Supplementary Materials

Testing for common method bias (CMB)
Supplementary Table A1. The Variance Amplification Factor (VIF) 
	Latent variables
	VIF

	IWB 
	1.406

	JSA 
	2.528

	JST 
	3.219

	WLI 
	2.855


Source: Authors’calculation

Evaluating the measurement of the Lower-Order Components
Supplementary Table A2. Assessing reliability and convergent validity
	Constructs
	Items
	Outer loadings
	Crobach's Alpha
	Composite reliability (rho_a)
	AVE

	FWI
	WLI1
	0.915
	0.917
	0.920
	0.801

	
	WLI2
	0.889
	
	
	

	
	WLI3
	0.892
	
	
	

	
	WLI4
	0.884
	
	
	

	WFI
	WLI5
	0.819
	0.870
	0.872
	0.720

	
	WLI6
	0.865
	
	
	

	
	WLI7
	0.846
	
	
	

	
	WLI8
	0.863
	
	
	

	WFS
	WLI9
	0.897
	0.943
	0.945
	0.780

	
	WLI10
	0.912
	
	
	

	
	WLI11
	0.887
	
	
	

	
	WLI12
	0.906
	
	
	

	
	WLI13
	0.900
	
	
	

	
	WLI14
	0.792
	
	
	

	WFE
	WLI15
	0.940
	0.920
	0.921
	0.862

	
	WLI16
	0.928
	
	
	

	
	WLI17
	0.918
	
	
	

	JI
	JST1
	0.808
	0.853
	0.860
	0.694

	
	JST2
	0.805
	
	
	

	
	JST3
	0.847
	
	
	

	
	JST4
	0.869
	
	
	

	RM
	JST5
	0.891
	0.847
	0.858
	0.685

	
	JST6
	0.853
	
	
	

	
	JST7
	0.756
	
	
	

	
	JST8
	0.804
	
	
	

	IR(S)
	JST9
	0.968
	0.928
	0.931
	0.933

	
	JST10
	0.964
	
	
	

	OS
	JST11
	0.927
	0.933
	0.935
	0.833

	
	JST12
	0.918
	
	
	

	
	JST13
	0.884
	
	
	

	
	JST14
	0.921
	
	
	

	CD
	JST15
	0.914
	0.901
	0.901
	0.835

	
	JST16
	0.924
	
	
	

	
	JST17
	0.903
	
	
	

	WC
	JST18
	0.872
	0.846
	0.847
	0.764

	
	JST19
	0.877
	
	
	

	
	JST20
	0.873
	
	
	

	JSA
	JSA1
	0.789
	0.904
	0.907
	0.723

	
	JSA2
	0.868
	
	
	

	
	JSA3
	0.868
	
	
	

	
	JSA4
	0.861
	
	
	

	
	JSA5
	0.861
	
	
	

	PR
	IWB1
	0.886
	0.557
	0.593
	0.689

	
	IWB2
	0.770
	
	
	

	IG
	IWB3
	0.879
	0.881
	0.882
	0.808

	
	IWB4
	0.917
	
	
	

	
	IWB5
	0.900
	
	
	

	IC
	IWB6
	0.933
	0.849
	0.849
	0.869

	
	IWB7
	0.931
	
	
	

	IR
	IWB8
	0.892
	0.859
	0.860
	0.780

	
	IWB9
	0.897
	
	
	

	
	IWB10
	0.860
	
	
	


Source: Authors’calculation

[bookmark: _heading=h.gjdgxs]Supplementary Table A3. Discriminant validity: Fornell-Larcker Criterion
	Const-ructs
	FWI
	WFI
	WFS
	WFE
	JI
	RM
	IR(S)
	OS
	CD
	WC
	JSA
	PR
	IG
	IC
	IR

	FWI
	0.895
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 

	WFI
	0.498
	0.849
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 

	WFS
	0.519
	0.669
	0.883
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 

	WFE
	0.352
	0.623
	0.684
	0.929
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 

	JI
	0.379
	0.538
	0.599
	0.559
	0.833
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 

	RM
	0.498
	0.579
	0.646
	0.542
	0.626
	0.828
	 
	 
	 
	 
	 
	 
	 
