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Abstract

:

The areas of work life scale (AWS) has shown to be a suitable marker of perceived fit between employees’ abilities and the psychosocial demands of the job, but validation studies are practically nonexistent in the Latino population. The purpose of this study was twofold: firstly, to examine the factor structure, reliability, and invariance between sex and occupation of the AWS scale, and secondly, to test the AWS–burnout relationship within the framework of the structural mediational model proposed by Leiter and Maslach (2005). N = 305 health workers and N = 324 teachers from different work settings answered the AWS and MBI-GS scales. In this study, 64.4% of the participants were females (N = 405), and the mean age was 34.7 (sd = 11.7, rank = 56). Robust methods for statistical analyses were used. The results showed that the original version had marginal fit indices due to a method effect (negative phrasing items), and when seven negative items were removed, a final best model was found (CFI = 0.997; RMSEA = 0.060; SRMRu = 0.047). Non-invariance between occupation and sex was found, and the internal consistency was from marginal to satisfactory (ω = 0.658 to 0.840). The mediational structural model tested confirmed the expected associations between AWS and burnout. In conclusion, the Mexican translation of the AWS in its 22-reduced version showed reliability and validity in Mexican work contexts, specifically in healthcare workers and teachers.
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1. Introduction


According to the World Health Organization (WHO), 15% of working-age adults were estimated to have a mental disorder in 2019, and it is estimated that 12 billion working days are lost every year globally due to depression and anxiety at a cost of USD 1 trillion per year in lost productivity [1]. Before the COVID-19 pandemic, one in every eight people (i.e., 970 million people around the world) were living with a mental health disorder, with anxiety and depressive disorders being the most common [2]. The pandemic has led to a 27.6 increase in cases of major depressive disorder and a 25.6% increase in cases of anxiety disorders worldwide in 2020 (up to 288 and 384 million people, respectively). Together, these ailments have caused an average of about 260 additional disability-adjusted life years (DALYs) per 100,000 population [2].



Specific occupational groups have worked at an increased risk of mental health problems during the COVID-19 pandemic. According to some recent systematic reviews, frontline healthcare workers suffered from several mental health problems, including anxiety, depression, fatigue, stress, sleep disturbances, psychiatric symptoms, suicidal ideation, and particularly, burnout syndrome [3,4,5,6]. To a lesser extent, but as important contributors to society, teachers at different educational levels have also experienced adverse psychological symptomatology (stress, depression, anxiety, and burnout syndrome) during the COVID-19 pandemic according to other studies [7,8].



Although the conception of burnout syndrome is still subject to some debate [9,10] and its definition varies across authors, regions, and contexts, a 35-year review [11] concludes that a three-dimensional definition has achieved almost universal acceptance in research. So, burnout is a specific type of chronic workplace stress-related outcome characterized by feelings of exhaustion, cynicism towards the job, and a sense of ineffectiveness [12]. Lately, burnout has drawn attention for three main reasons: (1) it is considered a major pathogenic mediator between job conditions and several health problems [13], (2) some systematic reviews have shown increasing rates of burnout as an aftermath of the pandemic [2,5], and (3) it is now recognized in the International Classification of Diseases (ICD-11) as a “problem related to employment or unemployment” [14].



Risks of burnout syndrome and mental health in the workplace have been termed as “psychosocial risk factors”, and involve different characteristics of job content, work organization/schedule factors, social relationships at work, and other several specific features of work conditions [15]. Recent findings from ILO reveal that working conditions and employment quality during and in post-pandemic times have been deteriorating in developing countries, particularly in Latin America [16], so research on psychosocial risks and burnout in the region is highly needed.



To better understand how the organizational context affects a worker’s well-being (inherent to the fundamental concept of burnout), we need to recognize the relationship between the individual and the situation. Most psychosocial risk factors and job stress models agree that chronic stress (e.g., burnout) results from an imbalance between demands and the worker’s conditions or job resources to cope with them [17,18,19]. Recent international systematic reviews and metanalyses have shown that the main predictors of occupational burnout are related to job demands (e.g., workload), conflicting relationships at work (e.g., low social support and aggression), lack of job control (or autonomy), low rewards (e.g., sense of being unfairly treated) and bureaucratic limitations, being the most important [20,21,22,23,24,25].



Leiter and Maslach [26] proposed that a gap or mismatch between the person and the job is the main cause of burnout. They argue that such discrepancies arise when there are unresolved organizational problems or job changes that have left out critical psychological needs or capacities of workers, a situation that they find unacceptable. Thus, the authors emphasize that organizational conditions are not the critical issue but it is the extent to which these job demands or work characteristics are consistent with workers’ expectations that is crucial. Maslach [27] defined six areas of work life in which a mismatch between job psychosocial conditions and the worker can occur: workload (when employees must do too much work), control (not being able to make choices in one’s job), rewards (poor salary, benefits, recognition, etc.), community (low connection with others in the workplace), fairness (weak system of justice and unfair processes), and values (discrepancy between personal and organizational or workmate values). These psychosocial stressors coincide with predictors of occupational burnout found in recent systematic reviews mentioned above. It is important to note that the authors consider burnout as a negative outcome of the mismatch in these six areas, and engagement as a positive psychological effect when there is an adequate fit between work and worker. Thus, in this model, burnout is a potential pathogenic mediator between the organizational context and several other negative (or positive) outcomes or changes, which is why the model is called “the mediational model of job burnout” [28] (Figure 1).



The Areas of Work Life Scale (AWS) was created by Leiter and Maslach [29,30] as a 29-item measure to produce distinct scores for each of these six areas: workload (6), control (3), reward (4), community (5), fairness (6) and values (5). The items were worded as statements of perceived congruence or incongruence between oneself and the job. It emerged from qualitative analyses based on written comments provided by hospital workers, and from a series of staff surveys conducted by authors as a means of assessing the constructs underlying the analysis of the six areas of work life [30].





