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ABSTRACT: Machine learning is an artificial intelligence technology that is currently showing excellent
performance and outcome in various fields. In water research, the number of research cases applying machine
learning has increased since 2017, and algorithms, such as XGBoost, Support Vector Machine, Random Forest,
and Artificial Neural Network are mainly used. Jeju Island have depended on groundwater for most of its water
resources, and the problem of the deterioration of groundwater quality has come to the fore. As the pollution load
increases due to natural and anthropogenic factors. Therefore, in this study, 11 groundwater quality items were
used as input factors to predict the concentration of chloride ion (CI), one of the major pollutants in groundwater
on Jeju-do, using XGBoost based on gradient boosting algorithm was intended to predict. For this, the model was
fine-tuned by using GridsearchCV, and the model was evaluated by Mean Absolute Error (MAE), Mean Squared
Error (MSE), R?, Root Mean Squared Error (RMSE), and Mean Absolute Percentage Error (MAPE), which are
regression model evaluation indicators. This paper provides an example of prediction of groundwater chloride
ion concentration using XGBoost, one of the machine learning methods.
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LME

7| Ale&(machine learning)-2 213A]s(artificial
intelligence) 9] YF 0 2 #HFE o] PA|ZQl T2
H Qo] vile 4= Sl TS AlSshe #okz B9
= QIzbo] sh5dkk AHolE FESE A3t
o AAR sl shEoH o =M =2 A4
& Ax5l= A WK Mitchell, 1996; Jordan and
Mitchell, 2015). 7|A|gt<50] da1E]Eo 52 3
A, EAILt B2 2= A =gk, AT EA k= 1]
A sl EAjoh B Holopsls Zelalgom 1}
= 3 YtHBi et al., 2019).

R T, = AR A, SAY 3 A5
2& & dtol gt 71AIsE] o8- 2021 11
420 71& 1764 L2 20174 o]F JFF3] 57}
3= FAE RQATHO et al., 2022). Cheng et al.
(2018)+= 72 3249l #&E JHE HIF O ol
9] o5 A 4= QIA AAIRE Tracking-Learning-
Detection (TLD)9} &2A|A] g2 o7 ©lF wi7H
WS 24 9 F7lsk= XGBoostE o]-§3to 4=
A #& WHS AASHA Singha et al. (2021)=
Random Forest (RF), Extreme Gradient Boosting
(XGBoost), Artificial Neural Network (ANN), Deep
Learning (DL)& ©]-83}4 Entropy-weighted Water
Quality Index (EWQI)E 9|&3}49.2 ™ XGBoost+=
Deep Learning Th2-0 2 £2 A=9 yelyich Lu
and Ma (2020)= ©7)71e] 42 R 2& 7[R B
o} Heket ol ATHE A7) 91519 XGBoosts} RF
of| Complete Ensemble Empirical Mode Decomposition
with Adaptive Noise (CEEMDAN)S A3} =
g8 959137 CEEMDAN-XGBoost= $~2, 8&
AE2(DO), F2dho] &5 E(pH), A7| FAEE(EC),
T, 3 & 71 AS0M 2 dse B
L.

Barzegar et al. (2018)2 AFE 4= Q1= A5k
8l A=E +5517] $15t Extreme Learning
Machines (ELM), Multivariate Regression Splines
(MARS), M5 tree model, Support Vector Regression
(SVR)Z &3l €& #= ol-&3to] ANNS 2A5H
Attt Naghibi ef al. (2015)= R|3l59) 24, S
2 Fjof ofgt HA-S 931} Boosted Regression
Tree (BRT), Classification and Regression Tree (CART),

RF& 5= Blustyon w=i st Aok
v o2 842 AE =&t om Bt
oM T2 2EE 288 4= AUSS T8I
Knoll ef al. (2019)+= The European Water Framework
Directive?] HA4tY o] th 8 FARNE S551
7] $15te] AAtE w9 3712 232+ Geographic
Information System (GIS) 7|52 £4|4 W& 9]
3k, Thore A WHe] v mE 933 Multiple
Linear Regression (MLR), CART, RF, BRT& A&
SFAT
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AAE &2l gt o Z 2 etu| g
k2] HE AXBIAT)E Chung et al. (2017)2 ANN
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CatBoost (CB), Light Gradient Boosting (LGB)&
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Atk Mosavi et al. (2020)= = F7I2 QA3 4
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o] Bagt wof tigt #4]0] g0l XGBoostE
E3}te] ®3l(elevation), 40| 25=(pH), A7
LE%(EC), F4HIEA(NOS-N), SEAME(HCOS),
AFA(SO4), HEEOI(Na"), ZFOI&(K"), Z#0
2(Ca™), wkalgol (Mg, TF40l(Si*) & ¢
Y QIAZ 7| ASHES 285HtH(Kwon and Chang,
2021). E3} A= B} 2| 37FQ) HAT) 2K (Mean
Absolute Error, MAE), oAl H-22*HMean Squared
Error, MSE), ZAAIKR?), BHAE-ZL2XHRoot Mean
Squared Error, RMSE), B & ¥l 28 2 X{Mean
Absolute Percentage Error, MAPE)S 018544 XGBoost
Regression?] A5 H7I5H4

