2FAE (2UE)
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2.1 AT ChAE

T4 (Pinus thunbergii)-& 500m ©]5}2] AFx] 9 3fQto]
EXF o R Bxshy (Mirov, 1967), t=oAl= B3 HA
o ul$ Fo} W B/} FUHOR Solys 2
(Yoo et al., 2013). T2 vz} g+ sfiekr) 2 JHARE
HAolA Hs7Fst =8 A= ATF (Yoo et al, 2013)2
2, gtdo] ofst7| ulmol] S5 W A exJolx= A
$o] E7M531x]9k (Chun et al., 2014), A5 WEA] o] =
¥ HET W) (Yoo et al, 2013). 259 ExE= 7]29]
FE= Wol v, 53] ALH o) Aol 11 &ikof ARk
F=A0F AHA Qo] (Yoo et al., 2013), 7|5} 93]
1)rEP)rh 71 S 5E0 220 dFe nE Zer 9

Z ek (Chun et al, 2014), ofo] ket Fo] thet wct s}

o A A4 R siof 9 ol et 9 - 4 o} B
S et - o 7o) a5tE Al Qlrt (Yoo et al., 2013).
Al A3} A=A ASA ZAL
T 128719 & &9 9
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£ o W8 Tk ST S YR P
ASHITE o], BIOMOD2 B - AR mae 53
T4 AN RS lEshglon], oFe] BeEA o
o BT Yo BY ARS BEF AN 45 U A
A B gsto] 2} ol it SRS v Bkt
3, 7p P E A 7|2 R 13 Auek A8 HE 9
4% Auole) vms Fa 2t Holol thet 37142 &
Ao Asick

&9 *1’5!011 W AE 1S 98]
o8] AgPATE Harsle] 30-Arc second (1 km’) A=
AR RN c,k H4S XA} (Kim and Bong, 1983;
Kwon et al., 2012; Kim et al., 2015; Seok et al., 2014; Lee
et al., 2006; Chun and Lee, 2013; Hong et al., 2006). L-’F—‘é.
9] tha-5-A1A] (multicollinearity)2 A AsH7] £l =
A 248 2134819} (Fortin and Dale, 2014) v,‘f?
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(Park ct al, 2016), YE W 3 £ DHL B3 55
Bxo] 9lo] st WekEl Wat 23l o] b

TE FF 531 (Table 1).

Ao 7|ex7 =2 98] Worldclim-Global climate
Data (www.worldclim.org)ol| 4] A|&3H= 1970-2000 2] Aj
£7]32] M4 (Bioclimatic Variables, Bioclim) X255 &-&
shalek AE7194 HeES A=Y B 9 Ao 9%
S FE 7T AAER T 19719 HERE, ol5 g
o BEFo] Rxe} 7|+ aaele] WAS = vt A
7} =] ek (Park et al., 2016). 2 AL A= 197]¢]
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A FAlol tE WeEe Hud =
7282 (Bio2,3,11)9} 782 (Biol2,13,14)2 ARE3}%
o} (Koo et al., 2015). 3t H&2] AR 71401}
A sl £83 a2 wEEel weh (Son and
Chung, 1994), A= wideo] cgh i ¥52 CGIAR-CSI
A &3=  Global-PET  (Global
Potential Evapo-Transpiration)S AM-3}t} (Trabucco and
2000, AFARY AL, FATIHEANA
(http:/egis.me.go.kr)ol| Al AlFgsh= 1%, & AAF ARE 9]
G3I3ith o] F A= W Bio29} 075 2 S
wglouy, TEoh e AF Qs | FIe] FFL
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Table 1. Environmental Variables for species distribution model

Variable Variable Name

Description Resolution

Mean Diurnal Range

Bio2 (Mean of monthly (max temp-min temp))

Bio3 Isothermality (BIO2/BIO7) (*100)

