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The purpose of this study is to examine the distractors of items that exhibit differential item functioning (DIF) across gender to explain the possible sources of DIF in the context of large-scale tests. To this end, two non-linear logistic regression (NLR) models-based DIF methods (three parameters, 3PL-NLR and four-parameter, 4PL-NLR) were first used to detect DIF items, and the Mantel-Haenszel Delta (MH-Delta) DIF method was used to calculate the DIF effect size for each DIF item. Then, the multinomial log-linear regression (MLR) model and 2-PL nested logit model (2PL-NLM) were applied to items exhibiting DIF with moderate and large DIF effect sizes. The ultimate goals are (a) to examine behaviors of distractors across gender and (b) to investigate if distractors have any impact on DIF effects. DIF results of the Art Section of the General Aptitude Test (GAT-ART) based on both 3PL-NLR and 4PL-NLR methods indicate that only 10 DIF items had moderate to large DIF effects sizes. According to MLR differential distractor functioning (DDF) results, all items exhibited DDF across gender except for one item. An interesting finding of this study is that DIF items related to the verbal analogy and context analysis were in favor of female students, while all DIF items related to the reading comprehension subdomain were in favor of male students, which may signal the existence of content specific DIF or true ability difference across gender. DDF results show that distractors have a significant effect on DIF results. Therefore, DDF analysis is suggested along with DIF analysis since it signals the possible causes of DIF.
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INTRODUCTION
Many types of research have been carried out to determine the validity and reliability of large-scale assessments because the performance of examinees on these tests has a critical impact on their educational admissions and future careers. For that reason, validity is a core feature of any kind of assessment assumed to be accurate and fair (Bond et al., 2003; Jamalzadeh et al., 2021). Therefore, the goal of test developers and testing companies is to increase the validity and reliability of tests by decreasing any types of confounding factors and errors to ensure fairness across different subgroups.
As large-scale tests are used to make high-stakes decisions for test-takers, they require comprehensive and careful examination (Shohamy, 2001; Stobart, 2005; Weir, 2005; Fulcher and Davidson, 2007). Examining the factorial structure of tests, investigating the differential item functioning (DIF) across subgroups, investigating the behavior of distractors, and determining what causes these confounding factors serve the purpose of increasing the validity of and fairness of score inferences. Additionally, the comparison among subgroups, such as gender or nationality groups, on the underlying construct is necessary for fairness purposes.
The fundamental structure that underlies the scale across groups usually requires examination of DIF under the umbrella of confirmatory factor analysis (CFA) and item response theory (IRT) frameworks (Dimitrov, 2017). An item is flagged as exhibiting DIF if students from different subgroups with the same ability level have a different probability of answering an item correctly (Hambleton and Rogers, 1989; Camilli and Shepard, 1994; Fulcher and Davidson, 2013).
DIF analysis has been employed in various contexts concerning different aspects of the test conditions. They are mainly used to investigate the equity and test fairness across gender or race groups, the existence of unfair content concerning the examinees’ background, appropriateness of selection procedures, adequacy of criterion being used, atmosphere effect, and testing conditions (Takala and Kaftandjieva, 2000; Kim, 2001; Pae, 2004; Karami, 2011; Jalili et al., 2020; Walker and Göçer, 2020).
Many different methods are used to detect DIF items (Kim et al., 2007; Loken and Rulison, 2010; Magis and De Boeck, 2011; Kim and Oshima, 2013; Magis, 2013; Magis et al., 2014; Berger and Tutz, 2016; Drabinová and Martinková, 2016; Martinková et al., 2017). Moreover, these methods differ with respect to measurement models and criteria used to define DIF items (Borsboom, 2006; Hambleton, 2006; Millsap, 2006). However, in general, DIF methods are classified into two categories: parametric DIF methods based on IRT models and non-parametric methods based on non-IRT measurement models (Hambleton et al., 1991; Hunter, 2014). Although many different methods to detect DIF exist, it is important to consider the advantages and inadequacies of DIF methods before utilizing them.
DIF items are also grouped as uniform DIF and non-uniform DIF based on a probability distribution of the item characteristic curves (ICCs). An item is said to show uniform DIF if it favors the same group across the entire range of ability, while an item exhibits non-uniform DIF if it favors different groups at different ability levels (Hambleton et al., 1993). An item might be detected as a DIF item; however, one cannot claim that this item is a biased item without investigating the potential underlying cause of DIF. Detection of DIF is based on statistical tests, while bias is related to systematic error, requiring expert opinions and statistical tests (Camilli and Shepard, 1994; Clauser and Mazor, 1998; Wiberg, 2006).
