Supplementary data of the paper titled “Improving the Accuracy of Groundwater Level Forecasting by Coupling Ensemble Machine Learning Model and Coronavirus Herd Immunity Optimizer”

Corona Virus Herd Optimizer
The optimal weight of each individual ML model was determined by applying the CHIO. The CHIO is a novel metaheuristic optimization technique inspired by the spread, mutation, and immunity mechanisms of viruses within a population (Al-Betar et al. 2021). It is designed to efficiently solve both minimization and maximization problems, making it particularly suitable for hydrological studies. Its dynamic balance between exploration (searching the broader solution space) and exploitation (refining near-optimal solutions) ensures robust convergence to the global optimum. The CHIO algorithm operates through three main processes: infection, mutation, and immunity. 
· Infection process
The infection process updates the position of a candidate solution by incorporating information from other candidates that exhibit better performance. It moves the candidate toward a more optimal region in the solution space. Accordingly, the updated position of ith candidate () can be expressed as follows:
	
	(S1)


where  = old position of ith candidate;  = infection rate, controlling the magnitude of movement, and  = position of the best candidate.
· Mutation process
The mutation process introduces random variations in candidate positions to explore unexplored regions of the search space, enhancing diversity and reducing the likelihood of premature convergence. Hence, the mutated position of the ith candidate () can be expressed by Eq. (S18).
	
	(S2)


where  = position of a randomly selected candidate, and  = mutation probability, controlling the degree of randomness introduced.
· Immunity Process
The immunity process preserves and utilizes the best solution in the population, ensuring that it is not lost during the optimization. It enhances the convergence rate by aligning other candidates closer to the global best solution. Therefore, the updated position of the i-th candidate after the immunity process ( can be expressed by Eq. (S19).
	 
	(S3)


where  = global best solution in the population; = current position of the i-th candidate, and  = immunity factor, controlling the contribution of the best solution to the updated position (typically: (.










Table S1 Details of the cost indices used for the accuracy assessment of the six individual machine learning (ML) models (Roy et al. 2021; Saqr et al. 2023, 2025; Abd-Elmaboud et al. 2024; Khatti et al. 2024; Sathiyamurthi et al. 2025; Subbarayan et al. 2025).
	Index
	Abbreviation
	Equation
	Best-fit value
	Eq. No.

	Mean bias error
	MBE
	
	~ Zero
	S4

	Mean absolute error
	MAE
	
	
	S5

	Root mean square error
	RMSE
	
	
	S6

	T-statistics
	T-stat
	
	
	S7

	Global performance index
	GPI
	
	
	S8

	Mean absolute percentage error
	MAPE
	
	
	S9

	Percent bias
	PBIAS
	
	
	S10

	Index of scatter
	IOS
	
	
	S11


Note: n = total number of data,  &  = mean of actual and forecasted values, and &  = actual and forecasted ith value, respectively.






[bookmark: _Hlk194051134]Table S2 Details of the benefit indices used for the accuracy assessment of the six individual machine learning (ML) models (Roy et al. 2021; Saqr et al. 2023, 2025; Abd-Elmaboud et al. 2024; Khatti et al. 2024; Sathiyamurthi et al. 2025; Subbarayan et al. 2025).
	Index
	Abbreviation
	Equation
	Best-fit value
	Eq. No.

	Coefficient of determination
	R2
	
	~ Unity
	S12

	Uncertainty at 95% confidence interval
	U95
	
	
	S13

	Nash–Sutcliffe efficiency
	NSE
	
	
	S14

	Variance accounted for
	VAF
	
	
	S15

	Index of agreement
	IOA
	
	
	S16

	Legate McCabe’s index
	LMI
	
	
	S17

	Correlation coefficient
	R
	
	
	S18

	A10 index
	A10 index
	
	
	S19


[bookmark: _Hlk174534196]Note: n = total number of data,  &  = mean of actual and forecasted values, &  = actual and forecasted ith value, respectively, and m10 is the ratio of the actual and forecasted values. The values of 10 − index possess physical engineering relevance, indicating the number of samples that align with projected values within a variation range of ± 10% compared to the actual values.