2. AR|o Y APy
2193224

AFes = FZ o 25 E 90 km HojZl X
of HAetH, getiks FHOE 74 kmo| A52
oF 31 kme] &2 2 W7 1,833.2 km? ¢ E}¢18
9] Jolth(Lee et al., 2007). 221 S S4
O 2 FA AFHS STt HARE 7HR| 1L, EE AP
2 T8 AFRE Z=T SiEEE 7SR 200
m ©0]3} | L AF = AR HZ 2] 55.3%, 200~500
m At 27.9%, 500~1,000 m Z|t] 12.3%, 1,000 m
o| Aol WARR| = 4.5%S A5} QUTh

T Al 9] A ASA = SHLA R E A
op7|-Ze| oA mlEE I E=TARPS), &
LSRN ESRD), M dd o= AdE TRk
o, Eo| oA 7)-ZEto| AEA| 7)o 7 AL
o, A" ARG A oS, o]t ARl /21 4
Aok 3T o]l AAE AHEZS, B
of 8o R TAE FAYIFSE, g, & A}
o, ARG 3 A o] ¢, AR o] 9L, o] 9t 22 4
AN Ao 2 E ", g Ttk
AR AW EFHA|, utSof Sof 8¢t ofof -89t
O 2 FAE= MR, S g e
2 A HEGRHAT, B4 AR T2 ¢l
sto] FAH S S, SEAY dUdST
AFSo]l 32 olF= AlES, Laful-tiRkAL
202 A Yoon et al., 2014).

AFEs A9 dFE FAHLE Aske o&st
7] 2ol Rsk A& g 9 el 43

ojt}. 2017¢ 7]&, A= AR 7ol & Al
(F 5,98170) F R|ok= 4,8187)] AT} Al H-8F
568x10° m’/year®. 2 AA| A& 90.53%= =}
2|3t} =AY o8 T3 243x10° m/yearO. 2 A
A1) 81.378%= AA|gIcE R|&ol 87 sk 652x10°
m’/yearO 8 G FH BB g8 203 7l=gko|
=om Aoty EEXHAL FH, EF, 55, AR
£0 3 74947 km?, 492.2 km?, 466.1 km?, 375.3
km’o & Bxslth 20224 7|, A8k 37FES)
2 £ 4,806, 581x10° m’/year2 RAEIGITh X
St IS A9 BS, AT ETHS, 598
FRUE|Eo] 2} 135, 8, 1270 AldS &F=L A
th(Jeju Special Self-Governing Province, 2022).

SHH AT RSkl gt e 1990t
H Z2A302 +3E1 glckJung, 2012). 972
I AT Aok REFH = Eet oo o
A, Ast A" B B4, A5l #3254 ol
w2t FAIs, E71A-AsE, 71 A A sk, 7|8k
o} Z)8k4=2 BEETHWon e al., 2006). 522 9l
o] A= NO;y-NZ} Clro] A5l A 71 &3] Uet
U= e aEdow A IAket 1A 1A
2 3 2 =7t iEdth s s J3kxrt
A= A GoflA= ol5 LEEZ0] 7HE ] Ast=
4ol o3lE Y= Aer HuEY §ItHKim
et al., 2007).

22 A2

AT AEE Aol BEARE RSN E
oA 1992978 gkl = Astrd] #ST,
A5 98BS, £U AE BEFL 20209
ZX7E o]83l%tHJeju Special Self-Governing
Province and Jeju Groundwater Research Center,
2021). o5 Ame AFFEAR = Askrrg HAIA
gl(water jeju.orkr)ol| A HE3IGAh AFEBAR =
£ 2 1047449 FZ2(X3k4 AE7} 75 m o]5
Q1 A5 9] BEAH 91k, 228G BEAIH 9
N, SARE AY BS54 V) E e = At
58 o 23] Asato] A AP AAA ol ez zo}
71892 o] g3 Faole B4 ANt @Y
oM 2, pH % ECE 27317 24 A5} A

S o]83e] AufellA] Fol&(Na', K, Mg™, Ca™),
20]2(HCO5, NO5-N, CI, SO A3t}
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Table 1. Number of data, mean, deviation, minimum, 25%, 50%, 75%, and maximum values of groundwater quality.