Bioll Mean Temperature of Coldest Quarter

Climate Factor Biol2 Annual Precipitation
Biol3 Precipitation of Wettest Month
Biol4 Precipitation of Driest Month 30 arc seconds
(1 km)

PET Potential Evapo-Transpiration

Soil pH Soil pH

Soil Factor

Soil Organic Matter | Soil Organic Matter (Alternative Variable for Organic Carbon Matter)

DEM Digital Elevation Model
Topographical Factor Aspect Aspect
Slope Slope

2002), 71 ZaAdo] o Ao ghriElo] HE W w3

AlF e} EoFRlE = ISRIC (data.istic.org)ol| A A|l&3= EF
pHel R7gkadtd s ARgsIoH, f7ehadhaol
B 7= el tiet AR ARSE -

2.2.2 BIOMOD2 e 23 F1=

2 Aol Al AR BIOMOD2 X3 Wiitoll= 57 7|5t
9] Generalized Linear Models (GLM), Generalized Additive
Models (GAM), Multivariate Adaptive Regression Splines
(MARS)?} 71AIgHs 7]Wte] Classification Tree Analysis
(CTA), Flexibel Discriminant Analysis (FDA), Artificial
Neural Networks (ANN), Generalized Boosted Models
(GBM), Random forest (RF), Surface Range Envelope (SRE),
Maxent (Maximum entropy algorithm)2 & 107}%X]2] Hdlo]
EAfe, o] MulS gt Hofl H-53t 4= Itk MaxEnte} SRE
HelS ARt YmA] 87]9] B mE Fo] H3-HlEd
T olFE Atmrt Bajt Hdg, SHxETke ARt
= HdRT ASe 7} =) (Elith et al., 2006). o]0 w2} &
AT A= 8714 2E (GLM, GAM, MARS, CTA, FDA,
ANN, GBM, RF)& o]-gsto] & 22 RHldS a5k,
SHAIRE, A=A A Al Ame A RS 2% AR
ojlngz, ZH-HEH FHi9| o] oY AwE 5351 §
A QJAF H]EE A& (pseudo-absence data)E AJAdste] 2
BofloFgttt (Kwon, 2014). A3y A+ HEo| we} (Barbet

Journal of Climate Change Research 2020, Vol. 11, No. 1

Massin et al., 2012), & =2}t %Oefi H)\.J olo] H|&3
A2 09 wH3} sl HpHo R | Halo] mEe
sl

2.2.3 Committee Averaging YAtS HiH=

L

H ofqLoj| A &85t Committee Averaging (CV) Ak
HEOS o Milug MAE o £ By 3o o
SUE HE ZUmZHS P2 AR 5 Sl
A Yo AWE =E3H} (Meller et al., 2014; Hao et al.,
2019). z} TFl mE ATE o]d B Fe= Waksl| 98|
/\1{_:_ 40_._0,] % o:] ﬁXJX]L O]7;"X—]° o]_Q_’o‘]—q- 017&”7(4
27 gholl whet 2t E%‘ W A A4 7R Bl zte)
7} S =22 (Grenouillet et al., 2011), Z} 2@ 9] Aste =
Holl A= Adet YA AL vl Fasih w2 Aol
A o] oJsf o5H +4 Z3o] AR BT} dupt o
A=A S HolRe &3 AIw (Sensitivity)e} Hao] <]
o oz o] HiEwo] A PR ore 33t Aot o
Zeh=AE HojF= &3 AE = (Specificity) @] o]
olAu Zot M4zt HE AW, Z 1SS (True skil
statistics) ko] 27} Hl= XS dAR o= dAsto] At
=2 Agslar gtk (Liu et al, 2013). & QoA ARR3H
Committee Averaging W'HE T3l 9]9] AAAES #8315
o, Tl By At F TSS gho] 088} 2 S A
slo] OAE ZAIE =E319ITh (Gallien et al., 2012).
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T =8 94
percentage of agreement)2 E=ZJTh= HojlA oJu]7} ¢l
(Gallien et al., 2012). FE3L A2 t}2 oJu] 9 HLo] Hol|&
=R QU A4F B LE ANBS QBHOT FY
% E3E 5 Qleks Aol gtk o ot ol 4o viE
A AR AFET U A S o WFS HAFL 4 9lo]
(Gallien et al,, 2012), ¢J2] W E@ ARS AAsloFsks ThoF
o F BE BYe B8 A SOl

