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Preliminary analyses: Measurement Models
The convergence problems usually associated with the complexity of mixture models including covariates were addressed by using factor scores derived from exploratory structural equation modelling (ESEM).
	Factor scores (M = 0, SD = 1) were used instead of scale scores (sum or average), because of their many advantages (e.g., facilitate a partial control of measurement errors; reinforce the basic nature of the measurement model) (Busque-Carrier, Ratelle & Le Corff, 2021; Morin, Boudrias, Marsh, Madore & Desrumaux, 2016, 2017).
	ESEM (Asparouhov & Muthén, 2009) was used to assess the measurement models of each of the continuous measures, profile indicators and covariates (predictors or outcomes). These models were estimated separately due to their complexity, and fitted to polychoric correlations at item-level using the robust mean and variance adjusted weighted-least squares estimator (WLSMV), suitable for ordinal data (e.g, Likert-type scales) (Muthén & Kaplan, 1992). ESEM i) is more flexible than traditional exploratory and confirmatory analyses, ii) allows for cross-loadings, iii) tends to generate unbiased estimations of factor correlations, and iv) can be used in either an exploratory or confirmatory way (Marsh, Morin, Parker, & Kaur, 2014; Morin, Marsh, & Nagengast, 2013; Morin & Asparouhov, 2018).
	In a first stage, ESEM was used as an exploratory tool (with oblique geomin rotation, the default in Mplus, and an epsilon value of .5) (Marsh et al., 2009; van Zyl & Peter, 2022) with half the participants (chosen randomly within each sex and balancing for year of study). The aim was to i) examine the factor structure of each measure, ii) remove weak items, and iii) “to make sure that the expected theoretical model had a good fit to the data”, as asserted by Busque-Carrier et al. (2021, p. 9). ESEM was run iteratively, firstly to delete items with problematic cross-loadings (i.e., >. 32) one at time, beginning by showing the highest value, and reassessing the factor structure each time. Subsequently, items with weak factor loadings (i.e., <.40) were removed in a similar way (Costello & Osborne, 2005; Tabachnick & Fidell, 2001). 
	In a second stage, ESEM was used as a confirmatory tool (with target rotation), allowing the presence of cross-loadings, but constraining them to be as close as possible to zero (Asparouhov & Muthén, 2009). This confirmatory variant of ESEM was applied to the entire sample to confirm prior ESEM results, preserve the validity of the measurement models, and ensure minimum sample size requirements for the subsequent LPAs (Ferguson, Moor & Hull, 2020). 
	To estimate the hierarchical ESEM model (H-ESEM) of the four scales of the Course Experience Questionnaire (CEQ) and an alternative bifactor ESEM model (B-ESEM), the ESEM-within-CFA (EwC) approach was used (Morin, Marsh, & Nagengast, 2013). This requires the estimation of a previous confirmatory variant of ESEM, which can facilitate the process of obtaining starting values (svalues option in savedata command in Mplus) needed to specify and estimate the subsequent model (H-ESEM or B-ESEM). This process of estimation is complex and can lead to errors. However, a recent ESEM Code Generator may assist interested readers to generate syntaxes for Mplus by (van Zyl & Peter, 2022).
	To conclude, the final results of the ESEM used as an exploratory tool (first stage) and those of the ESEM used as a confirmatory tool (second stage) were very similar. Thus, for the sake of simplicity and to save space, only the latter (final measurement models) are presented in the tables below, together with the goodness-of-fit indices of all the estimated models: the preferred models (in bold) and the alternative models.


Table S1.  Standardised Factor Loadings (λ) and Uniqueness (δ) from the Higher-order ESEM within CFA (H-EwC) solution of the Course Experience Questionnaire (CEQ)
	Items
	AA
λ
	AW
λ
	CG
λ
	GT
λ
	
δ

	
	
	
	
	
	

	AA
	
	
	
	
	

	Item 1(10)
	.676
	.051
	-.046
	.002
	.593

	Item 2(17)
	.769
	.060
	-.041
	.082
	.380

	Item 3(29)
	.325
	-.036
	-.032
	.303
	.703

	AW
	
	
	
	
	

	Item 1(5)
	-.154
	.820
	-.009
	-.013
	.289

	Item 2(14)
	.146
	.526
	.061
	-.156
	.668

	Item 3(27)
	.100
	.576
	.071
	-.043
	.542

	Item 4(36)
	.098
	.569
	-.045
	.097
	.502

	CG
	
	
	
	
	

	Item 1(1)
	-.189
	-.011
	.625
	.047
	.573

	Item 2(8)
	-.072
	-.087
	.530
	.096
	.649

	Item 3(18)
	.172
	-.001
	.781
	-.233
	.389

	Item 4(24)
	.070
	.020
	.473
	.008
	.679

	Item 5(35)
	-.150
	-.083
	.514
	.243
	.543

	GT
	
	
	
	
	

	Item 1(4)
	.032
	-.046
	-.013
	.596
	.532

	Item 2(9)
	-.026
	-.148
	-.023
	.525
	.723

	Item 3(23)
	.007
	-.147
	.054
	.647
	.462

	Item 4(25)
	-.076
	-.090
	-.079
	.795
	.355

	
	
	
	
	
	

	Higher-Or
	.622
	.575
	.713
	.886
	

	
	
	
	
	
	


Note. AA: Appropriate assessment; AW: Appropriate workload; CG: Clear goals and standards; GT: Good teaching; Higher-Or: Higher-order hierarchical factor; in brackets the item number in the original version (Wilson et al. 1997).


Table S2. Goodness-of-fit indices of the ESEM models estimated on the CEQ

	ESEM Models
	
	χ2
	#fp
	Df
	CFI
	TLI
	RMSEA
	90% CI
	∆χ2(df)
	p
	CM

	
	
	
	
	
	
	
	
	
	
	
	

	1. One-factor
	
	860.218
	80
	104
	.737
	.697
	.130
	[.122 - .138]
	
	
	

	2. Four-factor
	
	129.662
	122
	62
	.977
	.955
	.050
	[.038 - .063]
	572.186(42)
	.001
	2-1

	3. Higher-order (H-EwC)
	
	125.690
	120
	64
	.979
	.960
	.047
	[.035 - .060]
	.961(2)
	.618
	2-3

	4. Bifactor (B-EwC)(*)
	
	
	
	
	
	
	
	
	
	
	


Note. #fp= number of free parameters; χ2 = WLMSV Chi-square; Df = degrees of freedom; CFI = comparative fit index; TLI = Tucker–Lewis index; RMSEA = root-mean-square error of approximation; ESEM = exploratory structural equation modelling; H-EwC = Higher-order ESEM within CFA; ∆χ2(df) = chi-square difference test using the DIFFTEST option in Mplus; CM = comparison model; (*) this model could not be identified; bold indicates the preferred model.
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       The significant chi-square difference between the four-factor and the one-factor model revealed a loss of fit when moving from the latter to the former, indicating that the four-factor is a significantly better-fitting model. The subsequent comparison between the four-factor and the Higher-order (H-EwC) models showed a non-significant Chi-square difference, which indicated that the nested and more parsimonious model (i.e., H-EwC) is not statistically significantly worse that the four-factor and should be retained. This is in line with previous research evidence (e.g., Marsh, Ginns, Morin, Nagengast, & Martin, 2011), allows a simplification of the measurement model and thus, facilitates its subsequent convergence.




Table S3.  Standardised Factor Loadings (λ) and Uniqueness (δ) from the two-factor (first-order) model (Perceived Stress Scale, PSS)

	Items
	NS
λ
	PS
λ
	
δ

	
	
	
	

	Negative
	
	
	

	Item 1
	.682
	-.046
	.573

	Item 2
	.636
	.151
	.449

	Item 3
	.724
	-.015
	.489

	Item 4
	.761
	.040
	.561

	Item 5
	.705
	-.140
	.322

	Item 6
	.803
	.028
	.381

	
	
	
	

	Positive
	
	
	

	Item 7
	.064
	.619
	.555

	Item 8
	.049
	.791
	.439

	Item 9
	-.081
	.716
	.611

	Item 10
	.013
	.740
	.324

	
	
	
	


Note. PS: Positive stress; NS: Negative stress.





Table S4. Goodness-of-fit indices of the ESEM models estimated on the PSS

	ESEM Models
	
	χ2
	#fp
	Df
	CFI
	TLI
	RMSEA
	90% CI
	∆χ2(df)
	p
	CM

	
	
	
	
	
	
	
	
	
	
	
	

	1. One-factor
	
	393.650
	50
	35
	.896
	.866
	.155
	[.141 - .169]
	
	
	

	2. Two-factor
	
	106.499
	122
	26
	.977
	.959
	.085
	[.060-.102]
	205.15(9)
	.001
	2-1

	3. Bifactor (EwC)*
	
	37.311
	120
	18
	.994
	.986
	.050
	[.027 - .073]
	
	
	


Note. #fp= number of free parameters; χ2 = WLMSV Chi-square; Df = degrees of freedom; CFI = comparative fit index; TLI = Tucker–Lewis index; RMSEA = root-mean-square error of approximation; ESEM = exploratory structural equation modelling; ∆χ2(df) = chi-square difference test using the DIFFTEST option in Mplus; CM = comparison model; bold indicates the preferred model.
       The statistically significant result of the DIFFTEST comparing Model 2 (two-factor) with Model 1 (one-factor), ∆χ2 = 205.15 (df = 9), p <.001, suggests that the constraints or restrictions imposed by the nested model (Model 1, one-factor) significantly worsen the fit, as compared to the Model 2 ( two-factor), and therefore, Model 2 (two-factor) should be retained.
       (*) Bifactor models have to be applied with caution because there is evidence that they: i) often provide better goodness of fit than the correlated and higher-order models; ii) risk over-fitting data; and iii) tend to yield false-positive results) (Watts, Poore & Wallman, 2019). That is why we followed Bonifay, Lane, and Reise’s  (2017) suggestions of calculating some ancillary model-derived indices: a) the Percentage of Uncontaminated Correlations (PUC), which was .533; b) the Explained Common Variance, which was .687; and c) the Individual Explained Common Variance (IECV), which yielded coefficients exceeding .50 for only 5 (i.e., 50%) of the 10 items). These results indicate, respectively, that i) 46.7 % of the covariance reflected variance from the general factor; ii) the proportion of all the common variance explained by the general factor was only 68.7% ; and iii) only 50% of the items reflected the content of the general factor. This suggests that the bifactor model should be dismissed.


Table S5. Standardised Factor Loadings (λ) and Uniqueness (δ) from the three-factor (first-order) model (Utrecht Work Engagement Scale, Student, UWES-S)

	Items
	AB
λ
	DE
λ
	VI
λ
	
δ

	
	
	
	
	

	
	
	
	
	

	AB
	
	
	
	

	Item 1(46)
	.594
	.071
	.025
	.568

	Item 2(49)
	.741
	.001
	.059
	.395

	Item 3(52)
	.699
	.180
	-.054
	.364

	Item 4(57)
	.908
	-.102
	.078
	.204

	
	
	
	
	

	DE
	
	
	
	

	Item 1(45)
	-.040
	.909
	.031
	.195

	Item 2(48)
	.142
	.857
	-.102
	.166

	Item 3(50)
	.104
	.825
	-.020
	.212

	Item 4(53)
	-.125
	.948
	.125
	.144

	
	
	
	
	

	VI
	
	
	
	

	Item 1(55)
	.213
	.005
	.533
	.536

	Item 2(58)
	-.082
	.103
	.947
	.105

	Item 3(60)
	.027
	-.085
	.791
	.401

	
	
	
	
	


Note. AB: Absorption; DE: Dedication; VI: Vigour; in brackets the item number in the original version (Schaufeli &  Bakker, 2003).




