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Machine- and Deep Learning Modelling Trends for Predicting Harmful Cyanobacterial Cells and
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Abstract Nowadays, artificial intelligence model approaches such as machine and deep learning have been
widely used to predict variations of water quality in various freshwater bodies. In particular, many researchers
have tried to predict the occurrence of cyanobacterial blooms in inland water, which pose a threat to human
health and aquatic ecosystems. Therefore, the objective of this study were to: 1) review studies on the application
of machine learning models for predicting the occurrence of cyanobacterial blooms and its metabolites and 2)
prospect for future study on the prediction of cyanobacteria by machine learning models including deep learning.
In this study, a systematic literature search and review were conducted using SCOPUS, which is Elsevier’s
abstract and citation database. The key results showed that deep learning models were usually used to predict
cyanobacterial cells, while machine learning models focused on predicting cyanobacterial metabolites such as
concentrations of microcystin, geosmin, and 2-methylisoborneol (2-MIB) in reservoirs. There was a distinct
difference in the use of input variables to predict cyanobacterial cells and metabolites. The application of deep
learning models through the construction of big data may be encouraged to build accurate models to predict
cyanobacterial metabolites.
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CHABs M Z-CTHAIEE &&= of

et al., 2016), 59 2FL(l, CSOs, HF L ¢ BhHgt
Al (Hwang et al., 2017), W& 2 IFH 354 =
o] oJ3t ¥ok3}(Schindler, 2012) ¥ X LL2u3lo] 9
T 713 (o, &%, 7Hz) s ¥3}(Paerl and Huisman, 2009;
Paerl, 2014; Qin et al., 2021)7} 1} &7+ &4 - 2317 2191
o2 Hgale U= URTE 4487 EA0lH(Anderson
et al., 2012; Bruder et al., 2014). CHABs= 1 AAitoz
= AP 2 09 4T F 2 B 4 9100 (Reynolds
and Walsby, 1975; Pearl, 2014), =4 #3lel B0 Z3}
(Shin and Park, 2018; Summers and Ryder, 2023), 8-&At
A ZHAe) o]F mAF(Watanabe et al., 1996; OSTP, 2016),
13 Tho 74 (Dodds eral., 2009) B o]z WA} A1
- Aol (Shin ef al., 2022) 53 2+ it 2AF ofl
EobT B3slx| otk (Bruder ef al., 2014). E3F TjEby 2
Z(10°cells mL™)o]l tek2w 39] f5g0f whet 1
e FUHoR F40) efElo] 7] 7ol A of
S| ool %423 Aejo] 0|24 E)of (Pacrl and
Otten, 2013; Summers and Ryder, 2023), o] Fgof 54 9
olZu] AFERS) DB o[MEE BHoZ Sek o]
47 kot 220l 22 B2 o o] 1 HshAk(Shin
etal., 2022).

CHABst #3llgze] £ AejAgss 40 23|
A (9ll, Microcystis) = AAA| (4, Anabaena)®] A3
I A9 QP o] HEEH ATt FEF o JA
Hth(Reynolds and Walsby, 1975; Paerl and Millie, 1996;
Watanabe et al., 1996). 932 27| E= v YA 1z}
EZo| A== 78t 288 (buoyancy)ol] 7]¢1%E =2 A
FES HlA 1L W 13 A7]9 FEE FHLE HS
Z4hsk= A8 g.91o] EH (Reynolds and Walsby, 1975),
f2e sEH 27T 23 (scum)S o|F B2 3
2)71% gtk (Raps et al., 1983). Ath7t, et kAl Ael
2 A% Fole oheket 9y S a1, B 2 A

I, $9¥E, 5 ASe TR Y 28l 9
3 Al S oR U $F ol WEE fASH, 2AE
O A27I7HA e EXYE 2BHA Y= AHEH S 7
Zt}k(Nichols et al., 2006; Shin et al., 2016; Shin and Park,
2018: Shin et al., 2022). o|#at @ALL el Abejo] 94
shadl Ms) @ ARG B (pool) S Eet 2FaHA
of w4y SN B ERET AT FPL B
o]71% gkt (Mitrovic ef al., 2010; Shin and Park, 2018). T
gk A o8 E AV E A Be] SHol4 CHABsO| %
A5 AW -9 A S B 2H] F HiEEE 54,
microcystin) 2 YAEZ (9, geosmin, 2-MIB)2 A9}
tjEo] SQ3 WA tide] Har glen, 1 5= A7y

2
o
2
ol

£ Q8 MLT DL 22l ATRSE 269

wE L R 9FE 2 ASRES U8 HauD g
A& of 9lt}(Paerl and Otten, 2013; Kim et al., 2021; Shin et
al., 2022).

