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Abstract. Test fairness is an important indicator of the validity of test 
results. The fairness and equity require ensuring that the background 
characteristics of test-takers, such as ethnicity and gender, do not affect 
their test scores. Differential item functioning (DIF) methods are 
commonly used to detect potentially biased items that lead to the unfair 
assessment of the performance of test-takers with the same ability levels 
coming from the different cultural, social, demographic, and linguistic 
backgrounds. This study aims at detecting potentially biased items 
across gender and examining their effect on test scores to ensure the 
fairness of test results for each domain and the entire test. Item response 
theory (IRT) based Lord’s chi-square DIF method at item level and 
Mantel-Haenszel/Liu-Agresti differential test functioning (DTF) method 
at test level were implemented to the English Placement Tests (EPT) 
administered to high school graduates by the National Center for 
Assessment. The results show that 6 items of the EPT exhibit DIF for the 
entire test. Two of them are related to reading comprehension and four 
to the structure domain, while none of the compositional analysis 
methods shows DIF. These results indicate the existence of content 
specific DIF effect. Additionally, two items exhibit uniform DIF, one of 
which shows DIF favoring male students and the offer favoring female 
students. The small to moderate DTF effect associated with sub-domains 
and the entire test imply that DIF effects cancel each out, assuring the 
fairness of results at test level. However, the items with substantially 
high DIF values need to be examined by content experts to determine 
the possible cause of DIF effects to avoid gender bias and unfair test 
outcomes. We also suggest conducting further studies to investigate the 
reasons behind the content specific DIF effects in language tests. 

 
Keywords: test fairness and validity; gender bias; language testing; 
differential item functioning; differential test functioning 
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1. Introduction  
The major concern of the stakeholders in education and test-takers is to ensure 
the fairness tests. The best way to provide fairness regarding the decision made 
upon a test is to increase the validity and reliability of test results. Therefore, any 
effort to minimize confounding factors such as random and systematic errors, 
and increase validity and reliability of test will serve the purpose of developing 
fair tests and valid test scores for examinees belonging to different groups. 
Examining the factorial structure of a test and differential functioning at the item 
level and test level are commonly used methods to assess the reliability and 
validity of test scores. Differential functioning may occur when items and tests 
produce different results for different groups consistently and therefore lead to 
invalid test scores and decisions made based on these scores.  
 
The stakeholders that take part in educational test development and assessment 
processes explicitly emphasize the importance of fairness in test results 
regarding different subgroups. They put a substantial amount of effort to detect 
irrelevant factors threatening the construct validity of the test. They are aware of 
the necessity and importance of collecting evidence to justify the validity and 
fairness of the tests and change the testing policies accordingly. Recently, the 
European Federation of Psychological Association has proposed a model for 
collecting evidence of construct validity (Evers, Muñiz, Hagemeister, 
Høstmælingen, Lindley, Sjöberg, & Bartram, 2013; Hope, Adamson, McManus, 
Chris, & Elder, 2018) in which using differential item functioning (DIF) is 
considered as an important method for assessing the quality of the test. 
Moreover, the Test Commission of the Spanish Psychological Association has 
emphasized the critical role of DIF analysis in the context of test fairness 
(Hernández, Tomás, Ferreres, & Lloret, 2015; Hope et al., 2018).  

A common definition of differential item functioning (DIF) is that an item is said 
to exhibit DIF when the probability of correct response to an item differs across 
subgroups with the same ability level (Hambleton & Rogers, 1989). DIF types are 
classified into two groups that are uniform DIF and non-uniform DIF. An item 
exhibits uniform-DIF when the difference in item performance is consistent and 
in favor of certain subgroups across the entire range of ability. However, if this 
difference between subgroups is not consistent, then DIF is identified as non-
uniform (Hambleton, Clauser, Mazor & Jones, 1993). 