Table S6. Goodness-of-fit indices of the ESEM models estimated on the UWES

	ESEM Models
	
	χ2
	#fp
	df
	CFI
	TLI
	RMSEA
	90% CI
	∆χ2(df)
	p
	CM

	
	
	
	
	
	
	
	
	
	
	
	

	1. One-factor
	
	1100.811
	76
	44
	.848
	.810
	.237
	[.225 - .249]
	
	
	

	2. Three-factors
	
	50.106
	95
	25
	.996
	.992
	.048
	[.029 - .068]
	741.840(19)
	.001
	2-1

	3. Bifactor (EwC)(*)
	
	
	
	
	
	
	
	
	
	
	


Note. #fp= number of free parameters; χ2 = WLMSV Chi-square; df = degrees of freedom; CFI = comparative fit index; TLI = Tucker–Lewis index; RMSEA = root-mean-square error of approximation; ESEM = exploratory structural equation modelling; ∆χ2(df) = chi-square difference test (and df) using the DIFFTEST option in Mplus; CM = comparison model; (*) this model could not be identified; bold indicates the preferred model.
       The statistically significant ∆χ2 difference test revealed a substantial improvement of fit for the three-factor over the one-factor model.






Table S7. Standardised Factor Loadings (λ) and Uniqueness (δ) from the three-factor (first-order) model (Maslach Burnout Inventory, Student survey, MBI-SS)

	Items
	CY
λ
	EX
λ
	IN
λ
	
δ

	
	
	
	
	

	
	
	
	
	

	CY
	
	
	
	

	Item 1(63)
	.982
	-.090
	.000
	.134

	Item 2(66)
	.869
	.064
	-.007
	.181

	Item 3(69)
	.590
	.118
	.027
	.533

	
	
	
	
	

	EX
	
	
	
	

	Item 1(65)
	-.058
	.764
	-.029
	.483

	Item 2(68)
	.042
	.809
	-.023
	.320

	Item 3(73)
	.118
	.497
	.141
	.566

	
	
	
	
	

	IN
	
	
	
	

	Item 1(61)
	-.140
	.024
	.690
	.599

	Item 2(67)
	.049
	.146
	.637
	.442

	Item 3(70)
	.083
	-.141
	.724
	.492

	
	
	
	
	


Note. AB: Absorption; EX: Exhaustion; IN: Inefficacy; ; in brackets the item number in the original version (Schaufeli & Salanova, 2007).




Table S8. Goodness-of-fit indices of the ESEM models estimated on the MBI-SS

	ESEM Models
	
	χ2
	#fp
	df
	CFI
	TLI
	RMSEA
	90% CI
	∆χ2(df)
	p
	CM

	
	
	
	
	
	
	
	
	
	
	
	

	1. One-factor
	
	433.689
	63
	27
	.896
	.862
	.188
	[.172 - .203]
	
	
	

	2. Two-factor (*)
	
	273.937
	71
	19
	.935
	.877
	.177
	[.159 - .196]
	165.804(8)
	.001
	2-1

	3. Three-factor
	
	25.511
	78
	12
	.997
	.990
	.051
	[.023 - .079]
	180.631(7)
	.001
	3-2


Note. #fp= number of free parameters; χ2 = WLMSV Chi-square; df = degrees of freedom; CFI = comparative fit index; TLI = Tucker–Lewis index; RMSEA = root-mean-square error of approximation; ESEM = exploratory structural equation modelling; ∆χ2(df) = chi-square difference test (and df) using the DIFFTEST option in Mplus; CM = comparison model; (*) collapsing cynicism and exhaustion into one factor; bold indicates the preferred model.
      The chi-square difference test (Mplus DIFFTEST) revealed that Model 2 (two-factor) was superior in fit to Model 1 (one-factor), and that Model 3 (three-factor) was in turn statistically significantly better than Model 2 (two-factor). Accordingly, the three-factor was selected as the best-fitting model.


Table S9. Standardised Factor Loadings (λ) and Uniqueness (δ) from the three-factor (first-order) regulation strategies model (Vermunt ILS)

	Items
	
SR
	
ER
	
LR
	
δ

	
	
	
	
	

	SR
	
	
	
	

	Item 1(21)
	.656
	-.034
	-.015
	.582

	Item 2(31)
	.385
	.225
	.122
	.734

	Item 3(36)
	.618
	.028
	-.032
	.598

	Item 4(46)
	.657
	.005
	.035
	.571

	Item 5(50)
	.665
	-.042
	-.081
	.557

	Item 6(51)
	.537
	.002
	.010
	.711

	
	
	
	
	

	ER
	
	
	
	

	Item 1(32)
	-.180
	.800
	-.011
	.435

	Item 2(47)
	.030
	.698
	.037
	.497

	Item 3(11)
	.055
	.497
	-.081
	.718

	Item 4(44)
	.331
	.354
	-.028
	.672

	
	
	
	
	

	LR
	
	
	
	

	Item 1(15)
	.065
	-.026
	.656
	.574

	Item 2(20)
	-.036
	-.014
	.735
	.450

	Item 3(41)
	-.024
	-.013
	.386
	.847

	
	
	
	
	


Note. SR: Self-regulation; ER: External regulation; LR: Lack of regulation; in brackets the item number in the original version (Vermunt, 1994).


Table S10. Goodness-of-fit indices of the ESEM models estimated on the regulation strategies ILS

	ESEM Models
	
	χ2
	#fp
	Df
	CFI
	TLI
	RMSEA
	90% CI
	∆χ2(df)
	p
	CM

	
	
	
	
	
	
	
	
	
	
	
	

	1. One-factor
	
	616.714
	65
	65
	.642
	.571
	.141
	[.131 - .151]
	
	
	

	2. Three-factor
	
	124.234
	42
	62
	.947
	.901
	.068
	[.054 - .082]
	386.444(23)
	.001
	2-1


Note. #fp= number of free parameters; χ2 = WLMSV Chi-square; Df = degrees of freedom; CFI = comparative fit index; TLI = Tucker–Lewis index; RMSEA = root-mean-square error of approximation; ESEM = exploratory structural equation modelling; ∆χ2(df) = chi-square difference test using the DIFFTEST function in Mplus; CM = comparison model; bold indicates the preferred model.
       Chi-square difference test revealed a statistically significant poorer fit for the one-factor model compared to the three-factor model.




Table S11. Standardised Factor Loadings (λ) and Uniqueness (δ) from the two-factor (first-order) processing strategies model (Vermunt ILS)

	Items
	
DP
	
SP
	
δ

	
	
	
	

	DP
	
	
	

	Item  1(6)
	.536
	-.056
	.706

	Item  2(10)
	.684
	.096
	.529

	Item  3(13)
	.542
	.132
	.695

	Item  4(19)
	.706
	-.061
	.494

	Item  5(25)
	.744
	.042
	.448

	Item  6(34)
	.599
	.044
	.641

	Item  7(35)
	.728
	-.025
	.468

	Item  8(29)
	.704
	-.051
	.498

	Item  9(39)
	.662
	-.028
	.559

	Item 10(43)
	.778
	-.068
	.384

	Item 11(49)
	.604
	.002
	.635

	
	
	
	

	SP
	
	
	

	Item  1(2)
	-.035
	.770
	.403

	Item  2(7)
	.007
	.722
	.479

	Item  3(9)
	.140
	.588
	.642

	Item  4(26)
	-.148
	.715
	.456

	Item  5(33)
	.012
	.678
	.541

	Item  6(23)
	.084
	.409
	.829

	
	
	
	


Note. DP: Deep processing; SP: Stepwise processing; in brackets the item number in the original version (Vermunt, 1994).


Table S12. Goodness-of-fit indices of the ESEM models estimated on the processing strategies model (ILS) (Vermunt)

	ESEM Models
	
	χ2
	#fp
	Df
	CFI
	TLI
	RMSEA
	90% CI
	∆χ2(df)
	p
	CM

	
	
	
	
	
	
	
	
	
	
	
	

	1. One-factor
	
	2283.238
	85
	119
	.496
	.424
	.206
	[.199 - .214]
	
	
	

	2. Two-factor
	
	299.025
	101
	103
	.954
	.940
	.067
	[.058 - .076]
	966.564(16)
	.001
	2-1


Note. #fp= number of free parameters; χ2 = WLMSV Chi-square; Df = degrees of freedom; CFI = comparative fit index; TLI = Tucker–Lewis index; RMSEA = root-mean-square error of approximation; ESEM = exploratory structural equation modelling; ∆χ2(df) = chi-square difference test using the DIFFTEST option in Mplus; CM = comparison model; bold indicates the preferred model.
       The result of the Chi-square difference test suggested a statistically significant poorer fit for the one-factor model compared to the two-factor model, thus the latter was the preferred model.







Table S13. Standardised Factor Loadings (λ) and Uniqueness (δ) from the one-factor Generic skills model (CEQ).

	Items
	
GS
	
δ

	
	
	

	GS
	
	

	Item  1(11)
	.664
	.560

	Item  2(12)
	.654
	.572

	Item  3(13)
	.692
	.521

	Item  4(28)
	.666
	.556

	
	
	


Note. GS: Generic skills; ; in brackets the item number in the original version (Wilson et al., 1997)


Table S14. Goodness-of-fit indices of the ESEM model estimated on the generic Generic skills model (CEQ).

	Models
	χ2
	df
	CFI
	TLI
	RMSEA
	90% CI

	
	
	
	
	
	
	

	Generic skills (one-factor)
	4.317
	2
	.996
	.989
	.052
	[.000-.121]

	
	
	
	
	
	
	





Table S15. Standardised Factor Loadings (λ) and Uniqueness (δ) from the one-factor Satisfaction model (Grace et al., 2012).

	Items
	
SA
	
δ

	
	
	

	SA
	
	

	Item  1
	.925
	.145

	Item  2
	.894
	.200

	Item  3
	.830
	.311

	Item  4
	.463
	.785

	Item  5
	.873
	.239

	
	
	


Note. SA: Satisfaction


Table S16. Goodness-of-fit indices of the ESEM model estimated on the satisfaction model (Grace et al., 2012).

	Models
	χ2
	df
	CFI
	TLI
	RMSEA
	90% CI

	
	
	
	
	
	
	

	Satisfaction (one-factor)
	18.610
	5
	.997
	.995
	.080
	[.043-.120]
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Online resource 2:
Descriptive statistics, correlations, reliability and validity (convergent, discriminant and criterion-related)
Table S17. Descriptive statistics and correlations between variables used in this study
	        Variables

	
	1
	2
	3
	4
	5
	6
	7
	8
	9
	10
	11
	12
	13
	14
	15
	16
	17
	18
	19
	20
	21
	22
	23
	24

	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	 1. Sex_0F1M
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	 2. Year of study 1 
	
	.118
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	 3. Year of study 2
	
	-.036
	.180
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	 4. Year of study 3
	
	-.003
	.307
	.371
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	 5. Perc. acad. quality qual.
	