Parameter Elevation pH EC Cr NOy-N  HCOjy SO.> Na* K
Count 208 188 198 203 204 195 204 203 204
Mean 60.052212 7.871277 1034.397475 205.078325 5.811275 61.978974 32.562255 135.251724 48.682843
STD  74.114449 1.248668 3816.320036 844.275769 6.701292 49.468842 102.005712 541.466056 234.514343
Min 1.69 6.2 7.2 4.6 0 0 1.6 0 1.4
25% 16.98 7.2 155.475 10.85 1.5 393 3.875 10.1 3
50% 42.96 7.5 259.55 18.3 3.65 51 8.45 15.9 4.3
75% 71.5 8.1 449.75 32.05 7.675 68.8 20 24.95 6.525
Max 546 12.7 30770 6987.7 43.7 609.5 1014.6 4478.7 1927.1

Parameter ~ Ca®’ Mg** NH,"-N NO,-N F Ccu* Si** Sr* Zn**
Count 204 203 188 189 189 204 189 189 163
Mean  18.522549 13.979803  0.070048 0.001757 0.187561 0.00166 17.043915 0.213096  0.117585
STD  37.898146 42.838318 0.600337 0.024149 0.260794 0.009896  4.727312 1.392602 1.409491
Min 0.9 0 0 0 0 0 0 0 0
25% 6.675 3.85 0 0 0.088 0 15.4 0.0414 0
50% 10.25 6.1 0 0 0.114 0 17.3 0.07 0
75% 16.5 12.2 0 0 0.164 0 19.5 0.1226 0.006
Max 412.6 477.8 7 0.332 1.876 0.09 30.1 19.1 18

2.3 42| < HRE o] 02 7HAIY o= EHES 9nigt
2.3.1 232X 81 9 Ag t}. Missing 18] A2&A]+= WG 002 Eﬂo}‘ﬁ

e Yo AZAE AH I} 22 2= g9l
S A2 vl oj2le YolBR o]of AEZAE &
Qlskar siE-& |87 9151 Python package %
31 Missingno matrix S ARSI Bilogur, 2018).
Missingno matrix 2} Python b1 PAPAR= = A gal
A= A=) Ji4~= pH: 20, EC: 10, CI:
NO;-N: 4, HCO;5: 13, SO,*: 4, Na™: 5, K" 4,
Ca’": 4, Mg”": 5, NH,"-N: 20, NO,-N: 19, F: 19,
Cu®": 4, Si*": 19, Sr*": 19, Zn*": 452 Q1= T}
4225 429 oz ek Hyw 24x)e
JzE BAE U A2L 2L 4= tHAcock, 2005).
ASAE A=) flsiA= weE HolEE AlA
stAU 2S5 54 oz skl 5 o
okt o] A skt Kaiser, 2014).
AFESEAA = Z8le9] IS5, A5k EE
54, 4 AE TS5 20209 HEARS A
212 Astr] 913 18709 +a9E Fa A

_Z-_;(]
A, 24:3% gk, 45-9) 22 T2I5}o] Missing 1,
1=QITHE 1),

i

Missing 2, Missing 322 I5
Missing 19 a58= Zn**, NO,-N, NH,"-N, Cu**

t}. Missing 20| d|g5l= pH, NOs;-N, HCOys, F',
Si*', Sr*e n|mA ZHEo] I xjo|2 kx| okr},
Missing 298] A&x|= H# 02 R7I8ITE Missing
39) &gs= EC, CI, SO.*, Na*, K*, Ca*", Mg*"&
ol gk 7HAIH LS9 Aol 7} ui-$- 2t} Missing
1, Missing 22} ZHo] 0ojy HFoz B7ier 38
el Ajet 2 5 Qo] BEAS 2

gL AHA| 3= vHS AFR5F tHKaiser, 2014).