DIF analysis mainly focuses on examining the behavior of the correct response across the subgroups, while DDF is a method of examining the DIF structure of distractors along with the correct responses. The DDF method was first proposed by Green et al. (1989). They compared selection rates of distractors across different groups. Although there are different methods to examine the behavior of distractors, DDF methods, in general, have been classified into two different approaches (Suh and Talley, 2015) that include divide-by-total (Thissen and Steinberg, 1986) and divide-by-distractors (Suh and Bolt, 2011). Wang (2000) developed a DDF method based on the factorial model that examines multiple grouping effects and interactions. Moreover, an odds ratio (OR) based method for DDF effects was proposed by Penfield (2008), and a multi-step logistic regression-based DDF method was proposed by Abedi et al. (2008). Kato et al. (2009) extended the multi-step multinomial logistic regression (MLR) based DDF method, proposed by Abedi et al. (2008), which allows the detection of both DIF and DDF effects. These previously mentioned methods are considered divide-by-total DDF methods. On the other hand, divide-by-distractors methods have been recently developed, such as the likelihood-ratio-based nested logit approach (Suh and Bolt, 2011) and an odds-ratio-based nested logit approach (Terzi and Suh, 2015). These two methods separate key answer parameters from distractor parameters, enabling the evaluation of the DDF effect independent of DIF. Thus, it indicates whether the DDF is a plausible reason or consequence of DIF.
DIF analyses, in general, are integrated with DDF analyses to explain the DIF effects. The relationship between DIF and DDF effects is casual rather than correlational (Deng, 2020; Jamalzadeh et al., 2021). Penfield (2010) found that the DDF effect may cause uniform DIF and partially explained by DDF, whereas non-uniform DIF may indicate the variation of signs within distractors. Moreover, Penfield (2010) suggests that DDF studies can shed light on the possible causes of DIF. Therefore, it is suggested to conduct DDF analysis along with DIF analysis to get more information about potential underlying causes of DIF.
Similar to DIF effects, DDF effects are classified into two groups: uniform and non-uniform DDF. A uniform DDF indicates a constant DDF effect across all distractors in the same direction, while a non-uniform DDF effect indicates an inconsistent DDF effect across different ability levels (Tsaousis et al., 2018). Moreover, a uniform DDF effect signals that DIF occurs due to the characteristics of correct responses, while a non-uniform DDF implies that DIF occurs either because of a non-functioning distractor or an unexpected interaction between distractors or the stem of the item (Penfield, 2008). In this study, the MLR based DDF method proposed by Kato et al. (2009) and multi-group nested logit model (NLM) proposed by Suh and Bolt (2011) were utilized to examine the DDF effects.
General Aptitude Test (GAT)
The general aptitude test (GAT) is a standardized test that has been administered in the Middle East since 2002. The GAT is mainly administered to evaluate the college readiness of high school graduates. The scores obtained from GAT are used to select college candidates during the admission process. The main goal of administering GAT is to measure skills, such as problem-solving, logical relations, and drawing conclusions. Two different versions of GAT, which are Science and Art, were developed based on the students’ majors. The GAT is mandatory for all high-school students who are seeking to pursue a further degree in colleges or universities. It is administered twice a year in a paper-based format and administered year-round in a computer-based format.
Various studies have been conducted to examine the factorial structure and psychometric properties of the GAT, including the validity and reliability of GAT (e.g., Alqataee and Alharbi, 2012; Dimitrov, 2014; Dimitrov and Shamrani, 2015; Sideridis et al., 2015). The test is assumed to be unidimensional, with one dominant factor that explains a large amount of the explained variance. According to a study conducted by Dimitrov and Shamrani (2015), a bifactor model consisting of one general factor along with three verbal factors (reading comprehension, sentence completion, and analogy) fits well to the data.
The Purpose of the Study
This study aims at investigating the behaviors of item distractors that exhibited DIF across gender in the 2017 Art Section of the General Aptitude Test (GAT-ART) administered by the National Center for Assessment (NCA). To this end, first, DIF methods based on two non-linear logistic regressions (three parameters, 3PL-NLR and four parameters, 4  P L-NLR) were used to detect DIF items. Additionally, the Mantel-Haenszel (MH) Delta DIF method was used to calculate the DIF effect size for each DIF item. Then, the multinomial log-linear regression (MLR) model and 2-PL nested logit model (2PL-NLM) were applied to the items exhibiting DIF that have moderate and large effect sizes to investigate both behaviors of distractors across gender and to examine how distractors affect DIF results. Therefore, in this study, the following main research questions were addressed:
1) Which CFA model (one-factor, two-factor, or bifactor models) fits best to the GAT-ART data?
2) Do GAT-ART items function differently across gender groups (female vs. male)?
3) Do GAT-ART items function differently across quantitative and verbal sections?
4) Do the distractors of GAT-ART items function differently across gender groups (female vs. male)?
5) How does the distribution of responses to distractors associated with DIF items affect DIF results?