Table S3 Estimates of evaluation metrics during training for the six individual machine learning (ML) models at different observation wells: W1, W2, W3, and W4.
	Method
	
Well
ID
	Evaluation metrics

	
	
	Cost indices
	Benefit indices

	
	
	MBE
	MAE
	RMSE
	T-stat
	GPI
	MAPE
	PBIAS
	IOS
	R2
	U95
	NSE
	VAF
	IOA
	LMI
	R
	A20 index

	ANFIS
	W1
	0.000
	3.578
	0.474
	0.007
	0.000
	5.030
	-0.003
	-0.076
	0.967
	5.054
	0.967
	0.992
	0.928
	0.857
	0.983
	0.871

	
	W2
	0.000
	1.471
	0.320
	0.000
	0.000
	1.797
	0.000
	-0.024
	0.998
	14.231
	0.998
	1.000
	0.983
	0.967
	0.999
	0.976

	
	W3
	0.000
	4.437
	0.437
	0.000
	0.000
	0.921
	0.000
	-0.018
	0.996
	14.046
	0.996
	0.999
	0.981
	0.962
	0.998
	0.998

	
	W4
	0.000
	3.849
	0.599
	0.000
	0.000
	1.847
	0.000
	-0.025
	0.991
	12.497
	0.991
	0.998
	0.963
	0.927
	0.996
	0.993

	ANN
	W1
	0.032
	3.695
	0.526
	1.220
	0.004
	6.102
	-0.517
	-0.084
	0.961
	5.034
	0.960
	0.989
	0.920
	0.840
	0.981
	0.833

	
	W2
	0.013
	1.665
	0.405
	0.715
	0.000
	2.217
	-0.102
	-0.031
	0.997
	14.222
	0.997
	0.999
	0.979
	0.958
	0.998
	0.974

	
	W3
	-0.010
	4.649
	0.511
	0.409
	0.000
	1.067
	0.041
	-0.021
	0.995
	14.037
	0.995
	0.999
	0.978
	0.956
	0.997
	0.998

	
	W4
	0.035
	3.482
	0.661
	1.084
	0.003
	2.151
	-0.148
	-0.028
	0.989
	12.485
	0.989
	0.997
	0.957
	0.915
	0.995
	0.986

	RBF
	W1
	0.000
	3.613
	0.505
	0.003
	0.000
	5.624
	-0.001
	-0.081
	0.963
	5.043
	0.963
	0.990
	0.923
	0.847
	0.981
	0.843

	
	W2
	0.000
	1.690
	0.408
	0.000
	0.000
	2.161
	0.000
	-0.031
	0.997
	14.222
	0.997
	0.999
	0.979
	0.958
	0.998
	0.974

	
	W3
	0.000
	4.633
	0.497
	0.000
	0.000
	1.018
	0.000
	-0.020
	0.995
	14.039
	0.995
	0.999
	0.979
	0.958
	0.998
	0.998

	
	W4
	0.000
	3.392
	0.650
	0.000
	0.000
	2.016
	0.000
	-0.028
	0.990
	12.487
	0.990
	0.997
	0.960
	0.919
	0.995
	0.991

	LSTM
	W1
	-0.024
	3.730
	0.509
	0.948
	-0.002
	6.359
	0.389
	-0.082
	0.966
	5.041
	0.962
	0.990
	0.922
	0.845
	0.983
	0.793

	
	W2
	-0.119
	1.351
	0.323
	8.556
	-0.006
	2.891
	0.910
	-0.025
	0.999
	14.230
	0.998
	1.000
	0.978
	0.957
	0.999
	0.998

	
	W3
	-0.121
	4.968
	0.560
	4.658
	-0.023
	1.425
	0.494
	-0.023
	0.995
	14.030
	0.994
	0.999
	0.972
	0.945
	0.997
	0.998

	
	W4
	0.314
	3.760
	0.788
	8.959
	0.310
	2.921
	-1.336
	-0.034
	0.989
	12.457
	0.985
	0.996
	0.945
	0.889
	0.994
	0.979

	CNN
	W1
	-0.100
	3.710
	0.517
	3.924
	-0.037
	6.051
	1.607
	-0.083
	0.963
	5.038
	0.961
	0.990
	0.921
	0.841
	0.982
	0.823