FAETHE CHABs® 545 H|E5lo] o)} 22 oo
3t Fgko 2 Q13)], WHO (World Health Organization)& %
Hom ula A, $YATEY), 9, AR, 55 9 &
ARE 5 AA F8 AAZ7HWHO, 2011)%gt opfa} &
Slieh CHABsE AAHOR thg Bejola Aale) o
A4 g 98 A% 2R AL A% 2ol Lo (Shin
et al,, 2016), 449 8 W4T Solo] Hsis Fa 5
- A2 FEE W2 Falid= WAL (o, Anabaena,
Aphanizomenon, Microcystis, Oscillatoria$)®] AXEZ$3E F
7+ 2UE 3k QItH(MOE-NIER, 2020). E3}, A& Hlo]
B 7|9t 2dgS 53 APdo| CHABsS] TAHS 953t
I, 0 ARE AR 39 F3EE "EREPEAIAE 9
HEEsto] BeHA & o 285kl YUTH(MOE-NIER,
2020).

Z|Z7HA], S &JollA] CHABs A o = 7E skl ¢4
o] A HYE AT Sl B 294 9 o]
B 78 RE5SE BA 1 Doy wet 18] ARgSf ot
(Peters et al., 2014; LeCun et al., 2015; Baker et al., 2018; Krat-
zert et al., 2019; Schuwirth et al., 2019; Kim et al., 2021).
SEuete] A9, 202090 2FAHEA|LG A EAE F
A7) A7 r)s BHE SR EFDC BdS o]8-3)
o =23} chlorophyll-a (chl-a) @F-5 |53t AP A
A AW E AP (Lee er al., 2012). o]%F, H4lg
J (machine learning, ML)Z} @2 (deep learning, DL) &
ne)Zel 7)uk 8L o|§3tel CHABSE ol &sigle
W, DL 29 oba7hx) ml1gk Aol eh(Kim er al.,
2021). B3}, CHABs o|50) 7H-4 &<5 Hlo|E+= chl-a &
= EBE % 5% 50l ¢ ALHUt(Harada er al.,
2013; Liu et al., 2013; Xiao et al., 2017). CHABs 2] A|3Z<,
54 9 WNEA g dig APAt= o RS AA
of gloh, Hat thdlE = fEAEA] FEHeE A s
7] {18 ololl gt AP At Badt A= AlrEHLE 1
ZoA ¢A4-e= MLY DL 2L 7|9te 2 3t CHABs
o] Mz A A=A S titt 75T AEE Sl
AFHIL e T8 W& oot} tEo] v HFHE T
g a7t ok

2 d7= FHolA ML} DL 2 7|9t 2 CHABs
of AlESo} AERS 5T AW ATAAE Hapeg
glolEHlo] A (¢, SCOPUS)2HE 8 7|9=9] Auoz
£ g2 2 ARG 39 A 232 AAAIEHA
BA3}o], sg Ao B3t MLI}F DL 33+ 9 H3¥S A
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1. el 2 HlolE =

CHABs AlZ4 2 tJAHEA (9], microcystin, geosmin 2
2-MIB) &%= gt ML¥} DL 29 oS3} fd A
B Q7Edel BAL £UL OF doleulols A4 E
g9l SCOPUS (https://www.scopus.com/) S ©]-&3}%ith.
SCOPUS= 3t ¥ Z2AES SWste diE4 7|1
Elsevierol] &Jaf 5012l AlA] o 159 k& oolEfH]
oA A ZHFo R W3 7|4, o5t 9 ALS|HEr Fof
£ FYeste] Fol2 ZAdE ot 239 AME 7
sHA s 3 2 75 A% 2 AME FE 719
4 AH3Ich ML DL 2o n2iE B 20 3
A 719 =& 7] A8H5 (machine learning) ¥ 4585 (deep
learning) 2.2 3} 11, CHABs A3d AA 7|19e: o
Z AN|3EZ4(cyanobacterial cells), S4 (microcystin) 2 HAY
=74 (geosmin, 2-MIB)2 A3t dl& &0l = A2
T g S| ML g128|&o] 388 282 ANt F¢
“cyanobacterial cells + machine learning”& ARS-3}41, DL
g a]Eo] AL 7 “cyanobacterial cells + deep learn-
ing”& AH&SHSITH(Table 1). H2 AR Y Afol=
microcystin 9|& oA MLo] ZLH 3¢ “microcys-
tin + machine learning”, DLo] &% ¢ “microcystin +
deep learning”= Z+ZF ARE-31$Th(Table 1). Goesmin¥} 2-
MIBE Sela 9402 Zaislol 2312 BulsisichTable
. LR, 2 d|2udeh MLI DL 2Y JTei%e] 7

Table 1. Key search words used in this study.