METHODS
Data
The GAT-ART 1521 test was administered to 27,075 high-school students that consist of 22,882 females (84.5%) and 4,191 males (15.5%), and two missing values. The test consists of two domains that are quantitative and verbal, respectively. Among the 96 items of GAT-ART, 24 items belong to the quantitative section and 72 items to the verbal section. The quantitative section consists of four subdomains: arithmetic, geometry, mathematical analysis, and comparison. On the other hand, the verbal section consists of four subdomains: verbal analogy, context analysis, sentence completion, and reading comprehension.
Data Screening
The distribution of missing data was examined before examining the factorial structure of the exam. The results of missing data analysis showed that only 303 out of 27,075 students had missing values larger than 5%. It is suggested to include participants with less than 5% of missing data in the analysis (Alice, 2015; Madley-Dowd et al., 2019). Therefore, examinees with more than 5% of the missing data were treated as outliers and excluded from the data. For the outlier analysis, the Mahalanobis distance method was used. First, Mahalanobis distance for each examinee and criterion for outliers (144.56) were calculated. Those examinees with Mahalanobis distance values greater than criterion value were detected as outliers. The results indicated that all examinees had Mahalanobis distance values smaller than 144.56; therefore, there appeared to be no outliers in this data set.
Statistical testing methods are highly affected by large sample sizes, in which even negligibly small differences turn out to be statistically significant. Therefore, a relatively small sample of GAT-ART data was randomly selected from the entire GAT-ART. Analyses were conducted on the small data set, corresponding to approximately 10% of the entire data set. The 2,500 sample consisted of 2071 (82.8%) females and 429 (17.6%) males.
Statistical Analysis
The factorial structure of the test was first examined with a one factorial confirmatory factor analysis (CFA) to test whether the test is unidimensional. Additionally, a two-factorial CFA model, where each subdomain was considered a factor, and a bifactor model, in which a general factor along with two sub-factors accounts for the variance, were also used to examine the factorial structure of the test. The chi-square statistics, comparative fit index (CFI), Tucker-Lewis index (TLI), and root mean square error of approximation (RMSEA) were used to determine to what extent the data adhered to the model. The Lavaan R-package developed by Rosseel (2012) was used to conduct CFA models. As for the fit criteria, Hu and Bentler (1999) suggested that goodness of fit statistics must satisfy the following criteria for an acceptable fit: RMSEA ≤ 0.06, CFA≥0.95, and TLI≥0. On the other hand, Marsh et al. (2004) suggested less stringent criteria for fit measures (RMSEA ≤ 0.08, CFA 0.90, and TLI≥0.90). Moreover, Muthen and Muthen (2012) suggested reporting weighted root mean square residuals (WRMR) index when the items are categorical. The goodness of fit statistics for each CFA model are provided in Table 1.
TABLE 1 | CFA results related to one-factor, two-factor, and bifactor models of GAT-ART data.
[image: Table 1]Differential Item Functioning (DIF) and Differential Distractor Functioning (DDF) Methods
Along with IRT-based DIF methods, NLR based DIF methods are used to detect items functioning differently across different subgroups. In this study, DIF analyses were first conducted to detect the items with significant DIF effects with two NLR-based DIF methods (3PL-NLR and 4PL-NLR). Moreover, the Mantel-Hanszel Delta (MH Delta) DIF method was utilized to determine the DIF effect size for each DIF item. The difNLR R-package (Hladka and Martinkova, 2021) was used to conduct NLR-based DIF and DDF analysis, while the DifR R-package (Magis et al., 2010) was used to conduct the MH Delta DIF analyses. Additionally, the Benjamini-Hochberg correction method (Benjamini and Hochberg, 1995) was used as a p-adjustment method that controls the proportion of false detection to increase the accuracy of hypothesis testing results.
Moreover, the item-purification methods were employed along with DIF and DDF analyses to improve the accuracy of the results. Then, the multinomial log-linear regression (MLR) model and 2-PL nested logit model (2PL-NLM) were employed to detect DDF items. The MLR method takes all response categories, including the correct option and distractors, into account, while the NLM excludes the correct option when evaluating the DDF effect. Thus, employing the latter method allows for a determination of whether the significant DDF effect is a potential underlying cause or a consequence of DIF. Besides, the likelihood ratio test of sub-model methods was used to examine distractors’ behaviors across gender groups. The following sections provide more detailed information about DIF and DDF methods employed in this study.
Non-linear Logistic Regression Based DIF Methods
The NLR based DIF methods are considered as an extension of the two-parameter DIF methods proposed by Swaminathan and Rogers (1990). Compared to the traditional logistic regression model, the 3PL-NLR method accounts for guessing, while the 4PL-NLR method accounts for inattention with the guessing behavior of participants. These two methods seem to be more advantageous compared to the other DIF methods since they take these two parameters into account. Drabinová and Martinková (2016) conducted a simulation study which showed that these proposed NLR-based DIF methods yielded sufficient power, low convergence failure rate, and rejection rate compared to the item response theory-based (IRT-based) DIF methods. Therefore, these methods can be considered as a robust alternative to the IRT-based DIF methods.