[image: Ejihpe 13 00111 g001] 





Figure 1. Mediational model of job burnout (Source: Leiter and Maslach, 2004 [30]). Negative or positive expected relationships are marked in the model. Depending on the outcome, directions are expected. 
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AWS dimensions have demonstrated to be consistent predictors of burnout and important targets for prevention in different regions and sectors in recent studies [31,32,33], so the mediational model of burnout, which deals with a model extended to its predictors from the areas of work life, is a modern and promising line of research that needs to be further explored, especially in the post-pandemic times in different cultures [34,35].



As for the AWS validity and psychometric evidence, a seminal study yielded a theoretically consistent factor structure of six dimensions and consistently showed cross-sectional and longitudinal correlations with burnout scales in the USA, Canada, Finland, and Italian samples [30], which was later replicated in Spain [36], Germany [37], Japan [38], Vietnam [39] and Poland [40]. However, some limitations can be identified in most of the above-mentioned studies: (1) Most psychometric approaches only use Exploratory Factor Analyses (EFA) with the Kaiser rule criterion [41] (principal components method, eigenvalues equal to or greater than 1, and Varimax rotation), which is currently the least recommended method to validate constructs [42,43]. (2) Confirmatory Factor Analyses (CFA), a more robust technique, is used in some of these studies; however, they were used with the maximum likelihood (ML) function, which is very sensitive to the breach of the multivariate normality assumption, and in this case, it miscalculates the estimated parameters of the items and latent covariance [44]. (3) Invariance of AWS across groups is assumed when direct comparisons are carried out (e.g., sex, age, occupation, etc.); however, without testing if such variance may be relevant to the latent variable assessed, a bias could occur, invalidating any differences originally found between groups. Measurement invariance estimation ensures that the meaning and levels that outline the construct are equivalent across groups and can be tested through multigroup confirmatory factor analysis (MGCFA) [45].



It is important to note that the previous validation studies of AWS consistently report low factor loads in some items (λ < 0.40), correlations between some residual’s errors, and marginal reliability coefficients (<=0.70). Given these results, some studies with Spanish translations have suggested reduced versions of the AWS, cutting even more than 60% of the original items of the scale, which we consider calls into question the original content validity of the scale [46]. Hence, psychometric research on AWS still a fertile field.



The study by Dominguez and colleagues in Peruvian teachers [47] is the only study found in Latin America, and it uses the exploratory structural equation modeling (ESEM) technique, a more flexible and comprehensive option that incorporates the advantages of both the EFA and CFA techniques. This study could not confirm the original and expected item and dimension structures of the AWS and showed the presence of a method factor associated with reverse-coded items. Like some other previous findings, it observed low factor loadings and low-reliability coefficients in some dimensions. Furthermore, measurement invariance was not tested.



Given the above, is clear that the psychometric evidence of AWS still scarce worldwide and practically non-existent in Latin America. More research on the psychometric properties of AWS in different occupations in Latin America is highly needed. Thus, the purpose of this study is to examine the psychometric properties of the AWS scale using a CFA approach (factor structure and reliability), and the multigroup invariance (MGCFA) between sex and occupations in a Mexican sample of health workers and teachers. Additionally, as evidence of validity with external variables, we tested the structural relationships between AWS and burnout (MBI) within the framework of a partial mediational model proposed by Maslach.




2. Materials and Methods


2.1. Participants


A total of N = 629 employees (N = 324 teachers at different levels of teaching and N = 305 health workers, mainly doctors and nurses) from the public sector of different organizations in Mexico participated voluntarily (non-random participant-driven sampling). In this study, 64.4% of the participants were females (N = 405), 48.8% were married or lived with a partner (N = 307), and the rest were single or divorced. The mean age was 34.7 years old, (sd = 11.7, rank = 56) and no significant differences were found between males’ and females’ ages (p = 0.32).



An occupational sample of health workers and teachers was chosen because of their vulnerability to burnout and psychosocial demands at work and, both are in human service organizations, so they are well suited to analyze the differential functioning of the AWS scale between the two occupations. The response rate was 80% for both groups. Efforts were made to respect at least a 5:1 item/participant ratio as suggested by some authors [48]. The socio-demographic profile was moderately similar between teachers and health workers for sex (χ2 = 23.16, gl = 1, p < 0.01, VCramer = 0.19), age (Mann–Whitney W = 71,072, p < 0.01, r = 0.43), and marital status (χ2 = 89.66, gl = 4, p < 0.01, VCramer = 0.37).




2.2. Measures


2.2.1. Six Areas of Work Life Scale (AWS)


The original English version of the Areas of Work Scale© was adapted and translated into Spanish with the authorization of its authors and Mind Garden publisher [29,49]. This version consists of 29 items organized into five dimensions as follows: workload (6 items), control (3 items), reward (3 items), community (5 items), justice (6 items), and values (5 items). These are rated on a Likert-type scale that reflects the intensity of agreement with the situation described in the item and has five levels ranging from 1 (strongly disagree), through 3 (difficult to decide), to 5 (strongly agree). The score for some items was reversed (items 1, 2, 3, 4, 12, 13, 18, 23, 24 and 29) according to the manual.



The translation process was carried out according to international recommendations for the cross-cultural adaptation of self-reports [50,51]. Firstly, according to the back-translation procedure, a translation from English to Spanish was carried out and then the re-translation from Spanish to English was carried out separately by two specialists (with the mother tongue according to the translation stage); discrepancies were reviewed with the help of a third specialist until it was adjusted to a single final Spanish version. In the next step, this version was sent to a review committee of 5 Latin-American experts for its final review and adjustment, who were chosen mainly for their experience in the assessment of burnout and psychosocial factors. The committee analyzed the semantic understanding of each item until a version was agreed upon.




2.2.2. Maslach Burnout Inventory General Survey (MBI-GS)


It was developed in 1996 by Schaufeli, Leiter, Maslach, and Jackson [52] from the original version of the MBI Human Services Survey (MBI-HSS). It was designed to evaluate burnout in any occupation and according to the same authors, it has greater theoretical soundness and better psychometric indicators than the original scale (MBI-HSS). Originally, it consists of 16 items organized in three dimensions as follows: emotional exhaustion (AE), 5 items; cynicism (CY), 5 items; and professional efficacy (PE), 6 items. These are assessed on a Likert-type scale that reflects the frequency with which workers experience the situation described in the item and has seven degrees ranging from 0 (never) to 6 (every day). The validated Latin-American version of 15 items was used (without item 13 due to problematic psychometric performance) [53]. As for the structural validity in this study, the fit indices were satisfactory: WLSMV-X2 = 402.606 (p < 0.01, df = 87), CFI = 0.991, RMSEA = 0.079 (90% CI = 0.071, 0.087), SRMRu = 0.041 (se = 0.001), and close fit Z-SRMRu = −10.02 (p = 1.0). The parameters at the item level and inter-factorial correlations are reported in Appendix A.





