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Accurate modeling of groundwater quality requires a proper understanding of
the spatial dependency structure of hydrochemical parameters and the
application of advanced predictive approaches. In this study, six machine
learning algorithms including K-Nearest Neighbors (KNN), Multi-Layer
Perceptron (MLP), Random Forest (RF), Gaussian Process Regression (GPR),
Gradient Boosting Regression (GBR) and Extreme Gradient Boosting
(XGBoost) were employed to predict electrical conductivity (EC) and calcium
(Ca*) concentrations in Guilan Province, Iran. To incorporate spatial
dependency into the predictive framework, the distances to neighboring wells
were introduced as input features, and model performance was evaluated under
different neighborhood scenarios (4 to 8 neighboring wells) using annual
groundwater quality data from 2002 to 2018. The results indicate that ensemble
learning models outperform the other algorithms; however, the optimal spatial
configuration varies between parameters. For electrical conductivity (EC), the
Random Forest model achieved the best performance when eight neighboring
wells were considered, with an R-squared value of 0.888, a root mean square
error of 117.165, and a mean absolute error of 84.173. This suggests a broader
spatial dependency for this parameter within the aquifer system. In contrast, for
calcium ion (Ca?"), the XGBoost model yielded the optimal performance with
four neighboring wells, achieving an R-squared value of 0.811, a root mean
square error of 1.154, and a mean absolute error of 0.820, indicating that local
hydrogeochemical processes exert a stronger control on the spatial distribution
of this ion. The comparison of neighborhood scenarios further demonstrates that
increasing the number of neighboring wells does not necessarily improve
prediction accuracy for all parameters, highlighting the importance of
parameter-specific spatial dependency analysis. Overall, the findings confirm
that integrating machine learning with spatial feature engineering provides an
effective framework for intelligent groundwater quality modeling and can
support the optimization of monitoring networks and water resources
management strategies.
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Figure 1. Flowchart of the Research Method
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Figure 2. Location of the study area: Guilan Province, Iran.

Table 1. Statistical Summary of Groundwater Quality Parameters in Guilan Province (2002-2018)

K* Na* Mg* Ca* So4? cIt Hco3™ Co3? PH TDS EC
Units meq/l meq/l meq/l meq/l meq/l meq/l meq/l meq/l Mg/l uS/cm
Maximum 2 111.7 17.9 30 41.6 117.6 25.1 0.7 8.8 9.3 14800
Minimum 0.01 0.02 0.2 0.6 0.03 0.1 0.9 0.03 5.2 0.1 200
Average 0.08 2.6 2.05 43 13 25 5.1 0.2 7.6 0.6 900
Standard deviation 0.2 6.6 1.4 2.6 2.4 6.9 25 0.1 0.5 0.6 900
oW g slbadl .Y
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Table 2. Comparison of the average performance of models with 4, 5, 6, 7 and 8 neighboring wells in Guilan Province for EC

Model R-squared RMSE (uS/cm) MAE (uS/cm) Pearson correlation Number of Average distance from
(Testing) (Testing) (Testing) (Testing) neighbouring Wells the target well (meter)
MLP 0.844 159.408 114.646 0.919
KNN 0.815 173.322 125.683 0.905
RF 0.845 158.724 113.832 0.920
GBR 0.846 158.554 113.676 0.920 4 705320
GPR 0.846 158.580 113.710 0.920
XGBoost 0.846 158.580 113.711 0.920
MLP 0.856 157.821 112.186 0.926
KNN 0.824 174.182 125.416 0.913
RF 0.856 157.943 111.992 0.926
GBR 0.857 157.493 111.831 0.927 5 762948
GPR 0.857 157.505 111.861 0.927
XGBoost 0.857 157.505 111.861 0.927
MLP 0.832 165.325 117.926 0.917
KNN 0.816 171.928 123.539 0.911
RF 0.851 154.858 111.500 0.925
GBR 0.852 154.419 111.190 0.925 6 8298.65
GPR 0.852 154.398 111.156 0.925
XGBoost 0.852 154.399 111.156 0.925
MLP 0.882 123.112 86.395 0.942
KNN 0.845 142.325 104.803 0.927
RF 0.882 123.522 86.258 0.942
GBR 0.882 123.565 86.356 0.942 ! 840599
GPR 0.882 123.567 86.357 0.942
XGBoost 0.882 123.567 86.358 0.942
MLP 0.888 117.887 86.354 0.944
KNN 0.853 134.141 99.524 0.935
RF 0.888 117.165 84.173 0.944
GBR 0.887 117.413 84.360 0.944 8 9494.83
GPR 0.887 117.413 84.359 0.944
XGBoost 0.887 117.413 84.360 0.944

Table 3. Comparison of the average performance of models with 4, 5, 6, 7 and 8 neighboring wells in Guilan Province for Ca*2