In the IRT framework, participants from different groups (reference and focal groups) are matched with ability estimates (θ), while in the NLR framework, participants are matched with standardized total scores (z-scores). The formula for 3PL-NLR can be reparametrized in the IRT framework. Therefore, the formula for the 3PL-NLR DIF method is as follows:
[image: image]
where Zj denotes standardized total score, and Gj stands for group membership. The regression parameter bi corresponds to difficulty and ai to discrimination parameters of the ith item. On the other hand, aDIFi and bDIFi represent the difference in both parameters between the focal and reference groups. In this formula, ci stands for guessing parameter, which is equal to the probability of a person with a minimum ability score to answer an item correctly.
A 4PL-NLR is an extension of the three-parameter model that accounts for students’ inattention by adding di inattention parameter. It is simply equivalent to the upper asymptote of the item characteristic curve. The formula for the 4PL-NLR based DIF method is as follows:
[image: image]
where xj denotes the standardized total score of person j, and di and gj parameters denote the inattention parameter and group membership, respectively. Moreover, dDIFi represents the difference in inattention parameters between reference and focal groups. The other parameters are the same as in Formula 1. This study used the 3PL-NLR and 4PL-NLR methods to detect DIF items in the GAT.
Mantel-Haenszel DIF Method
The Mantel-Haenszel (MH) method is one of the most popular non-parametric DIF methods (Holland and Thayer, 1988). It mainly tests the relationship between group membership and response to a particular item given the total score. The MH statistics are calculated from a 2 × 2 contingency table and follow a chi-square distribution where degrees of freedom equal 1. Therefore, an item is flagged as DIF when the calculated MH-statistic is greater than the critical value calculated based on the alpha (α) significance level. An alternative statistic of the MH method is αMH, which is based on odds ratio statistics that provide DIF effect-size measure given by the following formula:
[image: image]
where Tj denotes the total score and Aj and Bj are the total number of the correct and incorrect responses for the reference group, respectively. On the other hand, Cj and Dj denote the total number of correct and incorrect responses for the focal group. Additionally, the logarithm of αMH (log (αMH)) is equal to ∆MH (delta MH), which is of asymptotical normal distribution (see, e.g., Agresti, 1990). This delta statistic is widely used to determine the effect sizes of DIF statistics. The most commonly used criteria for DIF effect size are those proposed by Holland and Thayer (1985) that classify DIF effect size |∆MH| < 1 as negligibly small, 1 < |∆MH|<1.5 as moderate, and |∆MH| > 1.5 as large. They are also known as the ETS-delta scaling (Holland and Thayer, 1988).
Differential Distractor Functioning (DDF)
DDF methods are used to examine the invariance of all responses, rather than just the invariance between correct and incorrect responses (Koon, 2010). In this study, the MLR based DDF method proposed by Kato et al. (2009) and the multi-group NLM based DDF method proposed by Suh and Bolt (2011) were utilized to examine the DDF effects. The MLR calculates the item response category characteristic curves (IRCCs) for each response category that represents the probability of selecting a category of an item given the ability score (z-scores). The calculation process for MLR is based on the comparison of two models. The first model restricts IRCCs of items to be the same across the groups, while the second model allows IRCCs to vary across the groups. The pseudo R2 values obtained from two models were compared to detect items exhibiting DDF. A significant difference in R2 indicates that the corresponding item shows significant DDF. The formula for the IRCCs of the MLR-based DDF method as a function of the standardized total score (z) is as follows:
[image: image]
where z denotes standardized total scores and ak and bk denote logistic regression coefficients that represent the intercept and the slope of IRCCs of a given item, respectively.
Suh and Bolt (2010) proposed a 2PL-NLM that estimates both item parameters for correct response categories and distractor categories. Additionally, they proposed a multi-group extension of the NLM, which allows item parameters to differ across groups. Therefore, the multi-group NLM can detect both DIF and DDF effects at the item level. The following formula calculates the probability of correct response to an item-i given participant-j ability parameter (θj) for multi-group 2PL nested model:
[image: image]
where G denotes group membership and βi and αi represent the intercept and slope parameters of item-i, respectively. Additionally, the formula for the conditional probability of selecting a distractor
Is as Follows
[image: image]
where Zigv (θj) is equal to ζigv + λigv (θj), and the total of distractors’ parameters are set equal to 0 for each group ([image: image], [image: image]).
The discrepancy between item parameters across different groups is evaluated with the likelihood ratio test. To this end, the first model, in which the parameters of item distractors are constrained to be equal, is compared to the second augmented model in which item parameters of all options, including the correct response and distractors, are estimated. The significant difference in the likelihood ratio test statistics (G2) between the first and second augmented models implies the existence of DDF effect independent of the DIF effect.