T HA

ol
o

Ha gL - AIRR|

HE 23+ A AAEZR] o= 8 ARE 4] A8
AL 719 EE B o g g8sto] ERIsE4ITth(Al-Sulttani
et al., 2021; Sibanda et al., 2021). &+ 9|24, CHABs A2
9} BB A “cyanobacterial cells” 5} o})z} “cyanobac-

9 <«

terial cell density”, “cyanobacterial abundance” 53 Zo]
g BEFS Ul 4 Uk A 7INEEE BEstel
2o wEAoE AASE Brb BNTAE AR B
AdlolE AM7|7kE 19609 o|FEE 20234 297HA =
‘1

CHABs?| Zt o|&H =9} ML¥} DL 24 ¢
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5 oA 1 23, 2 A7 sHA 878k WE=
ZISHA = BHES ASITE. CHABs AlZ4, S4
(1% % IA=2 (2% 55 fis MLY% DL 2d ¢z
o A8 A AR B S £7E TR 2dE2
A 24E Bl A8 e FRERE 44 Est
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3. HAED0|Y W SA| E3IT0] 24

HI

SCOPUSA €2 7|¥E HA ATE= csv format Y
2 AL, o] LS MA HEYIY 75 9 A4S
£ 317] 93l VOS (visualization of similarities) viewer (ver.
1.6.16, CWTS, The Netherlands) £2ZE¢o]& AN
(van Eck and Waltman, 2009, 2010). VOSviewer= =4, Z
£, 719 ¥ EE Ao AME dojo HEE V|Eler
AN AIE A3k (van Eck and Waltman, 2007; van
Eck et al., 2010a). BlAEDIO]Y 7|HS E3 ZF0] (B

Search platform Search criterion

Total number Number of

of articles articles retained
(TITLE-ABS-KEY ((“machine learning”’) OR (“deep learning”’) AND
« - s 55 10
((“cyanobacterial cell”)))
SCOPUS ("l:‘ITLE—ABS.—{?EY ((“machine learning”) OR (“deep learning”’) AND 20 5
((“microcystin”)))
(TITLE-ABS-KEY ((“machine learning”’) OR (“deep learning”’) AND 6 4

((“geosmin”) OR (“2-MIB")))
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CHABs MZ-UAIE R S& 0|52 9IS MLI} DL 228 T SE 2n

FAlo, Yio]) 7t HEYR BAT} FA0Y T8, E
= 52 VOSviewer program®] 2T T (clustering
map), HEYT AlZ3}(network visualization) H To] @
= W (density map) 2.2 F &3} TH(Waltman et al., 2010).
VOSviewer ZA¥+= mapping} clustering 7|H& ©]-83}]
B35t T o]& A|Z3sHth(van Eck et al., 2010b). Y E
3 NZgke FA01Y A 28 HEE 7|EoRE O AT
2 Kullback-Leibler distanceS ©]-&35}o] 702 T3
315+ T (Waaijer et al., 2011).

TR, AT Aol e FAES T A4 (color)
= &3l A} (clustering) =™, FLTH A4 Hek oA
T A 28 R s 7HA fAsk AL, s A
% da] 9ojA Eo|A Hr}(van Eck and Waltman, 2009;
Waltman et al., 2010). 0|22 = 7} 0]&ke] Z=4|0]7} shte)
A1 (document)of| A FAlo] B-EEIL QUTtH, o] & FA|of
7b 43 A= 7HE 71&skaL 3l Aolth(van Eck
et al., 2010a). TRE=E FAo] D= &4 5o wat A5
Aoz ARHY, 8 79 Y7t BS54 YEHIY A
Z}3tol| A 2A Yelhdth(van Eck et al., 2010a). A1 2] &
T X3 E9 REo s 2R EH, et goAH 2L
Aof|, Fol2H AgH Mol L= - oFe] A i E 7t
k. o]FA st} AA A7 F 24 FAo] B HI=E o
29 A351A JeElFA Eth(van Eck and Waltman, 2009,
2010; van Eck et al., 2010a).

A3 o B
1. CHABs MIZ49} LIAIEE 55 0SS 93t
ML3} DL Bizlo] M3 H7sis U HEYT 24

ML DL 2935 F3l 54 CHABsS| AlZ4 3 thA}
=2& A5 A de AA 71ME AN 2% F 810
T AFHCE 207171 sfFsFFTh(Table 2). o, shte] &

Table 2. Number of previous research literatures predicting the
cyanobacterial cells and associated metabolites concentration using
machine- and deep learning models.

