

[image: image1]
Modeling Wording Effects Does Not Help in Recovering Uncontaminated Person Scores: A Systematic Evaluation With Random Intercept Item Factor Analysis












	
	ORIGINAL RESEARCH
published: 02 June 2021
doi: 10.3389/fpsyg.2021.685326






[image: image2]

Modeling Wording Effects Does Not Help in Recovering Uncontaminated Person Scores: A Systematic Evaluation With Random Intercept Item Factor Analysis

María Dolores Nieto1*, Luis Eduardo Garrido2†, Agustín Martínez-Molina3† and Francisco José Abad3


1Department of Psychology, Faculty of Life and Nature Sciences, Universidad Antonio deNebrija, Madrid, Spain

2Department of Psychology, Pontificia Universidad Católica Madre y Maestra, Santiago de los Caballeros, Dominican Republic

3Department of Social Psychology and Methodology, Faculty of Psychology, Universidad Autónoma de Madrid, Madrid, Spain

Edited by:
Salvador Chacón-Moscoso, Sevilla University, Spain

Reviewed by:
Urbano Lorenzo-Seva, University of Rovira i Virgili, Spain
 Chester Chun Seng Kam, University of Macau, China

*Correspondence: María Dolores Nieto, mnietoca@nebrija.es

†ORCID: Luis Eduardo Garrido orcid.org/0000-0001-8932-6063
Agustín Martínez-Molina orcid.org/0000-0001-5251-6066

Specialty section: This article was submitted to Quantitative Psychology and Measurement, a section of the journal Frontiers in Psychology

Received: 25 March 2021
 Accepted: 30 April 2021
 Published: 02 June 2021

Citation: Nieto MD, Garrido LE, Martínez-Molina A and Abad FJ (2021) Modeling Wording Effects Does Not Help in Recovering Uncontaminated Person Scores: A Systematic Evaluation With Random Intercept Item Factor Analysis. Front. Psychol. 12:685326. doi: 10.3389/fpsyg.2021.685326



The item wording (or keying) effect consists of logically inconsistent answers to positively and negatively worded items that tap into similar (but polarly opposite) content. Previous research has shown that this effect can be successfully modeled through the random intercept item factor analysis (RIIFA) model, as evidenced by the improvements in the model fit in comparison to models that only contain substantive factors. However, little is known regarding the capability of this model in recovering the uncontaminated person scores. To address this issue, the study analyzes the performance of the RIIFA approach across three types of wording effects proposed in the literature: carelessness, item verification difficulty, and acquiescence. In the context of unidimensional substantive models, four independent variables were manipulated, using Monte Carlo methods: type of wording effect, amount of wording effect, sample size, and test length. The results corroborated previous findings by showing that the RIIFA models were consistently able to account for the variance in the data, attaining an excellent fit regardless of the amount of bias. Conversely, the models without the RIIFA factor produced increasingly a poorer fit with greater amounts of wording effects. Surprisingly, however, the RIIFA models were not able to better estimate the uncontaminated person scores for any type of wording effect in comparison to the substantive unidimensional models. The simulation results were then corroborated with an empirical dataset, examining the relationship between learning strategies and personality with grade point average in undergraduate studies. The apparently paradoxical findings regarding the model fit and the recovery of the person scores are explained, considering the properties of the factor models examined.
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MODELING WORDING EFFECTS DOES NOT HELP IN RECOVERING UNCONTAMINATED PERSON SCORES: A SYSTEMATIC EVALUATION WITH RANDOM INTERCEPT ITEM FACTOR ANALYSIS

Most self-report scales in psychology often include both positively worded (PW) items, which are intended to measure the presence of a construct with a positive valence (e.g., extraversion), and negatively worded (NW) items, which measure the presence of a construct with a negative valence [e.g., introversion (Kam and Meyer, 2015a; Kam, 2016, 2018)]. The goal of this practice is usually to measure the two poles of the same construct. For example, a scale measuring extraversion may include several PW items (e.g., I make friends easily) as well as some NW items measuring introversion (e.g., I prefer to be alone), which tap the polar opposite ends of the construct. However, when both types of items are combined, respondents may manifest differential response styles to PW and NW items. This phenomenon is known as the item wording effect and consists of logically inconsistent answers to PW and NW items that tap into similar (but polar opposite) content (Kam and Meyer, 2015a; Kam, 2016).

For decades, the presence of different wording effects has been ubiquitous in psychological measurement (Jackson and Messick, 1958; Carmines and Zeller, 1979; Paulhus, 1991). An extensive body of research has demonstrated that wording effects may impact the psychometric properties of scales, deteriorating the model fit (Woods, 2006; Danner et al., 2015; Abad et al., 2018), spuriously increasing the dimensionality due to the emergence of separate factors for PW and NW items (Schmitt and Stults, 1985; Marsh, 1996; Barnette, 2000; Rodebaugh et al., 2004), reducing the reliability of measures (Schriesheim et al., 1991; Roszkowski and Soven, 2010), inflating or suppressing the structural relationships (Kam et al., 2012; Kam and Meyer, 2015b), and distorting the factor loading structures (Savalei and Falk, 2014; Navarro-González et al., 2016; Zhang et al., 2016).

However, the influence of wording effects on person score estimates has received much less attention. A possible reason is that most studies investigating wording effects are conducted, using real data collected in applied settings, making it impossible to know the uncontaminated true score of the respondents. In addition, prior simulation studies evaluating the recovery of person scores in the presence of response biases (e.g., Falk and Cai, 2016; Plieninger, 2016; Wetzel et al., 2016b) have been mainly focused on the influence of response styles, such as extreme responding (i.e., a tendency to select extreme response options). In general, few studies have systematically evaluated wording effects, and the ones that are available are frequently limited because they include only a single type of wording effect (Schmitt and Stults, 1985; Woods, 2006). Thus, the current literature lacks a systematic evaluation of the impacts that different wording effects may have, as well as of the conditions under which they are most harmful.

The random intercept item factor analysis (RIIFA) model (Billiet and McClendon, 2000; Maydeu-Olivares and Coffman, 2006) has shown to be a promising approach for modeling method variance due to wording effects over competing approaches (Savalei and Falk, 2014). First, it is very easy to implement in practice. Second, it generally produces substantial improvements in the model fit at the cost of only one degree of freedom in comparison to the “do-nothing” approach (i.e., fitting a model with only substantive factors, ignoring the presence of wording effects (Maydeu-Olivares and Coffman, 2006; Kam et al., 2012; Abad et al., 2018; Yang et al., 2018; Billiet and McClendon). Third, it is robust in recovering the substantive factor loading, even when its main assumption (i.e., equal method factor loading across all items) is violated (Savalei and Falk, 2014). Despite these positive characteristics, however, there is still limited knowledge about its performance in estimating certain parameters such as the uncontaminated person scores in the presence of wording effects.

In light of the aforementioned issues, the motivating goal of the study is to examine the impact of wording effects on parameter estimation, specifically person scores, in unidimensional data sets with categorical variables. To do so, we focused on three wording effects proposed in literature: carelessness, item verification difficulty, and acquiescence (Swain et al., 2008). Thus, the main aim of this study was to assess the performance of the RIIFA model in estimating person scores and other substantive parameters in the presence of wording effects, and to compare it with the “do-nothing approach.” The rest of this section is devoted to provide: (a) a conceptualization of the types of the wording effects considered in this study and the cognitive processes underlying them, (b) some examples of response patterns of the targeted wording effects, and (c) a description of the RIIFA model.



TYPES OF WORDING EFFECTS

A response bias is any systematic tendency to answer items irrespective of their content (Paulhus, 1991, 2002). Previous literature has usually distinguished between two types of response biases: response styles and response sets (Jackson and Messick, 1958). Response styles generally refer to a systematic tendency to use or avoid some specific response categories [e.g., extreme response style or the preference for extreme categories; e.g., Wetzel et al. (2016b)]. A number of studies have focused on demonstrating the stability of individual response styles across time and different constructs (e.g., Weijters et al., 2010a,b; Danner et al., 2015). In this regard, response styles have been traditionally conceptualized as response biases that are consistent across time and situations. In contrast, response sets have been defined as response biases that temporarily manifest in specific situations or settings [e.g., the tendency to provide a positive self-image in a personnel selection process (Jackson and Messick, 1958; Nunnally and Bernstein, 1994)]. Wetzel et al. (2016a), Van Vaerenbergh and Thomas (2012), and Ziegler (2015) provide further review of these response biases.

Within this conceptual framework, wording effects are another type of a response bias, which consists of logically inconsistent answers to PW and NW items that tap into similar (but polarly opposite) content (Kam and Meyer, 2015a; Kam, 2016). Building on the response process model developed in the survey research literature (Tourangeau et al., 2000), Swain et al. (2008) and Weijters and Baumgartner (2012) described the wording effects in terms of the cognitive processes underlying an item response. This model consists of four major steps: (a) comprehension (attending to the item and interpreting it), (b) retrieval (retrieving a relevant belief previously formed from long-term memory or transferring to working memory the information used to construct a new belief), (c) judgment (integrating the information retrieved previously and comparing it with the item representation), and (d) response (representing the answer to the given scale and producing a response).


Carelessness

Several terms have been used to refer to a pattern of responding in which respondents pay insufficient attention to the items' content, such as random responding (Meade and Craig, 2012), noncontingent responding (Baumgartner and Steenkamp, 2001), inattentiveness (Johnson, 2005), or insufficient effort responding (Huang et al., 2012). The concept of carelessness has been broadly used to refer to different random or nonrandom response patterns such as fully or partially random responding, using the same response category (i.e., straight-line responding) or response sequence, or skipping items (e.g., Johnson, 2005; Swain et al., 2008; Meade and Craig, 2012).

A pervasive type of carelessness is the systematic (non-random) type in which a respondent may answer according to the expectations that he or she has formed about what is being measured according to the questionnaire instructions or the content of the initial items (Schmitt and Stults, 1985; Woods, 2006; Weijters et al., 2013). This type of carelessness occurs at the initial step of the response process model (Tourangeau et al., 2000) during the comprehension phase (Swain et al., 2008; Weijters and Baumgartner, 2012; Weijters et al., 2013). Authors suggesting this variant of carelessness usually associate it with misresponses to the NW items. This is often built on the assumption that respondents may generate the expectation that items are stated affirmatively based on everyday experiences with language and on the results from prior studies, showing that most Likert type items are affirmations (Swain et al., 2008). However, we argue that these reasons do not necessarily imply that misresponses due to carelessness will only occur to the NW items. For example, if the questionnaire instructions explicitly reveal that a construct with negative valence is being measured (e.g., burnout), a careless respondent may assume that items will be NW and he or she might fail in responding to the PW items.

Previous research investigating carelessness has mainly focused on the detection of careless respondents through the use of different methods, such as instructed response items, indices based on repeated responses (e.g., long-string), and factor mixture modeling (e.g., Meade and Craig, 2012; Kam and Meyer, 2015a; Kam and Fan, 2018). Some simulation studies have examined the impact of systematic carelessness (to NW items) on the factor structure of unidimensional scales. For example, Schmitt and Stults (1985) found out that only 10% of careless respondents were necessary for the emergence of a spurious second dimension (these authors used principal component analysis). Also, Woods (2006) reached similar conclusions in the context of confirmatory factor analysis: With only 10% of carelessness respondents, a two-factor model presented a better model fit and thus was preferred to the unidimensional solution.



Item Verification Difficulty

Swain et al. (2008) conceptualized item verification difficulty as a type of inconsistent responding that occurs when a respondent's belief in the construct being measured (i.e., his or her true trait level) mismatches the item content during the judgment phase of the response process model (Tourangeau et al., 2000). Swain et al. (2008) suggested that the item verification process can be explained according to the constituent-comparison model (Carpenter and Just, 1975). This model postulates that a respondent's difficulty to verify an item and thus the probability of misresponding it will depend on the complexity of comparing his/her own belief or true trait level on the construct being measured to the item content. This difficulty will depend on whether the item content is on the same pole (i.e., is truth) or on the opposite pole (i.e., is false) relative to the respondent's belief (i.e., true trait level), and whether it is affirmed or negated. According to the constituent-comparison model, for example, a person who believes that he or she is introverted (i.e., has a low trait level in extraversion) will have increasing difficulty in responding to the following items: “I am introverted” (true affirmation), “I am extroverted” (false affirmation), “I am not introverted” (false negation), and “I am not extroverted” (true negation). This model implies that a respondent will have to perform more cognitive operations to compare an item with his or her belief as the difficulty of such comparison increases.