Descriptive Statistics and Reliability of GAT-ART Scores
Table 2 provides the reliability coefficients and descriptive statistics related to the entire test and each domain. Additionally, it provides descriptive statistics and reliability coefficients of the GAT-ART for each gender group. The Cronbach’s α and latent variable modeling-based reliability coefficients (composite reliability) were calculated for the entire test and each subsection. The composite reliability coefficient is a reliability coefficient calculated with factor loadings when the test is unidimensional. The composite reliability coefficient yields higher values than Cronbach’s α reliability coefficient when the assumption of essentially tau-equivalence is not met.
TABLE 2 | Descriptive statistics and reliability of GAT-ART scores.
[image: Table 2]The results in Table 2 show that Cronbach–α coefficient for the entire test is substantially high and equal to 0.89, and it is equal to 0.84 for verbal and 0.78 for quantitative, respectively. Similar results were obtained for each gender group data. The main reason behind the relatively low reliability coefficient for the quantitative domain could be having only 24 items in this section. Additionally, the latent variable modeling-based reliability coefficients and Cronbach–α coefficients were almost identical. These identical reliability coefficients indicate that the essentially tau-equivalence assumption is met for the GAT-ART data. Moreover, the difference in average GAT-ART scores between males and females appears to be not significant at 0.05 significance level (F0.05, 2498 = 3.129, p = 0.077). These results indicate that both groups had similar proficiency levels.
RESULTS
This study mainly consists of three stages. At the first stage, the factorial structure of the test was examined with the one-factorial confirmatory factor analysis (CFA) model, two-factorial CFA model, and bifactor model. DIF analyses were conducted at the second stage to detect items exhibiting DIF across gender groups. At the third stage, DDF analyses were conducted to examine how distractors of these detected DIF items functioned across gender.
Confirmatory Factor Analysis (CFA) Results
The factorial structure of the test was examined with the one-factorial CFA model, two-factorial CFA model, and bifactor model. Fit measures provided in Table 1 were used to determine to what extent data fit the model.
The results associated with different CFA models given in Table 1 show that both comparative fit index (CFI) and Tucker-Lewis index (TLI) fit statistics are higher than 0.95, and root mean square error (RMSEA) values are smaller than 0.06. These results indicate a perfect fit between the data and each CFA model based on Hu and Bentler (1999) criteria. Unlike the other fit indices, the chi-square statistics were statistically significant. This might be due to the large sample size, in which a very minor difference tends to be statistically significant. According to the study conducted by DiStefano et al., (2017), the weighted root mean square residuals (WRMR) index greater than 1 indicates misspecification, and smaller values indicate a better fit. However, less stringent criteria can be applied since items are dichotomously scored and have a relatively limited number of categories (only two categories, 0 and 1). Regardless of the good fit indices related to the bifactor model, many misfitting items were detected when factor loadings were examined. These results suggest that the test can be considered unidimensional, where there is only one factor that underlies participants’ scores. The test can also be considered multidimensional (see, two-factor and bifactor models), in which quantitative and verbal sections are treated as separate factors. Therefore, DIF analyses were conducted assuming that the test is unidimensional, and DIF methods were employed to the entire test regardless of subdomains.
Differential Item Functioning (DIF) Results
The DIF results for the entire test are given in Supplementary Appendix S1A. Items are named with abbreviations in a way that one can easily distinguish which item belongs to which domain. The first column in Supplementary Appendix S1A indicates the item numbers along with abbreviations that represent each domain and subdomain. For the quantitative section, MAR, MGE, MAN, and MCO abbreviations stand for arithmetic, geometry, mathematical analysis, and comparison, respectively. For the verbal section, VAN, VCA, VSC, and VRC abbreviations stand for verbal analogy, context analysis, sentence completion, and reading comprehension, respectively. The other columns present DIF-statistics and p-values obtained from DIF methods. The significance level for detecting DIF items was set at 0.01 with a detection threshold equal to 9.21 to eliminate the sample size effect on the chi-square-based test statistics, which might result in identifying non-DIF items as DIF items.
Table 3 presents items detected as showing DIF by NLR methods. Additionally, the MH-Delta method was utilized to determine the effect sizes of DIF statistics. According to the 3PL-NLR method, 22 out of 96 items were detected as DIF items. Among these DIF items, three items (MAR8, MAR9, MGE4) were quantitative, and the remaining 19 items were verbal. In addition, 4 items were detected as showing non-uniform DIF, and 18 items were detected as showing uniform DIF. Among the uniform DIF items, 10 items were in favor of males, whereas 8 items favored females. According to the MH-Delta method, 5 items were classified in Category A, which indicated a negligibly small DIF effect, while 12 items were classified in Category B with moderate DIF effect, and 5 items were classified in category C with large DIF effect.
TABLE 3 | Items detected as DIF with using Mantel-Haensel Delta method.