	.142
	.273
	-.123
	-.086
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	 6. Positive Stress
	
	-.152
	-.072
	.130
	.036
	-.400
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	 7. Negative Stress
8


	
	-.110
	-.010
	.053
	.036
	-.342
	.750
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	 8. Absorption
	
	-.013
	.133
	-.039
	.020
	.386
	-.257
	-.298
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	 9. Dedication
	
	-.106
	.206
	.034
	.023
	.408
	-.242
	-.261
	.731
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	10. Vigour
	
	-.107
	-.070
	-.050
	-.020
	.168
	-.103
	-.262
	.654
	.494
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	11. Cynicism
	
	.010
	-.242
	-.027
	-.048
	-.438
	.350
	.336
	-.555
	-.666
	-.406
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	12. Exhaustion
	
	-.019
	-.187
	-.044
	-.058
	-.346
	.407
	.363
	-.432
	-.500
	-.292
	.683
	
	
	
	
	
	
	
	
	
	
	
	
	

	13. Inefficacy
	
	.005
	.039
	.101
	.000
	-.304
	.493
	.552
	-.421
	-.436
	-.433
	.644
	.573
	
	
	
	
	
	
	
	
	
	
	
	

	14. Self-regulation 
	
	.026
	-.051
	-.021
	-.005
	.122
	-.117
	-.216
	.382
	.271
	.325
	-.205
	-.168
	-.242
	
	
	
	
	
	
	
	
	
	
	

	15. Ext. regulation 
	
	-.090
	.068
	.029
	-.023
	.228
	-.069
	-.178
	.291
	.293
	.332
	-.315
	-.211
	-.238
	.474
	
	
	
	
	
	
	
	
	
	

	16. Lack of regulation
	
	.083
	.000
	.076
	.004
	-.090
	.398
	.424
	-.156
	-.121
	-.225
	.236
	.194
	.463
	-.162
	-.067
	
	
	
	
	
	
	
	
	

	17. Deep processing
	
	.097
	-.106
	-.095
	.000
	.129
	-.122
	-.213
	.336
	.191
	.259
	-.148
	-.118
	-.260
	.718
	.346
	-.083
	
	
	
	
	
	
	
	

	18. Step processing
	
	-.086
	-.020
	.115
	.027
	-.019
	.077
	-.026
	.010
	.036
	.187
	-.014
	.062
	-.028
	-.035
	.227
	.048
	-.072
	
	
	
	
	
	
	

	19. Generic skills
	
	-.039
	-.013
	-.001
	.042
	.432
	-.195
	-.301
	.427
	.456
	.363
	-.401
	-.253
	-.341
	.283
	.368
	-.153
	.159
	.114
	
	
	
	
	
	

	20. Satisfaction
	
	.089
	.324
	-.169
	-.041
	.718
	-.391
	-.384
	.415
	.491
	.179
	-.487
	-.337
	-.317
	.178
	.255
	-.095
	.127
	-.034
	.505
	
	
	
	
	

	21. Class
	
	-.080
	.134
	-.051
	-.012
	.403
	-.335
	-.375
	.706
	.755
	.568
	-.798
	-.641
	-.639
	.288
	.312
	-.227
	.214
	-.018
	.422
	.447
	
	
	
	

	22. BCH1
	
	.056
	-.130
	.086
	.025
	-.357
	.362
	.358
	-.546
	-.634
	-.421
	.735
	.565
	.580
	-.214
	-.274
	.228
	-.140
	-.004
	-.364
	-.432
	-.833
	
	
	

	23. BCH2
	
	-.002
	.068
	-.089
	-.029
	.142
	-.232
	-.179
	.112
	.207
	.058
	-.331
	-.222
	-.251
	.031
	.107
	-.128
	-.012
	.028
	.133
	.221
	.262
	-.752
	
	

	24. BCH3
	
	-.073
	.076
	.015
	.009
	.273
	-.147
	-.221
	.574
	.552
	.484
	-.505
	-.436
	-.415
	.244
	.213
	-.121
	.206
	-.037
	.296
	.258
	.740
	-.245
	-.455
	

	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	Descriptive statistics
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	

	    M
	
	.159
	.343
	.138
	.033
	-.001
	.001
	.004
	-.013
	-.061
	-.020
	.038
	.007
	.009
	-.003
	-.003
	.004
	.002
	.002
	-.004
	-.013
	1.846
	.321
	.518
	.161

	    SD
	
	.134
	.468
	.362
	.275
	.740
	.848
	.797
	.851
	.749
	.807
	.771
	.770
	.714
	.757
	.714
	.625
	.896
	.801
	.732
	.866
	.462
	.277
	.328
	.152

	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	


   Note.  * p<.05, ** p<.01, *** p<.001. BCH : BCH weights (Bolck, Croon, and Hagenaars, 2004).
The results of the analyses presented below demonstrate that scores on the different refined measures used in this study generally met standards of convergent, discriminant and criterion-related validity.
Convergent validity was assessed through the three standard criteria suggested by Bagozzi and Heatherton (1994): i) most of the factor loadings were significant and high, above the threshold of .50; ii) the average variance extracted (AVE) was generally close to or above the threshold of .50; and iii) the composite reliability CR (i.e., coefficient omega) was above the typical threshold of .60
	Discriminant validity was examined through the classic Fornell and Larcker (1981): i) the maximum shared variance (i.e. the square of the highest correlation coefficient) was lower than the AVE; ii) the square roots of AVE for any given pair of constructs were greater than the inter-construct correlations and iii) the average shared variance (i.e. the mean of the squared correlation coefficients between latent constructs) was lower than the AVE.
	However, the relatively recent criticisms regarding the unsatisfactory low sensitivity of the Fornell-Larcker criterion (Henseler, Ringle and Sarstedt, 2015) led us to additionally include the heterotrait–monotrait ratio (HTMT), and the alternative approach used by Henseler et al. (2015). This approach is defined as “the average of the heterotrait-hetero method correlations (i.e., the correlations of indicators across constructs measuring different phenomena), relative to the average of the monotrait-hetero method correlations (i.e., the correlations of indicators within the same construct)” (Henseler et al., 2015. p. 121). We calculated these ratios by using constrained parameters in Mplus (see Franke and Sarstedt, 2019) and tested them against a conservative threshold value of .85. All these ratios for each pair of constructs were lower than .85, suggesting that discriminant validity was achieved (Henseler et al., 2015).
	Criterion validity was established by demonstrating that scores on the different measures were associated (Pearson’s product-moment correlations) with the remaining variables while controlling for several predictor covariates. The overwhelming majority of these correlations were statistically significant.
	Below, the tables corresponding to convergent, discriminant and criterion-related validity of the scores on the different measures are shown, together with a streamlined summary of the results.


Table S18. CEQ: convergent and discriminant validity (using Fornell and Larcker’s [1981] criteria)

	
	 CR
	AVE
	
	F1_AA
	F2_AW
	F3_CG
	F4_GT

	Factor 1_AA
	.682
	.423
	
	.650
	.119
	.228
	.238

	Factor 2_AW
	.783
	.479
	
	.345
	.692
	.152
	.304

	Factor 3_CG
	.771
	.405
	
	.477
	.39
	.636
	.407

	Factor 4_GT
	.781
	.383
	
	.488
	.551
	.638
	.619

	Higher-order f.
	.867
	
	
	
	
	
	


Note: CR: composite reliability; AVE: average variance extracted; Square root of AVE is on the diagonal, estimated latent construct correlations are under the diagonal, and shared variances are above the diagonal. AA = Appropriate assessment; AW: Appropriate workload; CG: Clear goals and standards; GT: Good teaching; GS: Generic skills.


Convergent validity (Bagozzi & Heatherton, 1994). CR >. 60, and AVEs relatively close to the threshold of .50.

Discriminant validity (Fornell and Larcker, 1981):  i) the maximum shared variance (i.e. the square of the highest correlation coefficient, .6382 = .407) was close to the AVE; b) the square roots of AVE for any given pair of constructs were generally greater than the inter-construct correlations (see right-hand part of Table S18); and the average shared variance (i.e. the mean of the squared correlation coefficients between latent constructs, .208) was lower than the AVE.

Table S19. CEQ: Discriminant validity: Heterotrait-monotrait (HTMT) ratios
	HTMT
	
	F1_AS
	F2_AW
	F3_CG
	F4_GT

	
	
	
	
	
	

	F1_AA

	
	
	
	
	

	F2_AW

	
	.352
CI95 [.241 - .463]
	
	
	

	F3_CG

	
	.385
CI95 [.271 - .499]
	.454
CI95 [.345 - .563]
	
	

	F4_GT

	
	.184
CI95 [.089 - .279]
	.468
CI95 [.358 - .578]
	.226
CI95 [.137 - .314]
	

	
	
	
	
	
	


Note: The 95% confidence intervals (CI) of each ratio appear below it, in square brackets.

Discriminant validity (HTMT, Henseler et al. 2015): The HTMT ratios for each pair of constructs ranged from .184 to .468 (see Table S19) and were lower than .85, suggesting that discriminant validity was established.



Table S20. Criterion-related validity: correlations among the four first-order latent factors of the CEQ and learning outcomes while controlling for some predictor covariates. 

	
	
	GS
	SA

	Factor 1_AA
	
	.274***
	.405***

	Factor 2_AW
	
	.094*
	.265***

	Factor 3_CG
	
	.406***
	.470***

	Factor 4_GT
	
	.433***
	.631***


Note: SA: students’ overall satisfaction with their course quality; AA = Appropriate assessment; AWS: Appropriate workload; CG: Clear goals and standards; GT: Good teaching; GS: Generic skills. Covariates: Sex, Course, Positive stress and Negative stress.  *** = p <.001; ** = p <.01; * = p <.05.

Criterion validity was established since all these correlations were statistically significant.



Table S21. Criterion-related validity: correlations between the higher-order latent factor of the CEQ and the remaining variables while controlling for some predictor covariates.

	Variables
	

	Higher or.

	Absorption
	.297***

	Dedication
	.326***

	Vigour
	.155**

	Cynicism
	-.311***

	Exhaustion
	-.193***

	Inefficacy
	-.154**

	Deep processing
	.107*

	Stepwise processing
	.025

	Self-regulation strategies
	.090*

	External regulation strat.
	.203***

	Lack of regulations strat.
	.094*

	Generic skills
	.433**

	Satisfaction
	.620***

	
	
	


Note: Higher or.: Higher-order latent factor. Covariates: Sex, Course, Positive stress and Negative stress.  *** = p <.001; ** = p <.01; * = p <.05.

Additionally, the overwhelming majority of correlations between the higher-order latent factor and the remaining variables were statistically significant, which confirmed the criterion-related validity of this higher-order factor (Perceptions of academic quality).