Metabolites

Models/  Cyanobacterial

Variables cells . . .
Microcystin -~ Geosmin ~ 2-MIB

Machme 6 4 4 1

learning

Deep. 4 1 _ -

learning

oA o A=A AHE Aol a7ie AL 2 A
A2 R o] oA, ML& 883t A5 A& 1570
(75%) 9.3, DL 571 (25%) 5t} 2E H2X MLOA Ax
74 670 (30%), F427F 471 (20%) F AL, DLAA AlZ57F 4
N (20%)E AA8HSTh ASHPER B, Al 257 1074
(50%), AAFEZ 0] 107H(50%) At} HAFER F S471 570
(25%), =2 0] 571(25%) %tk ML} DL 2285 7|
283 CHABs 9| A2 9 tiAE 2 952 F3 o2 B4
orgrot WAEA (geosmin, 2-MIB)7HA = 3t ThoFst
A7 AE S48 e

Z|Z7HA], CHABsE 9535t © MLY} DL 22¢] &-§
o] Z7151aL )2 (Russo et al., 2020), ©|= CHABs{ o
g7 Ao RE HAStE Y A9 H Sh5E F
3 Zd 9] 58 FYAIZ 4= )&= (Chen and Mynett, 2003;
Teles et al., 2008; Fornarelli ez al., 2013) ¥4, dr&5of -8
< Hlole] ol ZABHE et st Hsate] vlAe) o
olElo] EATE ARe WAL o217t A e W=
UTHWelk et al., 2008). &, |5 13 5 4F= AgE A
49) TS AAITRE ol $-8T S YA, YU OR B
ARl AR BAE HHsl7]= o2& = UrH(Recknagel
etal., 2014).

CHABs9| M|z, 54 E WAEE S gt MLt
DL 2dg o] A8 A5 F4lol (keywords)ZXN Y EYA
£ #A43% 23= Fig. 13} 2tk 53], MLT} CHABs 9| Al
T A= oE Zd-ggo] vlg) o B3R b HA
th(Fig. 1A). ol whell, F= 49 WAEZDS Tagh &
A’d< UeEtlth(Fig. 1B, C). VOSviewer?] HIH A}
71 z38}o] FAo] (A A A4 (relevance score) A 60% E=
S¥ W& Fa 2~33] ol siFshe o)zt 242 2~3
M 99 (cluster) &2 YHAH(Fig. 1). A HA, "ML+
CHABs M| 24 of| 4] FA4]0]= 377§ 1L (Fig. 1A), 99 1
Z5FHA] (algal bloom), ¥ 2= 2ol (prediction) E
& 32 Y= (cyanobacteria)S FHo2 19} A H dolr}
E2 REE SAste] YEYIE o] ek F WA, "MLt
microcystin e A FA|ol= 4070F 1 (Fig. 1B), 99 1 =
F=4 (microcystin), 99 2+ Fal2FHA (harmful algal
bloom) ¥ F< 32 HF¥3} (eutrophication)E FAHLE,
Al 1A, Tgeosmind} ML 2|4 FAol= 107H 3L (Fig. 10),
A9 12 HAIEZ (geosmin), FY 2= = (cyanobacteria)
£ SHeE 247 #RASE 7t 2= v WA, 'DLZ
CHABs A|Z 0|4 FAol= 26702 (Fig. 1D), 89 1
2 A)Z8H5 (deep learning), BY 2+ F-al2FHA (harmful
algal blooms) ¥ ¥ 32 E=(cyanobacteria) g FHLE
BALL FHAG} F2 UHE JAES AR AL
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Fig. 1. The VOSviewer results showing the keywords co-occurrence network visualization using data collected in the scopus database. Each
cluster is distinguished by different colors. Size of circle represents quantity of network degrees. And gradient of color shows total frequen-
cy of the term. (A): cyanobacterial cells and ML, (B): microcystin and ML, (C): geosmin and ML, and (D): cyanobacterial cells and DL.

