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Interpretable Water-Quality Prediction of Paldang Lake
Using Graph WaveNet and SHAP for Identifying
Priority Nonpoint Source Areas under Rainfall
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Abstract: This study forecasts water quality at Paldang Lake and interprets the basis of its predictions
to identify priority nonpoint source (NPS) areas in the watershed. Because rainfall-driven NPS
pollution originates from widely dispersed sources, evidence is needed to allocate limited management
resources. To this end, 63 monitoring stations across the Namhan River, Bukhan River, and Gyeongan
Stream were represented as graph nodes, and Graph WaveNet was used to forecast BOD, COD, T-N,
and T-P at the Paldang Lake station from 1 to 10 days ahead. SHapley Additive exPlanations (SHAP)
was then applied to quantify variable- and station-wise contributions, which were compared according
to whether rainfall occurred. For 1-day-ahead forecasts, the explanatory power (R?) was at least 0.89
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for all variables (0.94 for T-N), equal to or higher than the LSTM, TCN, and Transformer baselines,
and T-N maintained an R* of 0.37 even at the 10-day horizon. Conditional SHAP analysis showed that
nutrient contributions from the remote Bokha Stream system in Icheon increased markedly under

rainfall; for T-P, rainfall contributions exceeded dry-condition contributions in all 250 training runs,

indicating a rainfall-sensitive NPS source. The same tendency appeared in the Gyeongan Stream

watershed. These results can serve as a basis for prioritizing watershed-scale NPS reduction projects.

Keywords: Graph WaveNet, Explainable Artificial Intelligence, Nonpoint Source Pollution, Paldang Lake,

Water Quality Forecasting
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Figure 1. Study area and the 63 water-quality monitoring
stations in the Paldang watershed (Namhan River,
Bukhan River, Gyeongan Stream)



Table 1. Composition of the 63 graph nodes by sub-watershed and representative tributaries

Sub-watershed No. of nodes Representative tributaries / reaches
Namhan River ($1-533) & Cheongini S (choon Janghowon), Eung S,
Bukhan River (N1-N17) 17 Uiam Lake-Gapyeong main stem and tributaries
Gyeongan Stream (G1-G12) 12 Gyeongan Stream main stem and tributaries (Gwangju)
Paldang Lake (target) 1 Paldang Lake inflow/intake reach (target)
Total 63 -

Water-quality variables (7): water temperature (Temp), dissolved oxygen (DO), BOD, COD, total nitrogen (T-N), total phosphorus (T-
P), pH. Meteorological inputs (2): air temperature (Air temp), rainfall (Rainfall). Study period: January 2020 - January 2025.

Table 2. Descriptive statistics of the daily water-quality variables at the Paldang Lake (target) station (2020-2025, n = 1,849)

Variable Unit Mean SD Min Median Max CV (%)
Water temp °C 15.15 6.70 2.00 16.32 30.70 44.2
DO mg/L 10.26 2.19 1.40 10.53 15.70 21.4
BOD mg/L 1.23 0.46 0.40 1.19 4.30 375
COD mg/L 3.67 0.54 2.50 3.60 6.70 14.6
T-N mg/L 2.33 0.42 1.39 2.28 342 18.2
T-P mg/L 0.032 0.021 0.008 0.027 0.196 65.7
pH - 7.97 0.50 6.70 7.97 9.50 6.2
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Table 3. Test R? of Graph WaveNet by target variable and forecast horizon (mean + standard deviation over 5 folds x 5 seeds)

Horizon (day) BOD T-N T-P
1 0.89 £0.02 0.90 £0.05 0.94 £0.02 0.90 £0.07
2 0.74 £ 0.04 0.78 +£0.09 0.86 +0.05 0.77+0.14
3 0.50£0.12 0.59+0.16 0.78 £0.06 0.56+0.28
4 0.25+0.24 0.38£0.25 0.71£0.07 0.39£0.40
5 -0.04£0.31 0.16+0.43 0.64 +0.11 0.30+0.30
6 -0.33£0.36 0.07£0.37 0.57+0.13 -0.02£0.47
7 -0.36 £0.30 0.01 +0.34 0.52+0.14 0.09+0.35
8 -047+£0.52 -0.01 £0.32 0.44+0.16 -0.03 £0.37
9 -0.28 £0.33 0.01+0.34 0.39+0.14 -0.04+£0.34
10 -0.18 £0.21 0.02+0.32 0.37+0.20 -0.13+0.43
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Table 4. RMSE and MAE of Graph WaveNet by target variable at forecast horizons of 1, 3, 5, 7, and 10 days (mg/L; mean

over 5 folds x 5 seeds)