[image: Table 3]When the 4PL-NLR method, which accounts for inattention (d-parameter upper asymptote), was used to detect DIF items, the number of items detected as exhibiting DIF decreased from 22 to 14. Among these DIF items, only 2 items (MAR8, MGE4) were quantitative items, and the remaining 12 items were verbal items. In addition, all DIF items exhibited uniform DIF. It is noticeable that all DIF items related to the verbal analogy, context analysis, and sentence completion within the verbal section were in favor of males, while DIF items related to reading comprehension were in favor of females. These results indicate either existence of DIF across gender or signal the content-specific DIF. According to the MH-Delta method, 4 out of these 14 DIF items were classified in Category A, indicating a negligibly small DIF effect, while 7 items were classified in Category B with a moderate DIF effect, and 3 items were classified in Category C with a large DIF effect.
ICCs in Figure 1 depict the probability of a correct response across the entire ability score range for males (reference group) and females (focal group) for the 10 detected DIF items. The circles in the ICC plots represent the counts of standardized total scores, in which a larger size indicates a larger number of test-takers with that given standardized total score. As can be observed from ICCs associated with DIF items, the discrepancy between males’ and females’ ICCs was consistently in favor of one group across the entire ability range, indicating the uniform DIF effects.
[image: Figure 1]FIGURE 1 | ICC associated with DIF items.
Differential Distractor Functioning (DDF) Results
The likelihood ratio statistics based on the MLR and NLM DDF methods were conducted on the 10 DIF items with moderate to large DIF effect sizes. These DIF items were detected by both 3PL-NLR and 4PL-NLR methods. Employing the latter method allows identifying whether DDF is an underlying potential cause or a consequence of DIF. In addition, the likelihood ratio test of sub-model methods was used to examine distractors’ behaviors across gender.
Since the GAT items contain 4 response categories, including the correct response, the corresponding critical values for the NLM method at 0.05 significance level (α = 0.05) and 0.01 significance level (α = 0.01) are 9.49 and 13.28, respectively. Moreover, IRCCs that provide ICCs of both the correct option and distractors were provided. The IRCCs enable observing the distribution of response to the distractor across the entire range of ability scores to inspect both DIF and DDF effects. Along with DIF results, DDF results of each 10 DIF items are provided in Table 4, while IRCCs of DIF items are given in Figure 2. Moreover, it provides the proportion of selecting each item option for both male and female students.
TABLE 4 | DDF results of DIF items.
[image: Table 4][image: Figure 2]FIGURE 2 | Item response characteristic curves (IRCCS) associated with DIF items.
The DDF results in Table 4 indicate that item MAR8, which is associated with the arithmetic subdomain of the quantitative section, exhibited uniform DIF in favor of male students (see Figure 1). Although the correct option of this item was option D, most male and female students selected distractor C. Moreover, both MLR and NLM statistics associated with this item were significant, which indicates the existence of a DDF effect. The significant DDF effect of item MAR8 obtained from the NLM method indicates that distractors function as the potential underlying cause of DIF. As can be observed from Figure 2, the discrepancies between ICCs of distractors also indicate the existence of a significant DDF effect. Moreover, distractor C functioned differently than expected. Therefore, the DDF effect of distractor C might have caused DIF rather than the stem of the items or the correct option (Penfield, 2010).
The results related to item MGE4 in the quantitative section indicate that it exhibited uniform DIF with a moderate effect size in favor of females. However, the selection proportion for each distractor was higher for males than females. Unlike the significant DDF effect obtained from the MLR method, the NLM DDF effect was not statistically significant, which indicates that distractors might not be contributing to the DIF effect. Thus, the non-significant DDF result implies that either stem or correct option is likely to be the potential underlying cause of DIF.
When it comes to the DIF and DDF results of the analogy subdomain of the verbal section, both item VAN18 and item VAN19 showed uniform DIF with a moderate effect size in favor of females (see Table 4). The selection proportion of each distractor for males was higher compared to females, which indicates the existence of the DDF effect for male students. Moreover, both MLR and NLM statistics were statistically significant, indicating the existence of the DDF effect for both items. The significant DDF effect of the NLM method indicates that distractors functioned as the potential underlying cause of DIF. However, these DDF effects were non-uniform, implying that distractors functioned differently across gender groups. Moreover, distractor A was less likely to be selected by both gender groups for item VAN18. Additionally, there was a substantial difference in the selection proportions of distractor A between males and females for item VAN19. Therefore, these results indicate that the DDF effect might have caused the DIF along with the correct option rather than the stem of the items.
There is only one item (VCA9) detected as exhibiting DIF in the context domain of the verbal section. The results indicate that item VCA9 exhibited uniform DIF with a moderate effect size in favor of females. On the other hand, the selection proportion of each distractor for males was higher compared to females. Moreover, both MLR and NLM statistics were significant, indicating the existence of a DDF effect. The significant DDF effect of VCA9 obtained from the NLM method indicates that the distractors functioned as a potential cause of DIF, and the associated DDF effect was uniform indicating the consistent DFF effect across the entire ability range. Additionally, distractor A was less likely to be selected by both gender groups compared to the other distractors. Therefore, the DDF effect of distractors might have caused DIF rather than the stem of the item.
