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Abstract  

Recent years have witnessed an increasing interest in providing new insights into 

modern language testing method targeting test bias. In this study, item-focused trees 

(IFT) approach was applied to identify uniform and non-uniform differential item 

functioning (DIF) of an English as a foreign language (EFL) reading comprehension 

test. The multistage cluster sampling method was employed to randomly choose a 

large sample of 4937 students who took the entrance exam of MA program in 

English studies. The reading comprehension section of the general English test 

including 20 items was selected for the IFT analysis. Three categorical and 

continuous DIF source variables including gender and academic background were 

concomitantly taken into account for the IFT analysis, which is capable of handling 

more than one variable with both binary and continuous measurement. Then, in the 

final stage of IFT analysis within a logistic regression framework, uniform and non-

uniform DIF was analyzed using DIF tree package of R. The results showed that 10 

items had uniform DIF in which 2 items had 2 joint DIF predictor variables (2 splits) 

and 8 items had only one split. Additionally, 6 splits and 5 non-uniform DIF items 

were found in non-uniform DIF analysis in which only 1 item had 2 simultaneous 

DIF source variables. Furthermore, gender and background knowledge had 

significant relationships with EFL reading comprehension. This study promises 

practical implications for addressing gender and background knowledge differences 

in EFL reading comprehension studies on the one hand, and impacting language 

testing methodology on the other.  
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1. Introduction 

Differential item functioning (DIF) has been increasingly considered 

as a necessary standard in the field of testing in education and psychology 

(AERA, APA, NCME, 2014). DIF is also widely applied through a variety of 

methods in the context of EFL testing (e.g., Ahmadi & Bazarvand, 2016; 

Amirian, Alavi, & Fidalgo, 2014; Aryadoust, 2018; Barati & Ahmadi, 2010; 

Barati, Ketabi, & Ahmadi, 2006; Birjandi & Amini, 2007; Park, 2008; Ryan 

& Bachman, 1992). DIF is observed in case of controlling examinee’s 

abilities, where the chance of answering a test item correctly depends on 

grouping variables (e.g., gender, ethnicity, etc.). Two types of uniform and 

non-uniform DIF may be observed in the item response data. Uniform DIF 

occurs if the probability of answering an item correctly is uniformly different 

in groups across the continuum of students’ performance; however, non-

uniform DIF between group categories differs across the continuum (Zumbo, 

1999).   

   Methods for investigating DIF are basically implemented on the basis 

of observed score or latent trait models. Observed score methods like 

Mantel–Haenszel (Holland & Thayer, 1988), SIBTEST (Shealy & Stout, 

1993), or logistic regression (Swaminathan & Rogers, 1990) use sum of raw 

scores for estimating the examinee’s ability. The latent trait models such as 

confirmatory factor analysis (CFA)-based DIF (Stark, Chernyshenko, & 

Drasgow, 2006), item response theory (IRT)-based likelihood ratio test 

(Thissen, Steinberg, & Wainer, 1993), Lord’s chi-square (Lord, 1980), or 

some recently introduced methods such as cognitive diagnostic modeling 

(CDM)-based DIF (Hou, de la Torre, & Nandakumar, 2014), and Rasch 

mixture models for DIF detection (Frick, Strobl, & Zeileis, 2015) use latent 

scores of the examinee’s abilities for DIF assessment. There is even a hybrid 

method of DIF detection named iterative hybrid ordinal logistic 

regression/item response theory (Choi, Gibbons, & Crane, 2011) which 

integrates the two aforementioned approaches. 

All of the reviewed DIF detection methods can only handle one 

categorical grouping variable; however, recent DIF methodologies have 

emerged that can simultaneously investigate the impact of more than one 

grouping variable. Moreover, continuous variables are also allowed to be 

analyzed as DIF sources, where no pre-determined subgroups are needed. 