Previous studies have suggested that wording effects may be related to reading ability. The studies of Marsh (1986, 1996) showed how method effects (in this case, associated with NW items) were weaker for more verbally able students. In addition, Swain et al. (2008) confirmed through a series of experiments the item verification predictions made by the constituent-comparison model: inconsistent responding and difficulty to process statements linearly increased with true affirmations, false affirmations, false negations, and true negations.



Acquiescence

Acquiescence is the tendency to respond to items using agree categories (i.e., the positive side of the scale) irrespective of their content (e.g., Paulhus, 1991; Weijters et al., 2013; Wetzel et al., 2016a). This wording effect influences the response phase (Swain et al., 2008; Weijters and Baumgartner, 2012; Weijters et al., 2013), which is the final step of the response process model (Tourangeau et al., 2000). Knowles and Condon (1999) suggest that the cognitive process underlying acquiescence can be explained according to the dual-process model of understanding (Gilbert, 1991). This model posits that, initially, a respondent automatically accepts the item content (comprehension phase), and, subsequently, the respondent can reevaluate it in order to decide whether to reject it or continue accepting it (reconsideration phase). This second step implies an effort for the participant, so it can be omitted, depending on the ability and motivation of the respondent. If this occurs, the respondent will automatically agree to all items, irrespective if they are PW or NW, manifesting an acquiescent response pattern (Swain et al., 2008; Weijters and Baumgartner, 2012).

Previous studies examining the effects of acquiescence mostly did it from an empirical perspective through the computation of different measures based on the endorsement of polar opposite items (e.g., Hinz et al., 2007; Rammstedt and Farmer, 2013) or many items with heterogeneous content (Baumgartner and Steenkamp, 2001; Weijters et al., 2013). However, some of these measures (i.e., those that are not based on heterogeneous items) may also reflect other wording effects such as carelessness (Weijters et al., 2013; Kam and Meyer, 2015a), leading to erroneous conclusions about the influence of acquiescence. In contrast, very few studies have examined the impact of acquiescence from the perspective of Monte Carlo simulation. Grønhaug and Heide (1992) simulated acquiescent responses to Likert type items and found out that inconsistent responses might distort results from regression and factor analysis. More recently, Plieninger (2016) has found out that the impact of acquiescence on reliability, validity, and scale scores estimates was greater in unbalanced scales with fewer NW items.



Illustration of Wording Effects Response Patterns

Table 1 presents some examples of response patterns that examinees with low (top section) or high trait levels (bottom section) may show when responding to a scale with 10 items (five PWs marked as “+,” and five NWs marked as “−”). In each case, both non-reversed (left section) and reversed responses (right section) are presented. The first row always represents the uncontaminated true pattern. All response patterns correspond to a hypothetical examinee that misresponds to 50% of the items according to different wording effects: carelessness to NW items (i.e., responses to NW items were reversed), item verification difficulty (i.e., responses to PW/NW items were reversed for a person with a true low-/high-trait level), and acquiescence (i.e., responses to PW/NW items were replaced by categories implying agreement for a person with a true low-/high-trait level). Looking at the total raw scores (computed with reversed item responses), it can be seen that, in general, total scores for respondents with low (high) true trait levels will be upwardly (downwardly biased) in the presence of any wording effect.


Table 1. Examples of response patterns for the wording effects of carelessness, item verification difficulty, and acquiescence.

[image: Table 1]

It should be noted that different wording effects might produce indistinguishable observable response patterns in practice (Weijters et al., 2013; Kam and Meyer, 2015a). For example, looking at the non-reversed responses in Table 1, two persons with a high true trait level may present a similar response pattern if one of them responds as if all items were PW (carelessness to NW items), and the other one has problems to process NW items (item verification difficulty). Wording effects might also be confounded under other circumstances not illustrated in Table 1. For example, some types of acquiescent respondents that systematically use the highest agree category might resemble some types of careless respondents (e.g., one displaying a straight-line responding pattern), and vice versa. However, there is an important difference in the response process: Careless respondents overlook item content (the problem arises at the initial comprehension phase), whereas acquiescent ones pay attention to it (the problem occurs at the final response phase (Weijters et al., 2013; Kam and Meyer, 2015a).




THE RIIFA MODEL

Maydeu-Olivares and Coffman (2006) introduced the RIIFA model as an extension of the common factor model that allows for the explicit modeling of consistent individual differences in the use of the response scale. In the common factor model, the response of participant j to item i (yij) can be written as:

[image: image]

where μi is the intercept for item i, λi is the vector of factor loading for item i, fj is the vector of substantive factor scores for participant j, and eij is the error term for participant j on item i. Assuming that the mean of the common factors and the error terms is zero, and that the error terms are uncorrelated with each other and with the common factors, the covariance matrix implied by this model (Σy) is expressed as

[image: image]

where lambda (Λ) is a m × r matrix of factor loading for m variables and r common factors, psi (Ψ) is a r × r covariance matrix of the common factors, and theta (Θ) is a m × m covariance matrix of the error terms.

In the RIIFA model, the intercept (γij) is decomposed into a fixed part (μi), common to all respondents but differing across items, and a random part (ζj), common to all items but differing across respondents:

[image: image]
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If in addition to the previous assumptions of the common factor model it is assumed that the term ζj is standardized and that it is uncorrelated with the error terms and with the common factors, the covariance structure implied by the RIIFA model can be written as

[image: image]

where ω is the variance of ζj across all the respondents.

In the RIIFA model, the parameter to be estimated is ω and not the random intercept for each examinee. To do so, it is only necessary to define an additional method factor in the common factor model in which all the unstandardized factor loadings are fixed to 1 (if items are not reverse coded), and ω is left free to be estimated.

Prior research has shown that wording effects can be successfully modeled through the RIIFA model, as evidenced by the improvements in the model fit, in comparison to models that only contain substantive factors (e.g., Billiet and McClendon, 2000; Maydeu-Olivares and Coffman, 2006; Kam et al., 2012; Abad et al., 2018; Yang et al., 2018; Schmalbach et al., 2020). Besides, the RIIFA model has been shown to enhance the discriminant validity of scales (Kam et al., 2012). Also, Savalei and Falk (2014) and de la Fuente and Abad (2020) evaluated its behavior to estimate item parameters when respondents make an idiosyncratic use of response scale with unidimensional structures. They found out that the RIIFA model was superior to competing approaches (including the “do-nothing” approach) and robust to the violation of its assumption of equal wording factor loading across items.



PURPOSE OF THE CURRENT STUDY

A principal concern regarding the use of self-report measures is the potential influence of wording effects on responses of the examinees. Therefore, the main motivating goal of this study was to examine the impact of different types of wording effects—carelessness, item verification difficulty, and acquiescence—on person score estimates. In addition, we also evaluated the impact of the different types of the wording effects on other parameters of interest, such as the model fit, factor loading, and structural validity, for models composed of one substantive factor. Model estimates resulting from the traditional one-factor model (the “do-nothing” approach) were compared to those obtained from the RIIFA model. Finally, we analyzed an empirical dataset examining the relationship between learning strategies and personality with grade point average in undergraduate studies to ascertain the impact of wording effects, and their handling, on the different model properties.

This study has three main unique features. First, the comprehensive evaluation of the recovery of person scores and its relationship with other parameter estimates in the presence of different wording effects. Second, the inclusion for the first time of the item verification difficulty wording effect to be examined via Monte Carlo methods. Third, the systematic evaluation of the RIIFA model to estimate person scores (and other parameters not previously studied with this model) in the presence of different wording effects.



STUDY 1: IMPACT OF CARELESSNESS ON PARAMETER ESTIMATION

In this study, Monte Carlo methods were employed to systematically assess the impact of the wording effect of carelessness on the performance of the 1F and RIIFA models.



METHOD


Study Design

Three independent variables were systematically manipulated: the amount of wording effect, the sample size, and the test length. These variables have been shown to affect the performance of factor analysis methods with categorical variables (Woods, 2006; Forero et al., 2009; Garrido et al., 2011, 2013).

1. Amount of wording effect (PERC.WE): This variable indicates the percentage of items (out of the total number of items in the test) that each inconsistent examinee misresponded to. Five levels were manipulated: 10, 20, 30, 40, and 50%. The condition of absence of wording effect (PERC.WE = 0%) was included as a baseline with which to compare.

2. Sample size (N). Three levels were included-−200, 500, and 1,000—to represent a small, a medium, and a large number of cases, respectively, for the factor analysis of categorical variables (Muthén and Kaplan, 1985; Forero et al., 2009; Savalei and Rhemtulla, 2013).

3. Test length (T.LENG). Three levels were included with 12, 24, and 60 items to measure the substantive construct, which may represent a short fixed-length test, a long fixed-length test, and a large item pool, respectively.

In total, the 6 × 3 × 3 (PERC.WE × N × T.LENG) factorial design produced 54 factor combinations; for each of which, 100 sample replicates were generated.



Data Generation and Models Evaluated

Figure 1 presents a flowchart illustrating the main steps of the simulation study. The simulation study involved three steps: (1) generation of the uncontaminated sample data matrices, (2) generation of the sample data matrices with wording effects, and (3) estimation of the fitted models.


[image: Figure 1]
FIGURE 1. Flowchart diagram describing the main steps of the three simulation studies.



Step 1: Generation of Uncontaminated Sample Data Matrices

For each of the nine simulated conditions without wording effects, 100 uncontaminated (i.e., without WE) sample data matrices of symmetrically distributed categorical variables with four response options were generated. Data matrices were generated according to the bidimensional model showed in Step 1 of Figure 1, which contained one substantive factor representing the responses to the construct of interest and another factor representing the responses to a criterion variable (i.e., a criterion variable factor, henceforth). Regarding the substantive factor, half of the items were conceptualized as PW and the other half as NW items (i.e., balanced scales). The example illustrates a 10-item (five PWs, five NWs) test. In all the conditions, the mean substantive factor loading was fixed to 0.70, and loadings were randomly drawn from a uniform distribution with values ranging from 0.60 to 0.80 to generate items with variable factor loadings. Then, half of the simulated factor loadings were randomly assigned a negative sign to simulate the factor loadings of the NW items. Additionally, the criterion variable factor was simulated by generating the responses to an item with a standardized loading of 1.0 on such a factor. The substantive factor and the criterion variable correlated strongly (r = 0.50) according to Cohen (1988).

Sample data matrices were simulated according to the common factor model procedure described next. First, the reproduced population correlation matrix (with communalities in the diagonal) was computed:

[image: image]

where RR is the reproduced population correlation matrix, lambda (Λ) is the measurement model (i.e., a k × 2 factor loading matrix for k variables and two factors: the substantive factor and the criterion variable factor), and phi (Φ) is the structure matrix of the latent variables (i.e., a 2 × 2 matrix of correlations among the substantive factor and the criterion variable factor).

The population correlation matrix RP was then obtained by inserting unities in the diagonal of RR, thereby raising the matrix to full rank. The next step was performing Cholesky decomposition of RP, such that

[image: image]

Subsequently, the sample data matrix of continuous variables was computed as

[image: image]

where Z is a matrix of random standard normal deviates with rows equal to the sample size and columns equal to the number of variables.

The resulting continuous variables were categorized (except the criterion variable, which was not included in the following steps) by applying the following threshold values so that they had symmetrical distributions: −1.5, 0, and 1.5 (Garrido et al., 2011, 2013).