op

224 Y= HSE

2 AFolME oS0l ZEEA] 2 Ee FEH 51
A7E E8sl= 25 7= (outer validation) S AJEA|
2gato] Tl Bl QA e ) 7k Heke vl
siolck ot AFO Ae AR, 33 A= Ag
(1997-2003, 2006-2012) Z2i}= B2 2L 33 JAJo
o] ZE ABANE (HESE A HANE], www.neins.go.kr)
g EelE gee) B REs sudas eskin
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3k QI HES ayskelth ot H5= %t A8
2% 39 (Confusion Matrix)!) & E3}| HsY=|3]o
ZF HHE W S HE= (Sensitivity), HIEE HeHe
(Specificity), e (Accuracy) A525 22} Aiksto] Bl
A4S sl 2 A5 Altslr] flsiAd 2 2y Ay
SRS olg i FE= WHeksjof st, AAIHY
ol wet 2 Aupr) Aol mEg el whet 2 Aol
T =4 e TYRL 500 (0-1000) PAH o= 1143t
o= st (Song and Kim, 2012). 2} A]+= 3
7} 71%20] A9, HIE A 080148 ok
FAeH (Ryu et al,, 2017), =& el HIEH
Alg= 0.5 ofstd o BFP o] £ F50] gl AR S
Aol ek, 055 71 ghe® dAste] Ae=s BrIst
t} (Song, 2018).
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Y513t (Thuiller, 2016). Wi #50] 2y oS Ho=
Aofl= A S 2 ROC (Receiver operation characteristic
analysis)2] AUC (Area under the curve)7}a} TSS (True skill
statistics) Zto| At} (Landis and Koch, 1977; Pearson, 2010).
o] & TSSgko] &3} vEd Afmel it s B 2
Skl S HIEHo| tieh vleol ke B4 gt &
Aloll, AUCSF g thdgo] 232 4 9 Fefjof k& i
A o= S 7L Jlo] F BERF o] HEol Wl A
|37 It} (Allouche et al.,, 2006). o]of 2 Aol A= UH
A5e 1Y o5 A B0 TSS g2 H7toll 285191
o} TSS Alg= 2 0.4-0.6 7M1= YA =7} Bg-S LEhy
H, 06078 %2 07014e Ao ANFS Uehdct
(Franklin, 2009). & &17Lof| A= TSS 0.6 7]& ghoz 2§
Avte) RS Wrlskak

87le) 7 T wy HHHE 9 CV =
o< Foll, ZF HE W 50 A ARE 4
T 29 B, 7N 5
o] FAAAAE =Estelon, EY
507)e] A3} NE 5 TSSEko] 0.8
L gk ) EAste] PdEe]l AEE 4 e 25709 Al
(Ensemble 1 ~ Ensemble 25)5 & E=&3}
ZH A AARE =ESkel

MR 274 Al G mygat e 2y BFE
HHEY 5 sikesdddel HsHor yehgon (Fig.
(a), Fig. 3), ol= & 59 S £
e Ads] gt A= st (Fig. 2 (b)). thh
2ol T Ry o] He &5 AR Eim BREE deit
oY - FAAloFEY (Fig. 2 (b); Chun et al., 2014; Kim et
al, 2016) 9] Z7FH o2 AT} W FRAORIS 0 2717
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1) £57F 29E A5 o] AFEE = o|F 5/ ZHEZE, TP (True Positive) - FP (False Positive) - TN (True Negative) - FN (False

Negative) 4714 X2 FAAE AT (Kim et al., 2018).