These are item-focused trees (IFT) methods that may be used in the Rasch 

model (Tutz & Berger, 2016) or the logistic regression analysis (Berger & 

Tutz, 2016). However, the Rasch trees method has some limitations 

compared to the logistic regression-based method. First, the IRT Rasch 

model only incorporates the difficulty parameter, whereas the Rasch trees 

method is limited to uniform DIF analysis. Second, it treats the test items at 
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the global level without detecting the items directly responsible for DIF 

(Strobl, Kopf, & Zeileis, 2015). To date, only Aryadoust (2018) has applied 

the Rasch trees model to analyze DIF in an EFL reading comprehension test. 

Although the model of the IFT, which works under the logistic regression 

analysis framework, does not have the aforementioned shortcomings, it has 

not yet been employed to investigate DIF in reading assessment. Moreover, 

reading comprehension constitutes an integral section of the M.A. entrance 

exam. More specifically, reading comprehension test items represents a large 

proportion of the general English part of M.A. entrance exams in English 

studies. Therefore, it plays a critical role in determining the overall score of 

the examinees in general, and their final ranking in particular. Additionally, 

M.A. entrance exams in English studies could guide the future academic lives 

of the examinees; thus, it is important to reduce the test item bias, especially 

in reading comprehension section. Accordingly, language test makers need to 

cooperate with educational measurement experts to concentrate on DIF of 

test items in order to ensure that the examinees’ test scores in reading 

comprehension section hinge on their overall language proficiency and 

reading comprehension strategies. Therefore, the present study aimed to 

probe the current state of the reading comprehension test items through DIF 

to further facilitate the process of test bias predictability and increase the test 

fairness potentials.  

2. Review of the literature 

2.1. The IFT Approach to DIF Investigation under the Logistic 

Regression Framework                    

Applying binary logistic regression analysis to detect DIF of binary 

test item responses (Swaminathan & Rogers, 1990) has a history of about 

four decades. In doing so, a linear logistic regression equation is set through a 

test item response as a dependent variable and sum of the test items score, 

grouping variables (e.g., gender), and their interaction as independent 

variables. Then, a chi-square statistic is provided to test the effect of the 

grouping variable and the interaction variable on uniform and non-uniform 

DIF, respectively (Zumbo, 1999). Alternatively, in a more practical way, 

there is a model-based approach to investigating DIF through logistic 

regression analysis in which the likelihood ratio tests are used to detect 

uniform and non-uniform DIF with their effect sizes (Zumbo & Thomas, 

1997). 

The binary logistic regression approach could be combined with the 

recursive partitioning (or item-focused trees) method to study uniform and 

non-uniform DIF (Strobl, Malley & Tutz, 2009). In this approach, the linear 

dimension of the logistic regression is replaced by fitting the tree-structured 

method. Building a tree in this approach means to find a partition (split) in 
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the DIF source variable successively, where each partition represents a node 

in the space of the DIF source variable. The number of splits is directly 

related to the scale of the DIF source variable (Berger & Tutz, 2016). The 

IFT part of the DIF method is basically rooted in the classification and 

regression trees method which was originally introduced by Morgan and 

Sonquist (1963) and further developed by Breiman, Friedman, Olshen, and 

Stone (1984). A very short introduction to the approach is also found in 

Hastie, Tibshirani, and Friedman (2009) and the psychometric issues are 

discussed in Strobl, Malley, and Tutz (2009).   

It is possible in the IFT approach to simultaneously investigate the 

effect of more than one predictor variables (DIF sources) and their 

interactions, whereas continuous variables could be entered in the DIF 

analysis with no predetermined intervals. In order to build an IFT model 

under logistic regression, a closed logistic regression model is fitted to item 

response data and only the intercept of the equation is partitioned into a set of 

nodes, proxies, and rectangles depending upon the number and scale of the 

predictor variables. The terminal node represents the most important variable 

which induces DIF. The number of rectangles derived from each node also 

depends on the scale of the DIF predictor variables. Figure 1, which is 

resulted from the present study, shows an example of IFT diagram with two 

predictor variables and their interaction. 

 
Figure 1. IFT Diagram with Gender and Academic Score Average  

 

As shown in Figure 1, the terminal node of a test item is gender and 

its intercepts (gammas) for males and females respectively split into two 

rectangles. Then, category 2 (females) of the terminal node is again divided 

into two rectangles according to academic average score. Since it is an 

example of uniform DIF, the magnitude of the intercepts in each node shows 

that males have generally higher chance to answer item 9 of the test correctly. 