9 oA o] WHAF) 6] E E7(o], ANN i CNN &
)0 45 AANE 1R A Rofz FRE A3
Hoz B3 A gt 719t FAHoloH 2+ gele)
ZA)0] M9l WA Tesiglon, MLE DLo| ¥)s) R}
%A Aoz AmH

= ol&

i
o
¢02|E Hi

mjo

#

re

2. CHABs MIZ+=2} tAISE
MLz} DL 2ol HEE ¢

Kl

ML-2 CHABs®| A2, E4 9 WAER oS8 of
3 trekstAl o] 8= %L, 53] CHABs| Al 24Kt} tiAE
A A Zol| AMgEE SRV €53] Wkth(Table 3). A2
AZo] 2gH d1YESS ANNY RFELH gAERE £ =
4 &) 2o ANN, BT, Cubist, HMM, LASSO @ SVM2] 6
o], geosmindt 2-MIB+ CART, FLM, MARS ¥ RF
] 4%o0|9Ith(Table 3). ANNLS A|E4:9} E4 ofZof|, RF
£ AIZ8} geosmin dISol| ZH2F FFH R AREE T
(Table 3). §FH|, DL ¢118]&2 CHABs| A3 o5

HE olgEglon, 1 o 54 tAHEAYA LSTM 15

o] &3t tH(Table 3).

T duFY HE&S T =N AduEH, ANNS
CHABs9] o] (#7] = A7]) of|Z(Yabunaka ef al., 1997;
Recknagel et al., 1998; Wei et al., 2001; Xiao et al., 2017,
Kim et al., 2021)3} 2 ©|o]g £4] (Maier and Dandy,
2000) 5ol @o| AREEIQITh ©7](5~302 H9) clZolA
WSS T A =, d571te] s e
3 ouf) o]A =& A= (o, ©7): 1P =0.74~0.89 (4 hrs~ < 1
month), &7]: 0.32~0.46 (> 1 month~10 yrs))E 7Rt
(Harris and Graham, 2017). 'F22] ZA|Z40] thaf v
2 22 AT ) 3 7FAA T (Luo et al., 2017; Xiao
et al., 2017; Kim et al., 2021), 7| & ZZA|20f gt R}LA|
ot A8 A E3IA| E3FH th(Recknagel, 1997; Wei et al.,
2001). 183 Microcystis 7N A8 RoJo|A 43132
U, dEuag Belsh] S8 ugE B4o] a7H
(Harris and Graham, 2017).

CHABs9| Al Z4, 54 2 YHEES 953517 913 ML
g o] 43125 Bl A2 Table 49} 2t MLOY| 43}
£ F8 91 E2 BT, Cubist, RF 2 SVMo]ith. CHABs
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Table 3. Algorithms of ML and DL used in the study predicting the cyanobacterial cells and associated metabolites concentration using ma-
chine- and deep learning models. Numerics indicate the number of literature included in each case.

Features Algorithm

Cyanobacterial cells

Metabolites

Microcystin Geosmin 2-MIB

Machine learning™ ANN 5
BT
CART
Cubist
FLM
HMM
LASSO
MARS
RF 1
SVM .
Deep learning™ CNN
GRU
HDL
LSTM
RETAIN
Transformer

—_ = W = NN

Abbreviation: [a] Artificial Neural Network (ANN), Boosted Tree (BT), Classification And Regression Trees (CART), Fuzzy Logic Model (FLM), Hidden
Markov Model (HMM), Least Absolute Shrinkage and Selection Operator (LASSO), Multivariate Adaptive Regression Splines (MARS), Random Forest (RF),
Support Vector Machine (SVM); [b] Convolutional Neural Network (CNN), Gated Recurrent Unit (GRU), Hierarchical Deep Learning (HDL), Long Short-

Term Memory (LSTM), Reverse Time Attention (RETAIN).

Table 4. Comparison of machine learning model algorithms ap-
plied predicting the cyanobacterial cells and associated metabolites
concentration.

Targets\Model algorithms BT Cubist RF SVM

CHABSs abundance (cells mL_l)

- Below 60,000 . . + .

- Above 60,000 . . + .
Microcystin (ug L")

- Below 2.5 + + . +

- Above 2.5 . . . .
Geosmin (ng L™

- Below 20 . . + .

- Above 20 . . + .

See Table 3 for the definitions of the abbreviations on the model algorithm.

o] AlE24=7} 6.0% 10* cells mL™' ]38} E= 71 o|Ato]|A] RF
ot 2259tk (Table 4). Microcysting 2.5 ug L™ ©]3}9]
A BT, Cubis @ SVMY A%, geosmin< 20ng L™
ol3} T 11 oA =4 RF7} 2451tk (Table 4). ©]
o, CHABs M| 259} thAFEZ o] A = S AJ-2 o
A= vstA wEUo, 92 (peak)d] ¥ S HLA

Tag7bE = AFe UEhlth ol2d 2ak= E ¢
Z 5o EXNa EEE Ao R AR Qo (Harris and
Graham, 2017).