2.3. Procedures


2.3.1. Ethical Considerations


All subjects provided their informed consent for inclusion before they participated in this study. This study was conducted following the Declaration of Helsinki [54], and the research protocol was approved by the Ethics Committee of the Center for Transdisciplinary Research in Psychology of the Autonomous University of the State of Morelos (Universidad Autónoma del Estado de Morelos, UAEM) under code 161220-50.




2.3.2. Analysis and Treatment of Potentially Biased Responses and Missing Values


Biased responses were analyzed because of the probable missing/careless responses and considering the variability of the response pattern associated with the content of each dimension of the AWS. The long string index (LS) was implemented [55]. LS identifies the longest sequence of identical responses within the analyzed set of items. The cutoff point was set at the median plus the third quartile, which was verified by observing the frequency distribution of the repeated patterns.



Missing values were evaluated to detect whether they were missing completely at random (MCAR) or not [56]. Data with an MCAR pattern are considered before applying simple or modeling imputation strategies. The X2 MCAR test was used, in which a statistically significant result (p < 0.01) fails to reject the null hypothesis of MCAR in the data. Due to the sensitivity of the normality assumption linked to MCAR-X2 [56], this global test was supplemented at the item level with a regression-based approach [57]. The R programs naniar [58] and RBtest [57] were implemented. Finally, the imputation of the missing data was carried out using an ordinal logistic regression approach [59]. The R program TesDataImputation was used [60].




2.3.3. Item Analysis


As a contribution to the content validity of the items [61], descriptive statistics were reported; among them were the normality test with the Anderson–Darling test [62], and association coefficients with demographic variables sex, age, and type of profession (Glass rank biserial, Spearman, and Intraclass Correlation Coefficient 1 (ICC1), respectively).




2.3.4. Internal Structure


Measurement Models


First, the item–dimension relationship was examined using confirmatory factor analysis. Due to a stronger rationale for testing a multidimensional model with five related dimensions, the modeling started with this assumption in contrast with the evaluation of the one-dimensionality and orthogonality of the dimensions performed in previous studies [26,47]. Three main models were tested. The first one was with the items distributed in their expected theoretical dimensions, and with the recoded items (1, 2, 3, 4, 12, 13, 18, 23, 24 and 29). This model represents the original one proposed by Leiter and Maslach [26], in which the dimensions are correlated (CFA-full). In the second model, along with the six dimensions, a method factor was added to account for the possible variance coming from the phrasing of the recoded items. In this model, workload items 5 and 6 were defined as contributors to method variance by negative phrasing, because these items were phrased in the same orientation as items 12, 13, 18, 23, 24, and 29., i.e., these items were oriented toward organizational misfit. This model reevaluated the CFA findings of Domínguez et al. [47], who implemented this same model (CFA-met). To advance this study, a final third model was developed, without the recoded items. This was a shorter measure with items phrased in only one direction, and the absence of method effects associated with the negative phrasing of the items (CFA-nneg). This third model represented an abbreviated version based on the quality of the parameters obtained and partially represented the model of Masluk et al. [46], who developed an abbreviated version, but with some different items.



The modeling used the weighted least squares with means and variances adjusted estimator (WLSMV), which is recommended for modeling categorical variables and obtaining more accurate factor loadings and inter-factorial correlations [63] The fit of each model was evaluated with two approaches: (a) globally, with tests of exact fit and approximate fit, and (b) locally, observing the magnitude of the factor loadings and residuals. In the global fit, the exact fit tests were χ2 goodness-of-fit (WLSMV-χ2) and SRMR-unbiased (SRMRu), used as hypothesis testing with confidence intervals [64]. SRMRu for these decisions has shown to have lower Type I error and has proven to be more robust than different estimation methods [64,65,66] on non-normal data, especially with estimators such as WLSMV, and with sensitivity to misspecifications due to omitted cross-loadings [67]. With SRMRu, the fit was evaluated with an adjusted cutoff point based on the ratio SRMRu/     R ¯   2   :      R ¯   2    × 0.05 (     R ¯   2    × 0.05) (=average squared factor loadings, or communality) [68]. In the local setting, the magnitude of the reported loadings was observed at three levels: low, medium, and high (0.40, 0.60 and 0.80, respectively) [65]; the model specification errors (residual correlations) [64] were observed at three severity levels: |0.10|, |0.20| and |0.30| [68].




Measurement Equivalence


The sex and occupation groups were chosen to study the equivalence of the measure because they can both be associated with differences in the intensity or structure of the work factors. A strategy for assessing the degree of non-equivalence was used, using two effect size indices. The first is used in the SEM framework, dMACS [69], to estimate the degree of bias due to non-invariance. This is expressed as the standardized mean difference for each item between the compared groups produced by differences in factor loadings and intercepts, and is interpretable as Cohen’s d coefficient. In agreement with Nye et al. [69], the cutoff points for interpreting dMACS were 0.40, 0.60 and 0.80 (small, medium, and large, respectively), concerning their effect on the measures. The second strategy that emphasized the effect size of possible non-invariance was ordinal logistic regression [70]. This procedure estimates three hierarchical models of the predictors of effect on item responses: effect from the attribute, from the group, and the interaction between the attribute and the group (DIF1, DIF2, and DIF3, respectively). The DIF tests (Δχ2) first assessed the presence of some type of DIF (Δχ2 DIF3-DIF1); if this result reached statistical and practical significance, the specific type of DIF was assessed: non-uniform (Δχ2 DIF3-DIF2) and uniform (Δχ2 DIF2-DIF1). The criterion for statistical significance was p < 0.01; the criterion for practical significance was the Nagelkerke-R2 difference of each model compared (ΔR2) at three levels [71]: trivial (<0.035), moderate (≥0.035), and large (≥0.070).