Females, in this case, have less chance especially when their academic score 

averages are greater than 14.34. Finally, if no statistically significant split is 

found in the first terminal node of an item, the fitted tree for an item is a 

constant and the item is free of DIF.  
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2.2. DIF Studies on EFL Reading Comprehension Testing 

There are numerous DIF studies in the field of EFL reading 

comprehension testing. In part of a study conducted by Ryan and Bachman 

(1992), DIF of the vocabulary and reading comprehension section of TOEFL 

test was investigated across gender and language background. Using the 

Mantel-Haenszel approach for identifying DIF, they showed that one item in 

the reading comprehension section of TOEFL favors females. They also 

revealed that 11 items of the reading comprehension test are against non-

native speaking examinees from different language groups. The gender-

related result is almost in line with the study of Wainer and Lukhele (1997), 

but contrary to the result obtained in Carlton and Harris’s (1992) study which 

concluded that the reading comprehension section of TOEFL is differentially 

against males. Moreover, the language-related DIF results of the study are in 

contrast with the comments made by Reid (1997) who believes that non-

native speakers’ performance on the reading section of TOEFL does not 

differ from native speakers.  

Pae (2004) studied gender differences in the reading comprehension 

subtest of the 1998 Korean national entrance test for universities through IRT 

likelihood ratio-based approach to DIF investigation. He concluded that there 

is probably no relationship between item content and DIF type (uniform or 

non-uniform DIF); however, item content which requires making a logical 

inference is against females. Additionally, items covering impression, mood, 

and tone are easier for males. He also showed that all of the items with non-

uniform DIF favor females though the items covered different content types. 

Moreover, using multiple-data analysis, Pae (2012) reported that the item 

types such as vocabulary and reference in reading comprehension tests 

mostly exhibit DIF against males.  

Barati and Ahmadi (2010) applied an IRT-based approach to detect 

DIF on the Special English Test of the Iranian National University Entrance 

Exam (INUEE). They detected gender-related DIF in the reading 

comprehension subtest of the INUEE. Although subtests such as grammar, 

language function, cloze test, vocabulary, and word order differentially favor 

females and males, the researchers reported that the reading section of 

INUEE favors males and females equally. Amirian, Alavi, and Fidalgo 

(2014) replicated the same study for the reading comprehension section of 

the University of Tehran English Proficiency Test (UTEPT). Finally, in 

another study in the Iranian EFL testing context, Ahmadi and Jalili (2014) 

found some sources of DIF on a reading comprehension test by applying IRT 

and logistic regression methods. They reported that different variables such 

as examinees’ text familiarity, gender, topic or text interest, guessing, and the 
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social variables including location, income, and educational status may 

induce DIF on a reading comprehension test.  

As reviewed above, a discrete variable like gender has usually been 

supposed as a source of DIF. Other nominal variables including social and 

background knowledge variables (race, language, academic grade or average 

score, etc.) may also be considered for DIF analysis. It means that besides 

gender, the background knowledge of the examinees affects their reading 

comprehension ability (Zhang & Shanshan, 2011). However, due to the 

limitation of the previous DIF methodology investigation, continuous 

variables like age or academic average score with no specific cut-point could 

not be entered in DIF analysis of reading comprehension tests. Furthermore, 

the interaction of polytomous and continuous variables in DIF analysis could 

not be studied due to the same reason. 

Thus, to date, no study has been conducted to simultaneously detect 

gender and background knowledge-related DIF under IFT logistic regression 

in EFL reading assessment. Therefore, the main purpose of the present study 

is to do the analysis with three DIF source variables including two 

polytomous (gender and undergraduate major field of study) and one 

continuous variable (undergraduate academic average score) by relying on 

real data of the reading comprehension section of the MA English Test of the 

Iranian National University Entrance Exam. Hence, the main research 

questions that guided the study are: 

1. Which of the reading comprehension test items have DIF based on 

the source variables? 

2.  How do items interact with each other through applying the 

logistic regression-based IFT methodology?   