J

7ok

3. CHABs MIZ2t LHAIEE Sk 052
MLz} DL 2H2l0] HSE it Hi

CHABs2| NZ4¢} IAEE HEE &317] 93] ML
7} DL 2dof AH8-H AYHsE F 30712 FRlEg
o] FolA 71HsE 1070, 8- FEHSE 3 € 4

ESSEY ME}(Table 5). 2% 714 2 48] SRS
CHABs®] M| 249} B4 o Zof|gt AF-EQ T, geosminTt
2-MIBY] HAjEA 041—2—01] A o] &= 3Th(Table
5). diZHgo] w2 ¢lE W= CHABsQ| AlZ4=0)A] 227
2 ohA Wk, E49) geosmln°ﬂ‘: Z+ZF 1370, 15702 +
A= o geosmind AR Mgk 236G (Table
5). 2-MIB= =2, A8, £ 2 M249] 474 AT A
S=o] Bl d TdtgiTh(Table 5).

&3t viel Zo], AdY dAFollA YRS FEo] F37
e AP tFetgnt e mdde 714 9 -
S5 dlojEle} 3 e, 3t 2 AESHA 4 v

e
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Table 5. Comparison of input variables used predicting the cyanobacterial cells and associated metabolites concentration using machine-

and deep learning models.

Features Input variables

Cyanobacterial cells

Metabolites

Microcystin Geosmin 2-MIB

Meteorological
variables

Air temperature
Rainfall

Amount of light
Evaporation
Cloudiness
Atmospheric pressure
Wind speed

Wind direction
Rainfall intensity
Rainfall duration

Hydraulics and
hydrological variables

Flow discharge
Current
Water level

Water quality
variables

Water temperature
Dissolved oxygen

pH

Conductivity

Salinity

Total dissolved solids
Turbidity

Suspended solids
Transparency

Biological oxygen demand
Chemical oxygen demand
Organic matter

Total Kjeldahl nitrogen
Total phosphorus
Nutrients (loads)
Chlorophyll-a

Algal cells

e 6 o o o o o o o
°
.
.

2o 8 Ao S| wat fAdo] w1 7}
WA o] ZIth(Guven and Howard, 2006; Mooij et al., 2010).
CHABs A|Z529] 9= falid o] AEAL Axtof] 2% 2t
o] BB IvkE aEojof = YYHT}t Wol
A|A "k (Rousso et al., 2020). BHd, dAFEZ ] Ho=
2 AL FolA 24|19 =4 Ee= APE7|O| AATHA
H|Z =] 22 (Shin ef al., 2022), o]} T2 H A a9l W}
oa AlFAY 4= 9tk MLI DL d &2 9 A4sHA A
H9E JYHFE SastH g ST W 45 94T
4= Qlth(Liu et al., 2013; Xiao et al., 2017). YSH9 A
€2 H-8A Y o= 7HA, AFA E Holg 59

QoA o & War} Yrh(Ostfeld ef al., 2015). ]
gt o] wiZol, @2 AFolM= AT 7K 2 E
9l dErdz st AL B2 FHh(Liu ef al., 2013;
Xiao et al., 2017). 7L 9|24, CHABs®]| tj3t ©7] dj&nd
7ol A chl-a (Harada ef al., 2013) E+= 3% d|o|€ (Liu
et al., 2013; Xiao et al., 2017)TS 7|4t 2 AL, d=
THE dEst7] Aal Aol o2 g duErshr|e
BHch(Wang et al., 2018).

FPHO 2 CHABsol| 7H¢ & &S vl dE8usE
e AE HEE St 2do] gol AMEE (It CHABs &
Ao 7P 1 B &, 38 YEHSE Ik, o



CHABs MZ-UAIE R S& 0|52 9IS MLI} DL 228 T SE 275

2 7S (o, RIE £4, FAE 24, dlold uteld 3)
= ol-&sto] el S 1o AN HAE Bkt
T qF E= Aol 7P 1E Mg $ASE w7
7]%= %t (Gelman and Hill, 2006). 12|\ EA412 Al
Ae ABBAE Yu|sh= A2 oFY = (Gardner, 2000), &
AH oz et W47} sEEA] CHABsOl| 3t olzkaA| o)
Hg Qlo] ofd 4% Qlth(Recknagel et al., 1997). WehA,
Yo A2 CHABs 9% 9 WEAS melsh=