Reliability


Modeling-based reliability estimates were obtained through the omega coefficient. The omega coefficient (ω) is a more appropriate indicator than the traditional alpha Cronbach (α); it can better represent the reliable variance of the construct and has an advantage in that problems associated with inflation and attenuation of internal consistency estimation are far less likely to occur. Acceptable levels of omega must be above 0.70 and some studies have pointed out it as the most promising alternative to measure the reliability of a test [72].





2.3.5. Association with Variables and Partial Mediational Model


First, the association and linear regression of the AWS with the constructs measured using MBI-GS (i.e., emotional exhaustion, professional efficacy, and cynicism) was explored. Second, based on the replicability of the multi-variate structural relationships between the variables of the AWS and MBI-GS as proposed in the mediational model by Leiter and Maslach [28] (Figure 1), although the estimated mediational model was partial, there was no outcome variable in the model for this study.



After establishing the fit of this structural model, its invariance between sex and occupation groups was also estimated. First, a global evaluation was used, comparing the fit between the model with and without restrictions of equality of path coefficients between groups. If the overall test indicated not to accept the null hypothesis of equality, the second step was to examine the source of the differences. Each difference was examined with the Wald z test, at the p < 0.003 level (0.05 with Bonferroni adjustment for the 14 regression coefficients compared: 0.05/14).






3. Results


3.1. Preliminary Analysis


3.1.1. IE/C Responses


Median = 5 and Q3 = 6; cutoff point: 10 consecutive equal response patterns. Thirty-eight cases were detected (6.04%). These cases were removed, with 591 cases remaining for analysis.




3.1.2. Missing Values


The MCAR test resulted in X2 = 1259 (p = 0.00001), with 42 distinct patterns of missing responses. The number of missing values on the items ranged from 1 (0.16%, item) to 10 (1.6%, item), with M = 4.8 (0.8%; Md = 5), and SD = 1.9 (0.3%). However, at the item level, each item was identified as MCAR data. Therefore, we proceeded with imputation, and the complete data were analyzed in the next phase.





3.2. Item Analysis


The items did not maintain multivariate normality (Henze–Zirkler test = 1.40, p < 0.01), nor univariate normality (Median = 29.15, Min = 19.38, Max = 43.49). Table 1 shows the results, in which the mean response of the positive and negative items seems to be indistinguishable. Skewness (<|1.0|) and kurtosis (<|1.3|) did not exceed values beyond |1.5|. As for the association with other variables, low associations were observed with age (Min = 0.025, Max = 0.011) and occupation (health personnel vs. teachers: Min = 0.0 , Max = 0.08), but higher associations with sex (Min = 0.22, Max = 0.27). Predominantly, these associations were not statistically significant (Table 1).




3.3. Internal Structure


3.3.1. Dimensionality


Table 2 shows the fit results and item parameters of all the models tested. The first three models, corresponding to the full model (CFA-full), model with method factor (CFAmet), and short version model without recoded items (CFA-nneg), yielded different conclusions. The CFA-full showed a fit that was not acceptable and above the fit criteria (SRMRu > 0.040); the model with method factor (CFA-met) provided a superior fit compared with CFA-full, and was not statistically significant, but was not below the fit criteria (SRMRu > 0.043). The CFA-nneg model showed better coefficients (CFI < 0.998, RMSEA < 0.066, SRMRu < 0.048), with a non-statistically significant fit. In this model, negative items 12 and 13 were not removed in order to avoid an extreme reduction in the content and extent of the factor; instead, it was decided to remove only item 13. We chose this item to reduce the possible effect of the presentation of consecutive items in the AWS.



In the observation of the tested models, item 20 (from FAIR dimension) was of consistently low factor loading (<0.40). Therefore, we tested a new fourth model without this item to see the possible improvement in the fit. However, the improvement was not substantial, and the item was not removed. In conclusion, the model where most of the negative items (CFA-nneg-) were removed was the accepted model (AWS 22 items-reduced version).




3.3.2. Inter-factorial Correlation


As can be seen in Table 2, all latent correlations were statistically significant.




3.3.3. Reliability


In the modeling, the omegas coefficients were generally above ω = 0.60 (Table 3). In the final model (AWS without negative items), the trend was to obtain reliabilities around or greater than 0.70, except for the control (CL) score. There was also an apparent effect of the number of items on the magnitude of the reliability because in the final model: the dimensions with 4 items tended to show higher reliabilities than the dimensions with 3 items. The omega reliability of FAIR decreased substantially after removing item 20. This effect reinforced the decision to retain it even though its factor loadings were low.




3.3.4. Measurement Equivalence


In the sex group (Table 4), the magnitude of invariance in dmacs (Md = 0.19, Min = 0.02, Max = 0.32) and logistic regression (DIF3-DIF1: R2 Md = 0.001, Min = 0.00, Max = 0.006) remained at a trivial level of impact on each item, and none was statistically significant at the p > 0.01. Similarly, this also occurred in the occupation groups for the dmacs (Md = 0.14, Min = 0.01, Max = 0.35) and ordinal logistic regression (DIF3-DIF1: R2 Md = 0.004, Min = 0.00, Max = 0.024) methods, in which a consistently trivial level of impact was observed for all items. Although some statistical differences were observed in this group in the DIF3-DIF1 comparison, the size of these differences was trivial. In conclusion, the AWS metrics can be considered acceptably invariant in the groups based on the sex and occupation of the participants. The complete results are shown in Table 4.





3.4. Association with Variables and Partial Mediation Model Testing


Table 5 shows the dimensions of the AWS and their correlations with burnout indicators. All show theoretical consistency, and they have between moderate to high coefficient sizes. The control (CL) dimension had the highest covariance with the rest of the dimensions. On the other hand, the latent inter-factor correlations between the AWS and MBI-GS dimensions observed a pattern of consistently theoretical directions. The magnitude of the correlation between exhaustion and WL was the highest (r = 0.680) among the correlations outcomes (MBI-GS).