Step 2: Generation of Sample Data Matrices With Wording Effects

Wording effects were generated by introducing inconsistent responses in the uncontaminated sample data matrices previously simulated (step 2 in Figure 1). To do so, 40% of the simulees were randomly selected to present inconsistent responses. Then, following previous research (Schmitt and Stults, 1985; Woods, 2006), carelessness response patterns were simulated by reversing the answers to NW items (1 = 4, 2 = 3, 3 = 2, and 4 = 1) for each inconsistent respondent according to the desired amount of wording effects in each case. For each uncontaminated sample data matrix, five sample data matrices with wording effects were generated according to the five levels of PERC.WE established. Table 1 includes some examples of response patterns for hypothetical examinees responding carelessly to NW items. These “respondents” were postulated to respond inconsistently to 50% of the items of a 10-item test. We decided to simulate carelessness to NW items arbitrarily, based on previous studies. This would follow a real-life scenario where the first items of a test were PW and/or the examinee had an idea that the trait being measured had a positive valence. Nevertheless, simulating carelessness to the PW items would have yielded the same general conclusions.



Step 3: Estimation of the Fitted Models

The two structural equation models represented in step 3 of Figure 1 were estimated for each of the simulated sample data matrices. The first model (Figure 1, step 3, A) had one substantive factor measured by the simulated target (categorical) items, and the (continuous) item representing the observed scores for the simulees on a criterion variable that was regressed on the substantive factor. As the main core of this model is the traditional one-factor model with a substantive factor, we will refer to this model as 1F. The second model (Figure 1, step 3, B) included the RIIFA approach to model one substantive factor and one method factor to control for wording effects (Billiet and McClendon, 2000; Maydeu-Olivares and Coffman, 2006), and the observed criterion variable that was regressed on the substantive factor and the wording factor. In the RIIFA model, the loadings in the wording factor were fixed to 1 because sample data matrices contained unrecoded item scores, and the variance of the wording method factor was estimated. As the main core of this second model is the estimation of the RIIFA, we will refer to it as “RIIFA.” Both models were estimated, using robust-weighted least squares estimation based on a matrix of polychoric correlations [WLSVM, see Muthén and Muthén (2012)].




Assessment Criteria

Although the primary estimates of interest were the substantive factor scores, the performance of each model was also evaluated according to three other fundamental aspects in model validation: model fit, recovery of substantive factor loadings, and structural validity. For each model, the following assessment criteria were obtained.


Model Fit

It was evaluated according to the root mean square error of approximation (RMSEA) and the comparative fit index (CFI). For the CFI, values of 0.90 or greater indicate an acceptable fit and values of 0.95 or greater represent a good fit, whereas RMSEA values between 0.05 and 0.08 are indicative of an acceptable model fit, and values below 0.05 represent a good fit (Hu and Bentler, 1999; McDonald and Ho, 2002).



Recovery of the Substantive Factor Loadings

It was evaluated for PW and NW items separately by computing the mean bias error (MBE) and the mean absolute error (MAE) in each case:

[image: image]
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where k is the number of positive or negative items, [image: image] is the estimated loading on the substantive factor, and λ is the true loading on the substantive factor.

An MBE of 0 reflects a total lack of bias, whereas negative and positive MBE values indicate that loadings were underestimated and overestimated in absolute value, respectively, for positive items and the opposite for negative items. For the MAE, higher values signal larger biases in estimating the true factor loadings, while a value of 0 indicates that the factor loadings are estimated with perfect accuracy.



Recovery of the Substantive Scores

It was evaluated with the correlation between the uncontaminated substantive factor scores (estimated by applying the 1F model to the sample data matrix without wording effects) and the contaminated factor scores that were estimated by applying each model to the data matrix with wording effects. A mixed analysis of variance (ANOVA) was performed in order to evaluate the differences between the 1F and RIIFA models in the recovery of the uncontaminated substantive scores across the manipulated conditions. The dependent variable was the total recovery of the substantive factor scores, the repeated measures within-subjects independent variable was the models (1F, RIIFA), and the between-subjects independent variables were the amount of wording effects, the sample size, and the test length. Due to the low convergence rate of the RIIFA model with 10% of wording effects across the three studies, the cases for that condition were not included in these analyses. Only those higher order interactions with large or near-large-effects sizes were interpreted. According to Cohen (1988), partial eta squared ([image: image]) values of 0.01, 0.06, and 0.14 or greater represent small, medium, and large effects, respectively.



Structural Validity

It was evaluated through the magnitude of the regression coefficients associated with the substantive factor and the wording factor (only for the RIIFA model) that explained the continuous (uncontaminated criterion) variable, as well as the proportion of variance explained by the model (R2).

The programs used to run the simulation and estimate the factor models were developed with Mplus 7 (Muthén and Muthén, 2012) and the R package MplusAutomation (Hallquist and Wiley, 2018). The ANOVA statistical analyses and the simulation were performed using SPSS (Version 23) and R (R Core Team, 2018), respectively.





RESULTS


Convergence Rates

The convergence rates reported in this section indicate for each model tested (1F, RIIFA) the proportion of estimated solutions that produced simultaneously the fit statistics, the matrix of factor loadings, the factor scores, the regression coefficients, and the R2. The convergence rate of the 1F model was always 100%. The overall convergence rate for the RIIFA model was 92.71%. Nonconvergence occurred with low amounts of wording effects (10 or 20%) and the tests with 10 or 20 items. In those conditions, convergence rates improved with larger tests and higher amounts of wording effects: 26.67% (PERC.WE = 10%, 10 items), 71.00% (PERC.WE = 10%, 20 items), and 93.00% (PERC.WE = 20%, 10 items).



Model Fit

Panel A of Figure 2 shows the CFI and RMSEA values obtained with both models through all the simulated sample data matrices across different amounts of wording effects. With lower amounts of wording effects (particularly 10%), both models showed an excellent model fit, presenting always the CFI and RMSEA mean values ([image: image]), very close to 1 and 0, respectively. However, as the amount of wording effects increased, the differences between models were more notable: The 1F model gradually presented a poorer fit, and the values of the fit indices progressively departed from an acceptable fit, reaching the worst values with PERC.WE = 50% ([image: image] = 0.51, [image: image] = 0.14). In contrast, the RIIFA model showed an almost perfect model fit with any amount of wording effects.
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FIGURE 2. Model fit and recovery of substantive factor loadings for the unidimensional (1F) model and the random intercept item factor analysis (RIIFA) model in the presence of carelessness. 1F, unidimensional model with one substantive factor; RIIFA, random intercept item factor analysis model with one substantive factor and one wording method factor. In (A), the horizontal gray lines represent the mean CFI and RMSEA values for the condition with 0% of wording effect. In (B), the horizontal gray lines represent the mean absolute error and the mean bias error for the condition with 0% of wording effect.




Recovery of the Substantive Factor Loadings

Panel B of Figure 2 shows the individual MBEs and MAEs for the simulated sample data matrices obtained with both models (1F, RIIFA) for each type of item (PW, NW) across the different amounts of wording effects. Looking at the average MAE ([image: image]) values, in general, both models produced less accurate estimations for NW than for PW items across conditions, except with 50% of misresponded items where both models performed similarly and also produced similar estimates between them (e.g., for NW items, [image: image][1F] = 0.18 and [image: image][RIIFA] = 0.16) and for both types of items (e.g., for the RIIFA model, [image: image][PW] ≈ [image: image][NW] = 0.16). Moreover, estimates with both models were gradually less precise as the percentage of misresponded items increased. The only exception was found for NW items when the amount of wording effect grew from 40 to 50%: In this condition, the [image: image] decreased markedly from 0.28 to 0.18 for the 1F model and from 0.22 to 0.16 for the RIIFA model. Besides, a look at the MBE values revealed that both models tended to underestimate the factor loadings of any type of item, and that this tendency increased with higher amounts of wording effect.



Recovery of the Substantive Factor Scores

To better understand the performance of both models, the recovery was evaluated by computing the correlation between the uncontaminated and contaminated factor scores in three ways for each simulated sample data matrix: (a) considering the scores for all the respondents (consistent and inconsistent; henceforth, “Total recovery”), (b) considering consistent respondents scores exclusively (henceforth “Recovery for consistent respondents”), and (c) considering inconsistent respondents scores exclusively (henceforth, “Recovery for inconsistent respondents”). Results from the mixed ANOVA (Table 2, the carelessness column) revealed that a large effect size ([image: image] = 0.17, p < 0.001) was associated with the differences in performance between models in favor of the 1F model, which showed to be slightly superior to the RIIFA across conditions (overall, the mean correlation, [image: image], was 0.93 and 0.90, respectively, for the 1F and RIIFA model, respectively). Almost all interactions displayed [image: image] values lower or equal to 0.02. Only the two-way interaction model × amount of wording effects showed a near-large-effect size ([image: image] = 0.11, p < 0.001). This interaction is depicted in the upper section of panel A in Figure 3 and shows that both models performed almost similarly with 20% of carelessness, whereas, with 50% of carelessness, the 1F model ([image: image]0.78) proved to be slightly superior to the RIIFA ([image: image] = 0.76) in recovering the uncontaminated person scores. The performance of both models gradually deteriorated as the amount of wording effect increased.


Table 2. Mixed analysis of variance effect sizes for the wording effects of carelessness, item verification difficulty, and acquiescence.
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FIGURE 3. Recovery of substantive factor scores and estimation of structural validity with the 1F model and the RIIFA model in the presence of carelessness. In (A), represented values are Pearson correlations, and results of the recovery of uncontaminated scores are presented for all the respondents, separately for consistent respondents, and separately for inconsistent respondents. 1F, unidimensional model with one substantive factor; RIIFA, random intercept item factor analysis model with one substantive factor and one wording method factor. In (B), the horizontal black lines represent the substantive factor regression coefficient and the variance explained by the model with 0% of wording effect.


The middle and lower sections of panel A in Figure 3 show the recovery of substantive factor scores for the inconsistent and consistent respondents, respectively, across the two-way interaction model × amount of wording effects. Regarding the consistent respondents, both models always estimated with perfect accuracy the substantive scores of the consistent respondents (the mean correlation between the uncontaminated and contaminated scores was always 1.00). Looking at the results for the inconsistent respondents, the patterns showed by both models mirrored the results previously described for the total recovery, but the [image: image] values were systematically lower. It should be noted that the recovery for these respondents with 50% of wording effects was especially poor if looking at the average ([image: image][1F] = 0.19, [image: image][RIIFA] = 0.01). This might be explained, because, if a person misresponds to all the items in one direction (all PW or all NW), it is impossible to recover his/her uncontaminated score because there is no way to know if the correct score is what he/she responded to PW items or what he/she answered to the NW items. In other words, the answers of this person to both types of items are equally consistent.

To better understand the previous results, Figure 4 shows for each model a series of scatterplots to illustrate the relationship between the uncontaminated and contaminated substantive scores as the amount of wording effects increased. To do so, we simulated a sample data matrix with 1,000 respondents and 20 items, which was later modified according to the levels of carelessness established. As shown before, for consistent respondents (colored in black) the substantive scores are always estimated with total precision with both models because they delineate a perfect diagonal straight line. In the case of inconsistent respondents (colored in red), with both models, the contaminated scores for respondents that had low uncontaminated scores tend to be increasingly biased upward, whereas the contaminated scores for respondents with high uncontaminated scores are progressively biased downward. This displacement is progressively more noticeable as the percentage of misresponded items is higher. Figure 4 also presents the correlation between the uncontaminated substantive scores and the estimated wording factor scores for the RIIFA model. Overall, consistent respondents had wording scores of medium magnitude (i.e., around 0) independently of the value of their uncontaminated substantive scores. Regarding inconsistent respondents, the estimated wording scores were increasingly correlated in a positive way with the substantive scores as the amount of wording effects was greater. This means that wording scores increasingly reflect the uncontaminated trait level of these examinees as more items are answered inconsistently.
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FIGURE 4. Example of recovery of the substantive factor scores with the 1F and RIIFA models in the presence of carelessness. The data represented corresponds to simulated unidimensional data sets with 1,000 respondents and 20 variables. 1F, unidimensional model with one substantive factor; RIIFA, random intercept item factor analysis model with one substantive factor and one wording method factor; PERC.WE, amount of wording effect; NW, negatively worded. (A) 1F model. (B) RIIFA model.