2
2) £% PE W X2 7Y RS, Sensitivity: TP/ (FN+TP), Specificity: TN/ (FP+TN), Accuracy: (TP+TN)/ (TP+TN+FP+FN)

2 E&H
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Fig. 2. (a) Potential Habitat Distribution results of Single Model (b) Distribution of Pinus Thunbergii by Ecological

Zone (Kim et al., 2016).
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o Byt A <} J2tet vlas $fe
o AT AR wEH F 37K A¥E - &d A
=, HEd ggwel Fw A - & BF B4k

8 Gew 20 A9, JAE w0 Bt 0.642 )=
ZF 055 TH= =29k GAM (0.55)3 CTA (0.62) 23S A<
g BE T Byt A UET (Fig 4 (a). o] ks,
T &9 g= 3ol

FDA 20| 072 7} %2 o
2 Aolws vrepyc.

Hh, v1Ed g Ao A9 e BEol Bt 0.87
2 71% 2 05K w7 Uepdon, e v Kkt &
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Al A= ]It (Fig. 4 (b)). 23] &5 459 71 0.55
e =S Uehd 2E o B39 Al oA &3
ool A HAH A fASH 2 Tl Ry Ky
Tl Gk mAlE s7F Hape] Zjolof uhet A A4 &
327} TedA =& 73 (Thuiller et al., 2004; Arau’jo
et al., 2005a; Pearson et al., 2006; Elith and Graham, 2009;
Miller, 2014)0] Rt Zlo® HRIth HhH Q= WHHEo]
BA o K Tl HyHTh Fot 46l o)) BiEd A
o kS Uehflol, 7 vkl wo] 3w 2y BelAe
A o7 AL AR S|4 4= lr (Appendix 2 (a)
and Appendix 3).

2T A= B4 Ay}, s 2F0] Hat 08602 RF
(0.87) 2ES ALt BE oY Ky &
(Fig. 5). o] A=, SHA AE 7153k 5ol Bighs ol3}
32 FE Y] A AA] S A
H A= 7Fe] EPet 7|t vl oE E9 - v Y=
E BF 28RS o, e BEgo] e v =Y (8
N 2P F THEG =& Foe 235 =53 2o s 4
we, o]tz P W o] 7} el F B mye] B ©
A5 A7ste] JBHEg FAAIHE 5
AFst Aot} (Crossman and Bass, 2008; Marmion et al.,
2009; Aragjo and New, 2007).
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o] W TSSro] M%E 712 3k 0.6 oS YERIT (Fig.
6). 2 A5 A} =3 87 3P| Bt e (Accuracy)
R 7% gh 0801 UGl en, oo wef vl =
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Fig. 5. Accuracy of single-ensemble models (Average
value of ensemble, 0.86).

FEHZ AF0] o]Fofxl o AT At B FABH =
< FE=E UERY (Fig. 6).

THE Y 15 S8l =2H T 5070 A AE S
TSSZro] 0.8% Tt & ©d wgo] Aojw= 3k 7§ EAsto]
AlEo] ZeiE 4= 9l 25719] HIE (Ensemble 1 ~ Ensemble
258 #HE ==k (Appendix 4). Wi HS A
Ensemble 4~140]A= TSSZo] 00]%1om, L] LR At
oA 7] gt 0.6%TE W= Aetert UElsith (Table 2).
o] Aik= oA =& HE= (> 08)9 T By AvES
AAsto] i Tt AT FeEae AgehA| At vhd
QR HFO A, A9 RS HFE A 257 F 23

o
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1.00

W Acc.
mTSS

GLM GAM  MARS  GBM FDA CTA RF ANN

Fig. 6. Results of inner-outer validation of 8 single
models (Standard value for both validation,
0.6 (TSS) and 0.8 (Acc.: Accuracy)).