Unlike the other domains, the reading comprehension domain had the highest total number of items detected as DIF (5 items). Results indicate that all DIF items in the reading comprehension section (VRC1, VRC7, VRC12, VRC18, and VRC20) exhibited uniform DIF in favor of females (see Figure 1). Moreover, both MLR and NLM statistics were significant for VRC1, VRC7, and VRC18, which indicate the existence of significant DDF effects. The significant DDF effects of these three items obtained from the NLM method indicate that the distractors might have caused DIF effects rather than the stem of the items or the correct option. Additionally, unlike the other DDF items, the log-likelihood ratio statistic was not significant for item VRC7, which indicates that column proportions of distractors remained the same across gender groups. On the other hand, for item VRC12, the MLR DDF statistic was significant, while the NLM statistic was not. Among all these 10 DIF items, only item VRC20 had a non-significant DDF effect. The non-significant DDF effect obtained from NLM indicates that distractors did not function differently when the responses to the correct option were excluded. Therefore, the correct option might have caused DIF rather than the stem of the items for item VR12 and item VR20.
CONCLUSION AND DISCUSSION
The objective of this study is to detect items that exhibit DIF across gender groups and to examine the DIF items with DDF methods in order to define possible sources of DIF effects. For this purpose, first, DIF analyses were conducted with two non-linear logistic regression-based DIF methods (3PL-NLR and 4PL-NLR) to detect the items that have significant DIF effects. Moreover, the MH-Delta DIF method was utilized to determine the effect size of the DIF statistics for each DIF item. Second, the MLR method, NLM, and likelihood ratio test of sub-model methods were used to detect DDF items and examine item distractors’ behaviors across gender groups. The MLR method is classified as a divide-by-total method, which evaluates both DIF and DDF effects simultaneously, while the NLM is classified as a divide-by-distractor method, which evaluates the DDF effect independent of DIF and, therefore, determines whether item distractors contributed or caused DIF.
DIF results of the GAT-ART show that 22 out of 96 items were flagged as exhibiting DIF by the 3PL-NLR method. However, the number of DIF items decreased from 22 to 14 when the 4PL-NLR DIF method, which accounts for the inattention of students, was applied. All these 14 DIF items detected by the 4PL-NLR DIF method exhibited uniform DIF. According to the effect-size results of the MH-Delta DIF method, 4 out of the 14 DIF items had negligibly small DIF effect, 7 items had moderate DIF effect, and 3 items had large DIF effect. When DIF results of 3PL-NLR, 4PL-NLR, and MH-Delta methods were compared, only 10 items were detected as DIF items with moderate to large DIF effect sizes. All these 10 items exhibited uniform DIF. The other 4 items with negligibly small DIF effect sizes were excluded from DDF analyses. In general, DDF methods are employed to determine the potential causes of DIF or to investigate if options function differently (Schmitt and Dorans, 1990; Banks, 2009; Penfield, 2010; Suh and Bolt, 2011; Suh and Talley, 2015; Park, 2017). Therefore, DDF analyses were conducted on these 10 items to provide insight into the behavior of item distractors and their effects on DIF results.
For the results of DDF analyses, MLR DDF results indicate that all DIF items exhibited DDF across gender except for item VRC20 (pddf = 0.059), which had a moderate DIF effect size and was in favor of females. According to the NLM method, 7 DIF items showed significant DDF, while the other 3 DIF items (MGE4, VRC12, and VRC20) did not exhibit DDF. The non-significant DDF results obtained from the NLM method indicate that the distractors did not contribute to the DIF effect and, thus, the stem or correct option might have caused DIF for these 3 items. The significant DDF effects of the other 7 items showed that distractors either contributed to the DIF effect or were the potential cause of the DIF.
When the DDF results obtained from the MLR and NLR methods were compared, there were only 2 items (MGE4 and VRC12) that had significant DDF effects according to the MLR, while the DDF effects of these items were not significant according to the NLM method. Therefore, for these 2 items, a significant DDF effect obtained from the divide-by-total method signals that the DDF effects of these items are a consequence of DIF rather than the cause (Suh and Bolt, 2011).
Regarding the DIF and DDF results related to each section, 2 items were related to the verbal analogy (VAN18, VAN19), 1 item was related to the context analysis (VCA9), and 5 items were related to reading comprehension (VRC1, VRC7, VRC12, VRC18, VRC20) subdomains for the verbal section. The results of DDF analyses related to the reading comprehension subdomain reveal that all DIF items associated with the reading comprehension domain exhibited uniform DIF in favor of females. Moreover, 2 items (VRC1 and VRC7) showed DDF in which the DDF effect of distractors might have caused DIF rather than the stem of the items. However, unlike the other items related to reading comprehension, two items (VRC12 and VRC20) showed no significant DDF effects but only significant DIF effects. Thus, for these two items, either the correct option or the stem of items are the potential cause of the DIF rather than distractors.