Table S22. PSS: Convergent and discriminant validity (using Fornell and Larcker’s [1981] criteria)

	
	 CR
	AVE
	
	F1_PS
	F2_NS

	F1_Positive stress
	.869
	.529
	
	.727
	.420

	F2_Negative stress
	.817
	.531
	
	.648
	.729


Note: PS: Positive stress; NS: Negative stress .CR: composite reliability; AVE: average variance extracted; Square root of AVE is on the diagonal, estimated latent construct correlations are under the diagonal, and shared variances are above the diagonal. 

Convergent validity (Bagozzi & Heatherton, 1994). CR  >. 80, and AVEs above the threshold of .50

Discriminant validity (Fornell and Larcker, 1981):  i) the maximum shared variance (i.e. the square of the highest correlation coefficient, .6482 = .420) was lower than the AVE; b) the square roots of AVE for any given pair of constructs were greater than the inter-construct correlations (see right-hand part of Table S22); and the average shared variance (i.e. the mean of the squared correlation coefficients between latent constructs, .420) was lower than the AVE.




Table S23. PSS: Discriminant validity: Heterotrait-monotrait (HTMT) ratios

	HTMT
	
	F1_PS
	F2_NS

	
	
	
	

	F1_PS

	
	
	

	F2_NS

	
	.556
CI95 [.524 - .587]
	

	
	
	
	


Note: PS: Positive stress; NS: Negative stress. The 95% confidence intervals (CI) of each ratio appear below it, in square brackets.

Discriminant validity (HTMT, Henseler et al. 2015). The  HTMT ratio for this pair of constructs was .556  (see Table S23, i.e., lower than .85, suggesting that discriminant validity was established



Table S24. Criterion-related validity: correlations between the two first-order latent factors of the PSS and the remaining variables while controlling for some predictor covariates. 

	
   Variables
	Positive
stress
	
	Negative
stress

	Absorption
	-.131**
	
	-.201***

	Dedication
	-.129**
	
	-.170***

	Vigour
	-.048
	
	-.223***

	Cynicism
	.237***
	
	.244***

	Exhaustion
	.332***
	
	.294***

	Inefficacy
	.428***
	
	.500***

	Deep processing
	-.055
	
	-.163***

	Stepwise processing
	.059
	
	-.039

	Self-regulation strategies
	-.070
	
	-.178***

	External regulation strat.
	.006
	
	-.121**

	Lack of regulation strat.
	.407***
	
	.431***

	Generic skills
	-.035
	
	-.176***

	Satisfaction
	-.169***
	
	-.244***

	
	
	
	
	


Note. Covariates: Sex, Course, Perceptions of academic quality
 *** = p <.001; ** = p <.01; * = p <.05.


Criterion validity was established insofar as many of these correlations were statistically significant.







Table S25. UWES-S: Convergent and discriminant validity (using Fornell and Larcker’s [1981] criteria)

	
	 CR
	AVE
	
	F1_AB
	F2_DE
	F3_VI

	Factor 1_AB
	.860
	.609
	
	.780
	.426
	.336

	Factor 2_DE
	.945
	.811
	
	.653
	.901
	.176

	Factor 3_VI
	.834
	.631
	
	.580
	.419
	.794


Note: CR: composite reliability; AVE: average variance extracted; Square root of AVE is on the diagonal, estimated latent construct correlations are under the diagonal, and shared variances are above the diagonal. AB: Absorption; DE: Dedication; VI: Vigour.

Convergent validity (Bagozzi & Heatherton, 1994). CR  >. 60, and AVEs above the threshold of .50. 
Discriminant validity (Fornell and Larcker, 1981):  i) the maximum shared variance (i.e. the square of the highest correlation coefficient, .6532 = .426) was lower than the AVE; b) the square roots of AVE for any given pair of constructs were greater than the inter-construct correlations (see right-hand part of Table S25); and the average shared variance (i.e. the mean of the squared correlation coefficients between latent constructs, .313) was lower than the AVE.



Table S26. UWES-S: Discriminant validity: Heterotrait-monotrait (HTMT) ratios

	HTMT
	
	F1_AB
	F2_DE
	F3_VI

	
	
	
	
	

	F1_AB

	
	
	
	

	F2_DE

	
	.151
CI95 [.092 - .211]
	
	

	F3_VI

	
	.190
CI95 [.117 - .263]
	.374
CI95 [.288 - .460]
	

	
	
	
	
	


Note: The 95% confidence intervals (CI) of each ratio appear below it, in square brackets. AB: Absorption; DE: Dedication; VI: Vigour.

Discriminant validity (HTMT, Henseler et al. 2015). The  HTMT ratios for each pair of constructs ranged from .151 to .374 (see Table S26) and were lower than .85, suggesting that discriminant validity was established.





Table S27. Criterion-related validity: correlations between the the three first-order latent factors of the UWES- S and the remaining variables while controlling for all the predictor covariates. 

	Variables
	
	F1_AB
	
	F2_DE
	
	F3_VI

	Deep processing
	
	.306***
	 
	.177***
	 
	.202***

	Stepwise processing
	
	.003
	 
	.022
	 
	.166***

	Self-regulation strategies
	
	.348***
	 
	.243***
	 
	.271***

	External regulation strat.
	
	.201***
	 
	.190***
	 
	.267***

	Lack of regulation strat.
	
	-.048
	 
	-.011
	 
	-.150**

	Generic skills
	
	.289***
	 
	.334***
	 
	.261***

	Satisfaction
	
	.174***
	 
	.284***
	 
	.056

	
	
	
	
	
	
	
	


Note. Covariates: Sex, Course, Perceptions of academic quality. AB: Absorption; DE: Dedication; VI: Vigour.  *** = p <.001; ** = p <.01; * = p <.05.


Criterion validity was established since all but a few of these correlations were statistically significant.


Table S28. MBI-SS: Convergent and discriminant validity (using Fornell and Larcker’s [1981] criteria)

	
	 CR
	AVE
	
	F1_CY
	F2_EX
	F3_IN

	Factor 1_CY
	.883
	.721
	
	.849
	.355
	.301

	Factor 2_EX
	.772
	.536
	
	.596
	.732
	.215

	Factor 3_IN
	.756
	.468
	
	.549
	.464
	.684


Note: CR: composite reliability; AVE: average variance extracted; Square root of AVE is on the diagonal, estimated latent construct correlations are under the diagonal, and shared variances are above the diagonal. CY: Cynicism; EX: Exhaustion; IN: Inefficacy.

Convergent validity (Bagozzi & Heatherton, 1994). CR  >. 75 and AVEs relatively close to or higher than the threshold of .50.
Discriminant validity (Fornell and Larcker, 1981):  i) the maximum shared variance (i.e. the square of the highest correlation coefficient, .5962 = .355) was lower than the AVE; b) the square roots of AVE for any given pair of constructs were generally greater than the inter-construct correlations (see right-hand part of Table S28); and the average shared variance (i.e. the mean of the squared correlation coefficients between latent constructs, .291) was lower than the AVE.


Table S29. MBI-SS: Discriminant validity: Heterotrait-monotrait (HTMT) ratios

	HTMT
	
	F1_CY
	F2_EX
	F3_IN

	
	
	
	
	

	F1_CY

	
	
	
	

	F2_EX

	
	.182
CI95 [.105 - .258]
	
	

	F3_IN

	
	.279
CI95 [.189 - .370]
	.326
CI95 [.222 - .430]
	

	
	
	
	
	


Note: The 95% confidence intervals (CI) of each ratio appear below it, in square brackets. CY: Cynicism; EX: Exhaustion; IN: Inefficacy.


Discriminant validity (HTMT, Henseler et al. 2015). The HTMT ratios for each pair of constructs ranged from .182 to .326 (see Table S29) and were lower than .85, suggesting that discriminant validity was established.


Table S30. Criterion-related validity: correlations among the three first-order latent factors of the MBI-SS and the remaining variables while controlling for all the predictor covariates. 


	Variables
	
	F1_CY
	
	F2_EX
	
	F3_IN

	Deep processing
	
	-.111**
	
	-.074
	
	-.168***

	Stepwise processing
	
	-.015
	
	.065
	
	-.035

	Self-regulation strategies
	
	-.158**
	
	-.116**
	
	-.150**

	External regulation strat.
	
	-.231***
	
	-.137**
	
	-.165***

	Lack of regulation strat.
	
	.121**
	
	.033
	
	.296***

	Generic skills
	
	-.259***
	
	-.106*
	
	-.175***

	Satisfaction
	
	-.223***
	
	-.066
	
	-.062

	
	
	
	
	
	
	
	


Note. Covariates: Sex, Course, Perceptions of academic quality. CY: Cynicism; EX: Exhaustion; IN: Inefficacy. *** = p <.001; ** = p <.01; * = p <.05.


Criterion validity was established since many of the correlations were statistically significant after controlling for all the predictor covariates.


Table S31. ILS (regulation strategies): Convergent and discriminant validity (using Fornell and Larcker’s [1981] criteria)

	
	  CR
	AVE
	
	F1_SR
	F2_EX
	F3_LR

	Factor 1_SR
	.709
	.385
	
	.620
	.143
	.015

	Factor 2_EX
	.708
	.388
	
	.378
	.623
	.002

	Factor 3_LR
	.636
	.385
	
	-.123
	-.045
	.620


Note: CR: composite reliability; AVE: average variance extracted; Square root of AVE is on the diagonal, estimated latent construct correlations are under the diagonal, and shared variances are above the diagonal. SR: Self-regulation; EX: External regulation; LR: Lack of regulation

Convergent validity (Bagozzi & Heatherton, 1994). CR were above the acceptable minimum (.60), but the AVEs were not (<.50).
Discriminant validity (Fornell and Larcker, 1981):  i) the maximum shared variance (i.e. the square of the highest correlation coefficient, .3782 = .142) was lower than the AVE; b) the square roots of AVE for any given pair of constructs were greater than the inter-construct correlations (see right-hand part of Table S31); and the average shared variance (i.e. the mean of the squared correlation coefficients between latent constructs, .053) was lower than the AVEs.


Table S32. Discriminant validity: Heterotrait-monotrait (HTMT) ratios
	HTMT
	
	F1_SR
	F2_EX
	F3_LR

	
	
	
	
	

	F1_SR

	
	
	
	

	F2_EX

	
	.327
CI95 [.221 - .433]
	
	

	F3_LR

	
	-.431
CI95 [-.775 -  -.087]
	.962
CI95 [.817 – 1.106]
	

	
	
	
	
	


Note: The 95% confidence intervals (CI) of each ratio appear below it, in square brackets. SR: Self-regulation; EX: External regulation; LR: Lack of regulation.


Discriminant validity (HTMT, Henseler et al. 2015). The HTMT ratios for each pair of constructs ranged from .327 to .962 (see Table S32) and were lower than .85, except for External regulation and Lack of regulation, appearing to suggest that although discriminant validity was generally established, scores on the latter scale should be interpreted with caution.


Table S33. Criterion-related validity: correlations among the three first-order latent factors of the Regulation strategies (ILS) and the remaining variables while controlling for covariates. 