ACEH, YT BY A FHAL 2E AT, B

B4 71249 BAES olHFES she AL oh o,
E dxo) Brjg wojRt Qeust v ekl

B, 273 HHoR AnE JYus
A E%, CHABs o % 9 md 4e] 2%

HE A3 %= Uri(Cawley and Talbot, 2010). $+H,
HSE gol XFste Ak WA A5S FA717] 9
T AA 28E oYtk 1 ol wAF A Atz s
g A4S WafstAY HlolB o BHAg} (overfitting)S 2T
= 7] wl&oltk(Cawley and Talbot, 2010). Wb JHH
T Mg o] o3t A Fae divye Rdo| R} 5
™ (Chen and Mynett, 2003; Teles et al., 2008; Fornarelli et al.,
2013), o]¢} #ATH 9 WHo 2N FAJEEA (principal
component analysis, PCA)Y} A EAFTE A (canonical
correspondence analysis, CCA)©] 713 @o] AME-E 11 Qi
o A& mue] 7% AT ofeh ulg A, AR
S H 884 55 AXT 5 e ARl vt Millie

etal., 2014; Qin et al., 2015; Xiao et al., 2017).

4. CHABs MZ2} LHAISE ST 0ISS 2t
MLz} DL 220l AL2E &5 HIO|E 4= Hlw

CHABs| AlE4, B4 ¥ WHZES d257] $I3) ML
3 DL 9] 212 ALgE Bh Hlolele] 5 okt e
Table 63} Zt}. MLZ} DL 222 CHABs2] A3 o2
AR et HlolE 9 =(H)e= 22 10971 (39~1857M),
2,52871(1,826~2,9227N)Q11, B4 240~2777), AAER
2 112~1277] YK} (Table 6). HAEZ L] H$, ML
DLOIA BlojE|e] 3] zol= Al 9oLk, CHABsS] A
Ep oS0 M= ERTH(Table 6). DL 22 MLo| B3] 23
o] B2 H|oE 7k ARS-H STt

etz oz MLY DL 2dg Atolr] @2 Rl=9 3t
5 HolHE AHSErE 2hY A H52 Hoh
L RAo&F AF3 JH(Moe ef al., 2016; Tromas et al.,
2017; Page et al., 2018; Wang et al., 2018; Wilkinson et al.,
2018). ZHHAE HolE 42| A HMHAE F&sHA AA

Table 6. Mean number of data used predicting the cyanobacterial
cells and associated metabolites using machine- and deep learning
models.

Models/  Cyanobacterial Metabolites

Variables cells Microcystin -~ Geosmin  2-MIB
Machine 109 277 127 112
learning (39~185) 17~731) (72~185)

Deep 2,528 _ _
learning (1,826~2,922) 240

Parentheses indicate range (minimum to maximum value) that suggested in
literatures.

SHAE gt @A ARS 7Rt HlolE e gt A2 2l
H

3 AT e Adskes b S8  9low, Bd2
2 ASe Sl Hadte] 2443 2UET dojgrt Bast

t}(Bertone et al., 2018). =3, MLT} DL 292 sh& d|o]
B 9] 7Mg/dunt ohlel A4 o= A &5 Wi
of vlolg|7} ®elo] ZAo] H7tstA] FA, APl HHst
A AR A GBS 2d e AT 2 A6
#8128 4 QITH(O’Hara and Kotze, 2010; Sheng et al., 2012).
H<o], ML DL 299| oS 3212 23] glo]g 1 &
Ao Mgt 2&57] tiol 3AHeE Ao T E= S
€ dlole 9 HA=E AgHE o) glvt. E3H CHABsE
A&3t7] Al ths 42 (sources) ] HOJEE 23oh= A
g AL9 JjMsks 6] 71638 4= Itk (Chen ef al., 2019).
T T2 583 SHL g5l 7HEE 4= e HlolE F
59 717t HE (o, 24 B2 SAFDE & 5 U0+
(Rousso et al., 2020). & A4 CHABs 9&2 ¥3] ML
mdo) gA= 2704 dAE 409 5312 4 dHlolH
o 7|7to] o] §H o= motE ik A F ez, HolErt
o A BlHAERe, CHABsY] 14 HEALS A2 vt
FoHA] Zotd Y 52 AR FAEA EE = ok
(Rousso et al., 2020). E3E, o] 22 9] 7t 2 H=2 25
A= CHABs A &5 717t 5¢t9 o877t a5+
o, 7|& BUES H (o, 2888 @] MEHY, AE
W AEA B4 2 HlolE Ao o&Este A9, B2 wl
=9 glojg HE2 CHABs Al7]ogt Atz o2 7Hs3) e}
(Millie er al., 2014). 28 2d HZ9] 7|27} 5l AH2
o3 MEY HE7} Sl dHolHE AN =W 23]8 2
7} Ak 7RsAdo] ok Millie et al., 2014). ESE H)o]
H 549 4 F At daiAE F83 4= ek 1 9
2ZH, g2= 258 24 (Reynolds et al., 1987) E= AF
sho] o3t 7t (diurnal) ¥-5 (Hamilton et al., 2010)2] A&