Structural Validity

The panel B of Figure 3 shows the regression coefficients associated with the substantive factor for both models and the wording factor of the RIIFA, as well as the proportion of explained variance by each model (R2). In terms of the mean regression coefficient for the substantive factor, both models showed a tendency to produce downwardly biased estimates, on average, with higher amounts of wording effects. In addition, the regression coefficient associated with the wording factor showed a tendency to increase gradually as the amount of carelessness grew, reaching non-negligible values in the conditions of greater carelessness. This might explain why the mean proportion of variance explained by the model was moderately greater for the RIIFA model in comparison to the 1F model. Indeed, it should be noted that the RIIFA model always reproduced the same amount of variance (on average) as the model fitted in the dataset without wording effects.




STUDY 2: IMPACT OF ITEM VERIFICATION DIFFICULTY ON PARAMETER ESTIMATION

In this study, Monte Carlo methods were employed to systematically assess the impact of the wording effect of item verification difficulty in the performance of the 1F and RIIFA models.



METHOD

The study design and the procedure followed to generate the uncontaminated sample data matrices (see Figure 1) were the same as the one described in Study 1. However, in this case, inconsistent respondents were simulated by reversing the answers (1 = 4, 2 = 3, 3 = 2, and 4 = 1) to PW items if the uncontaminated substantive score of a respondent was below 0, or to NW items if the uncontaminated substantive score of a respondent was above 0. That is, it was assumed that a person responded correctly to true affirmations and responded incorrectly to false affirmations. When the PERC.WE was below 50%, item responses were randomly selected and reversed until the desired amount of wording effects (% of items answered inconsistently) for each respondent was reached. The proportion of respondents in each database that answered inconsistently was again fixed at 40%. Finally, the same assessment criteria of Study 1 were obtained to evaluate the performance of both models.



RESULTS


Convergence Rates

As in Study 1, only the RIIFA model showed nonconvergence solutions, with an overall convergence rate of 93.38%. The pattern of convergence rates was similar to that found in Study 1: nonconvergence occurred with low amounts of wording effects (10 or 20%) and the tests with 10 or 20 items. Convergence rates improved with larger tests and higher amounts of wording effects: 30.33% (PERC.WE = 10%, 10 items), 93.67% (PERC.WE = 10%, 20 items), and 77% (PERC.WE = 20%, 10 items).



Model Fit

Panel A of Figure 5 shows the CFI and RMSEA values obtained with both models through all the simulated sample data matrices across different amounts of wording effects. Results revealed a similar trend similar to that found in Study 1: Both models performed similarly, showing a perfect fit, with lower amounts of item verification difficulty. However, as the amount of wording effect increased, the differences were more notable in favor of the RIIFA model, which consistently showed an excellent fit, whereas the 1F model gradually presented a poorer fit.
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FIGURE 5. Model fit and recovery of substantive factor loadings for the 1F model and the RIIFA model in the presence of item verification difficulty. 1F, unidimensional model with one substantive factor; RIIFA, random intercept item factor analysis model with one substantive factor and one wording method factor. In (A), the horizontal gray lines represent the mean CFI and RMSEA values for the condition with 0% of wording effect. In (B), the horizontal gray lines represent the mean absolute error and the mean bias error for the condition with 0% of wording effect.




Recovery of the Substantive Factor Loadings

Panel B of Figure 5 shows the individual MBEs and MAEs for the simulated sample data matrices obtained with both models (1F, RIIFA) for each type of item (PW, NW) across the different amounts of wording effects. Looking at the [image: image], in general, both models produced similar estimates between them and for both types of items for any amount of wording effects. As in Study 1, in general, the estimates with both models were gradually less precise as the percentage of misresponded items increased, except for the 50% PERC.WE condition, which was similar to the 40% condition. As in Study 1, the MBE values showed that both models tended to underestimate the factor loadings of any type of item, and that this tendency increased with higher amounts of wording effects.



Recovery of the Substantive Factor Scores

The results of the mixed ANOVAs (Table 2, column item verification difficulty) comparing the precision of the factor score estimates across the manipulated conditions for the 1F and RIIFA models showed that, although a large effect size ([image: image] = 0.14, p < 0.001) was associated with the differences in performance between models, it had no practical relevance because, on average, the overall recovery was similar for both models (0.9 for the 1F and 0.89 for the RIIFA). This large effect size emerged because of the low variability of the individual results for the replications in the simulation (Pek and Flora, 2018). Almost all interactions displayed [image: image] values lower or equal to 0.02, except the two-way interaction model × amount of wording effects, which had a larger but still small effect size ([image: image] = 0.05, p < 0.001). Panel A in Figure 6 displays this interaction, which has a similar trend to the one described in Study 1: Both models performed similarly with 20% of item verification difficulty, but they tended to display some negligible differences in favor of the 1F model. The maximum difference that both models showed regarding the mean total recovery was 0.01, which is negligible, with the greatest amount of item verification difficulty. The performance of both models gradually deteriorated as the amount of wording effect increased.
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FIGURE 6. Recovery of substantive factor scores and estimation of structural validity with the 1F model and the RIIFA model in the presence of item verification difficulty. In (A), represented values are Pearson correlations, and results of the recovery of uncontaminated scores are presented for all the respondents, separately for consistent respondents, and separately for inconsistent respondents. 1F, unidimensional model with one substantive factor; RIIFA, random intercept item factor analysis model with one substantive factor and one wording method factor. In (B), the horizontal black lines represent the substantive factor regression coefficient and the variance explained by the model with 0% of wording effect.


The middle and lower sections of panel A in Figure 6 show the recovery of the substantive factor scores for inconsistent and consistent respondents, respectively, across the two-way interaction of model × amount of wording effects. These results mirrored those obtained in Study 1 for the wording effect of carelessness, with the recovering being approximately perfect for the consistent respondents and increasingly poorer with greater wording effects for the inconsistent respondents.

As in Study 1, the results from a simulated sample data matrix with 1,000 respondents and 20 items were used to obtain a series of scatterplots to illustrate the relationship between the uncontaminated and contaminated substantive scores across different amounts of wording effects (see Figure 7). The trends observed for consistent respondents (colored in black) and inconsistent respondents (colored in blue or red, depending on whether they misresponded to PW or NW items, respectively) with both models mirrored the ones found in the case of carelessness (see Study 1). The correlation between the uncontaminated substantive scores and the estimated wording factor scores was also represented for the RIIFA model. For examinees who misresponded to NW items, wording scores related positively with the uncontaminated substantive score, and this relation was stronger as the amount of item verification difficulty was greater. Contrarily, for examinees who misresponded to PW items, wording scores related inversely to the uncontaminated substantive score, and the magnitude of such correlation was higher with higher amounts of wording effect.


[image: Figure 7]
FIGURE 7. Example of recovery of the substantive factor scores with the 1F and RIIFA models in the presence of item verification difficulty. The data represented corresponds to simulated unidimensional data sets with 1,000 respondents and 20 variables. 1F, unidimensional model with one substantive factor; RIIFA, random intercept item factor analysis model with one substantive factor and one wording method factor; PERC.WE, amount of wording effect; NW, negatively worded; PW, positively worded. (A) 1F model. (B) RIIFA model.




Structural Validity

Panel B of Figure 6 shows the regression coefficients associated with the substantive factor for both models and the wording factor of the RIIFA, as well as the proportion of explained variance by each model (R2). In terms of the mean regression coefficient for the substantive factor, both models showed a tendency to produce downwardly biased estimates, on average, with higher amounts of wording effects. Additionally, the regression coefficient associated with the wording factor had a mean of zero across conditions. Both models tended to underestimate the proportion of variance as the amount of wording effects increased, and, although the RIIFA was slightly more superior than the 1F model, the gains in variance explained were minimal.




STUDY 3: IMPACT OF ACQUIESCENCE ON PARAMETER ESTIMATION

In this study, Monte Carlo methods were employed to systematically assess the impact of the wording effect of acquiescence in the performance of the 1F and RIIFA models.



METHOD

The study design and the procedure to generate the uncontaminated sample data matrices (see Figure 1) were similar to those described previously in studies 1 and 2. In this case, to simulate acquiescent respondents, we assumed that these individuals would select fewer response categories, implying higher levels of disagreement (1 and 2) than response options, representing higher levels of agreement (3 and 4). Thus, for the inconsistent respondents, we arbitrarily assigned to each response category a different probability of being changed, so that inconsistent respondents were generated by switching more answers with 1 than answers with 2 and more answers with 2 than answers with 3. The answers with 4 were not modified (this response option implied the highest level of agreement). The probabilities of being selected for change for response categories 1, 2, and 3 were 0.50, 0.33, and 0.17, respectively. Once a response category was selected to be changed for an inconsistent respondent, its values were modified in the following manner: 1 = 3, 2 = 3 or 4 (being the two values equally likely), and 3 = 4. Item responses were changed for each inconsistent simulee until reaching the corresponding amount of wording effect. Acquiescent respondents were selected, using the sample () function from the base R package (R Core Team, 2018). Finally, the same assessment criteria of the two prior studies were used to evaluate the performance of both models.



RESULTS


Convergence Rates

As in Studies 1 and 2, only the RIIFA model produced solutions that did not converge, with an overall convergence rate of 94.82%. The pattern of convergence rates was similar to that found in Study 1: Non-convergence occurred with low amounts of wording effects (10 or 20%) and tests with 10 or 20 items. Convergence rates improved with larger tests and higher amounts of wording effects: 31.00% (PERC.WE = 10%, 10 items), 93.67% (PERC.WE = 10%, 20 items), and 97.67% (PERC.WE = 20%, 10 items).



Model Fit

Panel A in Figure 8 shows the CFI and RMSEA values obtained with both models through all the simulated sample data matrices across different amounts of wording effects. Results were similar to those found in Studies 1 and 2. Both models performed similarly, showing a perfect fit, with lower amounts of acquiescence. However, as the amount of wording effect increased, the differences were more notable in favor of the RIIFA model, which consistently showed an almost perfect model fit, whereas the 1F model gradually presented a poorer fit.
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FIGURE 8. Model fit and recovery of substantive factor loadings for the 1F model and the RIIFA model in the presence of acquiescence. 1F, unidimensional model with one substantive factor; RIIFA, random intercept item factor analysis model with one substantive factor and one wording method factor. In (A), the horizontal gray lines represent the mean CFI and RMSEA values for the condition with 0% of wording effect. In (B), the horizontal gray lines represent the mean absolute error and the mean bias error on average for the condition with 0% of wording effect.




Recovery of the Substantive Factor Loadings

Panel B in Figure 8 shows the individual MBEs and MAEs for the simulated sample data matrices obtained with both models (1F, RIIFA) for each type of item (PW, NW) across the different amounts of wording effect. Looking at the [image: image], in general, both models produced similar estimates between them and for both types of items with any amount of wording effect, except with 40% or more of wording effect where the RIIFA model was slightly less accurate than the 1F. As in Studies 1 and 2, in general, estimates with both models were gradually less precise with higher percentages of misresponded items. As in previous studies, the mean MBE values showed that both models tended to underestimate the factor loadings of any type of item, and that this tendency increased with higher amounts of wording effects.



Recovery of the Substantive Factor Scores

To evaluate the differences between models, a mixed ANOVA was performed with the same specifications as in Studies 1 and 2 (Table 2, column acquiescence). Similar to Study 2, a large effects size ([image: image] = 0.2, p < 0.001) was associated with the differences in performance between models, but it had no practical relevance, because, on average, the overall recovery was similar for both models (0.95 in both cases). This large effect size emerged because of the low variability of the individual results for all the replications in the simulation (Pek and Flora, 2018). Only the two-way interaction model × amount of wording effects reached a large effect size ([image: image] = 0.24, p < 0.001), whereas the remaining interactions had [image: image] values lower or equal to.04. The upper section of panel A in Figure 9 displays this interaction, which has a similar trend to the one described in prior studies. Both models performed similarly with 20% of acquiescence, and they displayed very small differences (0.01) in favor of the 1F model with 50% of acquiescence. These differences had no practical relevance, and the large effect size emerged because of the low variability of the individual results for the replications in each condition represented in panel A of Figure 9 (Pek and Flora, 2018). The performance of both models gradually deteriorated as the amount of wording effect increased but to a lesser degree than what was observed for carelessness or item verification difficulty.