MyellAl 712 2k 0.8014F] HBHE (Accuracy) 1|4 gl &
Zuol, AL AW} JAHOR B HHEES ekl A
O 2% BRI (Table 2)

oloh ZHe U - 21 % Ak 7] Aol CV Py

Mz de) Ul o Fol o] FE HE 54 W - o
5 4% 2ol Mg A Fele] Aole] 7|2lst How 3
HE 4 leh OV RS B 251 Fo) A A4
B ATk o AAE T wy ATle] o3 R e
(

SAMEA) FHolug, BE A g e v &
3 Axfe] vjsl Ao EA&5Aoth &, 8709 7 T &
3 Aol BE A e Bt JieTE 94170 (R
812, Z|th: 1001)Q1 21 eH, PFElA =22 4= 3
= (ex> Appendix 1, Ensemble 10) 2|t} 87]19] & 4=*] 7k



& BXE DS 0|8 3& EMAIX| 22 oF Zute| Fele Tt A7 — Yos WHES| HES FHeE - 45
Table 2. Inner (TSS) - Outer (Acc.) validation value of 25 ensemble results (Acc: Accuracy)
1 2 3 4 - 14 15 16 17 18 19 20 21 22 23 24 25
TSS 0.84 | 0.84 | 040 0 032 | 0.60 | 052 | 0.71 | 0.55 | 044 | 036 | 0.80 | 0.88 | 0.56 | 0.68
4 0.80
5 0.88
6 0.84
7 0.84
8 0.88
Acc. | 092 | 0.88 | 0.88 9 086 | 090 | 0.82 | 0.88 | 092 | 092 | 0.89 | 0.87 | 0.86 | 0.84 | 0.84 | 0.75
10 | 0.84
11 0.77
12 | 0.92
13 | 0.87
14 | 0.86
= S5 A2 gloltk. ERL ti Fo= AR w5 0111 o Yo7t 712 it 4 2uete] vjas 8f W
A2 EAo] whek Bz} G sfor Zo g 2|$-A glo] H] B A= Agle] d14 W ¢ole kL)
S| 37 49 Hzlo] 2d HAHET Yt (Appendix 2 A5 29, 28 deeois 9 2y =
(b)). ol¢t T2 &d Ha EAo] e A7) F 2d & myERG giFFeR 710 2 F o) =2 ik 2l wt
E A # S B EQ AeR Holu, Aupxor oA H, BlEE oA s BE Kol s BEH 2l
B Aute] YR Azl closh 81 57 gho] AMEA el 8] W kS Btk £9, viEd YRS BT oo 4
o= Helth B0, 4 EH&J—L’ A2 HeolAef gint B X|gofl A ERE PHE HPo] T HPHET w8 g
= R A= k= 2UE FHjo YR A5 P E UeERH e 24 (RF Al9)), e WRiEe] °9d e =Y
of g 2}-g-eoll wheh 2% f& %ﬁl Ao - v &S HIw o Hf 24 2SS Folal By w2 =S YER
ARl =EHA Rtk ol whet ot A5 Ajete] = 2Rlskgin). Ui 5 e A8 23E A 23t
Aol7t 27 tehd Ao sHc 47 S 1Ye) whgeta] Eahs IE Fejel o
olgt 7o AT Aol wel, FXNHOR B & F ARES ATl uek, 371 Solde Uehin] ZAm]
AFOR CV AR BPS TET vols it 1% 23 EWe] B} ERyehd Ushi: o F % oV e
ol Golsforstn, ER=olat SAlo] 34 qluAe ¥ wpHE Ave] Fesis ol AT 9leg Bhelsigt.
of & Nkgak 4 gl BelT Feje] Ang BET o 7 B o7 ATk e Byl Ul mye] HepugS
50| F7H ez afEofof Bt Agsto] H=E AR S o F A5 s S8l &
ol B ke ol 2jolv} glck. wRk, 7 e W AF )
4, A= olele] Fefrk the - 2 AF 2k 7 Ao vl AL
B R 4% g L ool uhE folEe AAgro=A,
2 AoMe T 9 EE F R 2Y 1 Age T 2 1Y Al g g HE W AR o
B7HE 9] o] BEEA e B2 Fejol S A - R M Hd U3 PR A8 Peye
= 2hgabs o U2 (outer validation) W W HE  ANFTE FF ATolAE F7Hel HohE AT AL D o]
£ Wiegslo] 9% A% WHES mEskel A, o o}