	
	W2
	-0.092
	1.671
	0.358
	5.700
	-0.005
	1.889
	0.699
	-0.027
	0.998
	14.227
	0.998
	0.999
	0.980
	0.959
	0.999
	1.000

	
	W3
	0.276
	6.127
	0.988
	6.110
	0.179
	2.614
	-1.124
	-0.040
	0.992
	13.939
	0.981
	0.996
	0.944
	0.888
	0.996
	0.993

	
	W4
	0.660
	4.235
	1.191
	13.732
	1.937
	4.743
	-2.807
	-0.051
	0.985
	12.333
	0.965
	0.990
	0.913
	0.827
	0.993
	0.890

	RNN
	W1
	0.031
	3.624
	0.526
	1.176
	0.004
	6.335
	-0.498
	-0.084
	0.962
	5.035
	0.960
	0.989
	0.918
	0.835
	0.981
	0.818

	
	W2
	0.069
	1.313
	0.254
	6.108
	0.002
	1.795
	-0.529
	-0.019
	0.999
	14.236
	0.999
	1.000
	0.985
	0.969
	0.999
	1.000

	
	W3
	-0.042
	4.955
	0.531
	1.672
	-0.003
	1.111
	0.172
	-0.022
	0.995
	14.034
	0.995
	0.999
	0.977
	0.954
	0.997
	0.998

	
	W4
	-0.060
	3.507
	0.682
	1.830
	-0.011
	2.169
	0.257
	-0.029
	0.989
	12.481
	0.989
	0.997
	0.957
	0.913
	0.994
	0.988


[bookmark: _Hlk184796472]Table S4 Estimates of evaluation metrics during the short-term for the six individual machine learning (ML) models at different observation wells: W1, W2, W3, and W4.
	Method
	
Well
ID
	Evaluation metrics

	
	
	Cost indices
	Benefit indices

	
	
	MBE
	MAE
	RMSE
	T-stat
	GPI
	MAPE
	PBIAS
	IOS
	R2
	U95
	NSE
	IA
	IOA
	LMI
	R
	A10 index

	ANFIS
	W1
	0.000
	3.578
	0.474
	0.007
	0.000
	5.030
	-0.003
	-0.076
	0.967
	5.054
	0.967
	0.992
	0.928
	0.857
	0.983
	0.871

	
	W2
	0.000
	1.471
	0.320
	0.000
	0.000
	1.797
	0.000
	-0.024
	0.998
	14.231
	0.998
	1.000
	0.983
	0.967
	0.999
	0.976

	
	W3
	0.000
	4.437
	0.437
	0.000
	0.000
	0.921
	0.000
	-0.018
	0.996
	11.646
	0.996
	0.999
	0.981
	0.962
	0.998
	0.998

	
	W4
	0.000
	3.849
	0.599
	0.000
	0.000
	1.847
	0.000
	-0.025
	0.991
	12.497
	0.991
	0.998
	0.963
	0.927
	0.996
	0.993

	ANN
	W1
	0.032
	3.695
	0.526
	1.220
	0.004
	6.102
	-0.517
	-0.084
	0.961
	5.034
	0.960
	0.989
	0.920
	0.840
	0.981
	0.833

	
	W2
	0.013
	1.665
	0.405
	0.715
	0.000
	2.217
	-0.102
	-0.031
	0.997
	14.222
	0.997
	0.999
	0.979
	0.958
	0.998
	0.974

	
	W3
	-0.010
	4.649
	0.511
	0.409
	0.000
	1.067
	0.041
	-0.021
	0.995
	11.826
	0.995
	0.999
	0.978
	0.956
	0.997
	0.998

	
	W4
	0.035
	3.482
	0.661
	1.084
	0.003
	2.151
	-0.148
	-0.028
	0.989
	12.485
	0.989
	0.997
	0.957
	0.915
	0.995
	0.986

	RBF
	W1
	0.000
	3.613
	0.505
	0.003
	0.000
	5.624
	-0.001
	-0.081
	0.963
	5.043
	0.963
	0.990
	0.923
	0.847
	0.981
	0.843

	
	W2
	0.000
	1.690
	0.408
	0.000
	0.000
	2.161
	0.000
	-0.031
	0.997
	14.222
	0.997
	0.999
	0.979
	0.958
	0.998
	0.974

	
	W3
	0.000
	4.633
	0.497
	0.000
	0.000
	1.018
	0.000
	-0.020
	0.995
	11.432
	0.995
	0.999
	0.979
	0.958
	0.998
	0.998

	
	W4
	0.000
	3.392
	0.650
	0.000
	0.000
	2.016
	0.000
	-0.028
	0.990
	12.487
	0.990
	0.997
	0.960
	0.919
	0.995
	0.991

	LSTM
	W1
	-0.024
	3.730
	0.509
	0.948
	-0.002
	6.359
	0.389
	-0.082
	0.966
	5.041
	0.962
	0.990
	0.922
	0.845
	0.983
	0.793