The existence of DIF is an indicator of item bias and the presence of the 
secondary latent trait besides the primary latent trait that an item aims to 
measure. However, this secondary latent trait does not always imply bias or 
cause unfair assessment. If the secondary latent trait is related to the primary 
trait and occurs due to the nature of the measured structure, then the item is not 
labeled as unfair regardless of the differing performance of sub-groups. This 
situation was illustrated in a study conducted by Drabinová and Martinková 
(2016). They found that one DIF item related to childhood illness in which 
females showed better performance than males. However, a detailed 
investigation of content experts revealed that this performance difference 
occurred since women are more experienced than men since they spend more 
time with their children in the Czech Republic (Martinková et al., 2017). 



29 

 

©2020 The authors and IJLTER.ORG. All rights reserved. 

Therefore, the performance difference between women and men in this example 
reflects the true ability difference and does not cause unfairness. Therefore, an 
item may display DIF, however, this finding does not provide enough evidence 
to classify this item as a biased item. Bias is related to systematic error in test 
administration and contents and relies on both statistical tests and expert 
opinions (Camilli & Shepard, 1994; Clauser & Mazor, 1998; Wiberg, 2006), while 
DIF only relies on statistical tests.  

Although there are many different parametric and non-parametric methods to 
detect DIF, which method to utilize is a main concern of researchers, since each 
method has advantages and shortcomings (Anastasi & Urbina, 1997; Hunter, 
2014). For instance, some methods fail to detect non-uniform DIF but effective 
when the sample size is small, such as the Mantel Haenszel and Rasch methods, 
while some methods are capable of detecting non-uniform DIF but requires 
large sample size (Ferne & Rupp, 2007; Lai, Teresi, & Gershon,2005) such as IRT 
based Raju’s area method and Lord’s chi-square method. These aforementioned 
methods are the most commonly used exploratory methods utilized to identify 
differential item functioning for categorical variables that represent existing 
subgroups such as gender, nationality, and age groups (Aryadoust & Zhang, 
2016). The next step after detecting items exhibiting DIF is to investigate the 
possible source and cause of occurrence of DIF (Zhu & Aryadost, 2020). 

The EPT is administered to high school graduates by the National Center for 
Assessment (NCA) in Saudi Arabia. The results of the EPT has been used by 
several colleges, universities, and institutes to measure students’ language skills, 
to screen their improvements across different levels or to determine their 
required language proficiencies (Education & Training Evaluation Commission 
[ETEC], 2020). Luo and Al-Harbi (2016) examined the factorial structure of the 
EPT with unidimensional and DIMTEST methods. They found strong evidence 
supporting the unidimensionality of the EPT which justified the usage of the 
IRT-based models instead of the classical test theory method (CTT).  

1.1. Literature review 
There have been many studies conducted to ensure test fairness across different 
subgroups and to define the potential source of DIF effects. Drabinová and 
Martinková (2016) conducted a study to determine the potential sources of DIF 
effects concerning the presence of the secondary latent trait besides the primary 
latent trait. They concluded that the existence of the DIF effect for some items 
did not mean that these items were biased because some of the DIF effects 
reflected the relationship between the secondary latent trait and the primary 
latent trait. Thus, they suggested that one should avoid labeling DIF items as 
biased items without the investigation of the content experts. 

Chubbuck et al. (2016) studied DIF effects in the context of differing contents 
across gender groups. They employed the Mantel–Haenszel and standardized 
DIF methods to detect DIF items for each content domain. They found that the 
males showed better performance than females in reading comprehension items. 
They also defined the lack of sufficient context in the sentence completion items 
as a potential source of DIF effects. Finally, they recommended utilizing more 
than one DIF methods to increase the accuracy of the results. Wedman (2018) 
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examined if the language ability of non-native test takers that took the test in a 
language other than their mother tongue affected their performance compared 
to the native speakers. It was found that the deficiency in the language skill of 
non-native test takers caused the DIF. Moreover, He defined the failure in 
wording the content clearly in an item as a potential source of DIF effects. 
(Siegel, 2007, Wedman, 2018). 