2.3.2 o] AFZ] A|A

olaFxI%t B2E HlolE o] Welol A Holuk of
A7t 2 ghe Wk oK) HlolEls B of
4SRRI EZagt e AAZ
SHoIT) 15 Foto] 4 ua= o) Hagh 25
%, ZURL T5% FAAZHE BAslo] oINS Bl
ahoit. Missing 39] o] A7AS gJaked S04
©° 2 AHEYH(Inter Quantile Range, IQR)& AR
sholeh. AHRSE dlolHE 2Exeo Hds)
e o 3t 50%—4 HFEE dolHss 2o
Q1, Q2, Q3 ZH0.25, T4 %k, 0.759] YAI5h= HlolH
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£ 7lzom ) 702 etk ARSMIQRE
o1t ol Qu, Qe 1312 BlolE] gto] 1.5+
Zzhe WAL Tla) Fat gte] ofah, ol AHES
wstck(Jeon ef al., 2020) (4] 1). 23U &2
712 lolg 7t A A E o] ARESRE o1&
gk o] AA] A A= ANGSHA] ZSHHTH ™ 1).

[QR:Qg_Ql (1)
Q,—15XIQR< X < @, +1.5X IQR

dold £4 Azsle} BY o3 Y5 P =
H o2 olabx] AA 21el S HAsIY o™ AT
Me TRt Pk £UYR S e LENEL
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Fig. 1. Box plots of missing 3 after removing missing values and outliers.
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Table 2. Percentile distribution of parameters (94%, 95%, 96%, 97%, 98%, 99%) with outliers sorted in ascending

order.
Parameter 0.94 0.95 0.97 0.98 0.99
Elevation 119.351 132.000 170.044 224.1435 274931 435,724
pH 9.830 10.000 10.700 11.4450 11.940 12.505
EC 1370.000 1795.500 2927.040 6782.6500 17445.000 20755.000
Cr 257.700 291.600 589.700 1265.8750 2017.170 4004.490
NO5;-N 16.230 19.000 20.520 21.8350 29.900 31.210
HCO5 120.800 132.250 134.360 143.9300 148.950 158.245
SO,* 47.400 53.450 97.180 135.1400 266.710 405.945
Na* 148.180 208.525 317.520 941.4200 1703.520 2933.330
K" 33.010 42.650 67.860 106.8150 410.540 1133.420
Ca* 35.960 39.300 41.940 53.3750 71.020 86.520
Mg2+ 23.020 25.575 28.180 30.3050 60.030 139.765
Si** 23.030 23.425 23.800 24.0750 25.030 25.940
A F, 770 59 Wsk 271 RS Dokt SaCinfinie)d] g S A2 WA ¢
t}. 5 29} 7+0] 0.94, 0.95, 0.96, 0.97, 0.98,0.99 7  Fro|c}. T3t 21 WMakE SUGFEEL (7289
709 ZES A AT 096 T SUYBEL 2 g vlw fARE 272 MaEgt
2 0.95 F£7kHT} EC, CI, SO,™, Na'7} 2+ 1,131.5
uS/em, 298.1 mg/L, 108.9 mg/L, 43.7 mg/LE & 2.4 XGBoost
A e Btk 0.96 o]F FHREE HE & XGBoost= EXtreme Gradient Boosting2] 2Fx}
At A2 Ve 7] "i&ef 0.96 oA £719] b 2 XGBoost= Gradient boosting &318]&2 7|4t
Ol & AMESIL Bl IR E o[ R E wWHstal o2 JHH(Lee and Sun, 2020). Gradient Boosting

AASHET. 0.95 77k Aok GEE7HA AHg3t
Aol Hole £ Hase Bl o2 S
412 4= 9lgiet

233 21 W

31, pH, EC, CI', NO5-N, HCO5, SO*, Na*, K,
Ca’', Mg 9] 3|2 1S AW EYS o, 9=7}
9F9] 2k 7IRX|H(positive skewness) $ATHEE I
7)(scale) T T2tk I EE 7AISkGY] A=
£2)7] YeNE Aoje AFEER TEolok sho]
SAYRES 77|18 Weoloksealing) Atk 271
Boke A4 A= AT U W Frbeolm)
(O’Hara and Kotze, 2010) H| & 2 7S 2HA b=
I Y=t HeE Eo AFEEZE UsiA &
Utk ¢ +EFES2 log-normal 325 UEhlH
Gaussian 23Z=2 H3IA]7]7] 9819 log (1+X) E F
atod BB 2). log (X) 7FoFd log (1+X)
S AREEE o= dlolEel 0 gho] EAst y7} -

olgt o2 7)9| oFt B<537](weak learner)E £
5ol ARESH= JAME SH5(Ensemble Learning) 5
Bhtel Boosting 7|4l @84S M Aok e
& AT WA 0 2 1) ke ek
Q1 HAL SPPEE B Holch AR sol
o) 7o) BRs1S AAEHT o5 Aakeho =K
Hop Ag=rt 2 95L& =35t 7|¥olth
XGBoosti= U -2(Tree) FEIZ Hlo|EE £
Sh= oAHE A Ui (decision tree)E Rt SH57|=
0]-231tHChen and Guestrin, 2016).