[image: Figure 9]
FIGURE 9. Recovery of substantive factor scores and estimation of structural validity with the 1F model and the RIIFA model in the presence of acquiescence. In (A), represented values are Pearson correlations, and results of the recovery of uncontaminated scores are presented for all the respondents, separately for consistent respondents, and separately for inconsistent respondents. 1F, unidimensional model with one substantive factor; RIIFA, random intercept item factor analysis model with one substantive factor and one wording method factor. In (B), the horizontal black lines represent the substantive factor regression coefficient and the variance explained by the model with 0% of wording effect.


The middle and lower sections of panel A in Figure 9 show the recovery of the substantive factor scores for inconsistent and consistent respondents, respectively, across the two-way interaction model × amount of wording effect. Results for both consistent and inconsistent respondents are similar to those described in Studies 1 and 2 for the wording effects of carelessness and item verification difficulty, respectively.

As in Studies 1 and 2, a simulated sample data matrix with 1,000 respondents and 20 items was used to obtain a series of scatterplots to illustrate the relationship between the uncontaminated and contaminated substantive scores across different amounts of wording effects (see Figure 10). The trends observed for consistent respondents (colored in black) and inconsistent respondents (colored in red) with both models mirrored the ones found in the case of carelessness and item verification difficulty (see Studies 1 and 2). However, in this case, the shift produced in the contaminated score estimates for inconsistent respondents was less pronounced with both models, and, therefore, the estimates were notably more accurate. This is because, in this case, items responses are modified proportionally for these respondents, while, in the cases of carelessness and item verification difficulty, item responses are not modified proportionally, since they are changed by their corresponding inverse response option (1 = 4, 2 = 3, etc.). Regarding the correlation between the wording method factor scores and the uncontaminated factor scores, the results for the consistent respondents were similar to those found in Studies 1 and 2 (there was no correlation), but the mean method factor scores were different from zero in this case. In contrast, in the case of the inconsistent respondents, the results were different from those from Studies 1 and 2, as the wording method factor scores were not correlated with the uncontaminated factor scores.


[image: Figure 10]
FIGURE 10. Example of recovery of the substantive factor scores with the 1F and RIIFA models in the presence of acquiescence. The data represented corresponds to simulated unidimensional data sets with 1,000 respondents and 20 variables. 1F, unidimensional model with one substantive factor; RIIFA, random intercept item factor analysis model with one substantive factor and one wording method factor; PERC.WE, amount of wording effect. (A) 1F model. (B) RIIFA model.




Structural Validity

Panel B in Figure 9 shows the regression coefficients associated with the substantive factor for both models and the wording factor of the RIIFA, as well as the proportion of explained variance by each model (R2). In terms of the mean regression coefficient for the substantive factor, both models showed a similar trend to the ones displayed in Study 2, with the difference that, in this case, the two were highly accurate even with high amounts of acquiescence. Additionally, the regression coefficient associated with the wording factor had a mean of zero across conditions, similarly to Study 2. Further, both models tended to underestimate the proportion of variance as the amount of acquiescence increased, but the underestimation was noticeably smaller than for item verification difficulty (both models) or carelessness (1F model).




STUDY 4: EMPIRICAL EXAMPLE

We sought to compare the performance of the 1F and RIIFA models with empirical data, containing balanced scales, contaminated with wording effects that predicted a relevant outcome that was not contaminated, as specified in our simulation studies. For this task, we selected a database containing balanced scales that were intended to predict undergraduate grade point average (GPA). The constructs measured by these predictors were effort regulation, conscientiousness, and self-esteem, which have found to be positively related with undergraduate GPA (Credé and Phillips, 2011; Komarraju et al., 2011; Aspelmeier et al., 2012). In particular, the meta-analysis of Credé and Phillips (2011) found a 0.40 correlation between effort regulation and GPA for a total of 19,900 students evaluated. The GPA variable was chosen as the outcome variable because it mirrored the characteristics of our simulation, as it was a single objective variable that was not composed of PW or NW items and thus could not be affected by wording effects.



METHOD


Participants

The sample was composed of 329 undergraduate students from the University of Tarapacá, Chile, of which 160 were male (48.6%) and 169 were female (51.4%). The ages of the participants ranged from 18 to 48 years (M = 19.88, SD = 3.678). In terms of the degrees that the students were pursuing, the majority were studying engineering (30.4%), education (18.8%), medical technology (14.9%), and psychology (9.4%). The rest of the participants were studying nutrition (4.6%), language (4.0%), medicine (3.6%), multimedia design (3.6%), nursing (3.3%), ophthalmology (3.3%), social work (2.4%), and kinesiology (1.5%).



Measures


Effort Regulation

Effort regulation scale was measured, using a Spanish adaptation of the Motivated Strategies for Learning Questionnaire (MSLQ; Pintrich et al., 1991). This version was created based on the guidelines of the International Testing Commission (ITC Guidelines for Translating and Adapting Tests, 2005; Muñiz et al., 2013). Three native Spanish speakers with an advanced level of English (i.e., proficiency level C1 according to the Common European Framework), and academic training in methodology and personality (i.e., doctoral studies in measurement and assessment) converged on a single version that considered linguistic and cultural factors.

The effort regulation scale of the MSLQ is a balanced scale that contains two PW items (e.g., “I often feel so lazy or bored when I study for this class that I quit before I finish what I planned to do.”) and two NW items (e.g., “I work hard to do well in this class even if I don't like what we are doing”). The items were responded, using a five-point scale, from nothing agree to totally agree. Cronbach's alpha reliability for the self-esteem scores of this study was 0.664.



Conscientiousness

Conscientiousness was measured, using a Spanish version of the International Personality Item Pool (IPIP; Goldberg et al., 2006). The conscientiousness scale of the IPIP is balanced, containing five PW items (e.g., “Pay attention to details.”) and five NW items (e.g., “Shirk my duties.”). The items were responded, using a five-point Likert scale that went from nothing agree to totally agree. Cronbach's alpha reliability for the conscientiousness scores of this study was 0.807.



Self-Esteem

Self-esteem was measured, using a Spanish version of the Rosenberg's Self-Esteem Scale [RSES (Rosenberg, 1965; Martín-Albo et al., 2007)]. The RSES is a balanced scale composed of five PW items (e.g., “I feel that I have a number of good qualities.”) and five NW self-appraisals (e.g., “At times, I think I am no good at all.”). The items were responded through a five-point Likert scale that went from nothing agree to totally agree. Cronbach's alpha reliability for the self-esteem scores of this study was 0.857.



Grade Point Average

The scale of academic performance in Chile ranges from 1 to 7; in this sample, the GPA ranges from 3.27 to 6.73 (M = 5.28, SD = 0.639), obtained directly from their university records.



Procedure

The data for this study were collected from August 28, 2017 to October 11, 2017 at the University of Tarapacá. The survey with the emotion regulation, conscientiousness, and self-esteem scales was administered in group sessions that were held in the computer rooms of the university. The GPA of the students was facilitated after the administration of the survey through the digital records of the university.



Ethical Considerations

The Center for Innovation and Development of Teaching (CIDD, University of Tarapacá) carried out an internal study to improve human and professional capital in its region (Curricular Harmonization Performance Agreement UTA 1501, Government of Chile). The university established the appropriate ethical procedures about the informed consent of the students, collection, storage, and custody of the data.





RESULTS

Table 3 shows the parameter estimates for the 1F and RIIFA structural equation models (SEM) that were fitted on the empirical data to predict undergraduate GPA. In the case of the effort regulation scale, the results showed a substantial improvement in a fit for the RIIFA model over the 1F model (e.g., RMSEA = 0.021 vs. 0.093). In terms of the substantive factor loadings, both models produced comparable mean factor loadings for the PW items (0.657 vs. 0.654), but the 1F model had somewhat lower mean loadings for the NW items (0.594 vs. 0.629). Regarding the wording factor loadings for the RIIFA model, they were 0.258. Importantly, the two models produced significant structural coefficients for effort regulation of GPA that were comparable in magnitude (0.383 vs. 0.374, p < 0.01). In the case of the RIIFA, the wording factor did not significantly predict GPA, and the variance explained for both models was also very similar (14.7 vs. 14.0%).


Table 3. Parameter estimates for the predictive SEM models of grade point average.
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Regarding the predictor variable conscientiousness, the fit of the RIIFA model was, again, considerably better than that of the 1F model (e.g., CFI = 0.972 vs. 0.887), with important loadings on the wording factor (0.317). In terms of the mean substantive factor loadings, the 1F model had moderately higher loadings for the PW items (0.701 vs. 0.679), and moderately lower loadings for the NW items (0.506 vs. 0.522). Again, the structural coefficients of conscientiousness on GPA were comparable for both models (0.165 vs. 0.173, p < 0.01), with the RIIFA model also producing a significant coefficient for the wording factor (−0.145, p < 0.05), which led to a somewhat higher amount of variance explained (5.1 vs. 2.7%).

Lastly, in the case of self-esteem, the RIIFA model also showed a notable improvement in the fit over the 1F model (e.g., TLI = 0.981 vs. 0.944), with associated wording factor loadings of 0.280. For this case, the 1F produced lower mean substantive loadings for the PW items (0.618 vs. 0.632) and higher mean substantive loadings for the NW items (0.778 vs. 0.756). Notably, despite the wording variance accounted by the RIIFA model, the structural coefficients of the two models were approximately equal (0.054 vs. 0.049, p > 0.05). In all, the results of the SEM models for the three predictors of GPA showed that accounting for wording effects improved the fit of the models considerably but did not lead to noticeable greater structural coefficients for the substantive factors. These results are in line with those of Studies 1 to 3, which showed that, while the RIIFA was greatly superior to the 1F in terms of the model fit, when wording effects were high, it did not produce less-biased levels of structural validity or a better recovery of the person factor scores.



DISCUSSION

The presence of wording effects is still ubiquitous in psychological measurement. This is evidenced in the fact that researchers continue proposing and testing different strategies for controlling method effects due to inconsistent responding to polar opposite items (e.g., Kam, 2018; Kam and Fan, 2018; Plieninger and Heck, 2018). Recent research has highlighted the scarce existence of systematic studies, evaluating the impact of response biases in psychometric analysis and the need to perform Monte Carlo simulation studies to shed light to this matter (Plieninger, 2016). In particular, more studies are required to evaluate whether uncontaminated true person scores can be adequately estimated in the presence of wording effects. Moreover, despite the popularity of the RIIFA model (Billiet and McClendon, 2000; Maydeu-Olivares and Coffman, 2006), little is known about its behavior to estimate person scores that may be affected by wording effects. Therefore, the current study sought to fill these gaps by systematically evaluating the performance of the RIIFA model in estimating the uncontaminated person scores (and other parameters) under the influence of three wording effects: carelessness, item verification difficulty, and acquiescence (Swain et al., 2008; Weijters et al., 2013).


Main Findings

An initial consideration when applying the RIIFA approach concerns model convergence. Results suggested that the model has difficulty to disentangle wording and substantive variance if there is little information in the data set (e.g., few items) and the amount of wording effects is small. Usually, a model is of no use if the estimation does not converge (Forero et al., 2009). However, in this case, it may be indicating that the impact of wording effects is minimal, and thus it is not necessary to include the random intercept in the estimated model. This is valuable information.

A fundamental step in model testing is the evaluation of model fit. In terms of the RMSEA and CFI values, the RIIFA model was consistently the best approach with any type of wording effect for two reasons: it was systematically superior to the 1F model across all the conditions and always showed a good fit according to the conventional cutoff values. This is consistent with prior literature, showing that the RIIFA model is superior in terms of a model fit to models that only include substantive factors but not a wording factor (e.g., Billiet and McClendon, 2000; Maydeu-Olivares and Coffman, 2006; Abad et al., 2018; Yang et al., 2018). In fact, the fit of the RIIFA was close to the fit obtained for the 1F model with the uncontaminated datasets, indicating that it was able to properly account for the variance in the data. In contrast, but consistent with prior research (Woods, 2006), the fit of the 1F model deteriorated considerably in the presence of any type of wording effect as the amount of inconsistent responses increased in the dataset.