In one study, Stage (2005) investigated the SweSAT test items administered in 
spring concerning DIF across gender groups. The Mantel–Haenszel DIF method 
was employed to detect DIF items and It was found that 21 out of 122 items 
exhibited DIF across gender groups. Among these DIF items, 10 items related to 
the quantitative and verbal domains were in favor of female students. However, 
this study did not find any patterns among DIF items and did not suggest 
anything about the potential source of DIF effects. Federer and her colleagues 
(2016) employed the Mantel-Haenszel DIF method for detecting potential DIF 
items in the context of natural selection across gender groups. They specifically 
focused on open-ended questions. It was found that women outperformed men 
for the items that require applying the knowledge to the new conditions. 
Admitting the fact that the developed measurement instrument showed gender 
bias and, they did not suggest anything about the potential source of DIF effects 
due to the complex nature of DIF structure. 

Similarly, Lin and Wu (2003) used DIF and differential bundle functioning (DBF) 
to detect items that function differently across gender on the EPT administered 
to Chinese EFL learners. For this purpose, they used the SIBTEST methods to 
detect DIF items. The results of this study indicated that the testlets (item 
bundles) containing the listening comprehension items showed DIF in favor of 
females, while the testlets containing the grammar and vocabulary exhibited DIF 
in favor of males. Thus, these findings provide strong evidence about content 
specific DIF. Pae (2012) studied the trends in the magnitude of DIF on the 
English subtest administered to the Korean students across gender groups for 
the nine-year period. He used the Mantel-Haenszel and IRT-based likelihood 
ratio test methods to detect the DIF items. Moreover, the study examined the 
effects of reading strategies and perceived interest on the magnitude of DIF. The 
results of this study showed the strong evidence about the relationship between 
the type of items and DIF, and a substantial interaction between the test takers 
interest in the items and the magnitude of DIF across gender. 

It is substantially important to run DTF analyses along with DIF since items are 
small and unreliable compared to the test (Gierl, Bisanz, Bisanz, Boughton, & 
Khaliq, 2001) and the total amount of DIF provides an overall effect of DIF on 
test scores even when there is no item detected as DIF in a test (Hunter, 2014; 
Shealy & Stout, 1993). Additionally, DTF values can be negligibly small when 
these DIF items are in favor of different subgroups or in a different direction 
where DIF effects cancel each out (Borsboom, 2006; Zhu & Aryadoust, 2020). 
DTF is also important since decisions about examinees are not made at item-
level, but test-level (Ellis & Raju, 2003; Roznowski & Reith, 1999; Pae & Park, 
2006; Zumbo, 2003). More detailed information about the DIF and DTF methods 
is provided in the following sections. 
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1.2. IRT based DIF methods 

The IRT based DIF methods are suggested in the case of a large sample size. The 
latent variable (ability estimate-θ) estimated by IRT models is used as a 
matching variable for subgroups rather than observed scores. There are many 
different IRT based methods to detect DIF items, some of which are test of b 
difference, Lord’s chi-square, Raju’s area method, likelihood ratio test (LRT 
method), and item drift method.  The Lord’s chi-square DIF method (Lord, 1980) 
is an extension of the test of b difference and takes the other parameters into 
account. The major shortcoming of Raju’s area method is that the exact areas 
between ICCs are infinite when guessing parameters are not equal (Hunter, 
2014). In this project, Lord’s chi-square DIF method was used to detect DIF 
items, because it takes more than one parameter into account when calculating 
DIF statistics and capable of detecting both uniform and non-uniform DIF in the 
presence of large sample size. The “difR” package installed in the R program 
was used to run DIF analyses. The formula for Lord’s chi-square DIF methods is 
as follows: 

 

(1) 

 

where VjR = (ajR, bjR, cjR) and VjF = (ajF, bjF, cjF) are the vectors of item parameters 
related to the reference group and focal group, respectively. Besides, the 
variance-covariance matrices of reference and focal groups are denoted by ∑ 𝑗𝑅 
and ∑ 𝑗𝐹, respectively. The 𝑄1-statistic has chi-square distribution and its 
degrees of freedom is equal to the number of estimated parameters (Camilli, 
2006; Lord, 1980). Previously research show that DIF results obtained from 
Lord’s chi-squared test and Raju’s unsigned area method are highly correlated 
(Millsap & Everson, 1993; Shepard, Camilli, &Williams, 1985). The most 
important disadvantage of the Lord’s chi-squared test is that it tends to reject the 
null hypothesis of no DIF even when the discrepancy between ICCs of sub-
groups is small in the presence of a large sample size (Camilli & Shephard,1994; 
Wiberg, 2006). Thus, a more stringent criterion should be used in the presence of 
a large sample size.  