	 
	 

	IR(S)
	0.381
	0.282
	0.353
	0.213
	0.301
	0.526
	0.966
	 
	 
	 
	 
	 
	 
	 
	 

	OS
	0.451
	0.407
	0.469
	0.333
	0.416
	0.589
	0.596
	0.913
	 
	 
	 
	 
	 
	 
	 

	CD
	0.427
	0.498
	0.641
	0.551
	0.594
	0.695
	0.462
	0.603
	0.914
	 
	 
	 
	 
	 
	 

	WC
	0.473
	0.571
	0.665
	0.563
	0.620
	0.671
	0.411
	0.545
	0.674
	0.874
	 
	 
	 
	 
	 

	JSA
	-0.400
	-0.576
	-0.588
	-0.632
	-0.572
	-0.654
	-0.375
	-0.491
	-0.637
	-0.641
	0.850
	 
	 
	 
	 

	PR
	-0.148
	-0.264
	-0.243
	-0.382
	-0.291
	-0.259
	-0.173
	-0.157
	-0.186
	-0.227
	0.438
	0.830
	 
	 
	 

	IG
	-0.327
	-0.308
	-0.391
	-0.477
	-0.342
	-0.358
	-0.228
	-0.278
	-0.278
	-0.342
	0.481
	0.653
	0.899
	 
	 

	IC
	-0.066
	-0.267
	-0.249
	-0.365
	-0.251
	-0.257
	-0.168
	-0.158
	-0.175
	-0.216
	0.387
	0.614
	0.688
	0.932
	 

	IR
	-0.166
	-0.315
	-0.316
	-0.436
	-0.327
	-0.304
	-0.206
	-0.203
	-0.230
	-0.284
	0.446
	0.607
	0.784
	0.823
	0.883


Source: Authors’calculation

Supplementary Table A4. Discriminant validity: Heterotrait-Monotrait (HTMT) ratios
	Const-ructs
	FWI
	WFI
	WFS
	WFE
	JI
	RM
	IR(S)
	OS
	CD
	WC
	JSA
	PR
	IG
	IC

	FWI
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 

	WFI
	0.556
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 

	WFS
	0.557
	0.737
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 

	WFE
	0.381
	0.695
	0.733
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 

	JI
	0.420
	0.624
	0.666
	0.632
	 
	 
	 
	 
	 
	 
	 
	 
	 
	 

	RM
	0.558
	0.680
	0.729
	0.623
	0.739
	 
	 
	 
	 
	 
	 
	 
	 
	 

	IR(S)
	0.412
	0.310
	0.378
	0.230
	0.319
	0.567
	 
	 
	 
	 
	 
	 
	 
	 

	OS
	0.486
	0.448
	0.500
	0.358
	0.447
	0.647
	0.641
	 
	 
	 
	 
	 
	 
	 

	CD
	0.468
	0.561
	0.696
	0.606
	0.671
	0.792
	0.503
	0.655
	 
	 
	 
	 
	 
	 

	WC
	0.533
	0.665
	0.745
	0.638
	0.727
	0.790
	0.461
	0.611
	0.772
	 
	 
	 
	 
	 

	JSA
	0.437
	0.648
	0.635
	0.691
	0.649
	0.743
	0.412
	0.534
	0.703
	0.732
	 
	 
	 
	 

	PR
	0.264
	0.376
	0.324
	0.521
	0.411
	0.338
	0.220
	0.195
	0.243
	0.309
	0.595
	 
	 
	 

	IG
	0.363
	0.352
	0.430
	0.530
	0.391
	0.407
	0.252
	0.305
	0.313
	0.397
	0.538
	0.899
	 
	 

	IC
	0.074
	0.311
	0.279
	0.412
	0.295
	0.296
	0.189
	0.176
	0.201
	0.255
	0.440
	0.885
	0.795
	 

	IR
	0.187
	0.364
	0.352
	0.490
	0.379
	0.350
	0.231
	0.226
	0.263
	0.335
	0.505
	0.863
	0.901
	0.963


Source: Authors’calculation


Supplementary Table A5. RMSE values (SEM-ANN)
	Neural Network
	Model 1
Input: WLI
Output: JST
	Model 2
Input: WLI, JST
Output: JSA
	Model 3
Input: WLI, JSA
Output: IWB