	
	W2
	-0.119
	1.351
	0.323
	8.556
	-0.006
	2.891
	0.910
	-0.025
	0.999
	14.230
	0.998
	1.000
	0.978
	0.957
	0.999
	0.998

	
	W3
	-0.121
	4.968
	0.560
	4.658
	-0.023
	1.425
	0.494
	-0.023
	0.995
	11.837
	0.994
	0.999
	0.972
	0.945
	0.997
	0.998

	
	W4
	0.314
	3.760
	0.788
	8.959
	0.310
	2.921
	-1.336
	-0.034
	0.989
	12.457
	0.985
	0.996
	0.945
	0.889
	0.994
	0.979

	CNN
	W1
	-0.100
	3.710
	0.517
	3.924
	-0.037
	6.051
	1.607
	-0.083
	0.963
	5.038
	0.961
	0.990
	0.921
	0.841
	0.982
	0.823

	
	W2
	-0.092
	1.671
	0.358
	5.700
	-0.005
	1.889
	0.699
	-0.027
	0.998
	14.227
	0.998
	0.999
	0.980
	0.959
	0.999
	1.000

	
	W3
	0.276
	6.127
	0.988
	6.110
	0.179
	2.614
	-1.124
	-0.040
	0.992
	11.843
	0.981
	0.996
	0.944
	0.888
	0.996
	0.993

	
	W4
	0.660
	4.235
	1.191
	13.732
	1.937
	4.743
	-2.807
	-0.051
	0.985
	12.333
	0.965
	0.990
	0.913
	0.827
	0.993
	0.890

	RNN
	W1
	0.031
	3.624
	0.526
	1.176
	0.004
	6.335
	-0.498
	-0.084
	0.962
	5.035
	0.960
	0.989
	0.918
	0.835
	0.981
	0.818

	
	W2
	0.069
	1.313
	0.254
	6.108
	0.002
	1.795
	-0.529
	-0.019
	0.999
	14.236
	0.999
	1.000
	0.985
	0.969
	0.999
	1.000

	
	W3
	-0.042
	4.955
	0.531
	1.672
	-0.003
	1.111
	0.172
	-0.022
	0.995
	11.836
	0.995
	0.999
	0.977
	0.954
	0.997
	0.998

	
	W4
	-0.060
	3.507
	0.682
	1.830
	-0.011
	2.169
	0.257
	-0.029
	0.989
	12.481
	0.989
	0.997
	0.957
	0.913
	0.994
	0.988


Table S5 Estimates of evaluation metrics during the long-term for the six individual machine learning (ML) models at different observation wells: W1, W2, W3, and W4.
	Method
	
Well
ID
	Evaluation metrics

	
	
	Cost indices
	Benefit indices

	
	
	MBE
	MAE
	RMSE
	T-stat
	GPI
	MAPE
	PBIAS
	IOS
	R2
	U95
	NSE
	IA
	IOA
	LMI
	R
	A10 index

	ANFIS
	W1
	0.905
	4.266
	1.476
	10.051
	25.514
	14.764
	-9.808
	-0.160
	0.008
	1.916
	-0.791
	0.390
	0.194
	-0.611
	-0.091
	0.296

	
	W2
	-1.084
	7.669
	2.115
	8.399
	-26.398
	4.380
	3.347
	-0.065
	0.608
	3.496
	0.413
	0.755
	0.670
	0.340
	0.780
	0.899

	
	W3
	-17.471
	29.033
	18.695
	36.013
	-229730.540
	31.690
	32.678
	-0.350
	0.297
	29.864
	-8.492
	0.319
	-0.760
	-2.520
	-0.545
	0.042

	
	W4
	5.167
	8.500
	5.582
	32.889
	1366.621
	12.665
	-12.810
	-0.138
	0.860
	10.320
	-8.111
	0.502
	-0.574
	-2.148
	0.928
	0.269

	ANN
	W1
	-0.486
	4.947
	1.086
	6.485
	-1.096
	7.618
	5.268
	-0.118
	0.226
	0.413
	0.031
	0.574
	0.538
	0.077
	0.475
	0.746