 
1.3 Differential test functioning (DTF) 

Differential test functioning (DTF) values correspond to the total amount of DIF 
for the entire test. Therefore, it is equal to the sum of item DIF statistics in a test 
(Donovan, Drasgow & Probst, 2000; Ellis & Mead, 2000; Hunter, 2014; 
Nandakumar, 1993).  There are different methods to calculate DTF such as Raju’s 
DFIT (Raju, van der Linden & Fleer, 1995), and Mantel-Haenszel/Liu-Agresti 
method (Penfield & Algina, 2006). Raju’s DFIT estimates DTF through 
calculating the squared difference between test characteristic curves, while the 
Mantel-Haenszel/Liu-Agresti method is based on variance estimates and tend to 
have higher DTF rates than Raju’s DFIT (Hunter, 2014). Penfield (2005, 2013) 
developed a program called DIFAS which enables us to calculate both DIF and 
the Mantel-Haenszel/Liu-Agresti statistics. In this study, the MH-LA method 
was used to evaluate DTF associated with the EPT tests.  
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The formula for MH-LA DTF method proposed by Camilli and Penfield (1997) is 
as follows: 
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where “I” represents the number of items; 𝜓�̂�  denotes MH log-odds ratio 

statistics; µ represents mean and 𝑠𝑖
2 represent the error variance of ψ. Some 

studies report weighted 𝜏2 statistics along with 𝜏2 statistics. The formula for 
weighted 𝜏2 is as follows: 
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where 𝑤𝑖 is equal to 𝑠𝑖
−2. 

 
1.4 The purpose of the study 

This study aims at examining the presence of items that function differently for 
the entire test and across different sub-domains for gender in English Placement 
Tests (EPT) to ensure the fairness of the test. For this purpose, item response 
theory (IRT) based Differential Item Functioning (DIF) at the item level and 
Differential Test Functioning (DTF) methods at the test level were implemented, 
respectively, to examine whether items function differently across different 
subgroups.  

 

Considering the findings of previously conducted studies, this study aims to test 
five different hypotheses. The first hypothesis is that the factorial structure of the 
EPT remains unchanged across gender groups. The second hypothesis is that 
some of the EPT items are likely to exhibit DIF across gender. The third 
hypothesis assumes the existence of content specific DIF items at the item level. 
The fourth and fifth hypotheses are that the existence of DIF items affects the test 
scores for the entire test and each subdomain. 

 
1.5 Research questions 

1. Do the factorial structure of EPT for the entire test and each gender group 
support the unidimensionaliy? 

2. Do items of the EPT function differently across gender (female vs. male)? 

3. What is the distribution of DIF items across sub-domains (Reading 
Comprehension, Structure, and Compositional Analysis), when each domain is 
treated as a separate test? 

4. Do test scores of the EPT exhibit differential test functioning (DTF) across 
gender (Female vs. Male)? 

5. Do test scores of the EPT exhibit differential test functioning (DTF) across 
gender, when each domain is treated as a separate test? 
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2. Materials and Methods  
2.1 The instrument and data 

The EPT consist of three sub-domains that are reading comprehension, structure, 
and compositional analysis, respectively. It consists of 85 dichotomously scored 
items in which 22 items are related to reading comprehension, 43 items are 
related to structure and 20 items are related to compositional analysis, 
respectively. After the preliminary IRT-based item analyses, 2 items related to 
the reading comprehension domain, and 3 items related to the structure domain 
that showed misfit to the test were excluded. The final version of the EPT 
consists of 80 dichotomously scored items in which 20 items are related to 
reading comprehension, 40 items are related to structure and 20 items are related 
to compositional analysis, respectively. 