Regarding the recovery of the substantive factor loadings, in general, both models showed a tendency to underestimate the factor loadings in absolute value of both PW and NW items, with any type of wording effect. In terms of the accuracy, differential trends were observed according to the type of wording effect. First, for carelessness (Study 1), both the 1F and RIIFA models showed a tendency to produce estimates biased to a greater extent for the NW items than for PW items. This was expected because we simulated carelessness, specifically to NW items, as in previous research (Schmitt and Stults, 1985; Woods, 2006). That trend was accentuated with higher percentages of misresponded items. Moreover, the 1F model generally produced slightly more accurate estimates for PW items than the RIIFA, while the RIIFA model was more precise with NW items than the 1F model. All the mentioned above is valid except when examinees respond in a careless way to all the items of one type (in this case, NW items), as both the 1F and RIIFA models will be unable to distinguish which group of items is problematic, and, therefore, they will produce equally biased estimates for the PW and NW items.

Second, in the presence of item verification difficulty (Study 2) and acquiescence (Study 3), both models generally produced equally accurate estimates between them and for both types of items. This can be explained because both wording effects were simulated in a balanced way: In the case of item verification difficulty, an exact half of the inconsistent respondents misresponded to PW items and the other half to NW items. To simulate acquiescence, inconsistent respondents were randomly selected so that item responses were changed for subjects of all trait levels. As responses to PW items are mostly changed for simulees with lower trait levels, and responses to NW items are mostly changed for simulees with higher trait levels, this produces a similar bias across both types of items. Overall, both models were more accurate with lower amounts of wording effects.

The current study focuses on the recovery of the substantive factor scores. The results revealed that, with any type and amount of wording effect, both the 1F and RIIFA models systematically produced accurate person score estimates for consistent respondents. This did not occur in the case of inconsistent respondents, for whom both models produced increasingly biased estimates as the amount of wording effect was greater. This differential performance across consistent and inconsistent respondents is explained because, in the three studies here presented, we always simulated data matrices where the majority of the responses to the PW and NW were consistent with the 1F population model. This is what the estimated substantive factor reflects with both models. In the case of the RIIFA model, this was surprising because we expected that controlling for wording effects would lead to better person score estimates. In addition to the aforementioned results, the recovery of the substantive scores of inconsistent respondents was notably better with both models when the wording effect was acquiescence. This was particularly noticeable in conditions with stronger wording effects.

Furthermore, the 1F and RIIFA models performed similarly in recovering the substantive scores of inconsistent respondents when the wording effect was acquiescence or item verification difficulty. However, in the case of carelessness, the 1F model was slightly superior to the RIIFA. This differential performance is related to the recovery of the factor structure because each individual item will contribute to the estimated person score proportionally to the magnitude of its substantive factor loading. In other words, when scoring a careless person who has misresponded to NW items, the 1F model will give slightly more (but not exclusive) importance to PW items (which contain correct information about the true trait levels of inconsistent examinees) than the RIIFA. In turn, the RIIFA model will give more (but not exclusive) importance to NW items (which contain wrong information about the true trait level of inconsistent respondents) than the 1F model.

A notable finding from the three studies performed is that using the RIIFA to model wording effects produced similar results in terms of the recovery of the structural validity as “doing nothing.” These results are consistent with prior research: Yang et al. (2018) applied a depression scale to a sample of Chinese adolescents, and they found out that the model fit improved substantially when applying the RIIFA. However, they found out that the diagnostic accuracy of the instrument was slightly better when using the raw sum scores (which would be similar to “doing nothing”) than with the factor scores obtained, using the RIIFA model. Maydeu-Olivares and Coffman (2006) found similar results.

A notable finding from Studies 1 and 2 is that, in the presence of carelessness or item verification difficulty, the wording factor scores of the inconsistent respondents may reflect their uncontaminated substantive scores. This may have important implications in practice because it is common that researchers examine and interpret the correlation between a wording method factor and other measures to test validity, to identify the underlying wording effect, or even to comprehend the substantive meaning of the wording factor (e.g., Billiet and McClendon, 2000; DiStefano and Motl, 2006; Ye, 2009; Tomás et al., 2013; Alessandri et al., 2015). Therefore, we strongly recommend researchers to be especially cautious about such practice because one usually does not know the content of the wording scores.



Limitations and Future Research Lines

The study has some limitations that deserve further discussion. First, for each type of wording effect, we developed a particular simulation strategy. Although some of the approaches were congruent with those of high impact studies from the factor-analytic literature of wording effects (e.g., Schmitt and Stults, 1985; Woods, 2006), other simulation strategies could be employed. Second, although in each simulated data set only one type of wording effect was generated separately to control for other influences, in practice, some of them can manifest simultaneously. That is, in an empirical sample, there may exist differences at the between-respondent level regarding the type of wording effect influencing the response process (Grønhaug and Heide, 1992). In addition, the responses of the same examinee may be affected by different types of wording effects simultaneously (i.e., there may be different wording effects at the within-respondent level). Another limitation of this study is that we simulated balanced scales containing the same number of PW and NW items, as has been widely recommended (e.g., Paulhus, 1991). However, prior research has shown that including different number of positive and negative items may affect parameter estimates (e.g., Plieninger, 2016). Future studies should investigate whether the RIIFA model is also robust with unbalanced scales containing fewer PW or NW items. Finally, we simulated PW and NW items with equally large (uncontaminated) population loadings. Although the literature suggests that the RIIFA method is robust to differential loading magnitudes for the PW and NW items (Savalei and Falk, 2014), we recommend that future studies determine what impact (if any) these differential loadings might have on the dependent variables considered here.



Practical Implications

The findings from the simulation and empirical studies show that using the RIIFA to model wording effects on unidimensional balanced scales does not produce uncontaminated person scores or unbiased structural validity. Indeed, for both criteria, the “do-nothing” approach led to practically identical results. Therefore, researchers who employ the RIIFA model should be aware that doing so does not lead to unbiased person scores or structural validity. Nevertheless, we recommend that practitioners continue using this model to account for the wording effects variance in their data for several reasons. On one hand, the do-nothing approach leads to bad a model fit when the amount of wording effects is relevant. Due to this, researchers are likely to alter their substantive model (e.g., adding a new substantive factor) in others to adequately account for their data. This would lead to less interpretable models that could negatively impact theoretical developments. On the other hand, it is possible that, with multidimensional structures, the RIIFA model produces less biased estimations of the factor scores and structural validity. This is because with the “do-nothing” approach, variables may group incorrectly (e.g., all the negative items from the different theoretical dimensions may load together). Indeed, previous research has shown that the RIIFA model performs well in recovering multidimensional loading structures in the presence of wording effects, while the “do-nothing” approach leads to less interpretable loading patterns (Aichholzer, 2014; de la Fuente and Abad, 2020).

Another issue that may happen in practice is that the RIIFA model leads to a non-converged solution. According to the results of the simulation studies, a non-converged RIIFA model likely indicates that the wording effects variance is very small and can be ignored. Therefore, in these cases, where the RIIFA model does not converge, we recommend that a substantive-only factor model be estimated instead.

The findings from this study demonstrated that the RIIFA can successfully model the method variance generated from different types of wording effects that are not necessarily acquiescence. This is important because researchers often erroneously interpret that wording factors measure acquiescence effects exclusively (Billiet and McClendon, 2000). The random intercept allows modeling the individual use of the response scale (Maydeu-Olivares and Coffman, 2006), which might be influenced by different wording effects, including acquiescence. In this regard, we recommend that researchers be cautious when interpreting the relationships (or lack thereof) between wording factors and other measures because one might not be sure about the actual meaning or origin of these scores.

In closing, it is important to emphasize that fitting the random intercept model is not the only solution to explore wording effects. Alternative models should be tested and parameter estimates should be examined. But, more importantly, we strongly echo the recommendations of other researchers that the conclusion regarding the adequacy of factor models should be based not only on statistical criteria but also on substantive and theoretical considerations (Maydeu-Olivares and Coffman, 2006; Garrido et al., 2016).




DATA AVAILABILITY STATEMENT

The datasets presented in this article are not readily available because this data are property of the Center for Innovation and Development of Teaching (CIDD, University of Tarapacá) which carried out an internal study to improve human and professional capital in its region (Curricular Harmonization Performance Agreement UTA 1501, Government of Chile). Requests to access the datasets should be directed to Agustín Martínez-Molina, agustin.martinez@uam.es.



ETHICS STATEMENT

The studies involving human participants were reviewed and approved by Center for Innovation and Development of Teaching (CIDD, University of Tarapacá). The patients/participants provided their written informed consent to participate in this study.



AUTHOR CONTRIBUTIONS

The original idea and the design for the simulation study were proposed by FA, LG, and MN. The data simulation codes, the statistical analyses of the simulation study, and the writing of the first draft of the manuscript were carried out by MN under the supervision of FA. LG and AM-M designed and carried out the empirical administration, data screening, performed the statistical analyses related to the empirical example, and contributed accordingly in the manuscript preparation. All the authors reviewed and approved the final version sent for publication.



FUNDING

This research was partially supported jointly by the Grant PSI2017-85022-P from the Ministerio de Ciencia, Innovación y Universidades (Spain), European Social Fund, and the UAM-IIC Chair Psychometric Models and Applications (Instituto de Ingeniería del Conocimiento and Autonomous University of Madrid).



ACKNOWLEDGMENTS

We thank the University of Tarapacá and especially, the Center for Innovation and Development of Teaching (CIDD) for their willingness to improve regional human capital and for providing the data for part of this work.



REFERENCES

 Abad, F. J., Sorrel, M. A., Garcia, L. F., and Aluja, A. (2018). Modeling general, specific, and method variance in personality measures: results for ZKA-PQ and NEO-PI-R. Assessment 5, 959–977. doi: 10.1177/1073191116667547

 Aichholzer, J. (2014). Random intercept EFA of personality scales. J. Res. Personal. 53, 1–4. doi: 10.1016/j.jrp.2014.07.001

 Alessandri, G., Vecchione, M., Eisenberg, N., and Łaguna, M. (2015). On the factor structure of the Rosenberg (1965) General Self-Esteem Scale. Psychol. Assessment 27, 621–635. doi: 10.1037/pas0000073

 Aspelmeier, J. E., Love, M. M., McGill, L. A., Elliott, A. N., and Pierce, T. W. (2012). Self-esteem, locus of control, college adjustment, and GPA among first-and continuing-generation students: a moderator model of generational status. Res. Higher Educ. 53, 755–781. doi: 10.1007/s11162-011-9252-1

 Barnette, J. J. (2000). Effects of stem and Likert response option reversals on survey internal consistency: if you feel the need, there is a better alternative to using those negatively worded stems. Educ. Psychol. Measur. 60, 361–370. doi: 10.1177/00131640021970592

 Baumgartner, H., and Steenkamp, J. B. E. (2001). Response styles in marketing research: a cross-national investigation. J. Market. Res. 38, 143–156. doi: 10.1509/jmkr.38.2.143.18840

 Billiet, J. B., and McClendon, M. J. (2000). Modeling acquiescence in measurement models for two balanced sets of items. Struct. Equat. Model. 7, 608–628. doi: 10.1207/S15328007SEM0704_5

 Carmines, E. G., and Zeller, R. A. (1979). Reliability and Validity Assessment. Beverly Hills, CA: Sage. doi: 10.4135/9781412985642

 Carpenter, P. A., and Just, M. A. (1975). Sentence comprehension: a psycholinguistic processing model of verification. Psychol. Rev. 82, 45–73. doi: 10.1037/h0076248

 Cohen, J. (1988). Statistical Power Analysis for the Behavioral Sciences. 2nd Edn. Hillsdale, NJ: Erlbaum.