	Variables
	
	F1_SR
	
	F2_EX
	
	F3_LR

	Absorption
	
	.348***
	
	.201***
	
	-.048

	Dedication
	
	.243***
	
	.190***
	
	-.011

	Vigour
	
	.271***
	
	.267***
	
	-.150**

	Cynicism
	
	-.158**
	
	-.231***
	
	.121**

	Exhaustion
	
	-.116**
	
	-.137**
	
	.033

	Inefficacy
	
	-.150**
	
	-.165***
	
	.296***

	Deep processing
	
	.704***
	
	.336***
	
	-.018

	Stepwise processing
	
	-.054
	
	.209***
	
	.054

	Generic skills
	
	.215***
	
	.279***
	
	-.072

	Satisfaction
	
	.118**
	
	.119**
	
	.078

	
	
	
	
	
	
	
	


Note: Covariates: Sex, Course, Perceptions of academic quality. SR: Self-regulation; EX: External regulation; LR: Lack of regulation.  *** = p <.001; ** = p <.01; * = p <.05.

Criterion validity was generally established because many correlations except for those pertaining to the Lack of regulation scale were statistically significant.



Table S34. ILS (processing strategies): Convergent and discriminant validity (using Fornell and Larcker’s [1981] criteria)

	
	 CR
	AVE
	
	F1_DP
	F2_SP

	Factor 1_DP
	.898
	.449
	
	.670
	.002

	Factor 2_SP
	.789
	.398
	
	.049
	.631


Note: CR: composite reliability; AVE: average variance extracted; Square root of AVE is on the diagonal, estimated latent construct correlations are under the diagonal, and shared variances are above the diagonal. DP: Deep processing; SP: Stepwise processing

Convergent validity (Bagozzi & Heatherton, 1994). CR  >. 78 and AVEs relatively close to the threshold of .50.
Discriminant validity (Fornell and Larcker, 1981):  i) the maximum shared variance (i.e. the square of the highest correlation coefficient, .0492 = .002) was lower than but close to the AVE; b) the square roots of AVE for any given pair of constructs were greater than the inter-construct correlations (see right-hand part of Table S34); and the average shared variance (i.e. the mean of the squared correlation coefficients between latent constructs, .002) was lower than the AVE.


Table S35. Discriminant validity: Heterotrait-monotrait (HTMT) ratios
	HTMT
	
	F1_DP
	F2_SP

	
	
	
	

	F1_DP

	
	
	

	F2_SP

	
	.853
CI95 [.834 - .872]
	

	
	
	
	


Note: The 95% confidence intervals (CI) of each ratio appear below it, in square brackets. DP: Deep processing; SP: Stepwise processing



Discriminant validity (HTMT, Henseler et al. 2015). The  HTMT ratio for this pair of constructs was .853 (see Table S35) and was lower than .85, suggesting that discriminant validity was established





Table S36. Criterion-related validity: correlations among the two latent factors of the Processing strategies (ILS) and the remaining variables while controlling for predictor covariates. 

	Variables
	
	F1_DP
	
	F2_SP

	Absorption
	
	.306***
	
	.003

	Dedication
	
	.177***
	
	.022

	Vigour
	
	.202***
	
	.166***

	Cynicism
	
	-.111*
	
	-.015

	Exhaustion
	
	-.074
	
	.065

	Inefficacy
	
	-.168***
	
	-.035

	Self-regulation strategies
	
	.704***
	
	-.054

	External regulation strat.
	
	.336***
	
	.209***

	Lack of regulation strat.
	
	-.018
	
	.054

	Generic skills
	
	.063
	
	.099*

	Satisfaction
	
	.038
	
	-.022

	
	
	
	
	
	


Note. Covariates: Sex, Course, Perceptions of academic quality. DP: Deep processing; SP: Stepwise processing.  *** = p <.001; ** = p <.01; * = p <.05.

Criterion validity was partially supported, being more evident for the Deep processing factor than for the Stepwise factor, which only showed a handful of statistically significant correlations.
Table S37. Generic Skills (CEQ). Convergent validity (using Fornell and Larcker’s [1981] criteria)

	
	 CR
	AVE
	

	Factor 1_GS
	.898
	.449
	


Note: CR: composite reliability; AVE: average variance extracted; DP: Deep processing.
Convergent validity (Bagozzi & Heatherton, 1994). CR  was close to .90, and therefore, higher that the .60 threshold, whereas AVE was relatively close to the threshold of .50.



Table S38. Satisfaction (Grace et al., 2012). Convergent validity (using Fornell and Larcker’s [1981] criteria)

	
	 CR
	AVE
	

	Factor 1_SA
	.912
	.687
	


Note: CR: composite reliability; AVE: average variance extracted; SA: satisfaction.
Convergent validity (Bagozzi & Heatherton, 1994). Both the CR and the AVE, .912 and .687, were higher that their respective thresholds (.60 and .50, respectively)


Table S39. Criterion-related validity: correlations among the unidimensional latent factor models of Generic skills and Satisfaction and the remaining variables while controlling for several covariates. 

	Variables
	
	GS
	
	SA

	Higher or
	
	.433***
	
	.620***

	Absorption	
	
	.377***
	
	.314***

	Dedication
	
	.426***
	
	.413***

	Vigour
	
	.299***
	
	.140**

	Cynicism
	
	-.357***
	
	-.359***

	Exhaustion
	
	-.178***
	
	-.170***

	Inefficacy
	
	-.222***
	
	-.143**

	Self-regulation strategies
	
	.103*
	
	.096*

	External regulation strat.
	
	.100*
	
	-.002

	Lack of regulation strat.
	
	.232***
	
	.148**

	Deep processing
	
	.334***
	
	.218***

	Stepwise processing
	
	-.024
	
	.119**


Note: Covariates: Sex, Course. GS: Generic skills; SA: Satisfaction. Higher_or: Higher order latent factor model of perceptions of academic quality.  *** = p <.001; ** = p <.01; * = p <.05.

Criterion validity was generally established because the huge majority of correlations except for those pertaining to the pairs External regulation and Satisfaction, and Stepwise processing and Generic skills scales were statistically significant.


Online resource 3. Ancillary figures and tables related to LPA

Figure S40  
Elbow Plot of the Information Criteria for Latent Profile Analyses.














Note: AIC = Akaike information criterion; BIC = Bayesian information criterion; SABIC = sample-size adjusted BIC. The elbow plot shows a relative decrease in information criteria after three profiles.

Table S41. 
Average latent class posterior probabilities for the 3-profile model

	
	P1
	P2
	P3

	Profile 1: 
	.925
	.075
	.000

	Profile 3 
	.047
	.943
	.010

	Profile 4 
	.000
	.000
	.940


Note. Profile indicators are estimated from factor scores. The numbers on the diagonal indicate that the model fit the data well for all three profiles, because these probabilities are high (>.80), while the probabilities on the off-diagonal are very low



Table S42.
 Demographic profile characteristics

	Variables
	(n)
	
	P1
(137)
	P2
(220)
	P3
(71)

	
	
	
	Frequency (%)

	Sex
	
	
	
	
	

	Male
	68
	
	38.2
	51.5
	10.3

	Female
	360
	
	30.8
	51.4
	17.8

	
	
	
	
	
	

	Year of study
	
	
	
	
	

	1st
	199
	
	23.6
	56.8
	19.6

	2nd
	111
	
	42.3
	42.3
	15.3

	3rd
	66
	
	37.9
	48.5
	13.6

	4th
	52
	
	34.6
	53.8
	11.5

	
	
	
	
	
	

	Age
	(428)
	
	20.56
	20.02
	20.55

	
	
	
	
	
	


Note. P1: Burned-out; P2: Moderately engaged; P3: Burned-out



Figure S43
Means of Engagement (AB, DE, VI) and Burnout (CY, EX, IN) for each Profile.













Note: Engagement (AB: Absorption; DE: Dedication; VY: Vigour). Burnout (CY: Cynicism; EX: Exhaustion; IN: Inability).


Online resource 4: Some examples (excerpts) of Mplus code for the main analyses

4.1. ESEM Measurement models
	4.1.1. Basic ESEM (exploratory variant, geomin rotation)   
	4.1.2. Regular ESEM (confirmatory variant, target rotation) 
4.2. Profiles enumeration and retention. The BCH procedure.
4.2.1. Initial step
4.2.2. Intermediate step
4.2.3. Final step
4.3. Reliability and validity 
4.3.1. Scale reliability estimation
4.3.2. Reliability of scales with a second-order structure
4.3.3. Discriminant validity: Heterotrait-monotrait (HTMT) ratios
4.3.3.1. Pairs of correlation matrices



4.1. ESEM Measurement models
4.1.1. Basic ESEM (exploratory variant, geomin rotation)

TITLE:  Basic ESEM-EFA of PSS items (Cohen et al., 1983)
   DATA:
        FILE IS Filename1.dat ;     ! File including data of random half of the participants 
        FORMAT IS  (F3.0,  ... ) ;  
            ! The maximum length of any line in an Mplus input file is 90 characters
            ! Given our large number of variables, we opted to use a Fortran-like 
            ! fixed format  
! https://stats.oarc.ucla.edu/mplus/seminars/mplus-class-notes/getting-started-with-mplus/

VARIABLE:
NAMES ARE:
NSUUJ_428 . . .
PSS1      PSS2      PSS3      PSS4R     PSS5R     PSS6 
SS7R     PSS8R     PSS9      PSS10 ;

          USEVARIABLES ARE
PSS1      PSS2      PSS3      PSS4R     PSS5R     PSS6
PSS7R     PSS8R     PSS9      PSS10;

         CATEGORICAL ARE ALL
PSS1       PSS2       PSS3       PSS4R     PSS5R     PSS6
PSS7R     PSS8R     PSS9      PSS10 ;

! Note that:
! Positive stress  =   PSS1      PSS2     PSS3     PSS6  PSS9 PSS10
! Negative stress =  PSS4R   PSS5R   PSS7R  PSS8R 
 
MODEL: 
! Two ESEM-like exploratory factor analyses (EFA) are estimated

  ANALYSIS:
  TYPE      = EFA 2, 2 ;         
  ESTIMATOR = WLSMV;  ! for ordinal data (e.g, Likert-type scales)
  ROTATION  = GEOMIN(OBLIQUE, .5) ; ! "default rotation”
 
 OUTPUT: 
    STDYX ;   ! Compute fully standardised factor loadings.