2 A3 AME XGBoost= E72}F 3] 7oA
St e IEg) 71 A el SHoA dRkE
@] Gradient Boosting Machine (GBM)-2 =X}& 0
2 7V A5 $7H1A eH55HAITF XGBoost= *HE
S Folo] v B £ES U] 313
FAl(regularization) 71| WAElo] ZHagte] of
St YFA& 7F2ItH(Chen and Guestrin, 2016). 4]
Q)= HEE 2EE FH= 4ol




D, EF 2)

v &g Ke Treed] M4/ 2 F 33k k
WA SAAAUR, Fl BE Aba e H3
o]t} Chen and Guestrin (2016)f|4] A7 XGBoost
= &A%kE A F3lsle] Regularized Boosting

7€ 7= tHAbou Omar, 2018)(2] 3).

n K
:Zﬂ(%” §i>+29(fk) (3)
i k=1

Log Elevation

XGBoost Regression 7|A[SH5S 0|83t A= R[5k BA012

Log pH

SEOIS A AR 249

3714 &3l 0(y,y) = ARG dZ3Fke

2o]9] &Ag(loss function)o]m] =<1 Q (£,

2] BEXT T} olX|R] oA A WA o=
At3leto|tH(Chen and Guestrin, 2016).

2529 4y L Fot

2.5.1 GridsearchCV

71ASs €aEES 245k stolHuetn]y
(hyperparameter)= R&S 5 off, AR} A
7 AR sFoF sh= Etu|E o]tk XGBoost®] 5t
o] u}z}u] el ¢l Colsample bytree= JAFA AT

Log EC

20

4
Log CI

Log NO -N

20 1

24

) IS
Li

Log HCO,

Log SO %

Log Na*

Log K*

—
[ 8]
[
s

Log Ca?

3
Log Mg

15 20 25 30 135

Log Si*
100 1
50
D T T T
o 1 2 3

Fig. 2. Normalized and feature scaled variables using log transformation for CI” regression.
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Aol a3t B (feature) FEof AR T3
S AT} Max_depth= QXA LR 0] Zof
Zo]E A3} Min_child weight= Leaf nodeo]|
TFE= 4 oo 5 &Jn|eit). N_estima-
tors+= Learning_rate (7)+= SAFEAUTEY NS
Z2A5h= 9 3t} GridsearchCVE 3fo|wu}
Sulge] GBS £AA 02 Aol HAe sol
Hujetn el g gAshes AR F(grid search)d}
<5 dlolE<t A3 Hlo|HE K Uro] K9 4
59 Bt Fo 2 ARESH= WA #HF(cross vali-
dation)Z g%l APIo|ti(Lee and Sun, 2020). £ 4
FoIAE Leaming rateS ASIg stolwutetnle]
So) 24, AYRES U F ANHOR 1 99
= Z£o] Yest= 9207 XGBoost Y&
A3} } Leaming rate= GridsearchCVE ARE-
F2) 972 0.01-0.1 Afolo] gt % H=le] ke Al
STt

LN

O

252 29 H7}

XGBoost Regression 2@ 7o ARRE X #+=
A7) 3 5 3t0) Aol S Arigroz Wek F ¢
qtete] Bt o= 5= MAE, AAIZ 5419
AtolE At B2 k= MSE, B AT
3o AlEZE A k= RMSE, AAIg 4
Sgke] Aol AAIe = U F AdigE Bd 2
2 Fof HEER Slsh= MAPE, AAIgE ¢l
28] Zol& AlFet gk H(Sum of Squared Residual,
SSRy= AR Hate] AolE Aludt 29| FHSum
of Squared Total, SST)2. 2 U= 7S Tsh A
Aoz 0o ZHYFE ERgle AR 19
s meo] g %S BTk Hrtel
£ R AMESHATE AlolA o, v, v 7 ARk
A& BdS Yulst v A=Y 5 vt
th&l 4,5,6,7,8).

Z\y*yAl
MAE= =L
n

“4)

Y (-0

5
MSE=""——— )

(6)

100 & y—y
MAPE=—2Y" | 4—Y 7
n = Y
SSR Z(]/i_.&)z
2_1_ _i=1
B=1"557= & @®)

Z(UZ _;)2

XGBoost2} -2 AU 7|0 Hdle o
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