 Credé, M., and Phillips, L. A. (2011). A meta-analytic review of the motivated strategies for learning questionnaire. Learn. Individ. Differ. 21, 337–346. doi: 10.1016/j.lindif.2011.03.002

 Danner, D., Aichholzer, J., and Rammstedt, B. (2015). Acquiescence in personality questionnaires: relevance, domain specificity, and stability. J. Res. Personal. 57, 119–130. doi: 10.1016/j.jrp.2015.05.004

 de la Fuente, J., and Abad, F. J. (2020). Comparing methods for modeling acquiescence in multidimensional partially balanced scales. Psicothema 32, 590–597. doi: 10.7334/psicothema2020.96

 DiStefano, C., and Motl, R. W. (2006). Further investigating method effects associated with negatively worded items on self-report surveys. Struct. Equat. Model. 13, 440–464. doi: 10.1207/s15328007sem1303_6

 Falk, C. F., and Cai, L. (2016). A flexible full-information approach to the modeling of response styles. Psychol. Method. 21, 328–347. doi: 10.1037/met0000059

 Forero, C. G., Maydeu-Olivares, A., and Gallardo-Pujol, D. (2009). Factor analysis with ordinal indicators: a Monte Carlo study comparing DWLS and ULS estimation. Struct. Equat. Model. 16, 625–641. doi: 10.1080/10705510903203573

 Garrido, L. E., Abad, F. J., and Ponsoda, V. (2011). Performance of Velicer's minimum average partial factor retention method with categorical variables. Educ. Psychol. Measur. 71, 551–570. doi: 10.1177/0013164410389489

 Garrido, L. E., Abad, F. J., and Ponsoda, V. (2013). A new look at Horn's parallel analysis with ordinal variables. Psychol. Method. 18, 454–474. doi: 10.1037/a0030005

 Garrido, L. E., Abad, F. J., and Ponsoda, V. (2016). Are fi t indices really fit to estimate the number of factors with categorical variables? some cautionary findings via Monte Carlo simulation. Psychol. Method. 21:93. doi: 10.1037/met0000064

 Gilbert, D. T. (1991). How mental systems believe. Am. Psychol. 46, 107–119. doi: 10.1037/0003-066X.46.2.107

 Goldberg, L. R., Johnson, J. A., Eber, H. W., Hogan, R., Ashton, M. C., Cloninger, C. R., et al. (2006). The International Personality Item Pool and the future of public-domain personality measures. J. Res. Personal. 40, 84–96. doi: 10.1016/j.jrp.2005.08.007

 Grønhaug, K., and Heide, M. (1992). The impact of response styles in surveys: a simulation study. J. Market Res. Soc. 34, 215–230. doi: 10.1177/147078539203400302

 Hallquist, M. N., and Wiley, J. F. (2018). MplusAutomation: an R package for facilitating large-scale latent variable analyses in Mplus. Struct. Equat. Model. 25, 621–638. doi: 10.1080/10705511.2017.1402334

 Hinz, A., Michalski, D., Schwarz, R., and Herzberg, P. Y. (2007). The acquiescence effect in responding to a questionnaire. GMS Psycho-Soc. Med. 4:Doc07.

 Hu, L., and Bentler, P. M. (1999). Cutoff criteria for fit indices in covariance structure analysis: conventional criteria versus new alternatives. Struct. Equat. Model. 6, 1–55. doi: 10.1080/10705519909540118

 Huang, J. L., Curran, P. G., Keeney, J., Poposki, E. M., and DeShon, R. P. (2012). Detecting and deterring insufficient effort responding to surveys. J. Bus. Psychol. 27, 99–114. doi: 10.1007/s10869-011-9231-8

 ITC Guidelines for Translating and Adapting Tests (2005). ITC Guidelines for Translating and Adapting Tests. Available online at: www.intestcom.org (accessed May 18, 2021).

 Jackson, D. N., and Messick, S. (1958). Content and style in personality assessment. Psychol. Bullet. 55, 243–252. doi: 10.1037/h0045996

 Johnson, J. A. (2005). Ascertaining the validity of individual protocols from web-based personality inventories. J. Res. Personal. 39, 103–129. doi: 10.1016/j.jrp.2004.09.009

 Kam, C., Zhou, X., Zhang, X., and Ho, M. Y. (2012). Examining the dimensionality of self-construals and individualistic–collectivistic values with random intercept item factor analysis. Personal. Individ. Differ. 53, 727–733. doi: 10.1016/j.paid.2012.05.023

 Kam, C. C. S. (2016). Why do we still have an impoverished understanding of the item wording effect? an empirical examination. Sociol. Method. Res. 2016:1177. doi: 10.1177/0049124115626177

 Kam, C. C. S. (2018). Novel insights into item keying/valence effect using latent difference (LD) modeling analysis. J. Personal. Assess. 100, 389–397, doi: 10.1080/00223891.2017.1369095

 Kam, C. C. S., and Fan, X. (2018). Investigating response heterogeneity in the context of positively and negatively worded items by using factor mixture modeling. Organ. Res. Method. 2018:1177. doi: 10.1177/1094428118790371

 Kam, C. C. S., and Meyer, J. P. (2015a). Implications of item keying and item valence for the investigation of construct dimensionality. Multivariate Behav. Res. 50, 457–469. doi: 10.1080/00273171.2015.1022640

 Kam, C. C. S., and Meyer, J. P. (2015b). How careless responding and acquiescence response bias can influence construct dimensionality: the case of job satisfaction. Organ. Res. Method. 18, 512–541. doi: 10.1177/1094428115571894

 Knowles, E. S., and Condon, C. A. (1999). Why people say “yes”: a dual-process theory of acquiescence. J. Personal. Soc. Psychol. 77, 379–386. doi: 10.1037/0022-3514.77.2.379

 Komarraju, M., Karau, S. J., Schmeck, R. R., and Avdic, A. (2011). The Big Five personality traits, learning styles, and academic achievement. Personal. Individ. Differ. 51, 472–477. doi: 10.1016/j.paid.2011.04.019

 Marsh, H. W. (1986). The bias of negatively worded items in rating scales for young children: a cognitive-developmental phenomenon. Dev. Psychol. 22, 37–49. doi: 10.1037/0012-1649.22.1.37

 Marsh, H. W. (1996). Positive and negative global self-esteem: a substantively meaningful distinction or artifactors? J. Personal. Soc. Psychol. 70, 810–819. doi: 10.1037/0022-3514.70.4.810

 Martín-Albo, J., Núñez, J., Navarro, J., and Grijalvo, F. (2007). The Rosenberg self-esteem scale: translation and validation in university students. Spanish J. Psychol. 10, 458–467. doi: 10.1017/S1138741600006727

 Maydeu-Olivares, A., and Coffman, D. L. (2006). Random intercept item factor analysis. Psychol. Method. 11, 344–362. doi: 10.1037/1082-989X.11.4.344

 McDonald, R. P., and Ho, M. H. R. (2002). Principles and practice in reporting structural equation analyses. Psychol. Method. 7, 64–82. doi: 10.1037/1082-989X.7.1.64

 Meade, A. W., and Craig, S. B. (2012). Identifying careless responses in survey data. Psychol. Methods. 17, 437–455 doi: 10.1037/a0028085

 Muñiz, J., Elosua, P., and Hambleton, R. K. (2013). Directrices para la traducción y adaptación de los tests: segunda edición. Psicothema 25, 151–157. doi: 10.7334/psicothema2013.24

 Muthén, B., and Kaplan, D. (1985). A comparison of some methodologies for the factor analysis of non-normal Likert variables. Br. J. Math. Statist. Psychol. 38, 171–189. doi: 10.1111/j.2044-8317.1985.tb00832.x

 Muthén, L. K., and Muthén, B. O. (2012). Mplus User's Guide, 7th Edn. Los Angeles, CA: Muthén & Muthén.

 Navarro-González, D., Lorenzo-Seva, U., and Vigil-Colet, A. (2016). How response bias affects the factorial structure of personality self-reports. Psicothema 28, 465–470. doi: 10.7334/psicothema2016.113

 Nunnally, N., and Bernstein, I. (1994). Psychometric Theory, 3rd Edn. New York, NY: McGraw-Hill.

 Paulhus, D. L. (1991). “Measurement and control of response bias,” in Measures of Social Psychological Attitudes, Vol. 1. Measures of Personality and Social Psychological Attitudes, eds J. P. Robinson, P. R. Shaver, and L. S. Wrightsman (San Diego, CA: Academic Press), 17–59. doi: 10.1016/B978-0-12-590241-0.50006-X

 Paulhus, D. L. (2002). “Socially desirable responding: the evolution of a construct,” in The Role of Constructs in Psychological and Educational Measurement, eds H. I., Braun, D. N. Jackson, and D. E. Wiley (Mahwah, NJ: Erlbaum), 49–69.

 Pek, J., and Flora, D. B. (2018). Reporting effect sizes in original psychological research: a discussion and tutorial. Psychol. Method. 23, 208–225. doi: 10.1037/met0000126

 Pintrich, P. R., Smith, D. A. F., Garcia, T., and McKeachie, W. J. (1991). A Manual for the Use of the Motivated Strategies for Learning Questionnaire (MSLQ). Ann Arbor: National Center for Research to Improve Postsecondary Teaching and Learning, The University of Michigan.

 Plieninger, H. (2016). Mountain or molehill? A simulation study on the impact of response styles. Educ. Psychol. Measur. 77, 32–53. doi: 10.1177/0013164416636655

 Plieninger, H., and Heck, D. W. (2018). A new model for acquiescence at the interface of psychometrics and cognitive psychology. Multivariate Behav. Res. 2018:1469966. doi: 10.1080/00273171.2018.1469966

 R Core Team (2018). R: A Language and Environment for Statistical Computing. Vienna: R Foundation for Statistical Computing. Available online at: https://www.R-project.org/ (accessed May 18, 2021).

 Rammstedt, B., and Farmer, R. F. (2013). The impact of acquiescence on the evaluation of personality structure. Psychol. Assess. 25, 1137–1145. doi: 10.1037/a0033323

 Rodebaugh, T. L., Woods, C. M., Thissen, D. M., Heimberg, R. G., Chambless, D. L., and Rapee, R. M. (2004). More information from fewer questions: the factor structure and item properties of the original and brief fear of negative evaluation scale. Psychol. Assess. 16:169. doi: 10.1037/1040-3590.16.2.169

 Rosenberg, M. (1965). Society and the Adolescent Self-Image. Princeton, NJ: Princeton University Press. doi: 10.1515/9781400876136

 Roszkowski, M. J., and Soven, M. (2010). Shifting gears: consequences of including two negatively worded items in the middle of a positively worded questionnaire. Assess. Eval. Higher Educ. 35, 113–130. doi: 10.1080/02602930802618344

 Savalei, V., and Falk, C. F. (2014). Recovering substantive factor loadings in the presence of acquiescence bias: a comparison of three approaches. Multivariate Behav. Res. 49, 407–424. doi: 10.1080/00273171.2014.931800

 Savalei, V., and Rhemtulla, M. (2013). The performance of robust test statistics with categorical data. Br. J. Math. Statist. Psychol. 66, 201–223. doi: 10.1111/j.2044-8317.2012.02049.x

 Schmalbach, B., Zenger, M., Michaelides, M. P., Schermelleh-Engel, K., Hinz, A., Körner, A., et al. (2020). From bi-dimensionality to uni-dimensionality in self-report questionnaires: applying the random intercept factor analysis model to six psychological tests. Eur. J. Psychol. Assess. 2020:a000583. doi: 10.1027/1015-5759/a000583

 Schmitt, N., and Stults, D. M. (1985). Factors defined by negatively keyed items: the result of careless respondents? Appl. Psychol. Measur. 9, 367–373. doi: 10.1177/014662168500900405

 Schriesheim, C. A., Eisenbach, R. J., and Hill, K. D. (1991). The effect of negation and polar opposite item reversals on questionnaire reliability and validity: an experimental investigation. Educ. Psychol. Measur. 51, 67–78. doi: 10.1177/0013164491511005

 Swain, S. D., Weathers, D., and Niedrich, R. W. (2008). Assessing three sources of misresponse to reversed Likert items. J. Market. Res. 45, 116–131. doi: 10.1509/jmkr.45.1.116