4.1.2. Regular ESEM (confirmatory variant, target rotation)

TITLE:  Regular ESEM (confirmatory variant, target rotation)
            ! of PSS items (Cohen et al., 1983)
   DATA:
        FILE IS Filename2.dat ;     ! File including data of 100% of the participants 
        FORMAT IS  (F3.0,  ... ) ;  ! Fortran-like format is suitable for large data sets
VARIABLE:
NAMES ARE:
  NSUJ_428 . . .   
  PSS1      PSS2      PSS3      PSS4R     PSS5R     PSS6 
  SS7R     PSS8R     PSS9      PSS10 ;

          USEVARIABLES ARE
  PSS1       PSS2       PSS3       PSS4R     PSS5R     PSS6
  PSS7R     PSS8R     PSS9      PSS10;

         CATEGORICAL ARE ALL
  PSS1       PSS2       PSS3       PSS4R     PSS5R     PSS6
  PSS7R     PSS8R     PSS9      PSS10 ;

! Note that:
! Positive stress  =   PSS1      PSS2     PSS3     PSS6  PSS9 PSS10
! Negative stress =  PSS4R   PSS5R   PSS7R  PSS8R 
 
ANALYSIS: 
   ESTIMATOR IS WLSMV  ;  
   ROTATION  IS TARGET ;   ! cross-loadings are allowed, but "targeted" 
                                                   ! to be as close to zero as possible, with the '(~0)'
MODEL: 
POS_STRE BY 
   PSS1          PSS2          PSS3           PSS6        PSS9     PSS10
   PSS4R~0   PSS5R~0   PSS7R~0    PSS8R~0 (*1); 

 NEG_STRE BY 
   PSS1~0   PSS2~0   PSS3~0   PSS6~0   PSS9~0   PSS10~0 
   PSS4R    PSS5R     PSS7R     PSS8R   (*1);

 OUTPUT: 
    STDYX ;   ! Compute fully standardised factor loadings.

SAVEDATA:
    FILE = PSS_2F_fscores.txt ; 
    SAVE = FSCORES;               ! to save the factor scores.




4.2. Profiles enumeration and retention
A series of iterative models with 1-5 profiles, in which the means (and variances) were freely estimated within each profile (Masyn, 2013), were fitted to select the best-fitting model. With a view to avoiding convergence and high computational time, these models were estimated stepwise, and the Lo–Mendell–Rubin test (VLMR-LRT) and its bootstrapped likelihood ratio test (BLRT) were requested separately. Although this process takes time, it is relatively simple and can be carried out easily following some published Mplus syntax and guidelines (e.g., Asparouhov and Muthén, 2012; Morin, Houle & Litalien, 2017).
Once the three-profile was selected and retained as the best-fitting model, the covariates (i.e, predictors and outcomes) were examined simultaneously, following the manual BCH method (Bolck, Croon, & Hagenaars, 2004). Although this process is considered the best practice nowadays (Asparouhov & Muthén, 2015), it is complex, inasmuch as it involves a three-step approach, and finding its corresponding Mplus syntax is not usually easy. This is why we present below the Mplus code corresponding to our personal streamlined adaptation of the guidelines provided by Moore, Dowdy, Nylund-Gibson and Furlong (2019).

4.2.1. Initial step
This initial step is in fact an enumeration step aimed at obtaining the posterior class probabilities (CPROBS) for each participant and their most likely latent class membership (i.e., Class or latent profile membership). No covariates are included, only the factor scores of the UWES-S and the MBI-SS measurement models.

TITLE: Initial step. To obtain CPROBS & Class for the 3-class (profile) solution
            ! LPA (UWES-S & MB_SS items). Free Means & Free Variances (*)
DATA:
   FILE IS Filename3.dat ;     ! This file must include the 'fscores' of the measurement models
   FORMAT IS  (F3.0,  ... ) ;  ! Fortran-like format is suitable for large data sets
 DEFINE:
        VARIABLE:
        NAMES ARE
NSUJ_428 . . . 
UWES_ABS
UWES_DED
UWES_VIG
MBI_S_CY
MBI_S_EX
MBI_S_IN;  
    USEVARIABLES ARE
UWES_ABS
UWES_DED
UWES_VIG
MBI_S_CY
MBI_S_EX
MBI_S_IN ; 

Classes = c(3); ! Defines a latent class variable known as c with 3 classes.
ANALYSIS:   
TYPE                       = MIXTURE ;   ! 
STARTS                  = 5000    500;    ! (Hipp & Bauer, 2006).
STITERATIONS    = 1000;               !        
PROCESS               = 32 (STARTS) ; 

MODEL: 
%OVERALL%   
!
%c#1%
[ UWES_ABS  UWES_DED  UWES_VIG     MBI_S_CY  MBI_S_EX   MBI_S_IN] ;
 ! Means freely estimated.
  UWES_ABS  UWES_DED  UWES_VIG     MBI_S_CY  MBI_S_EX   MBI_S_IN   ; 
 ! Variances freely estimated.

%c#2%
[ UWES_ABS  UWES_DED  UWES_VIG     MBI_S_CY  MBI_S_EX   MBI_S_IN] ;
 ! Means freely estimated.
  UWES_ABS  UWES_DED  UWES_VIG     MBI_S_CY  MBI_S_EX   MBI_S_IN   ;

%c#3%
[ UWES_ABS  UWES_DED  UWES_VIG     MBI_S_CY  MBI_S_EX   MBI_S_IN] ;
 ! Means freely estimated.
  UWES_ABS  UWES_DED  UWES_VIG     MBI_S_CY  MBI_S_EX   MBI_S_IN   ;
  ! Variances freely estimated.
!
OUTPUT:
   SAVEDATA:
   FILE IS CPROBS_Class_3_Profiles.dat ;
   SAVE = CPROBABILITIES;  
        ! Given our large data set, CPROBS & Class have to be included in the previous
        ! Filename3.dat and renamed as Filemame4.dat to be used in the next step

! (*) Three other possible specifications of the variance–covariance matrix can be 
! found in the article of Johnson (2021), which includes a download link of
!  Mplus codes:  https://osf.io/5te3d/

4.2.2. Intermediate step
This intermediate step aims to estimate the unconditional latent profile model including all covariates (predictors and outcomes) as auxiliary variables, and to save the BCH weights. The latter are derived from the previously saved posterior class probabilities (CPROBS).

TITLE: Intermediate step. Estimation of the unconditional model including all covariates
             !  (predictors and outcomes) as auxiliary variables, and saving the BCH weights
DATA:
      FILE IS Filename4.dat ;     
      FORMAT IS (F3, 2X,  . . .)  ;  ! Fortran-like format 
 DEFINE:
      VARIABLE
      NAMES ARE
NSUJ_428
Sex_0F1M
CS1
CS2
CS3 
H_CEQ_1F
POS_STRE
NEG_STRE
UWES_ABS
UWES_DED
UWES_VIG
MBI_S_CY
MBI_S_EX
MBI_S_IN
DEEP_PR
STEP_PR
SELF_REG
EXT_REG
LACK_R
G_SKILLS
SATISFAC 
CPROB1    ! new variable names generated in the initial step
CPROB2    !              "                                        "                                          
CPROB3    !              "                                        "                                          
Class ;        !              "                                        "     
                   ! Class = the most likely profile
! 
    USEVARIABLES ARE
UWES_ABS
UWES_DED
UWES_VIG
MBI_S_CY
MBI_S_EX
MBI_S_IN ; 
! 
Classes = c(3); ! Defines a latent class variable known as c with 3 classes.
! 
AUXILIARY = 
Sex_0F1M CS1 CS2 CS3                                   ! Predictors
H_CEQ_1F                                                          ! Predictors
POS_STRE NEG_STRE                                     ! Predictors
SELF_REG EXT_REG LACK_R                       ! Outcomes
DEEP_PR  STEP_PR G_SKILLS SATISFAC ; ! Outcomes
!
ANALYSIS:   
TYPE             = MIXTURE ;   ! 
STARTS                  = 5000    500;  !
STITERATIONS     = 1000;          
PROCESS                = 32 (STARTS) ;

MODEL: 

%OVERALL%   
!
%c#1%
[ UWES_ABS  UWES_DED  UWES_VIG     MBI_S_CY  MBI_S_EX   MBI_S_IN] ;  UWES_ABS  UWES_DED  UWES_VIG     MBI_S_CY  MBI_S_EX   MBI_S_IN   ; 
!
%c#2%
[ UWES_ABS  UWES_DED  UWES_VIG     MBI_S_CY  MBI_S_EX   MBI_S_IN] ;
  UWES_ABS  UWES_DED  UWES_VIG     MBI_S_CY  MBI_S_EX   MBI_S_IN   ;
!
%c#3%
[ UWES_ABS  UWES_DED  UWES_VIG     MBI_S_CY  MBI_S_EX   MBI_S_IN] ;
  UWES_ABS  UWES_DED  UWES_VIG     MBI_S_CY  MBI_S_EX   MBI_S_IN   ;
!
OUTPUT:
   SAVEDATA:
   FILE IS BCHWEIGHTS.dat ;
   SAVE    bchweights     ;
        ! Given our large data set, the BCHWEIGHTS have be included in the previous
        ! Filename4.dat and renamed as Filemame5.dat to be used in the next step
      

4.2.3. Final step
This last step aims to estimate the (conditional) model with auxiliary variables on the Class variable using the BCH weights

TITLE:  Final step. Estimation of the (conditional) model with auxiliary variables 
             ! using BCH weights
DATA:
      FILE IS Filename5.dat ;     
      FORMAT IS (F3, 2X,  . . .)  ;  ! Fortran-like format 
DEFINE:
        VARIABLE:
        NAMES ARE
NSUJ_428
Sex_0F1M
CS1
CS2
CS3 
H_CEQ_1F
POS_STRE
NEG_STRE
UWES_ABS
UWES_DED
UWES_VIG
MBI_S_CY
MBI_S_EX
MBI_S_IN
DEEP_PR
STEP_PR
SELF_REG
EXT_REG
LACK_R
G_SKILLS
SATISFAC 
CPROB1
CPROB2
CPROB3
Class 
BCHW1
BCHW2
BCHW3;
! 
    USEVARIABLES ARE
! MBI-SS & UWES-S factor scores are obviously not included
Sex_0F1M
CS1
CS2
CS3
H_CEQ_1F
POS_STRE
NEG_STRE
SELF_REG
EXT_REG
LACK_R
DEEP_PR
STEP_PR
G_SKILLS
SATISFAC 
BCHW1
BCHW2
BCHW3 ;
 
Classes = c(3); 

TRAINING = BCHW1-BCHW3(bch); ! treating BCH weights as training data

ANALYSIS: 
TYPE                = MIXTURE ;   ! 
STARTS           = 0;          ! last step of BCH. Do not use random starts
                                          ! because the model is identified

MODEL: 
%OVERALL% 
!!! Multinomial logistic regression model using a three-step weighting procedure. 
!!! This allowed us to assess the extent to which demographic factors 
!!! (i.e., predictors covariates) predicted the likelihood of profile membership

! BCH (Moore et al., 2019)
! (a) the latent class indicator is regressed onto the demographic covariates, 
! (b) the distal outcomes are regressed onto the latent class indicator, and 
! (c) the distal outcomes are regressed onto the covariates.
!
!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
!!!! (a) The Latent Class indicator (latent profile membership) is 
!           regressed onto the demographic covariates (i.e., Predictors)
!   
  c  on  Sex_0F1M  CS1 CS2 CS3   H_CEQ_1F    POS_STRE  NEG_STRE ;

!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
! 
!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
! (c) the DISTAL OUTCOMES are regressed onto the predictors covariates