In Figure 2, the structural model obtained an acceptable initial fit (MLR X2 = 1392.932, df = 616, p < 0.01; SRMR z = 0.988, p = 0.162), due to the discrepancy between the CFI = 0.888 and the rest of the fit indicators: RMSEA = 0.047, 90% CI = 0.044, 0.050; SRMR = 0.068; SRMRu = 0.054, 90% CI = 0.047, 0.061). The positive or negative direction of the beta coefficients between the constructs exactly reproduced the expected direction (see Figure 1). All coefficients were statistically significant except the values → efficacy association. The model was recalculated but with the values → efficacy path at a value of 0, obtaining a non-significant difference between the two models: X2 = 1.52 and p = 21. Therefore, the accepted structural model included the values → efficacy path, for further evaluation of its invariance.



Invariance of the Partial Mediation Model


With the model identified, its structural invariance was evaluated, and as in the measurement invariance, the groups compared were sex and occupation. In the sex group, the comparison between the model with free estimation (MLR-X2 = 2177.18, df = 1232, p < 0.01) and with restriction of the regression coefficients (MLR-X2 = 2022.36, df = 1245, p < 0.01) was statistically significant (X2 = 34.41, df = 13, p = 0.001). Analyzing the source of this discrepancy (Table 6, headed sex group), the largest contrast occurred in CYN → EFF, WL → EFF, and WAL → EFF associations. However, these were not statistically significant (p > 0.003 [Wald z test correction]).



In the occupation group (health workers and teachers), the comparison between the model with path coefficient-free estimation (MLR-X2 = 2530.81 (df = 1232), p < 0.01), versus its equality-constrained estimation (MLR-X2 = 2567.405, df = 1245, p < 0.01) yielded a statistically significant difference (X2 = 34.41, df = 13, p = 0.001). Analyzing the source of this discrepancy (Table 6, heading occupation group), the largest difference (Δz) was in REW → VAL association and COM → VAL association, but these were not statistically significant (p > 0.003 [Wald z test correction]); similarly, none of the other contrasts were detected as statistically significant.






4. Discussion


The purpose of this study was twofold: firstly, to examine the factor structure, reliability, and sex and occupation invariance of the AWS scale, and secondly, to test the AWS–burnout relationship within the framework of the structural mediational model proposed by Leiter and Maslach, testing in turn its invariance.



As for the general psychometric properties of the AWS scale, CFA modeling was performed, in agreement with previous studies [36,37,46,73]; however, this study used more robust methods, such as WLSMV, unbiased local estimators (e.g., SRMRu), omega coefficient (ω) for reliability, and effect size coefficients of invariance (e.g., dMACS), among others. Likewise, the scope of this study was larger than previous studies, incorporating evidence of the invariance of AWS dimensions and its structural relationship with burnout syndrome.



The translated original full version of the AWS in a sample of two occupations of Mexican workers showed poor to marginal fit indices (CFI = 0.944; RMSEA = 0.077; SRMRu = 0.058). Although a “method factor” was found (because of reverse coding in negative items), the superior fit was in the short version when most of the negative phrasing items were removed (7 items) (CFI = 0.997; RMSEA = 0.060; SRMRu = 0.047), so we considered this one as the accepted final model (22 items). The decision to remove the negative items had direct support from previous studies with the AWS, in which a short version was developed excluding these items [46] and the method effect produced by them [47]. Indirectly, it was also supported by the consistent methodological literature which has shown the deterioration effects of a measurement model when items in opposite directions are used (reversed or negatively worded items relative to the construct) [61,74,75].



As in the seminal validity study of AWS and other studies [30,39,47], item 20 of the fairness dimension (“Opportunities are decided solely on merit”) had the lowest factor loading; however, it did not produce substantial changes in the global fit. In order to not reduce the content of this dimension, the item was not removed from the final model. This decision balanced the content of the instrument and the consequences on the AWS modeling.



Reliability coefficients among the different tested models were very similar. In the final AWS model (AWS-no neg), the coefficients were from marginal to satisfactory (ω = 0.658 to 0.840; Table 3). Workload (WL) and fairness (FAIR) dimensions had the lowest coefficients. However, rating the reliability of the scores of some instruments may depend less on a generic benchmark than on other attributes such as the intended context of use of the instrument, the conceptual breadth assessed, the number of items, the purpose of use, etc. Because the AWS measures variables of the work context, and its use is predominantly intended to describe groups of workers exposed to these variables as a screening tool, the level of reliability of the AWS obtained may be sufficient. In this sense, the results have an important implication: in the psychometric evaluation of the AWS, the removal of items will have effects on reliability, and the researcher must weigh this effect (i.e., decrease or increase) against the item’s content validity.



An important finding was that AWS metrics can be considered acceptably invariant in the groups based on the sex and occupation of the participants. Although some items have tendencies to non-equivalence, the effect sizes were trivial. Regarding the investigation of the structural model between areas of work life and burnout (AWS → MBI-GS), predictive weights and directions of the relationships were consistent with the theory and with the findings of Leiter and Maslach [26,28], because the only statistically non-significant association was VAL → EFF. When examining the invariance of this parameter, this relationship was slightly discrepant between sexes and occupations, but within sampling error. Therefore, this lack of association does not detract from the overall findings of the scale. The invariance of this model was examined and, although the overall test of difference yielded statistical significance, the specific source was not statistically detected. Application of the Bonferroni adjustment reduced this occurrence of false positives.



The results of the analysis, although not established as a primary study objective, suggest that the detection and treatment of responses with possible IE/C should be implemented a priori. The detected prevalence of IC/C can be considered low and is within the prevalence found in the previous literature [76], but slightly higher than the infrequent literature addressing this issue in the study of psychosocial factors [61].



One limitation is that the method of identifying IE/C and its cutoff point is conditional on the subjective decision of the researcher, so a variation in both may indicate different amounts of detected responses. In contrast, the method chosen is more appropriate and simpler to implement when a multidimensional measure, and was considered sufficient for this study.