One of the interesting outcomes of this study is that all items showing DIF related to the verbal analogy, context analysis, and sentence completion subdomains of verbal sections were in favor of male students, while all DIF items related to reading comprehension were in favor of female students. These results may either reflect the DIF across gender or signal the content-specific DIF. As stated in a study conducted by Gómez-Benito and others (2018), DIF might occur due to the existence of items with specific characteristics in common, such as being related to the same content (American Educational Research Association, American Psychological Association and National Council on Measurement in Education, 2014). These findings require further investigations and need to be supported by the literature review. Along with conducting DDF analysis, an alternative approach to validate DIF results could be using a mixed-methods approach that integrates both qualitative and quantitative methods (Creswell, 2015). For instance, Benítez et al. (2016) investigated DIF items in PISA 2006 with subject matter experts to define the potential source of the DIF. Likewise, Maddox et al. (2015) compared DIF results with an ethnographic transcript to determine the way that students dealt with items in literacy tests (Gómez-Benito et al., 2018).
Overall, the significant DDF effects obtained from the divide-by-total method (MLR) indicate that the DDF effects of these items are a consequence of DIF rather than the cause (Suh and Bolt, 2011). Additionally, the significant NLR-based DDF effect implies that the DDF effects of distractors might have caused DIF rather than the stem of the items or the correct options (Penfield, 2010). For such cases, it is suggested to either revise the item distractors to eliminate the DIF effect or exclude the items from the test. On the other hand, the non-significant DDF results obtained from the NLM method indicate that item distractors did not contribute to the DIF effect and, thus, the stem or correct option might have caused DIF. The detailed investigation of the distractors of the items with significant DDF effects also reveals that some distractors were more likely to be selected, while some distractors were less likely to be selected (see MAR8 and VCA9, VRC18). The discrepancy between ICCs of these distractors also indicates the existence of the DDF effect since these distractors functioned differently than expected.
The Implication of This Study
Examining the role of the distractors in DIF and the effect of the distractor on test bias through DDF analysis have caught a lot of practitioners’ attention in the last few decades (Green et al., 1989; Jalili et al., 2020; Martinková et al., 2017; Middleton and Laitusis, 2007; Tsaousis et al., 2018, among others). However, there are very few studies that have employed divide-by-distractor and divide-by-total DDF approaches together to determine the effect of distractors on DIF results and to determine the potential source of DIF. Therefore, this study is believed to make a significant contribution to the existing literature in this regard.
The other aspect of this study that makes it unique compared to the other studies is that it utilizes a 4PL-NLR method-based DIF approach, which is assumed to eliminate the inattention effect on estimated item parameters. The main characteristic of the 4PL model is that it provides a non-zero chance of incorrect response to an item for high-performing students. Rulison and Loken (2009) showed that the effect of early mistakes made by students with high ability levels because of stress and carelessness could be reduced. Therefore, ability estimation bias could be decreased by the 4PL model (Magis, 2013).
Deng (2020) claims that there is no evidence of the existence of the DDF effect without DIF. Therefore, DDF analysis is conducted after DIF analysis to provide more insight into the potential sources of the significant DIF effects. Likewise, Kato et al. (2009) have stated that DDF analysis is used as a supplementary analysis that plays a secondary role in studying test fairness and provides important information about the potential underlying causes or the sources of the DIF effect.
DDF analyses can also be used to investigate the perception of items, understand stimuli-attracts, and determine the cognitive steps across different subgroups. Additionally, it can be employed to understand the differences in cognitive processes used to respond to an item across the subgroups for achievement tests (Park, 2017). In this study, DIF and DDF effects were examined in terms of group differences and attributes being measured. However, there might be some other factors that are not directly related to the content being measured, such as differences in teaching practices, teaching environment, and socioeconomic status, that contribute to the unexpected differences in responding behavior (Zumbo, 2007; Park, 2017). These factors are listed under the third generation of DIF studies by Zumbo (2007). Therefore, it is suggested to use both DIF and DDF methods within different contexts, including other factors, to provide more insight into the potential sources of the DIF and DDF effects.
Overall, it is suggested to examine DDF along with DIF (e.g., Penfield, 2008, 2010; Suh and Bolt, 2011; Suh and Talley, 2015; Terzi and Suh, 2015). Examining both phenomena provides more accurate information about correct response and behaviors of the item distractors during the test development process. Moreover, studying DIF and DDF also provides insight into whether DDF occurs due to DIF in the correct option, or DIF occurs due to the significant DDF effects.
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