3. Method 

The reading comprehension section of the Iranian National University 

Entrance Examination was analyzed in this study. The test is composed of 3 

reading passages with 20 multiple choice items which are part of a high 

stakes test held annually to admit the candidates to MA programs in English 

Language studies. The test is designed for students with a bachelor’s degree 

who aim to pursue education in master degree in state universities. The test 

has two sections including content knowledge and general English. The 

general English section is of four sections of structure (10 items), vocabulary 

(20 items), cloze passage (10 items), and the reading comprehension section 

(20 items) which was chosen for IFT analysis. The reading comprehension 

section includes 3 passages with 20 items almost evenly distributed in each 

passage (see Appendix 1). A sample of 4937 examinees who took the test in 

2015 was randomly selected through multistage cluster sampling. In doing 
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so, one booklet was randomly selected. Then, random cluster samples were 

proportionately drawn from the population based on the participants’ gender 

and undergraduate field of study. Table 1 shows the proportion of the three 

demographic variables of the sample which were used for IFT analysis. 

Table1 

 Descriptive statistics  

At last, DIFtree package of R (Berger, 2019) was employed to analyze 

DIF of the reading comprehension test under the logistic regression-based 

IFT. 

4. Results and Discussion 

4.1. Results 

The data were entered in DIFtree package of R. Then, uniform and 

non-uniform DIF was analyzed through logistic regression approach to IFT. 

4.1.1. Uniform DIF Analysis 

For the purpose of saving time during the analysis in the R system, 

only uniform DIF was commanded to the R package at the first stage of the 

IFT analysis. The results of the uniform DIF detection through the IFT are 

shown in Table 2. 

The IFT analysis was done through 1000 permutations and a total 

number of 12 splits were found in the reading comprehension test items. 

Then, as shown in Table 2, 10 items were shown to have uniform DIF with 

different source variables in which 2 items had 2 DIF source variables (2 

splits) and 8 items had only one split. No items were detected to have 

uniform DIF with 3 source variables. As could be judged through the variable 

and the gamma column of Table 2, uniform DIF on items 2, 7, 8, 12, 17 and 

20 were only induced by the undergraduate academic average score 

variable. The gender variable was the only uniform DIF source for item 18 

and undergraduate field of study variable induced uniform DIF on item 13 of 

the reading comprehension test. At last, it was observed that items 9 and 10 

had simultaneously two uniform DIF variable sources. Gender and 

undergraduate academic average score were related with uniform DIF on 

item 9 and uniform DIF on item 10 were simultaneously induced by 

undergraduate field of study and undergraduate academic average score 

variables. It is worth noting that the threshold column determines the cut-off 

score for the continuous or dichotomous DIF variable sources and specify the 

Gender                        Undergraduate field                          Average score 

Male     Female         English Studies   Others         Mean      Standard Deviation 

25%      75%          78%    22%               15.34     1.65 
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point at which the scores are split up to make the DIF grouping variable for 

further uniform or non-uniform DIF analysis through the IFT approach. 