Another limitation was that the modeling method (CFA) omitted the estimation of cross-loadings. In this regard, another type of modeling, such as ESEM, is more effective in detecting them without leaving the SEM framework. As stated above, the magnitude and number of cross-loads in the present study, as well as their effective impact on the modeling performed, are unknown. Even with this omission of cross-loadings, the overall fit coefficients of the AWS measurement models were not substantially low, and only the introduction of the second model (method factor, CFA-met) was sufficient for the fit to be satisfactory (i.e., statistically non-significant using SRMRu as a criterion). Overall, we can assume an innocuous effect of the potential cross-loadings on the AWS, and that they were not detected with the adjustment indices due to their small magnitude [67]. On the other hand, the constraints of self-reporting measures and the use of a non-representative sample must also be recognized as limitations, but we believe that the robust estimations used in this study attenuated these limitations to some extent.



Future Research Directions


This study contributed to the evidence of the psychometric properties of AWS in a cultural context different from where it was developed, and it analyzed its viability to be used reliably as a tool for the evaluation of psychosocial factors in the organizational context of Mexican workplaces. However, more studies are needed to explore the psychometric properties of the AWS in informal workers, white-collar and blue-collar workers, and other occupations. Also, it is important to continue analyzing its invariant properties across different cultures, or simply across different timepoints. This last point is particularly relevant as more longitudinal studies are also needed to confirm the convergent validity relationships of the AWS dimensions with burnout and other health outcomes.



Although the present study focused specifically on the psychometric properties of the AWS and its dimensions, research is still needed to address other dimensions specific to different contexts and cultures that cause burnout syndrome due to work/person mismatch. This would expand or enrich the AWS scale and make it more universal. For instance, job crafting attitudes, specific demands, and specific resources at work within occupations and sectors from a flexible and heuristic view [77,78]. Likewise, beyond three burnout dimensions, new latent profiles of burnout have emerged conceptually (overextended, ineffective, disengaged, etc.), so it seems that the mediational model of burnout also needs to expand and consider these new multidimensional characteristics of the phenomena [79,80].



Finally, one of the most important aspects of the findings in the present study is related to the reversed or negatively worded items in the original AWS and the possible method effect that it entails. The consistent body of literature on the topic and the clear findings of the present study suggest that AWS (and perhaps any other psychosocial measures) should reevaluate introducing negative items in the measurement of a construct. Unless these negative items are used as measures of bias, these items will tend to generate invalid responses. Although this practice of incorporating opposite items of the construct to avoid acquiescence bias is relevant, it seems that the psychometric cost is higher than the earnings, and the validity of the measurement is compromised. Further studies are needed to explore this method’s effect on the AWS in other samples.





5. Conclusions


Given the above, we can conclude that the scores of the AWS in its use for the evaluation of psychosocial factors in Mexican work contexts, specifically in healthcare workers and teachers, seem to be valid and acceptably reliable in a smaller version (20–22 items), eliminating items with negative phrasing that confirm a method effect. Also, for the first time and according to the estimates carried out in a Latin-American sample, AWS scores showed to be invariant by occupation and sex; thus, direct comparisons of psychosocial dimensions of AWS between teachers and health workers are feasible.
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Appendix A. Parameters of the MBI-GS in This Study
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Figure 2. Structural modeling results of the partial mediational model of burnout (AWS and burnout relationships). * p < 0.05. 
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Table 1. Descriptive statistics of AWS items and their relationship with sex, age, and occupation.
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M

	
DE

	
Skew

	
Ku

	
AD

	
Sex

	
Age

	
Occ.






	
Workload (WL)




	
AWS1

	
3.67

	
1.16

	
−0.57

	
−0.75

	
31.76

	
0.198

	
−0.076 *

	
0.006




	
AWS2

	
2.87

	
1.26

	
0.14

	
−1.17

	
25.31

	
0.246

	
−0.096 *

	
0.018




	
AWS3

	
3.04

	
1.29

	
−0.11

	
−1.24

	
26.28

	
0.068

	
−0.052

	
0.015




	
AWS4

	
3.28

	
1.30

	
−0.37

	
−1.07

	
28.18

	
0.201

	
−0.042

	
0.039




	
AWS5r

	
3.45

	
1.17

	
−0.56

	
−0.65

	
31.22

	
0.154

	
−0.003

	
0.001




	
AWS6r

	
3.18

	
1.30

	
−0.22

	
−1.15

	
23.43

	
0.275

	
−0.036

	
0.028




	
Control (CL)




	
AWS7

	
3.92

	
0.96

	
−0.89

	
0.50

	
37.09

	
0.229

	
0.0651

	
0.00




	
AWS8

	
3.00

	
1.28

	
−0.28

	
−1.05

	
25.54

	
−0.144

	
−0.025

	
0.01




	
AWS9

	
3.61

	
1.11

	
−0.74

	
−0.23

	
34.67

	
0.0255

	
−0.010

	
0.00




	
Rewards (REW)




	
AWS10

	
3.35

	
1.20

	
−0.51

	
−0.74

	
29.15

	
−0.059

	
0.045

	
0.00




	
AWS11

	
3.63

	
1.13

	
−0.83

	
−0.00

	
35.07

	
−0.134

	
0.030

	
0.00




	
AWS12r

	
3.49

	
1.15

	
−0.42

	
−0.76

	
24.63

	
0.0948

	
0.025

	
0.00




	
AWS13r

	
3.40

	
1.14

	
−0.32

	
−0.84

	
24.26

	
0.0095

	
0.013

	
0.00




	
Community (COM)




	
AWS14

	
3.39

	
1.07

	
−0.63

	
−0.25

	
32.32

	
−0.014

	
0.025

	
0.003




	
AWS15

	
3.73

	
1.05

	
−0.88

	
0.32

	
35.38

	
−0.087

	
0.101 *

	
0.029




	
AWS16

	
3.69

	
1.03

	
−0.81

	
0.14

	
37.29

	
−0.046

	
0.0706

	
0.00




	
AWS17

	
3.57

	
1.11

	
−0.75

	
−0.15

	
35.37

	
−0.218

	
0.117 *

	
0.00




	
AWS18r

	
3.53

	
1.24

	
−0.46

	
−0.90

	
26.48

	
0.0771

	
0.0468

	
0.004




	
Fairness (FAIR)