 

The data for this study come from EPT 0105 test forms which were administered 
to 11,362 high-school graduates including 5665 females (49.85%) and 5,697 males 
(50.15%) in 2017. A relatively small sample data with 1000 cases were randomly 
drawn from the population and used to conduct the DIF and DTF analyses. The 
sample data comprise of 506 females (50.6%) and 494 (49.4%) males, 
respectively. The reason behind using the relatively small sample size is that the 
chi-square statistics are affected by the large sample size that increases the 
probability of committing Type-I error. In other words, some non-DIF items 
might be flagged as DIF items when the sample size is large. 

 
2.2. Statistical analysis  

This study used the quantitative descriptive research design to investigate the 
structure of the test, to detect the items that function differently across gender 
groups and the effect of these items on test scores at the test level. The first 
research question requires examining the factorial structure of EPT data. It is 
also necessary to see whether the assumption of unidimensionality is met since 
the IRT based DIF method will be implemented. A test is said to be 
unidimensional when there is one dominant factor (or latent variable) that 
underlies the scores obtained from the test. Thus, a one-factor CFA model was 
tested and fit measures of this one-factor CFA model were compared to see if the 
one-factor model fits the data. Besides, the one-factor CFA model was tested for 
both males and females to see whether the factorial structure remained the same 
across gender. A combination of data fit measures (goodness of fit statistics) 
such as the chi-square statistics, CFI (the comparative fit index), TLI (the Tucker-
Lewis index) and RMSEA (root mean square error of approximation) for CFA 
models provides insight into the degree of data fit for the pre-specified model.  

 

After checking the assumption of the IRT model, Lord’s chi-square DIF method 
was used to detect items that exhibit DIF. The more stringent criterion for 
detecting DIF was favored and DIF analyses were employed to the sample data. 
Thus, the significance level of 0.01 (α=0.01) was used (rather than 0.05) with the 
detection threshold equal to 9.210. Along with Lord’s chi-square DIF method, 
the Mantel-Haenszel/Liu-Agresti differential test functioning (DTF) method was 
employed to test the effects of DIF items at the test scores that might lead to 
unfair assessment. Penfield (2013) has suggested a set of criteria to assess the 
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degree of DTF for the Mantel -Haenszel/Liu-Agresti DTF method. Since it is 
based on the variance of DIF items, DTF statistics (t2) smaller than 0.07 are 
considered to be negligibly small, while DTF values (t2) between 0.07 and 0.14 
indicate medium DTF effect and DTF values larger than 0.14 indicate large DTF 

effect, respectively. Hunter (2014) claims that the Mantel -Haenszel/Liu-Agresti 
DTF method is more stringent in general and shows higher rates of DTF 
compared to Raju’s DFIT method. Therefore, DTF statistics larger than 0.14 is 
adopted as an indicator of substantial DTF for the test. 

 
3. Results 
In this section, firstly, CFA results that indicate the unidimensionality of each 
test are provided. Additionally, descriptive statistics and reliability coefficients 
of entire EPT tests and each subdomain of these tests are presented. Secondly, 
the results of the IRT-based Lord’s Chi-square DIF method used to determine 
the items that function differently across gender for the entire test and each 
domain, are presented. Finally, the results of the Mantel -Haenszel/Liu-Agresti 
differential test functioning (DTF) method used to examine DIF effects across 
gender at the test level are provided in the following sections, respectively. 

 

CFA results of the one-factor model and three-factor model, where each domain 
is treated as a factor, for the entire EPT, and each gender category are presented 
in Table 1.  