SELF_REG on Sex_0F1M CS1 CS2 CS3  H_CEQ_1F   POS_STRE NEG_STRE ;
EXT_REG  on Sex_0F1M CS1 CS2 CS3  H_CEQ_1F   POS_STRE NEG_STRE ;
LACK_R    on Sex_0F1M CS1 CS2 CS3  H_CEQ_1F   POS_STRE NEG_STRE ;
DEEP_PR   on Sex_0F1M CS1 CS2 CS3  H_CEQ_1F   POS_STRE NEG_STRE ;
STEP_PR    on Sex_0F1M CS1 CS2 CS3  H_CEQ_1F   POS_STRE NEG_STRE ;
G_SKILLS  on Sex_0F1M CS1 CS2 CS3  H_CEQ_1F   POS_STRE NEG_STRE ;
SATISFAC  on Sex_0F1M CS1 CS2 CS3  H_CEQ_1F   POS_STRE NEG_STRE ;
! 
!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!
!!! (b) The DISTAL OUTCOMES are regressed onto the latent class indicator 
!        (i.e., class, latent profile membership). Thus, for example, Nylund (2019, p.11)
!        wrote: “To examine the predictive validity of the LPA classes, we looked at
!        whether self-reported grades and social-emotional indicators differed across the four
!        mental health classes”
!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!!! 
!
  %c#1%
  [SELF_REG](d11) ; !naming distal 1 class 1 as d11
  [EXT_REG] (d21) ;  !naming distal 2 class 1 as d21
  [LACK_R]  (d31) ;
  [DEEP_PR] (d41) ;
  [STEP_PR] (d51) ;
  [G_SKILLS](d61) ;
  [SATISFAC](d71) ;

  %c#2%
  [SELF_REG](d12) ;
  [EXT_REG] (d22) ;
  [LACK_R]  (d32) ;
  [DEEP_PR] (d42) ;
  [STEP_PR] (d52) ;
  [G_SKILLS](d62) ;
  [SATISFAC](d72) ;

  %c#3%
  [SELF_REG](d13) ;
  [EXT_REG] (d23) ;
  [LACK_R]  (d33) ;
  [DEEP_PR] (d43) ;
  [STEP_PR] (d53) ;
  [G_SKILLS](d63) ;
  [SATISFAC](d73) ;

  
  MODEL CONSTRAINT:
  ! The syntax below creates new variables that are all possible 
  ! pairwise differences between distal outcomes for each class
  ! 
  new(d11_d12   d11_d13   
                           d12_d13  
 
      d21_d22   d21_d23   
                       d22_d23   
                          
      d31_d32   d31_d33   
                       d32_d33   
                         
      d41_d42   d41_d43   
                       d42_d43   
                          
      d51_d52   d51_d53   
                       d52_d53   
                        
      d61_d62   d61_d63   
                       d62_d63   
                          
      d71_d72   d71_d73   
                       d72_d73  ) ;

! The syntax below tests whether the difference between the means 
! for the distal outcomes is significantly different from zero

d11_d12 = d11-d12 ;
d11_d13 = d11-d13 ;
d12_d13 = d12-d13 ;

d21_d22 = d21-d22 ;
d21_d23 = d21-d23 ;
d22_d23 = d22-d23 ;

d31_d32 = d31-d32 ;
d31_d33 = d31-d33 ;
d32_d33 = d32-d33 ;

d41_d42 = d41-d42 ;
d41_d43 = d41-d43 ;
d42_d43 = d42-d43 ;


d51_d52 = d51-d52 ;
d51_d53 = d51-d53 ;
d52_d53 = d52-d53 ;

d61_d62 = d61-d62 ;
d61_d63 = d61-d63 ;
d62_d63 = d62-d63 ;

d71_d72 = d71-d72 ;
d71_d73 = d71-d73 ;
d72_d73 = d72-d73 ;



                    
4.3. Reliability and validity
4.3.1. Scale reliability estimation: Composite reliability (CR) and Average variance extracted (AVE). 
The Mplus code offered below is an adaption of the Mplus codes taken from three sources: i) Dimitrov (2012), p. 188; Franke and Sarstedt (2018), p. 25; and iii) Geldhof, Preacher and Zyphur (2014),  p.3 of the supplementary materials (http://dx.doi.org/10.1037/a0032138.supp).
An illustration of this code is provided for Absorption, a purified scale of the UWES-S defined by four indicators.

TITLE: Reliability estimation (CR & AVE) for the scale Absorption (UWES-S)
   DATA:
        FILE IS Filename2.dat ;      
        FORMAT IS (F3.0,  ... ) ;  ! Fortran-like format is suitable for large data sets
  DEFINE:
     VARIABLE:
        NAMES ARE:
        NSUJ_428 . . .   UW_46_AB UW_49_AB  UW_52_AB  UW_57_AB ;
          USEVARIABLES ARE
                                  UW_46_AB  UW_49_AB  UW_52_AB  UW_57_AB ;

         CATEGORICAL ARE ALL ;

ANALYSIS: 
ESTIMATOR IS WLSMV; !creates and analyses a matrix of polychoric correlations
PARAMETERIZATION=THETA ;
BOOTSTRAP = 2000;

MODEL:
ETA        BY             ! Specify factor and label loadings
UW_46_AB*  (L1)   ! (i.e., factor loadings)
UW_49_AB   (L2)   
UW_52_AB   (L3)
UW_57_AB   (L4) ;
           
ETA@1;                      ! The factor variance is fixed at 1.00 for identification
UW_46_AB*  (TD1)  ! Specify and label item residuals
UW_49_AB   (TD2)   ! (i.e, unique error variances) (Theta Delta; TD)
UW_52_AB   (TD3)
UW_57_AB   (TD4) ;

  MODEL CONSTRAINT:
        NEW (AVE, CR);                                        !  Specify new variables

  AVE  =  (  L1**2+L2**2+L3**2+L4**2  ) /    ! (Average variance extracted)
                ( (L1**2+L2**2+L3**2+L4**2) +    
                (TD1+TD2+TD3+TD4)         ) ;          

  CR   =  ( L1+L2+L3+L4)**2 /                                            ! Composite reliability
              ((L1+L2+L3+L4)**2 + (TD1+TD2+TD3+TD4));  
                                                                                               
OUTPUT:
    CINTERVAL(BCBOOTSTRAP)  SAMPSTAT ;
   ! Bootstrap & Confidence Interval



3.3.2. Reliability of scales with a second-order structure

The following Mplus code is an adaption of the Mplus codes offered by 
Raykov, Goldammer, Marcoulides, Li and Menold (2018, pp. 1132-1133).
We have added the lines corresponding to the reliability for each first-order
factor and its related AVE.

TITLE: Reliability estimation (CR & AVE) for the four first-order factors of the
!           CEQ loading on second-order (i.e., higher-order) factor (HIG_OR_F)
   DATA:
        FILE IS Filename2.dat ;      
        FORMAT IS (F3.0,  ... ) ;  ! Fortran-like format is suitable for large data sets
  DEFINE:
     VARIABLE:
        NAMES ARE:
        NSUJ_428 . .  . AA_9     AA_14     AA_25
                                 AW_XA_4  AW_XA_13  AW_XA_23  AW_XA_30
                                 CG_A_1   CG_A_7    CG_XA_15  CG_XA_20  CG_A_29
                                 GT_A_3   GT_A_8    GT_A_19   GT_A_21 ;  
    USEVARIABLES ARE
AA_9     AA_14     AA_25
AW_XA_4  AW_XA_13  AW_XA_23  AW_XA_30
CG_A_1   CG_A_7    CG_XA_15  CG_XA_20  CG_A_29
GT_A_3   GT_A_8    GT_A_19   GT_A_21 ;  

         CATEGORICAL ARE ALL ;

ANALYSIS: 
ESTIMATOR IS WLSMV; !creates and analyses a matrix of polychoric correlations
PARAMETERIZATION=THETA ;
BOOTSTRAP = 2000;

MODEL:
			            ! FIRST-ORDER FACTORS
ETA1	BY	                        ! Specify factor and label loading
                       AA_9* (L1)	    
		AA_14 (L2)	 ! Factor loadings (1st First-order Factor) (A_ASSES)
		AA_25 (L3) ;	
!				
ETA2	BY	
        AW_XA_4*  (L4)	! Factor loadings (2nd First-order Factor) (A_WORKL)
		AW_XA_13  (L5)	
		AW_XA_23  (L6)	
		AW_XA_30  (L7) ;	
!
ETA3	BY	
          CG_A_1*	  (L8)	! Factor loadings (3th First-order Factor) (C_GOALS)
		CG_A_7       (L9)	
		CG_XA_15  (L10)	
		CG_XA_20  (L11)
                        CG_A_29   (L12) ;	
!				
ETA4	BY	
        GT_A_3*   (L13)
                       GT_A_8     (L14)	! Factor loadings (4rd First-order Factor) (G_TEACH)
		GT_A_19   (L15)	
		GT_A_21   (L16)	 ;	
!!         1         2         3         4         5         6         7         8
!12345678901234567890123456789012345678901234567890123456789012345678901234567890
! The original label TH ('error variances'), used by Raykov et al. (2018), has been 
! replaced with the label TD ('error variances') to be consistent with the label 
! previously used to compute Raykov’s CR, and AVE .

	AA_9 - GT_A_21 	(TD1-TD16);! "Error Variances" 
                               ! for 1st-order Factor Indicators
!
KSI	BY	ETA1*	(G1)	! SECOND-ORDER FACTOR.
		ETA2	(G2)	! G (Gamma) = Loadings of the First-order
		ETA3	(G3)	! Factors on the 2nd-order factors
		ETA4	(G4) ;	

KSI@1 ;			        ! Contributes to model identification.
		ETA1-ETA4 (PSI1-PSI4) ; ! Latent Disturbance Var's (1st-order factors).
!
MODEL CONSTRAINT:
 NEW( HIG_OR_F*  
     S1*        S2*       S3*       S4*     
     CR_F1*     CR_F2*    CR_F3*    CR_F4*  
     TD_F1*     TD_F2*    TD_F3*    TD_F4*
     TV_F1*     TV_F2*    TV_F3*    TV_F4*
     AVE_F1*    AVE_F2*   AVE_F3*   AVE_F4*); 

! CREATING ‘PLACE-HOLDERS’ FOR PARAMETERS.
! Sum of factor loadings for Factor 1 (F1) 
S1 = L1+L2+L3; 
! Sum of factor loadings for Factor 2 (F2)
S2 = L4+L5+L6+L7;                            
! Sum of factor loadings for Factor 3 (F3)
S3 = L8+L9+L10+L11+L12;  
! Sum of factor loadings for Factor 4 (F4)                      
S4 = L13+L14+L15+L16 ;
!
!  PSI: Phi specifies the variances and covariances of the 
!  KSI (independent latent) variables

PSI1 = 1 - G1^2; ! Contributes to model identification.
PSI2 = 1 - G2^2; ! fixing latent var. at 1
PSI3 = 1 - G3^2;
PSI4 = 1 - G4^2;

! ^ symbol = caret = exponent (e.g., L1^2 = square L1)