	
AWS19

	
3.25

	
1.19

	
−0.36

	
−0.80

	
22.64

	
0.199

	
0.0432

	
0.026




	
AWS20

	
3.03

	
1.15

	
−0.15

	
−0.80

	
19.77

	
−0.015

	
0.0171

	
0.009




	
AWS21

	
2.99

	
0.99

	
−0.27

	
−0.33

	
27.04

	
−0.218

	
0.0946 *

	
0.015




	
AWS22

	
3.17

	
1.14

	
−0.33

	
−0.76

	
24.00

	
−0.034

	
0.00533

	
0.012




	
AWS23r

	
3.25

	
1.18

	
−0.18

	
−0.88

	
19.38

	
−0.001

	
0.0113

	
0.081




	
AWS24r

	
3.39

	
1.25

	
−0.32

	
−0.97

	
21.77

	
−0.126

	
−0.0115

	
0.051




	
Values (VAL)




	
AWS25

	
3.49

	
1.03

	
−0.64

	
−0.14

	
32.99

	
−0.202

	
0.0764

	
0.001




	
AWS26

	
3.68

	
1.00

	
−0.76

	
0.03

	
39.82

	
−0.001

	
0.0573

	
0.012




	
AWS27

	
3.69

	
0.99

	
−0.84

	
0.33

	
40.11

	
−0.108

	
0.0373 *

	
0.01




	
AWS28

	
3.84

	
1.08

	
−0.90

	
0.26

	
32.97

	
0.201

	
0.0593 *

	
0.004




	
AWS29r

	
3.94

	
1.20

	
−0.96

	
−0.11

	
43.49

	
−0.015

	
0.0791

	
0.056








Note. Skew, Ku: skewness and kurtosis coefficients. AD: Anderson–Darling normality test. * p < 0.05.













 





Table 2. CFA parameters of the tested models and fit indicators.
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CFA-Full

	
CFA-Met

	
CFA-Nneg

	
CFA No Items Neg, No 20




	

	
F

	
F

	
Met

	

	






	
AWS1

	
0.66

	
0.653

	
-

	
0.68

	
0.68




	
AWS2

	
0.41

	
0.413

	
-

	
0.49

	
0.49




	
AWS3

	
0.70

	
0.705

	
-

	
0.77

	
0.77




	
AWS4

	
0.76

	
0.763

	
-

	
0.81

	
0.81




	
AWS5r

	
0.56

	
0.564

	
0.008

	
-

	
-




	
AWS6r

	
0.46

	
0.457

	
−0.022

	
-

	
-




	
AWS7

	
0.70

	
0.701

	
-

	
0.69

	
0.69




	
AWS8

	
0.60

	
0.601

	
-

	
0.61

	
0.61




	
AWS9

	
0.71

	
0.709

	
-

	
0.72

	
0.72




	
AWS10

	
0.79

	
0.806

	
-

	
0.81

	
0.81




	
AWS11

	
0.78

	
0.798

	
-

	
0.80

	
0.80




	
AWS12r

	
0.61

	
0.449

	
0.644

	
0.45

	
0.45




	
AWS13r

	
0.58

	
0.408

	
0.649

	
-

	
-




	
AWS14

	
0.56

	
0.562

	
-

	
0.57

	
0.57




	
AWS15

	
0.83

	
0.829

	
-

	
0.82

	
0.82




	
AWS16

	
0.90

	
0.903

	
-

	
0.91

	
0.91




	
AWS17

	
0.79

	
0.795

	
-

	
0.80

	
0.80




	
AWS18r

	
0.36

	
0.331

	
0.255

	
-

	
-




	
AWS19

	
0.61

	
0.618

	
-

	
0.62

	
0.62




	
AWS20

	
0.19

	
0.196

	
-

	
0.23

	
-




	
AWS21

	
0.46

	
0.475

	
-

	
0.50

	
0.50




	
AWS22

	
0.76

	
0.770

	
-

	
0.76

	
0.76




	
AWS23r

	
0.53

	
0.478

	
0.359

	
-

	
-




	
AWS24r

	
0.50

	
0.439

	
0.335

	
-

	
-




	
AWS25

	
0.68

	
0.684

	
-

	
0.69

	
0.69




	
AWS26

	
0.55

	
0.556

	
-

	
0.57

	
0.57




	
AWS27

	
0.72

	
0.724

	
-

	
0.73

	
0.73




	
AWS28

	
0.82

	
0.823

	
-

	
0.81

	
0.81




	
AWS29r

	
0.26

	
0.239

	
0.142

	
-

	
-




	
WMSLV χ2

	
1617.560 **

	
1229.30 **

	

	
601.89 **

	
566.021 **




	
(df)

	
(362)

	
(354)

	
(194)

	
(174)




	
CFI

	
0.944

	
0.961

	

	
0.997

	
0.978




	
RMSEA

	
0.077

	
0.065

	

	
0.060

	
0.062




	
(90% CI)

	
(0.073, 0.080)

	
(0.061, 0.069)

	
(0.54, 0.65)

	
(0.056, 0.068)




	
Close fit p

	
<0.01

	
<0.01

	

	
<0.01

	
<0.01




	
uSRMR

	
0.056

	
0.052

	

	
0.047

	
0.048




	
(se)

	
(0.001)

	
(0.001)

	
(0.001)

	
(0.001)




	
(90% CI)

	
(0.054, 0.059)

	
(0.050, 0.054)

	
(0.045, 0.049)

	
(0.046, 0.050)




	
Criteria for uSRMR fit

	

	

	

	

	




	
Close

	
0.020

	
0.021

	
0.023

	
0.024




	
Acceptable

	
0.040

	
0.043

	
0.047

	
0.049




	
Close fit Z

	
5.855 **

	
1.48

	

	
−2.01

	
−1.38








Note. CFA-full: CFA model, all items and related factor. CFA-met: CFA model with method factor (items with negative wording). CFA-nneg: CFA model with no negative items. CFA-nneg no 20: CFA model with no negative items, and no item 20. SRMRu: squared root mean residual unbiased. Close fit Z: z test. Criteria fit: used for SRMRu. ** p < 0.01.