Table2 

 Summary of Uniform DIF Item Statistics  

I

tem 

B

eta 

D

IF 

Variables Numb

er of Splits 

T

hreshold 

Gamma 

1 0

.27 

N

o 

- - - 1= - 3.10 

2 0

.35 

Y

es 

Undergraduate Academic 

Average Score 

1 1

=16.54 

2= -2.79 

3= -2.51 

3 0

.35 

N

o 

- - - 1= - 4.16 

4 0

.33 

N

o 

- - - 1= - 3.80 

5 0

.46 

N

o 

- - - 1= - 3.23 

6 0

.29 

N

o 

- - - 1= -4.18 

7 0

.30 

Y

es 

Undergraduate Academic 

Average Score 

1 1

=17.56 

2= -1.78 

3= -2.14 

8 0

.46 

Y

es 

Undergraduate Academic 

Average Score 

1 1

=14.83 

2= -1.95 

3= -1.47 

9 0

.38 

Y

es 

Gender- 

Undergraduate Academic 

Average Score 

2 1

=1 

2

=14.34 

2= -3.26 

4= -3.17 

5= -1.05 

1

0 

0

.32 

Y

es 

Undergraduate Field of 

study - 

Undergraduate Academic 

Average Score 

2 1

=0 

2

=13.52 

2= -1.41 

4= -1.41 

5= -1.05 

1

1 

0

.42 

N

o 

- - - 1= - 3.50 

1

2 

0

.28 

Y

es 

Undergraduate Academic 

Average Score 

1 1

=14.83 

2= -3.06 

3= -3.49 

1

3 

0

.35 

Y

es 

Undergraduate Field of 

study 

1 1

=0 

2= -3.38 

3= -3.73 

1

4 

0

.30 

N

o 

- - - 1= -3.43 

1

5 

0

.25 

N

o 

- - - 1= -2.15 

1

6 

0

.42 

N

o 

- - - 1= -4.33 

1

7 

0

.27 

Y

es 

Undergraduate Academic 

Average Score 

1 1

=14.34 

2= -2.97 

3= -3.46 

1

8 

0

.37 

Y

es 

Gender 1 1

=1 

2= -3.79 

3= -3.39 

1

9 

0

.39 

N

o 

- - - 1= -4.37 

2

0 

0

.27 

Y

es 

Undergraduate Academic 

Average Score 

1 1

5.77 
2= -3.75 

3= -4.28 
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4.1.2. Non-uniform DIF analysis 

In the next session of the IFT analysis by the DIFtree package, the 

non-uniform DIF analysis was commanded to the R package. The results of 

the non-uniform DIF analysis of the reading comprehension test items 

through the logistic regression-based IFT are shown in Table 3. 

Table3 

Summary of Non-uniform DIF Item Statistics  

Item Alpha DIF Variables Number 

of Splits 

Threshold Gamma 

1 α1=0.27 No - - - 1= -3.10 

2 α1=0.36 No - - - 1= -2.75 

3 α2=0.29 

α3=0.39 

Yes Gender 1 1=1 

 

2= -3.52 

3= -4.46 

4 α1=0.33 No - - - 1= -3.80 

5 α1=0.46 No - - - 1= -3.23  

6 α1=0.29 No - - - 1= -4.18 

7 α2=0.33 

α4=0.18 

α5=0.29 

Yes Undergraduate 

Academic Average 

Score- 

Gender 

2 1=15.50 

2=1 

2= -1.94 

4= -1.31 

5= -1.78 

8 α1=0.46 No - - - 1= -1.70 

9 α2=0.33 

α3=0.41 

Yes Gender 1 1=1 

 

2= -2.91 

3= -3.03 

10 α1=0.32 No - - - 1= -1.18 

11 α1=0.42 No - - - 1= -3.50 

12 α1=0.26 No - - - 1= -3.25 

13 α2=0.62 

α3=0.34 

Yes Undergraduate 

Academic Average 

Score 

1 1=12.70 

 

2= -4.28 

3= -3.65 

14 α1=0.30 No - - - 1= -3.43 

15 α1=0.25 No - - - 1= -2.15 

16 α1=0.42 No - - - 1= -4.33 

17 α1=0.26 No - - - 1= -3.24 

18 α1=0.36 No - - - 1= -3.44 

19 α1=0.39 No - - - 1= -4.37 

20 α2=0.18 

α3=0.28 

Yes Undergraduate Field of 

study  

 

1 1=0 

 

2= -3.17 

3= -4.10 

The IFT analysis run with 1000 permutations and a total number of 6 

splits and 5 non-uniform DIF items were found in the reading comprehension 

test. According to alpha and variable columns in Table 3, items 3 and 9 of 

the reading test had 1 split and possess gender-related non-uniform DIF. 

Items 13 and 20 also had 1 split and non-uniform DIF across undergraduate 

academic average score and undergraduate field of study variables, 

respectively. Only 1 item (item 7) out of the 6 non-uniform DIF items had 2 

variable sources. It had non-uniform DIF against both undergraduate 

academic average score and gender variables. 
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4.2. Discussion 

Reading assessment has several objectives in the EFL learning 

context that include assessing to encourage the students, monitoring learning 

and providing feedback, diagnosing reading problems, and evaluating 

proficiency (Nation, 2008). Undoubtedly, fulfilling these goals depends on 

the reading test validity. Social and consequential aspects of testing have 

been taken into account extensively for estimating the language test validity 

(Chapelle, 1999). In doing so, DIF has been proposed as a serious threat to 

test validity in the last two decades (Gómez-Benito, Sireci, Padilla, Hidalgo, 

& Benítez, 2018). Accordingly, DIF can investigate the consequences of 

language testing such as post-hoc reading comprehension test bias to gender.   