Variable Metric H1 H3 HS H7 H10

BOD RMSE 0.145 0.292 0.418 0.477 0.454

MAE 0.093 0.200 0.296 0347 0.342

COD RMSE 0.151 0.305 0.437 0.474 0.473

MAE 0.105 0.220 0.335 0.365 0.370

N RMSE 0.096 0.180 0.229 0.266 0.306

MAE 0.071 0.135 0.174 0.206 0.235

p RMSE 0.006 0.013 0.017 0.020 0.022

MAE 0.004 0.008 0.011 0.013 0.014
St A= 7= (BOD, COD)¥} QI(T-P)o] -4 & 514t 1Y & RMSE= BOD 0.145 mg/L, COD 0.151
of oJ8] 7+ A 0 2 FFok=EAS XY A7] ol Z0] mg/L, T-N 0.096 mg/L, T-P 0.006 mg/L $>30]9] 0.1,
Ao 7 oPrt= ﬂ% HFoJ kc}(Reza et al,, 2019; 10¥ 30| +=7}7}0.454, 0.473, 0.306, 0.022 mg/LZ Z7}
Mamun et al,, 2022). sto] Aol T4 B ABEH U A5 9]

R2055 484 7]Z0 & ¥ BOD-COD-T-P= oF
3Y, T-N2 ¢k 7Y o| ] A Zo] A A E| T 4= = A

S4kS] A AL v B A} 23 = Figure 390 A4S}
ATt Figure 39] (a)5-¥ (d)+= ZH2f BOD, COD, T-N,

BYS Aot Ao E AFREY, SUT 27A T-Pof] tigt 22, 5 doll= IS5dEHS A
A E )it oS A A Sk F A, sheoll= 2kt
(a) BOD (b) COD
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Figure 3. Observed and predicted daily time series (upper) with residuals (lower) at the Paldang Lake station for (a) BOD,

(b) COD, (c) T-N, and (d) T-P
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Table 5. Test R2 of Graph WaveNet and baseline models for forecast horizons of 1-5 days (mean + standard deviation)

Variable Model H1 H2 H3 H4 H5

GWNet 0.89+0.02 0.74+0.04 0.50+0.12 0.25+0.24 0.044031

50D LSTM 0.87+0.02 0.65=0.04 043+0.12 0.07+0.13 0,30+ 0.40

TCN 0.78 +0.04 0.64+0.09 0.44+0.08 0.19=0.11 0094025

Transformer 0.82+0.04 0.63 +0.04 0.32+0.13 0.07+0.26 0134039

GWNet 0.90 = 0.05 0.78 % 0.09 0.59+0.16 0.38+0.25 0.16+0.43

con LSTM 0.90 +0.06 0.76+0.14 0.57+024 0314033 0.12%036

TCN 0.83 +0.06 0.71+0.11 0.53+0.18 0.34+027 0.17 =040

Transformer 0.83+0.07 0.66+0.15 0.37+0.29 0.22+0.39 0.05 +0.50

GWNet 0.94+0.02 0.86 £ 0.05 0.78 £0.06 0.71 £0.07 0.64 £0.11

N LSTM 0.94+0.02 0.86+0.05 0.74+0.10 0.66 = 0.06 0.54+025

TCN 0.84 = 0.05 0.77+0.06 0.72+0.05 0.64+0.09 0.62+0.10

Transformer 0.84+0.10 0.80+0.10 0.72+0.10 0.64+0.11 0.62+0.10

GWNet 0.90 +0.07 0.77+0.14 0.56+0.28 0.39 +0.40 0.30+0.30

p LSTM 0.86+0.17 0.79 % 0.09 0.53+0.16 029+0.22 021+024

TCN 0.78 +0.07 0.68+0.11 0.55+0.15 0.38+0.25 028+0.22

Transformer 0.75+0.22 0.62+0.22 0.5140.20 0.30+0.27 0.19+031
(55T E A eIt T-NZ A o]l 5 A & A As}7] ofHrh= A& AR E95HH Graph
Al AR, T-Pi= @71 A& A A A 49719 38§ WaveNet-Z 74 0 & oJu] §l=17| & F7] ol &
TR v 1A & AQEE §HE, BODSF CODE oS 7hofA] 2 B dll tju] 5ot AUL 45 452 A
d sk FRolA A7 2A S E o] A AA| S, 3 TR E PAIH 0 & 5ok AT B
o AFA Atet Fatskl E} G S 2 7)e {20 F-84L &
< 35 gl < oje] o 4 A& Ao A= B arE HE glom