276 %HE2 - 429l - ofgtt -

2Js17] v,

@9 CHABs9| AlZ4 9 tjAEES 953 ML DL
mdg ol A8 A= F 2070 (ML 75%, DL 25%) 24 H]
A Aoz WA ghgront theFstA A8E Ut ML
Mz, 54 9 HAHEZE (geosmin, 2-MIB)7HA| & 36}
Aot FHAE o] &3 AY A9 YEYIE EAT AT,
MLZ} CHABs 9| A|Z A= o 2E-§5of B8] tha
B4 e EYoy dAEES Ao dedt o
AdE Ueith =8 992 falidx ¢ tAEE Y dA
I oS =79 AT AAGE 7H FA) EoFR = AT
ML 31285 (10%)2 CHABs Al Z5¢} tjAHEA 9] of| 2o
Z U7 AHE-E RHEo| DL (6%) CHABs2| M Z oj&0
T 2 24tk CHABsO| Al 249 tAEE 52F 95
517] 918 MLZ}F DL 229 g 3 307H0T o] 5
oA 714 E ] SE¥SE CHABsO| Al Zpot 54 4
Sollnt ARSEIQ L, HAHEE 5ol HE o] =R sk
th. g &Hpo] wE Y= Hp= CHABs S| Al 242004 227
2 tha U, 549 geosminoll= Z4H2F 1370, 1572 F-
AE R geosmind AEHE W4T Z3FSHGIc) 2-MIB
= 27 47 AR ARgE o] mje @ttt CHABs Y
N Z5 A5S 3 Shgoll ARE-E HlolEl & MLl H]s|
DL 2do] 238 A& W3kt

£ A++= MLY DL 29-& ©]-83t CHABs Al 24> 4
AEE FEE ST A A ATE 8 8 guE
AE, A 9 shguolE 429 vluE FF A 24 9
A BN 4FH HEES sk dle A7 ISt 2 o
fre AR AT ZAFY AlFTHE Aole} g alle] HiF
A oldy T2 AYT W AAIRE "t olsl= TAZH
A = A2 AR E G vHd, Sl gt 8
SAAEE FE0H U8-S HluE RS o= FE 7Y
7F Sl Ao wEy (&Aool Hete] ad
Ao g Holn, FF o] Hof AF 8o 7| 2ARZH F-&

sHA 882 = V1€ 7t

¥ 2

Zefol Sof, vlAlefdat By mee chept 4 1)
AMBHE =37 Slal FuslekA AAgE T ik 53],
559 B ol g3t A AA) I 420 B

N

ot

S Qe faldRe WAL S5 U8 we A4Sl
AFAs BYS B3k 9tk Webd, 2 ATol4E 2
A fodze] B AZs) Ao 288 AFAE B

ggsto] AAAA 2 75 FH8. F8 7|9=
ol-gsto] B 9l | BHAES 2R A deEd
Hde 22 G2 AEZ A STt AGEHL, miled 2
gL G2 AH3ES 0] Q)9 microcystin, geosmin, 2-MIBL} 2
YA dfolE 2HE BED Aok 3, U A
ot AR ES 9 B8E YPUSES AF
t 2tol 7k lgich. H29] dAEES FAI535h7] S8 2
mdo] A&H vp7} gll=t, % HHloly 752 S o
AMEAE d&shs A7 28 Aoz AlgHrth

e

MR

% 1 rlo

-

MR vhg-e (ATetm ARl TER 14, A1)
(AT ABSAT IR ATES), ol (AL
AB@AEHET o} by A7e), WA (AT

B ARSI ERET o Axlaby A7), FeA (AR
sha @Akl w2, AR (AR B 9
)

XMA7|H 2 78424 Y. Park, J.K. Shin, and S.J. Hwang,
THPHEZE: Y. Park, J.K. Shin, and S.J. Hwang, A=A 532
S.J. Hwang and J.K. Shin, AtZ2£4]: Y. Park, J.H. Kim, H.
Lee, S. Byeon, and J.K. Shin, ¥ %9F2}FA]: J K. Shin and
Y. Park, Y70 9 HFAE: J.H. Kim, H. Lee, S. Byeon,
and S.J. Hwang, ZA|&2]: Y. Park, 94| 5 Y. Park. &
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