	
	W2
	-3.569
	11.660
	4.414
	19.341
	-1346.246
	10.458
	11.018
	-0.136
	0.344
	6.740
	-1.558
	0.468
	0.212
	-0.576
	0.587
	0.583

	
	W3
	-9.757
	16.490
	10.391
	37.442
	-3785.756
	17.741
	18.249
	-0.194
	0.940
	16.509
	-1.932
	0.540
	0.017
	-0.966
	0.969
	0.090

	
	W4
	7.483
	15.403
	8.527
	24.616
	2627.162
	18.184
	-18.552
	-0.211
	0.897
	16.314
	-20.261
	0.397
	-1.278
	-3.557
	0.947
	0.247

	RBF
	W1
	2.413
	4.310
	2.805
	21.861
	738.006
	28.877
	-26.152
	-0.304
	0.012
	5.051
	-5.463
	0.319
	-0.547
	-2.095
	-0.111
	0.112

	
	W2
	0.012
	6.164
	1.766
	0.092
	0.003
	4.062
	-0.036
	-0.055
	0.593
	4.175
	0.591
	0.848
	0.704
	0.408
	0.770
	0.920

	
	W3
	-15.458
	26.963
	16.707
	33.443
	-124140.233
	27.914
	28.912
	-0.312
	0.529
	30.496
	-6.580
	0.349
	-0.556
	-2.112
	-0.727
	0.074

	
	W4
	5.495
	9.419
	5.904
	34.254
	1950.775
	13.474
	-13.623
	-0.146
	0.840
	10.985
	-9.190
	0.479
	-0.673
	-2.346
	0.917
	0.242

	LSTM
	W1
	0.137
	4.148
	0.965
	1.863
	0.194
	7.878
	-1.488
	-0.105
	0.260
	1.061
	0.235
	0.558
	0.547
	0.094
	0.510
	0.686

	
	W2
	-0.233
	6.554
	1.816
	1.823
	-1.328
	4.032
	0.720
	-0.056
	0.580
	4.091
	0.567
	0.830
	0.704
	0.407
	0.761
	0.940

	
	W3
	1.721
	7.974
	3.561
	7.568
	89.036
	5.599
	-3.218
	-0.067
	0.801
	9.669
	0.656
	0.925
	0.702
	0.403
	0.895
	0.868

	
	W4
	0.644
	4.291
	1.202
	8.528
	4.442
	2.583
	-1.596
	-0.030
	0.757
	2.768
	0.577
	0.848
	0.688
	0.376
	0.870
	0.995

	CNN
	W1
	0.328
	3.449
	0.905
	5.038
	1.070
	7.480
	-3.556
	-0.098
	0.426
	1.247
	0.326
	0.761
	0.570
	0.139
	0.653
	0.698

	
	W2
	0.503
	4.745
	1.608
	4.631
	4.841
	4.023
	-1.552
	-0.050
	0.707
	4.413
	0.660
	0.906
	0.710
	0.421
	0.841
	0.975

	
	W3
	-4.693
	11.275
	5.623
	20.774
	-149.105
	8.472
	8.778
	-0.105
	0.940
	4.553
	0.141
	0.733
	0.519
	0.037
	0.970
	0.693

	
	W4
	0.708
	3.797
	0.909
	16.716
	3.171
	1.959
	-1.756
	-0.023
	0.907
	3.168
	0.758
	0.941
	0.762
	0.523
	0.952
	0.995

	RNN
	W1
	0.147
	4.250
	0.934
	2.066
	0.216
	7.588
	-1.594
	-0.101
	0.344
	1.163
	0.283
	0.568
	0.565
	0.131
	0.587
	0.716

	
	W2
	0.302
	5.276
	1.708
	2.528
	2.027
	4.263
	-0.932
	-0.053
	0.636
	4.266
	0.617
	0.883
	0.694
	0.387
	0.797
	0.940

	
	W3
	1.575
	9.013
	3.681
	6.493
	55.933
	5.960
	-2.947
	-0.069
	0.844
	9.495
	0.632
	0.929
	0.683
	0.367
	0.918
	0.815

	
	W4
	1.225
	4.965
	1.525
	18.127
	16.307
	3.230
	-3.036
	-0.038
	0.767
	2.068
	0.320
	0.820
	0.612
	0.223
	0.876
	0.995
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