Striving to spread modern methodologies in language testing (see 

Geramipour & Shahmirzadi, 2018, 2019), this study also aimed to show an 

application of item-focused trees (IFT) to study uniform and non-uniform 

DIF in an EFL reading comprehension test based on the classic logistic 

regression analysis. The main advantages of the IFT method are to manage 

more than one DIF source and continuous variables. Accordingly, for the first 

time, it was decided to apply this methodology in EFL language testing. In 

doing so, a high stakes EFL reading comprehension test with 20 items was 

selected for the analysis. Then, three DIF source variables including gender, 

undergraduate academic average score, and undergraduate field of study 

were taken into account in the process of IFT analysis. All of the possible 

interactions among the demographic variables were investigated in one 

session. Finally, two types of uniform and non-uniform DIFs were detected 

in the reading comprehension test by at least double DIF source variables.  

Looking forward to detecting gender-related DIF in the uniform DIF 

analysis, item 18 of the reading comprehension test showed only a single 

effect of gender as seen in Figure 2. 

 

Figure 2. Gender-related Uniform DIF Tree of Item 18 of the Reading Section 

Figure 2 shows that male examinees are more likely to answer the 

item 18 correctly. Considering the key answer to the item reveals that the 

correct answer to the item had an exercise-related content and may indirectly 
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remind a kind of sport for men. Then, males may be more attracted to the test 

option because men are naturally more interested in and busy with sport 

(Park, 2008). Therefore, ignoring their real ability, they may choose the 

correct answer more likely compared to females. This result confirms the 

findings reported by Park (2008) who states that the test contents related to 

sport favor males.  

Looking for a single DIF effect of the undergraduate academic 

average score variable, 6 items (items 2, 7, 8, 12, 17, and 20) were detected 

to have uniform DIF against it. As the DIF source variable is continuous, the 

splits found on the average scores show which cut points are biased against 

the examinees. For instance, Figure 3 shows that students with an 

undergraduate average score less than or equal to 16.54 have the higher 

chance to answer the test item correctly. 

 

Figure 3. Uniform DIF Tree of Item 2 Based on the Undergraduate Academic 

Average Score  

Academic average score has been considered to be an important 

dependent variable among college students in some recent studies 

(Buckingham, 2013; García, López, Icaran, & Burgos, 2014; Tien & Fu, 

2008); however, the independent role of the variable as a DIF source was 

investigated for the first time in the present study. Therefore, the reasons why 

such a new variable induces DIF in an EFL reading test may call for 

qualitative investigation.  

A single uniform DIF effect of undergraduate field of study variable 

was also detected in item 13 of the reading comprehension test as seen in 

Figure 4. 
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Figure 4. Uniform DIF tree of item 13 based on the single DIF effect of 

undergraduate field of study variable 

Most of the students, who took part in the national MA entrance exam 

of English studies, held a BA in English. The results of the present study 

indicate that, to some extent, the reading content of such a high stakes test 

may not be proper for the candidates of other majors. 

At last, in the phase of uniform DIF analysis, there are also 2 items 

which are induced by 2 DIF source variables simultaneously. Item 9 is 

affected by gender and undergraduate academic average score variables. 

Undergraduate field of study and undergraduate academic average score are 

responsible for DIF in item 10 of the reading test. Figure 5 shows the DIF 

tree of item 10 through inducing DIF sources. 

 

Figure 5. Uniform DIF Tree of Item 10 with 2 DIF Variables 

The item shows that the examinees with a related BA degree 

(subject=1) and an undergraduate academic average score equal or less than 

13.52 (average<=13.52) had higher chances to give the correct answer to 

item 10 of the reading test correctly. 

