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Abstract

Although process-based models have been a preferred approach for modeling freshwater aquatic systems over
extended time intervals, the increasing utility of data-driven models in a big data environment has made the
data-driven models increasingly popular in recent decades. In this study, international peer-reviewed journals for the
relevant fields were searched in the Web of Science Core Collection, and an extensive literature review, which
included total 2,984 articles published during the last two decades (2000-2020), was performed. The review results
indicated that the rate of increase in the number of published studies using data-driven models exceeded those using
process-based models since 2010. The increase in the use of data-driven models was partly attributable to the
increasing availability of data from new data sources, e.g., remotely sensed hyperspectral or multispectral data.
Consistently throughout the past two decades, South Korea has been one of the top ten countries in which the greatest
number of studies using the data-driven models were published. Among the major data-driven approaches, i.e.,
artificial neural network, decision tree, and Bayesian model, were illustrated with case studies. Based on the review,
this study aimed to inform the current state of knowledge regarding the biogeochemical water quality and ecological
models using data-driven approaches, and provide the remaining challenges and future prospects.
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Fig. 1. Number of published studies (a: total and b: annual) during two decades (2000-2020) using
data-driven versus process-based approaches for modeling freshwater aquatic systems.
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Fig. 2. Annual total number of published studies during two decades (2000-2020) using data-driven
approaches, which were classified into nine categories, for modeling freshwater aquatic

systems.
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Fig. 3. Performance rankings among a) regions and b) countries evaluated based on the number of published
studies (during 2000-2020) that used data-driven approaches for modeling freshwater aquatic systems.
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Fig. 4. Number of published studies (a: total and b: annual total and annual cumulative) during two
decades (2000-2020) using data-driven approaches for modeling four different categories of
response variables (physico-chemical, ecological, chlorophyll-a, and cyanobacterial abundance) in
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Fig. 5. Annual total number of published studies that used remote sensing data and data-driven approaches

for modeling freshwater aquatic systems.
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25 g2 v oY 2d ARE Fete 7

@ 2dé) godo] F4E Holdd i IFE IFFY
9= 719 4 AHMichielsen et al., 2016; Zhai and Chen,
2018). 2dl A= 2d o] %uj 7| ¥H < (hyperparameter) S
Asglate] A F(overfitting) S FAFLZA Hold& E9l
= 71¥olH, F&$ A7 S(random cross-validation)
OIS A A5 AHE Wl wE Hdojo] gk
1 THOzesmi et al., 2006; Rohani et al., 2018).

S AA g AA ERE VIEY EEE 8 B3
oplME ZAE FE 9 tIFsrt 7HEsE dgelth A4
2 AR olYoll®E 7Rl S {3 &F7]d gA" AXEF
B A8E 288 A9 7184l SUE Aol AAIzt
EUEY A2E 2 g FEHo £ - a7 2 OIS
A AFZE TR A AoltlSchuwirth et al., 2019).
Bor olyg diFE 2% X(omics) AEY FF DNA
(environmental DNA, eDNA) A5¢] Ako 2 Q135 A2

¥ oft

of Mr
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59 &84 277t AR AFo|thPeters et al, 2014;
Schuwirth et al., 2019). 7}&3 zt5 &F] F7t= HE&F
A5 ZAAE ol 9Ed 59 V& dd AL 85
A&Ho 7 FET AoJthLeCun et al., 2015; Shen, 2018).
TS AR EX st e 58 54E 8 A7
dolel Al i A5 Feiv Y F71= thFsid Aol7] of
ol °olF S/ F de hEFTE(multi-scale), FFERE
(multi-modal)®] 2dE 71H, o & So] Wo|A¢ YEYA
Y A8 At 274 H(generative adversarial network; GAN)
o] &go] 7 Aoz A4 F UrkRobson et al.,
2018; Shen, 2018).
Y 384 =
Al F7He £33
g Zlolth 20189 ‘&
e, % =89 T I E34 B BA Y FFol
HoH, ol gt F+F-FA-FAH F Bl et
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A 9 FAd RdoAE
A - &% B¢ kA9 Fa4d0] 6 oiF
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