Model R-squared RMSE (meg/l) MAE (meg/l) Pearson correlation Number of Average distance from
(Testing) (Testing) (Testing) (Testing) neighbourhood Wells the target well (meter)
MLP 0.807 1.166 0.830 0.903
KNN 0.711 1.458 0.944 0.851
RF 0.788 1.233 0.849 0.894
GBR 0.802 1.185 0.852 0.900 4 5628.76
GPR 0.799 1.196 0.831 0.897
XGBoost 0.811 1.154 0.820 0.905
MLP 0.635 1.515 0.954 0.850
KNN 0.633 1.566 0.977 0.810
RF 0.787 1.194 0.869 0.892
GBR 0.778 1.216 0.871 0.889 5 6394.88
GPR 0.734 1.327 0.893 0.865
XGBoost 0.790 1.183 0.862 0.894
MLP 0.728 1.242 0.909 0.855
KNN 0.482 1.797 1.100 0.757
RF 0.689 1.374 0.938 0.840
GBR 0.720 1.318 0.919 0.852 6 6867.54
GPR 0.713 1.344 0.923 0.848
XGBoost 0.729 1.278 0.910 0.857
MLP 0.762 1.266 0.931 0.877
KNN 0.521 1.776 1.088 0.785
RF 0.717 1.381 0.964 0.851
GBR 0.749 1.323 0.939 0.869 l 7399.93
GPR 0.698 1.495 0.965 0.838
XGBoost 0.761 1.264 0.926 0.875
MLP 0.747 1.314 0.973 0.871
KNN 0.440 1.957 1.155 0.759
RF 0.678 1.460 1.027 0.843
GBR 0.749 1.309 0.970 0.871 8 7934.65
GPR 0.745 1.321 0.978 0.870
XGBoost 0.746 1.315 0.975 0.870
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Table 4. Summary of the average test performance of the models for Ca*

Wells R-squared RMSE (meg/l) MAE (meg/l) Pearson correlation
MLP 0.736 1.301 0.919 0.871
KNN 0.557 1.711 1.053 0.793
RF 0.732 1.329 0.929 0.864
GBR 0.760 1.270 0.910 0.876
GPR 0.738 1.336 0.918 0.864

Table 5. Summary of the average test performance of the models for EC

Wells R-squared RMSE (uS/cm) MAE (uS/cm) Pearson correlation
MLP 0.860 144.711 103.501 0.930
KNN 0.831 159.180 115.793 0.918
RF 0.858 142.442 101.551 0.931
GBR 0.864 142.289 101.482 0.932
GPR 0.865 142.293 101.489 0.932

Table 6. Summary of the average test performance of the models for both quality parameters

Wells R-squared RMSE MAE Pearson correlation
MLP 0.798 92.090 71.150 0.895
KNN 0.641 80.445 58.423 0.855
RF 0.795 71.885 51.240 0.898
GBR 0.812 71779 51.196 0.904

GPR 0.801 71.814 51.203 0.898
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Figure 3. Best models for 4 Neighboring Wells

e
-
o
o S—
;o w0 6o 860 1000 1300 1900 1660 1800 o T i 1% 10 im0 w0
000 =
1000 / oo
1600 ™ 1600 4
1o 150 o| el .
5 P 5
fu ' - 200
Faom £ ooy
i Faono i
o]
o
i . w0l
o] B
w S |-
(o < bl
e W i 10 10 160 8% T e W W B% v W0 W W @ % 10 130 10 160 1% %o e W @0 % 1% w0
Gl o 7y e o 13 a8 )
x| » 4 e
» e »
0 0
]
2
8
H /
H
0 o
B
o
5W Ca*% B3 IR ] 13 S £ EIE s 5 B 1 ERE
o] »
B
s .
»
»
L 3
H s
i i
» 0
s s
o o
I ] L S
i~ e

Figure 4. Best models for 5 Neighboring Wells
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Table 7. Summary of the average test performance for each number of neighboring wells for Ca?*

Wells R-squared RMSE (meg/l) MAE (meg/l) Pearson correlation
4 0.813 81.398 58.491 0.903
5 0.742 81.111 57.743 0.897
6 0.760 80.307 57.680 0.878
7 0.789 64.014 45.195 0.894
8 0.783 60.842 44101 0.895
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Figure 8. Heatmap of the mean test performance for each number of neighboring wells for Ca*



oyo Oyl 5 03[l (s /e AU (S8 Tt wntigeo 9 ilo 5505 b chrojptj I S Slpiio i

Table 8. Summary of the mean test performance for each number of neighboring wells for EC

Wells R-squared RMSE (uS/cm) MAE (uS/cm) Pearson correlation
4 0.840 161.194 115.876 0.918
5 0.851 160.408 114.191 0.924
6 0.842 159.221 114.411 0.921
7 0.875 126.610 89.421 0.939
8 0.882 120.239 87.189 0.943
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Figure 9. Heatmap of the average test performance for each number of neighboring wells for EC

Table 9. Summary of the mean test performance for each number of neighboring wells for both variables

Wells R-squared RMSE MAE Pearson correlation
4 92.090 71.150 0.895 0.798
5 80.445 58.423 0.855 0.641
6 71.885 51.240 0.898 0.795
7 71.779 51.196 0.904 0.812
8 71.814 51.203 0.898 0.801
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