 





Table 3. Omega reliability scores of the AWS models.
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	WL
	CL
	REW
	COM
	FAIR
	VAL





	Full AWS
	0.775
	0.656
	0.792
	0.810
	0.666
	0.722



	AWS + MF
	0.775
	0.656
	0.629
	0.797
	0.633
	0.716



	AWS-no neg
	0.764
	0.658
	0.699
	0.840
	0.759
	0.766



	AWS-neg-i20
	0.764
	0.658
	0.700
	0.839
	0.624
	0.766







Note. WL: workload: CL: control. REW: rewards. COM: community. FAIR: fairness. VAL: values. Full AWS: AWS with all items. AWS + MF: AWS with method factor. AWS-no neg: AWS without negative items. AWS-neg-i20: AWS without negative items and items 20.













 





Table 4. Measurement equivalence-based size effects indexes.
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Sex

(Male, Female)

	
Occupation

(Teachers, Health Workers)




	

	
Standardized Difference

	
Ordinal Logistic Regression

	
Standardized Difference

	
Ordinal Logistic Regression




	

	
dMACS

	
Nivel

	
Δχ2

DIF3-DIF1

	
p

	
ΔR2

	
Nivel

	
dMACS

	
Nivel

	
Δχ2

DIF3-DIF1

	
p

	
ΔR2

	
Nivel






	
AWS1

	
0.19

	
Trivial

	
1.568

	
0.45

	
0.002

	
Trivial

	
0.11

	
Trivial

	
25.36

	
0.00

	
0.024

	
Trivial




	
AWS2

	
0.20

	
Trivial

	
6.592

	
0.03

	
0.006

	
Trivial

	
0.21

	
Trivial

	
15.48

	
0.00

	
0.014

	
Trivial




	
AWS3

	
0.27

	
Trivial

	
0.156

	
0.92

	
0.000

	
Trivial

	
0.30

	
Trivial

	
15.64

	
0.00

	
0.011

	
Trivial




	
AWS4

	
0.32

	
Trivial

	
0.987

	
0.61

	
0.001

	
Trivial

	
0.35

	
Trivial

	
12.17

	
0.00

	
0.008

	
Trivial




	
AWS7

	
0.11

	
Trivial

	
1.624

	
0.44

	
0.001

	
Trivial

	
0.01

	
Trivial

	
0.17

	
0.91

	
0.000

	
Trivial




	
AWS8

	
0.16

	
Trivial

	
2.491

	
0.28

	
0.002

	
Trivial

	
0.16

	
Trivial

	
5.31

	
0.07

	
0.004

	
Trivial




	
AWS9

	
0.02

	
Trivial

	
3.440

	
0.17

	
0.003

	
Trivial

	
0.20

	
Trivial

	
6.62

	
0.03

	
0.005

	
Trivial




	
AWS10

	
0.31

	
Trivial

	
3.164

	
0.20

	
0.002

	
Trivial

	
0.02

	
Trivial

	
2.07

	
0.35

	
0.001

	
Trivial




	
AWS11

	
0.17

	
Trivial

	
1.611

	
0.44

	
0.001

	
Trivial

	
0.10

	
Trivial

	
0.29

	
0.86

	
0.000

	
Trivial




	
AWS12r

	
0.19

	
Trivial

	
0.423

	
0.80

	
0.000

	
Trivial

	
0.06

	
Trivial

	
3.98

	
0.13

	
0.004

	
Trivial




	
AWS14

	
0.10

	
Trivial

	
4.080

	
0.13

	
0.004

	
Trivial

	
0.11

	
Trivial

	
16.66

	
0.00

	
0.015

	
Trivial




	
AWS15

	
0.29

	
Trivial

	
0.445

	
0.80

	
0.000

	
Trivial

	
0.16

	
Trivial

	
8.10

	
0.01

	
0.005

	
Trivial




	
AWS16

	
0.32

	
Trivial

	
0.401

	
0.81

	
0.000

	
Trivial

	
0.15

	
Trivial

	
0.51

	
0.77

	
0.000

	
Trivial




	
AWS17

	
0.29

	
Trivial

	
0.610

	
0.73

	
0.000

	
Trivial

	
0.11

	
Trivial

	
5.84

	
0.05

	
0.004

	
Trivial




	
AWS19

	
0.15

	
Trivial

	
2.537

	
0.28

	
0.002

	
Trivial

	
0.19

	
Trivial

	
0.39

	
0.82

	
0.000

	
Trivial




	
AWS20

	
0.15

	
Trivial

	
0.411

	
0.81

	
0.001

	
Trivial

	
0.14

	
Trivial

	
0.43

	
0.80

	
0.001

	
Trivial




	
AWS21

	
0.15

	
Trivial

	
1.012

	
0.60

	
0.001

	
Trivial

	
0.17

	
Trivial

	
1.83

	
0.40

	
0.002

	
Trivial




	
AWS22

	
0.29

	
Trivial

	
3.882

	
0.14

	
0.004

	
Trivial

	
0.31

	
Trivial

	
9.63

	
0.00

	
0.009

	
Trivial




	
AWS25

	
0.13

	
Trivial

	
6.907

	
0.032

	
0.006

	
Trivial

	
0.08

	
Trivial

	
1.76

	
0.41

	
0.001

	
Trivial




	
AWS26

	
0.15

	
Trivial

	
0.837

	
0.658

	
0.001

	
Trivial

	
0.23

	
Trivial

	
17.47

	
0.00

	
0.014

	
Trivial




	
AWS27

	
0.27

	
Trivial

	
2.622

	
0.270

	
0.002

	
Trivial

	
0.14

	
Trivial

	
5.57

	
0.06

	
0.004

	
Trivial




	
AWS28

	
0.30

	
Trivial

	
2.086

	
0.352

	
0.002

	
Trivial

	
0.11

	
Trivial

	
1.56

	
0.45

	
0.001

	
Trivial











 





Table 5. Correlations between AWS and MBI-GS dimensions.