! **************************************************
! COMPOSITE RELIABILITY HIGHER-ORDER FACTOR
HIG_OR_F = 
(S1^2*G1^2 + S2^2*G2^2 + S3^2*G3^2 + S4^2*G4^2 + 
 S1^2*PSI1 + S2^2*PSI2 + S3^3*PSI3 + S4^4*PSI4 ) /
!
(S1^2*G1^2 + S2^2*G2^2 + S3^2*G3^2 + S4^2*G4^2 +
 S1^2*PSI1 + S2^2*PSI2 + S3^3*PSI3 + S4^4*PSI4 + 
 TD1  + TD2  + TD3  + TD4  + TD5 + TD6 + TD7 + TD8 + TD9 + TD10 +
 TD11 + TD13 + TD14 + TD15 + TD16);
! (TDI1+ ... TD16) = Sum of error variances
!
! COMPOSITE RELIABILITY (CR) FIRST-ORDER Factors
!
! **************************************************
CR_F1 = 
(S1^2*G1^2 + S1^2*PSI1)/   
(S1^2*G1^2 + S1^2*PSI1 + TD1+TD2+TD3);
!
CR_F2 = 
(S2^2*G2^2 + S2^2*PSI2)/   
(S2^2*G2^2 + S2^2*PSI2 + TD4+TD5+TD6+TD7);
!
CR_F3 = 
(S3^2*G3^2 + S3^2*PSI3)/   
(S3^2*G3^2 + S3^2*PSI3 + TD8+TD9+TD10+TD11+TD12);
!
CR_F4 = 
(S4^2*G4^2 + S4^2*PSI4)/   
(S4^2*G4^2 + S4^2*PSI4 + TD13+TD14+TD15+TD16);
!
!  **********************************************************
! AVERAGE VARIANCE EXTRACTED (AVE)(for each factor, F1-F4)
! Formula:
! Numerator   =    (Sum of indicators of True variance) 
!                           (i.e., sum of squared factor loadings)   / 
! Denominator =   (Sum of squared factor loadings) + (Sum of
!                              indicators of error variance)
! **********************************************************
! TV = True-score variance;
! TD = Error variance

 TD_F1 = (TD1  + TD2    + TD3) ;                 
 TD_F2 = (TD4   + TD5   + TD6   + TD7 ) ;          
 TD_F3 = (TD8   + TD9   + TD10 + TD11 + TD12) ;    
 TD_F4 = (TD13 + TD14 + TD15 + TD16) ;         

 ! TV True score variance

  TV_F1 = (L1^2*G1^2 + L2^2*G1^2 + L3^2*G1^2)   +    
                  (L1^2*PSI1 + L2^2*PSI1 + L3^2*PSI1)   ;

  TV_F2 = (L4^2*G2^2 + L5^2*G2^2 + L6^2*G2^2 + L7^2*G2^2) +
                   (L4^2*PSI2 + L5^2*PSI2 + L6^2*PSI2 + L7^2*PSI2) ;

  TV_F3 = (L8^2*G3^2 + L9^2*G3^2 + L10^2*G3^2 + L11^2*G3^2 + L12^2*G3^2) +
                  (L8^2*PSI3 + L9^2*PSI3 + L10^2*PSI3 + L11^2*PSI3 + L12^2*PSI3) ;
 
  TV_F4 = (L13^2*G4^2 + L14^2*G4^2 + L15^2*G4^2) +			
                 (L13^2*PSI4 + L14^2*PSI4 + L15^2*PSI4) ;		

 AVE_F1 =  (TV_F1) / (TV_F1 + TD_F1) ;
 AVE_F2 =  (TV_F2) / (TV_F2 + TD_F2) ;
 AVE_F3 =  (TV_F3) / (TV_F3 + TD_F3) ;
 AVE_F4 =  (TV_F4) / (TV_F4 + TD_F4) ;
!

OUTPUT: CINTERVAL;
 
4.3.3. Discriminant validity: Heterotrait-monotrait (HTMT) ratios
The Mplus codes offered below are an adaptation of the Mplus codes presented in Franke and Sarstedt (2019). We thank Professor George Franke for his advice and support in applying these codes for inferential tests of the HTMT ratios.
The calculation of HTMT requires several steps (see Franke & Sarsted, 2019; Henseler, Ringle, & Sarstedt, 2015) and involves the application of multiple tests to pairs of constructs. We use, for example, the above-mentioned purified UWES questionnaire, which is composed of three subscales (number of items in brackets): Absorption (4), Dedication (4), and Vigour (3).

4.3.3.1. Pairs of correlation matrices
Basically, we have to calculate inter-item correlation matrices separately for each pair of possible combinations of these scales (i.e., 3 in total) (possible names of the matrices, in brackets)
Absorption and Dedication (4 x 4 items) (mtx_uwes_12_AB_DE.txt)
Absorption and Vigour (4 x 3 items) (mtx_uwes_13_AB_VI.txt)
Dedication and Vigour (4 x 3 items) (mtx_uwes_23_DE_VI.txt)
	To request the matrix mtx_uwes_13.txt

 TITLE: Request mtx_uwes_13_AB_VI.txt
 DATA:
        FILE IS Filename2.dat ;      
        FORMAT IS (F3.0,  ... ) ;  ! Fortran-like format is suitable for large data sets
  DEFINE:
     VARIABLE:
        NAMES ARE:
        NSUJ_428 . .  
UW_46_AB  UW_49_AB   UW_52_AB UW_57_AB 
UW_55_VI   UW_58_VI    UW_60_VI ;

   CATEGORICAL ARE ALL ;

    USEVARIABLES ARE
UW_46_AB  UW_49_AB   UW_52_AB UW_57_AB 
UW_55_VI   UW_58_VI    UW_60_VI ;

         CATEGORICAL ARE ALL ;

ANALYSIS: 
ESTIMATOR IS WLSMV  ; ! creates and analyses a matrix of polychoric correlations
ROTATION  IS TARGET ; ! cross-loadings are "targeted" to be zero with the '(~0)'
                      ! command OBLIQUE
                      ! ESEM for purely confirmatory purposes
MODEL:  
ABSORPTION  BY 
UW_46_AB    UW_49_AB     UW_52_AB  UW_57_AB
UW_55_VI~0  UW_58_VI~0  UW_60_VI~0 (*1) ;

VIGOUR BY 
UW_46_AB~0  UW_49_AB~0   UW_52_AB~0   UW_57_AB~0
UW_55_VI        UW_58_VI        UW_60_VI (*1) ; 

OUTPUT: 
    SAMPSTAT ; ! To obtain the correlation matrix


The correlation matrix can be copied and pasted in an Mplus.inp file (e.g. mtx_uwes_13_AB_VI.txt).  

0.000	0.000	0.000	0.000	0.000	0.000	0.000
1.000	1.000	1.000	1.000	1.000	1.000	1.000
1.000						
0.518	1.000					
0.524	0.596	1.000				
0.579	0.687	0.688	1.000			
0.297	0.481	0.388	0.483	1.000		
0.391	0.441	0.399	0.525	0.615	1.000	
0.310	0.337	0.323	0.421	0.505	0.719	1.000

Similarly, this operation has to be repeated for the other two correlation matrices: Absorption and Dedication (4 x 4 items) (mtx_uwes_12_AB_DE.txt) and (4 x 3 items), and Dedication and Vigour (mtx_uwes_23_DE_VI.txt). We then have to use each of these correlations separately to obtain the HTMT ratio.

The guidelines and recommendations for model specification (see Franke & Sarsted, 2019; Henseler, Ringle, & Sarstedt., 2015) are useful for planning the different matrices and the Mplus code for obtaining the HTMT ratios. Here, we offer the matrix corresponding to the current example: mtx_uwes_13_AB_VI, i.e., Factor 1 (AB) (4 items) and Factor 3 (VI) (3 items)


	
	F1_AB & F3_VI
	f1
	f2
	f3
	f4
	f5
	f6
	f7

	 mtx_uwes_13_AB_VI
	4 & 3 items
	y1
	y2
	y3
	y4
	y5
	y6
	y7

	
	
	
	
	
	
	
	
	

	
	y1
	 
	
	
	
	
	Rxx
	Rxy

	f1 with f2
	y2
	r12
	 
	
	
	
	
	Ryy

	f1 with f3
	y3
	r13
	r23
	 
	
	 
	
	

	f1 with f4
	y4
	r14
	r24
	r34
	
	
	
	

	f1 with f5
	y5
	r15
	r25
	r35
	r45
	
	
	

	f1 with f6
	y6
	r16
	r26
	r36
	r46
	r56
	
	

	f1 with f7
	y7
	r17
	r27
	r37
	r47
	r57
	r67
	

	
	
	
	
	
	
	
	
	




The corresponding Mplus code to obtain the HTMT ratio for this example is as follow:

TITLE:	HTMT === UWES (mtx_uwes_13_AB_DE)
 DATA:
 FILE IS  mtx_uwes_13_AB_DE.txt ;
 TYPE IS CORRELATION MEANS STDEVIATIONS;
 NOBSERVATIONS = 428 ;

VARIABLE:
    Names are             y1 y2 y3 y4      y5 y6 y7 ;
    Usevariables are   y1 y2 y3 y4      y5 y6 y7 ;

MODEL:
	f1 by y1@1;
	
	

	f2 by y2@1;
	
	

	f3 by y3@1;
	
	

	f4 by y4@1;
	
	

	f5 by y5@1;
	
	

	f6 by y6@1;
	
	

	f6 by y6@1;
	
	

	f7 by y7@1;
	
	

	f1-f7*;
	
	

	y1-y7@0;
	
	

	f1 with f2 (r12);
	
	

	f1 with f3 (r13);
	
	! rxx

	f1 with f4 (r14);
	
	

	f1 with f5 (r15);
	
	

	f1 with f6 (r16);
	
	! rxy

	f1 with f7 (r17);
	
	

	f2 with f3 (r23);
	
	

	f2 with f4 (r24);
	
	

	f2 with f5 (r25);
	
	! rxx

	f2 with f6 (r26);
	
	

	f2 with f7 (r27);
	
	! rxy

	f3 with f4 (r34);
	
	

	f3 with f5 (r35);
	
	

	f3 with f6 (r36);
	
	

	f3 with f7 (r37);
	
	! rxx

	f4 with f5 (r45);
	
	

	f4 with f6 (r46);
	
	

	f4 with f7 (r47);
	
	

	f5 with f6 (r56);
	
	

	f5 with f7 (r57);
	
	! ryy

	f6 with f7 (r67);
	
	



MODEL CONSTRAINT:
    new (Rxy* Rxx* Ryy* HTMT* HTMT85* HTMT90* HTMT95*);  
    Rxy = ( r15 + r16 + r17 + r18  +
            r25 + r26 + r27 + r28  + 
            r35 + r36 + r37 + r38  + 
            r45 + r46 + r47 + r48 )  / 16 ;
    Rxx =  (r12 + r13 + r14 + r23 + r24 + r34) / 6;
    Ryy =  (r56 + r57 + r58  + 
            r67 + r68  + 
            r78 ) / 6;
    HTMT = Rxy / (sqrt(Rxx)*sqrt(Ryy)) ;
    HTMT85 = (0.85 - HTMT) ;
    HTMT90 = (0.90 - HTMT) ;
    HTMT95 = (0.95 - HTMT) ;

OUTPUT:
    cinterval tech1 tech4;


The results for this pair of factors, HTMT = .190, CI95 [.117 - .263], together with those corresponding to the remaining two pairs appear in table S26 (Supplement 2)
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