	
	Training RMSE
	Testing RMSE
	Training RMSE
	Testing RMSE
	Training RMSE
	Testing RMSE

	ANN1
	0.6090
	0.6437
	0.6893
	0.6067
	0.7995
	0.8056

	ANN2
	0.5821
	0.7322
	0.6206
	0.6770
	0.7651
	0.9238

	ANN3
	0.5389
	0.8566
	0.6327
	0.7569
	0.7286
	1.0282

	ANN4
	0.6306
	0.5494
	0.6217
	0.6214
	0.8039
	0.8084

	ANN5
	0.6373
	0.5265
	0.6672
	0.6177
	0.7743
	0.7675

	ANN6
	0.6175
	0.6063
	0.6381
	0.6427
	0.8063
	0.7467

	ANN7
	0.6300
	0.5581
	0.5702
	0.7870
	0.7380
	1.0508

	ANN8
	0.6236
	0.5861
	0.6212
	0.7167
	0.7627
	0.8605

	ANN9
	0.6194
	0.5907
	0.6293
	0.6223
	0.7906
	0.8452

	ANN10
	0.6203
	0.5919
	0.6198
	0.6895
	0.7759
	0.7971

	Mean
	0.6109
	0.6242
	0.6310
	0.6738
	0.7745
	0.8634

	SD
	0.027
	0.052
	0.038
	0.067
	0.030
	0.103


Source: Authors’calculation
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Results of the SEM–ANN Model
Operationalization of the research framework is performed via the three ANN models, which correspond to different parts of the structural model. In order to get an optimal performance, this study has employed a Grid Search method for finding the best combination of the most relevant hyperparameters of each network: the number of hidden layers, the number of neurons, and the activation function (Hastie et al., 2017). As for model architecture, all used the Adam optimization function and the Rectified Linear Unit (ReLU) activation function with the following structure: Model 1 had two hidden layers with 40 and 20 neurons, Model 2 had three hidden layers with 15, 10, and 5 neurons, while Model 3 had two hidden layers with 30 and 15 neurons.
The dataset was randomly shuffled and split into training and testing sets in an 80:20 ratios. This process was replicated ten times to reduce the bias occurring from random sample partitioning and improve the reliability of predictive performance evaluation. This is a common methodology in machine learning that balances learning capability and results robustness (Goodfellow et al., 2016).
Three SEM–ANN models give relatively low and stable prediction errors. Specifically, the average values of the testing set RMSE vary from 0.624 to 0.863, which means that the artificial neural networks have a good and consistent predictive performance for the latent variables in question (Wong et al., 2020). Among them, Model 1 (WLI → JST) exerts the highest predictive accuracy, with the minimum mean value of testing RMSE being equal to 0.624, demonstrating the strength of the ANN in modeling the relationship between WLI and JST. Because for Model 2 the prediction errors remain in the range of acceptability, as indicated by the mean of testing RMSE (0.674), the proposed network learns the combined impacts of WLI and JST on JSA or adaptation. In terms of Model 3, the predictive capability is still acceptable as indicated by a mean testing RMSE of 0.863, which suggests that the ANN is capable of capturing the correltion of WLI as well as JSA with IWB.

Supplementary Table 6. PLS-SEM versus SEM-ANN
	S.No
	Path
	PLS-SEM (β)
	p-value
	Empirical Decision
	SEM-ANN Sensitivity Analysis 
	PLS-SEM rank
	SEM-ANN rank
	PLS-SEM vs SEM-ANN

	H1
	WLI→JST
	0.785
	0.000
	Supported
	100%
	1
	1
	Match

	H2
	WLI →JSA
	-0.272
	0.001
	Supported
	50.4%
	2
	2
	Match

	H3
	JST→JSA
	-0.519
	0.000
	Supported
	96.7%
	1
	1
	Match

	H4
	JSA→IWB
	0.371
	0.000
	Supported
	96.0%
	1
	1
	Match

	H5
	WLI→IWB
	-0.209
	0.009
	Supported
	64.5%
	2
	2
	Match


Source: Authors’calculation
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