 Tomás, J. M., Oliver, A., Galiana, L., Sancho, P., and Lila, M. (2013). Explaining method effects associated with negatively worded items in trait and state global and domain-specific self-esteem scales. Struct. Equat. Model. 20, 299–313. doi: 10.1080/10705511.2013.769394

 Tourangeau, R., Rips, J., and Rasinski, K. (2000). The Psychology of Survey Response. Cambridge: Cambridge University Press. doi: 10.1017/CBO9780511819322

 Van Vaerenbergh, Y., and Thomas, T. D. (2012). Response styles in survey research: a literature review of antecedents, consequences, and remedies. Int. J. Public Opin. Res. 25, 195–217. doi: 10.1093/ijpor/eds021

 Weijters, B., and Baumgartner, H. (2012). Misresponse to reversed and negated items in surveys: a review. J. Market. Res. 49, 737–747. doi: 10.1509/jmr.11.0368

 Weijters, B., Baumgartner, H., and Schillewaert, N. (2013). Reversed item bias: an integrative model. Psychol. Method. 18, 320–334. doi: 10.1037/a0032121

 Weijters, B., Geuens, M., and Schillewaert, N. (2010a). The stability of individual response styles. Psychol. Method. 15, 96–110. doi: 10.1037/a0018721

 Weijters, B., Geuens, M., and Schillewaert, N. (2010b). The individual consistency of acquiescence and extreme response style in self-report questionnaires. Appl. Psychol. Measur. 34, 105–121. doi: 10.1177/0146621609338593

 Wetzel, E., Böhnke, J. R., and Brown, A. (2016a). “Response biases,” in The ITC International Handbook of Testing and Assessment, eds F. T. L. Leong and I. Dragos (New York, NY: Oxford University Press), 349–363. doi: 10.1093/med:psych/9780199356942.003.0024

 Wetzel, E., Böhnke, J. R., and Rose, N. (2016b). A simulation study on methods of correcting for the effects of extreme response style. Educ. Psychol. Measur. 76, 304–324. doi: 10.1177/0013164415591848

 Woods, C. M. (2006). Careless responding to reverse-worded items: implications for confirmatory factor analysis. J. Psychopathol. Behav. Assess. 28:186. doi: 10.1007/s10862-005-9004-7

 Yang, W., Xiong, G., Garrido, L. E., Zhang, J. X., Wang, M. C., and Wang, C. (2018). Factor structure and criterion validity across the full scale and 10 short forms of the CES-D among Chinese adolescents. Psychol. Assess. 30:1186. doi: 10.1037/pas0000559

 Ye, S. (2009). Factor structure of the General Health Questionnaire (GHQ-12): The role of wording effects. Personal. Individ. Differ. 46, 197–201. doi: 10.1016/j.paid.2008.09.027

 Zhang, X., Noor, R., and Savalei, V. (2016). Examining the effect of reverse worded items on the factor structure of the need for cognition scale. PLoS ONE 11:e0157795. doi: 10.1371/journal.pone.0157795

 Ziegler, M. (2015). “F*** you, I won't do what you told me!”–response biases as threats to psychological assessment. Eur. J. Psychol. Assess. 31, 153–158. doi: 10.1027/1015-5759/a000292

Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

Copyright © 2021 Nieto, Garrido, Martínez-Molina and Abad. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.



OPS/images/inline_3.gif
CFI, RMSEA





OPS/images/inline_28.gif





OPS/images/inline_5.gif
RMSEA





OPS/images/inline_4.gif
CEl





OPS/images/inline_25.gif





OPS/images/inline_24.gif





OPS/images/inline_27.gif





OPS/images/inline_26.gif







OPS/images/inline_22.gif






OPS/images/inline_21.gif






OPS/images/inline_23.gif





OPS/images/logo.jpg
, frontiers
in Psychology





OPS/images/inline_19.gif





OPS/images/inline_18.gif





OPS/images/inline_20.gif





OPS/images/inline_2.gif





OPS/images/inline_15.gif





OPS/images/inline_17.gif





OPS/images/inline_16.gif





OPS/images/inline_12.gif





OPS/images/inline_11.gif





OPS/images/inline_14.gif





OPS/images/inline_13.gif





OPS/images/math_9.gif
©)





OPS/images/math_8.gif





OPS/images/fpsyg-12-685326-t003.jpg
Variable

Model

Effort regulation
Unidimensional

RIFA
Conscientiousness
Unidimensional

RIFA

Self-esteem
Unidimensional

RIFA

193"
3.4

410.5*
Ta2T™

362.0"
150.6™

df

44
a2

44
a2

Model fit

CFI

0962
0.999

0.887
0.972

0.944
0.981

™

0925
0.996

0.859
0.964

0.930
0.975

RMSEA

0.093
0.021

0.159
0.081

0.148
0.089

FLsfp

0.657
0.654

0.701
0.679

0.618
0.632

Standardized model parameters

FLsfn

0594
0.629

0.506
0.522

0.778
0.756

FLwf

0.258

n/a
0317

n/a
0.280

RCsf

0.383"
0.374*

0.165*
0.173*

0.054
0.049

RCwf

0.016

n/a
—0.145*

n/a
-0.115

R2gpa

0.147"
0.140*

0.027
0.051*

0.003
0.016

N = 329 for all models. x?, chi-square; o, degrees of freedom; CFI, comparative fit index; TLI, Tucker-Lewis index; RMSEA, root mean square error of approximation; FLsfp, average
fector loading on the substantive factor for the positive items; FLn, average factor loacing on the substantive factor for the negative items; FLwi, factor loading on the wording fector;
RCsf, regression coeffcient for the substantive factor; ROWL, regression coefficient for the wording factor; Rogpa, grade point average variance explained; n/a, not applicable; RIFA,

‘v < 0.01, *p < 0.05.

ndom intercept item factor analysis.





OPS/xhtml/Nav.xhtml




Contents





		Cover



		Modeling Wording Effects Does Not Help in Recovering Uncontaminated Person Scores: A Systematic Evaluation With Random Intercept Item Factor Analysis



		Modeling Wording Effects Does Not Help in Recovering Uncontaminated Person Scores: a Systematic Evaluation With Random Intercept Item Factor Analysis



		Types of Wording Effects



		Carelessness



		Item Verification Difficulty



		Acquiescence



		Illustration of Wording Effects Response Patterns







		The RIIFA Model



		Purpose of the Current Study



		Study 1: Impact of Carelessness on Parameter Estimation



		Method



		Study Design



		Data Generation and Models Evaluated



		Step 1: Generation of Uncontaminated Sample Data Matrices



		Step 2: Generation of Sample Data Matrices With Wording Effects



		Step 3: Estimation of the Fitted Models









		Assessment Criteria



		Model Fit



		Recovery of the Substantive Factor Loadings



		Recovery of the Substantive Scores



		Structural Validity













		Results



		Convergence Rates



		Model Fit



		Recovery of the Substantive Factor Loadings



		Recovery of the Substantive Factor Scores



		Structural Validity







		Study 2: Impact of Item Verification Difficulty on Parameter Estimation



		Method



		Results



		Convergence Rates



		Model Fit



		Recovery of the Substantive Factor Loadings



		Recovery of the Substantive Factor Scores



		Structural Validity







		Study 3: Impact of Acquiescence on Parameter Estimation



		Method



		Results



		Convergence Rates



		Model Fit



		Recovery of the Substantive Factor Loadings



		Recovery of the Substantive Factor Scores



		Structural Validity







		Study 4: Empirical Example



		Method



		Participants



		Measures



		Effort Regulation



		Conscientiousness



		Self-Esteem



		Grade Point Average



		Procedure



		Ethical Considerations













		Results



		Discussion



		Main Findings



		Limitations and Future Research Lines



		Practical Implications







		Data Availability Statement



		Ethics Statement



		Author Contributions



		Funding



		Acknowledgments



		References

















OPS/images/fpsyg-12-685326-t002.jpg
Effect type/variables Carelessness Item verification difficulty Acquiescence

Main effects
Model 047 044 0.20
Two-way interactions

Model x Amount of wording effects o1 005 0.24
Model x Sample size 0 0 002
Model x Test length 0 0.02 0
Three-way interactions

Model x Amount of wording effects x Sample size 001 0.01 004
Model x Amount of wording effects x Test length 0.02 002 001
Model x Sample size x Test length 0 0 0
Four-way interaction

Model x Amount of wording effects x Sample size x Test length 0 0 0

Tabled values are partial eta squared (12) estimates of variance explained by each of the effects shown. The dependent variable was the correlation between the uncontaminated
substantive scores and the substantive scores from the contaminated datasets. Large effect sizes (v = 0.14) are bolded and underiined.






OPS/images/inline_10.gif





OPS/images/inline_1.gif





OPS/images/fpsyg-12-685326-t001.jpg
Non-reversed responses. Reversed-responses

Type of wording effect + + + + + - - - - - + + + o+ + - - - - - Sum
None 11 1 2 2 8 8 4 4 4 1 1 1 2 2 2 2 1 1 1 14
Carelessness to NW items 1 1 1 2 2 2 2 1 1 1 1 1 1 2 2 3 3 4 4 4 25
Item verification difficulty 4 4 4 3 3 3 3 4 4 4 4 4 4 3 3 2 2 1 1 1 25
Acquiescence 3 3 3 4 4 3 3 4 4 4 3 3 3 4 4 2 2 1 1 1 24
None 4 4 4 3 3 2 2 1 1 1 4 4 4 3 3 3 8 4 4 4 36
Carelessness to NW items 4 4 4 3 3 3 3 4 4 4 4 4 4 3 3 2 2 1 1 1 25
Item verification difficulty 4 4 4 3 3 3 3 4 4 4 4 4 4 3 3 e & 1 1 1 25
Acquiescence 4 4 4 3 3 4 4 3 3 3 4 4 4 3 3 1 1 2 2 2 26

The velues in the table correspond to items with a 5-point Likert response scale. Inconsistent answers appear highiighted in gray. Overestimated person scores are shown in boldface,
whereas underestimated person scores are shown in underfined italics. A positive (+) denotes a positively worded item and a negative sign (=) a negatively worded item.





OPS/images/fpsyg-12-685326-g010.gif
[—

y

Uncontarminsted facor score






OPS/images/math_7.gif





OPS/images/crossmark.jpg
©

2

i

|





OPS/images/fpsyg-12-685326-g005.gif
Heasty weres s

T

| 5 05 8% 0% |

H
H

3o 5 oo

L foo] REE

oosd s i B a0 =

000- “420- il

CXr o ora T T B K O 10 0% o O o
Arvount o e vartoaton aiScuy Jrr——






OPS/images/fpsyg-12-685326-g006.gif





OPS/images/fpsyg-12-685326-g003.gif





OPS/images/inline_8.gif





OPS/images/fpsyg-12-685326-g004.gif
Unconamated kst

[O——

Uncontaminsted facto score






OPS/images/fpsyg-12-685326-g009.gif





OPS/images/fpsyg-12-685326-g007.gif
Uncontaminsted facke score






OPS/images/fpsyg-12-685326-g008.gif
Postaytassrs gy s rors

|

O o B B B 5% 2 e e e
[ —





OPS/images/math_4.gif
(4)





OPS/images/cover.jpg
’ frontiers
in Psychology

Modeling Wording Effects Does Not
Help in Recovering Uncontaminated
Person Scores: A Systematic
Evaluation With Random Intercept
Item Factor Analysis





OPS/images/math_3.gif
3)






OPS/images/math_6.gif





OPS/images/math_5.gif
2 =1l + AVA 4+ 6, )
o





OPS/images/fpsyg-12-685326-g001.gif
[
R

i






OPS/images/math_1.gif
i £+ ejj, (1)






OPS/images/fpsyg-12-685326-g002.gif
Postoywcesrams Mgty worad s

s
g

T T 0% 1O O 15% % o 4On %






OPS/images/inline_9.gif





OPS/images/math_2.gif
2 =AvA+6,
-

@





OPS/images/math_10.gif
(10)





OPS/images/inline_7.gif





OPS/images/inline_6.gif