= (Accuracy) - @ AHTT (Sensitivity) - H|EE AT
(Specificity) X142 Ajzo] 2g3to] ] 5

N

A AAA] AL o - e S BRol] 7]
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Appendix

Appendix 1. Chosen sets for ensemble that consist of at least one single model with TSS value higher than 0.8
(Acc.: Accuracy) (e.g.PA1_RUN1: The model result with the first cross-validation set (RUN) based on
the first random pseudo-absence (PA) set)

GLM GAM | MARS | GBM FDA CTA RF ANN TSS Acc.
Ensemble 1 (PA1 _RUN4) (0] (0] 0.84 0.92
Ensemble 2 (PA2 RUNI) o 0.84 0.88
Ensemble 3 (PA2_RUN3) 0] (¢} (0] 0.40 0.88
Ensemble 4 (PA2 RUNS) o 0.00 0.80
Ensemble 5 (PA3_RUN2) 0] (¢} (0] 0.00 0.88
Ensemble 6 (PA3_RUN3) 0] (0] (¢} 0] (0] (¢} 0.00 0.84
Ensemble 7 (PA4 RUNI) o o o o (6] 0.00 0.84
Ensemble 8 (PA4 RUN2) (6] o o 0.00 0.88
Ensemble 9 (PA4 RUN3) (6] o o 0.00 0.86
Ensemble 10 (PA4_RUN4) (0] (0] (0] (¢} (0] (0] (0] o 0.00 0.84
Ensemble 11 (PA5_RUNI) (0] (¢} (0] 0.00 0.77
Ensemble 12 (PA5_RUN2) (0] (¢} (0] 0.00 0.92
Ensemble 13 (PAS_RUN3) 0] (0] (¢} 0] (0] (0] o 0.00 0.87
Ensemble 14 (PAS RUN4) o (0] 0.00 0.86
Ensemble 15 (PAS_RUNS) 0] o 0] (0] (0] 0.32 0.90
Ensemble 16 (PA6_RUNS) o (0] 0.60 0.82
Ensemble 17 (PA7_RUN3) 0] (¢} (0] 0.52 0.88
Ensemble 18 (PA8 RUNI) O 0.71 0.92
Ensemble 19 (PA8_RUN4) (0] O 0.55 0.92
Ensemble 20 (PA9_RUNI) o (0] O (6] 0.44 0.89
Ensemble 21 (PA9 RUN2) (0] O 0.36 0.87
Ensemble 22 (PA9_RUN3) (¢} (0] 0.80 0.86
Ensemble 23 (PA9_RUN4) o (0] (0] 0.88 0.84
Ensemble 24 (PA10_RUNI) (0] (0] (0] 0.56 0.84
Ensemble 25 (PA10_RUN3) (0] 0.68 0.75
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Appendix 2. (a) A binary map of single models (b) Verification data (Vegetation Map)

GLM GAM GBM Verification Data

a
\
i

)
E

\
I

)
L

Journal of Climate Change Research 2020, Vol. 11, No. 1



3 I 082 083 32 AWAMAK| 2T oS Znjo| HE Wt 67 — UAS WeRo| A453 FMo= — 51

Appendix 3. A binary map of ensemble models

Ensemble 1 Ensemble 2 Ensemble 3 Ensemble 4 Ensemble 5

Ensemble 7

Ensemble 11

Ensemble 16

+

-

(o

Ensemble 21
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