HEH =93}t A 7o} wAEE -E’—Oal'oﬂ/ﬂ LSTM, TCN,
Transformer 2 @3} H| W5} 0., 71 ZA3}= Table 5
o g =] sttt A¥HE 02 Graph WaveNet-2 t -2
O] FE A5 A A A 2 B3} of55HA Y H
E2 R 2 Ut @719 ) 9]l &00| A Graph
WaveNet-2 BOD 0.89, COD 0.90, T-N 0.94, T-P 0.90=
7125190, o+l 2| A HukS AF85H= [STMI}
H] T} T-P= 0.869] 4 0.90.0.5, BOD:: 0.879] 4]
089% AHE A CODS} TNAHE & o]
5% 428 BT ol 37959 Bgo| 2]
N BT PR Holst], 29 45 FFS
AN Y04 Ao A 0 2 FSEHA ek Al
ekt o Al A7} s o0 2 ZojAE A9 &
18 PO AL B 7 50l B Rol A EA &
Wh R T2 BRERE, ol F7] A%
A of = RHOIE 00] 71918 ME-S YA

(Huan et al., 2023; Li et al., 2024; Liu et al., 2025; Wan et
al,, 2025; M. Yuan et al,, 2025; Li, 2026), @& g2 0|85t

R LCE L ECRER R NEE D)
CTH(Baek et al., 2020; He et al., 2022; Perumal et al., 2023).

2. 92 g= 7jojE

5E RE9| o2 2AS FE S04 B4
918}, 41 (12)0] we} SHAP 32 A7k 2|4 02 3
Abslo] 7+ 9lg §HE9] 7|0 & A&k 11

Figure 40f| A A5} t}. Figure 49] (a)-(d)
COD, T-N, T-P2] o] Z0f| tfjet Z3to]u,
O] BE.Z, 7}2 YA|&= SHAP 7|9 =&, HS
ggke] Atetd 2718 yehdn: old 2} 9]
= disiH = 27| A F= 7|4 E A

ol A U 2] 2 F=20) 7] e 272
B glet. 24 A3}, 7- 54 P50 oS0l = o
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Figure 4. SHAP summary plots for (a) BOD, (b) COD, (c) T-N, and (d) T-P (each target's own variable excluded)

B2 9] A AR ot 2Rl H o duE o
& 2 I5H 7V vt 3R 277 V] ofske
20 2 Yetyit). 53] 4 (Rainfal) 2 o 2 F=52
d&oA 2 710 E EAoH, Fegol S AH LS
5 SHAP gto] £-5.01 7|7} A% 0.2 Halsh=
ol HEEHUH. ol= B EB R
oA Ak QIxfoln, BEo] o]
AR 25 E 225052 AR
(T-N, T-P)9] d &M= F71= &
& 5o & 71o45to], o i 2.4
5Ol A Zof Hkg = 1 i2o] gl
Geol2fet g W 7o & EA42
2eo] )4 542 ol e
%] 31 Q1 TH(Wang et al., 2022; Makumbura et al., 2024;
Choudhary et al., 2025; Karahan et al,, 2025; Y. Yuan et
al,, 2025; Alwateer, 2026).
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Table 6. Median Rain/Dry ratio (RDR) and, in parentheses, the percentage of runs with rain > dry contribution (n =250 runs

per variable)
Variable Bokha Stream Icheon area Gyeongan Stream

BOD 0.95 (36%) 0.92 (30%) 1.04 (60%)

COD 1.01 (55%) 0.97 (43%) 1.09 (72%)

T-N 1.15 (86%) 1.12 (84%) 1.25 (90%)

T-P 1.42 (100%) 1.39 (99%) 1.57 (100%)
QA A AFRA 712 G BelolA ofn] £ o] w]go] ZA thehton], T-pY] A9 513517 4 A
2o RO L Aolch B AT 725 oA 93~100% 47 A 2 ARk100%)7 Azt
© W2 22T fAF fAste] Adide &S HYth R BOD-COD 5 f71& F=EolM =
ZFEER el ool e e HddE E2 AHEY LA HEol 50~60% 20 HEH 9
wel Bal sl ol AR AL RF Aol FAROLEAT RS ol P2 79 4] 94
A Ll 573 A -A7HA 9] Bl L F oA frEEE 9 A9 9] T4 3= Figure 5] A &= FH| = A A5}
FHF H37H 1R WG 2] AAHOR WY Gk Figure 5 (a)~(d)= 22} BOD, COD, T-N, T-P
5|31 93-S A AFoFH (Reza et al,, 2016; Reza etal., 2019; of thet A=, Yo 7= 7% Al 7199 2715,

Lee et al., 2025), 3G A] o] 73-2-of H1 735t v H 2. ¢
LA 9 YL HFA 0 2 FHESITHKim et al., 2022;
Shim & Choi, 2024).

S 7]& =521 BODLF COD&= &5 0]| 4 RDR
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Figure 5. Spatial distribution of rainfall-sensitive contributions for (a) BOD, (b) COD, (c) T-N, and (d) T-P. Circle size:
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