In the non-uniform DIF analysis stage, 2 items (items 3 and 9) were 

biased toward the gender variable. Figure 6 shows the item-focused tree for 

item 3 of the reading comprehension test. 
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Figure 6. Gender-related Non-uniform DIF Tree of Item 18  

Non-uniform DIF, in this case, means that female examinees with 

higher abilities surpass male counterparts; however, in examinees with 

average and low ability levels, male candidates perform better in the reading 

test items. Although most of the research about gender differences in reading 

had uniformly compared male and female ESL college students (Brantmeier, 

2003; Dreyer & Oxford, 1996; Goh & Foong, 1997; Green & Oxford, 1995; 

Oxford & Nyikos, 1989; Phakiti, 2003; Poole, 2005; Shmais, 2003; Szoke & 

Sheorey, 2002; Young & Oxford, 1993), none of them were 

methodologically capable of investigating the non-uniform gender 

differences among them. Moreover, as shown in Table 2, items 13 and 20 had 

non-uniform DIF against the undergraduate academic average score and 

undergraduate field of study variables, respectively. Figure 7 shows the item 

focused tree of the item 20 against its DIF source. 

 

Figure 7. Gender-related Non-uniform Item Focused Tree of Item 20  

Non-uniform DIF in item 20 means that only higher ability candidates 

majoring in a related field in English studies had higher chance to answer the 

item and the scenario is totally different in lower levels.  

At last, as seen in Figure 8, only one item (item 7) had a non-uniform 

DIF with 2 simultaneous DIF sources including undergraduate academic 

average score and gender variables. 

 



136            Journal of Modern Research in English Language Studies 7(2), 123-147,  (2020)   

 

Figure 8. Non-uniform DIF Tree of Item 7 with 2 Simultaneous DIF Source Variables 

The same gender-related scenario, like the item 3 and 9 of the reading 

test, was observed in item 7. However, it only occurs for candidates with an 

undergraduate average score higher than 15.50. In fact, the candidates' 

average scores have a screening role for further non-uniform DIF analysis 

based on the gender variable. 

Overall, reader background and reading text characteristics are two 

important variables, which affect the process of reading comprehension 

(Woolley, 2011). Considering the former factor, the results of this study 

showed that gender, academic average score, and the BA students’ fields of 

study are related to their test performance. Although the role of gender is 

evident with reference to the literature, the other background variables in this 

study need to be more scrutinized. DIF sources such as academic average 

scores and the examinees’ fields of study are background variables that are 

directly related to the background knowledge and are consequently 

associated with EFL reading comprehension.  

Finally, in line with the results of this study, the impact of background 

knowledge on the student's reading comprehension has been extensively 

addressed in the literature (e.g. Eason, Goldberg, Young, Geist, & Cutting, 

2012; Hudson, 1998; Kobayashi & Rinnert, 1996; Sadeghi, 2007; Woolley, 

2011). Moreover, it is worth noting that the relationship is bidirectional. 

More specifically, background knowledge is related to reading ability and 

English language proficiency conversely affects background knowledge such 

as academic average score (Maleki & Zangani, 2007).  

5. Conclusion and Implications 

      Reading comprehension section plays a determining role in the 

examinees’ acceptance. Therefore, there is a call for exploring the DIF 

factors leading to test item bias and taking the statistical measures to reduce 

the possibility of examinees’ distinction based on non-test factors. In the 

reading comprehension section, the test item developers need to exert more 

sensitivity due to the biases that may be caused by the examinees’ 

background linguistic-content knowledge and personal orientations than their 

reading comprehension skills.  
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      After all, for the first time in language testing literature, the present 

study showed the successful application of logistic regression-based IFT 

method (Berger & Tutz, 2016) to detect DIF in a high stakes EFL reading 

test. Future research may target the grammar or cloze test sections to apply 

the IFT method in EFL testing. Moreover, further research may employ 

simulation studies mimical to the EFL reading data parameters to investigate 

the hit rate (true positive rate of DIF detection) of the IFT method. It is hoped 

this study could make a contribution to advance methodology in language 

testing on the one hand, and provide hints to promote reading studies on the 

other.  
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Appendix 1: Reading comprehension test passages and items 
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