 
Table 1. CFA results of the One-Factor CFA model of EPT Data Across Gender 

Models Group χ2 df CFI TLI RMSEA 
90% for 
RMSEA 

One-factor 
Model 

      LL UL 

ALL 19376.905 3080 0.964 0.963 0.30 0.30 0.31 

Females 10385.585 3080 0.969 0.968 0.28 0.28 0.29 

Males 9731.157 3080 0.961 0.960 0.28 0.27 0.29 

 

According to the goodness of fit statistics given in Table 1, both CFI and TLI 
statistics are above 0.95 indicating a good fit between model and data as Hu and 
Bentler (1999) suggested for both one-factor. Besides, the RMSEA values for the 
whole data set and each gender group are below the 0.06 criterion, and the 95% 
confidence interval of RMSEA is also below 0.06 indicating a good fit for both 
factors. However, chi-square values are statistically significant which are 
expected to be not statistically significant. The main reason behind this 
significant result might be the large sample size since the chi-square test results 
tend to be significant as the sample size increases. These results indicate that the 
one-factor CFA model shows a good fit to the data. Therefore, the EPT can be 
considered as unidimensional where all items load on one factor. 

 

Table 2 presents descriptive statistics and reliability coefficients associated with 
the entire EPT test and with each subdomain. Two different reliability 
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coefficients, that are Cronbach’s reliability coefficient and composite reliability 
coefficients (or latent variable modeling -LVM based reliability) were calculated. 
Composite reliability is calculated with factor loadings obtained from CFA, 
provided that the test is unidimensional. It provides more accurate reliability 
coefficients if essentially tau-equivalence does not hold and tends to yield higher 
reliability results when this assumption is violated. 

 
Table 2. CFA results of the One-Factor CFA model of EPT Data Across Gender 

Test/ Domain Mean SD r Crombach- a a-LL a-UL 

       

EPT-ALL 49.38 17.68 0.96 0.95 0.95 0.95 

Reading 
Comprehension 12.27 4.51 0.852 0.83 0.82 0.83 

Structure 25.07 9.5 0.932 0.92 0.93 0.93 

Compositional 
Analysis 12.04 4.46 0.844 0.83 0.84 0.84 

 

According to results in Table 2, Cronbach – coefficients are substantially high 
with 0.95 for the entire test, 0.83 for reading comprehension (RC), 0.92 for 
structure, and 0.83 for compositional analysis. On the other hand, composite 
score reliability coefficients are somewhat higher compared to Cronbach 
coefficients. However, the discrepancy between composite reliability and 
Cronbach is negligible small indicating that the assumption of essentially tau-
equivalence holds for EPT. Additionally, yielding substantially high-reliability 
coefficients is also an indicator of unidimensionality. 

 
3.1 DIF and DTF results of the EPT 

Table 3 provides the DIF results of the entire test regardless of different 
domains. The first column presents item numbers along with “rc”, “st” and “ca” 
abbreviations that stand for each subdomain that are reading comprehension, 
structure and compositional analysis, respectively. The second and third column 
presents Lord’s chi-square DIF statistics and corresponding significance test 
results (p-values) for each item. 

 
Table 3. DIF statistics of all items in EPT test 0105 

Item no Statistics p-value Item no Statistics p-value 

rc1 0.983 0.612 st21 4.383 0.112 
rc2 0.030 0.985 st22 1.389 0.499 
rc3 1.454 0.483 st23 4.193 0.123 
rc4 30.521 0.000 st24 12.239 0.002 
rc5 2.054 0.358 st25 0.778 0.678 
rc6 0.036 0.982 st26 1.482 0.477 

rc7 22.769 0.000 st27 1.487 0.476 
rc8 7.114 0.029 st28 2.788 0.248 
rc9 2.710 0.258 st29 1.666 0.435 
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rc10 4.799 0.091 st30 0.345 0.841 
rc11 7.335 0.026 st31 0.241 0.887 
rc12 7.093 0.029 st32 1.479 0.477 
rc13 2.741 0.254 st33 5.823 0.054 
rc14 2.736 0.255 st34 0.681 0.712 
rc15 0.330 0.848 st35 6.295 0.043 
rc16 4.843 0.089 st36 5.957 0.051 
rc17 2.439 0.295 st37 0.706 0.703 
rc18 3.727 0.155 st38 8.474 0.015 
rc19 1.034 0.597 st39 11.021 0.004 
rc20 5.446 0.066 st40 2.700 0.259 
st1 0.517 0.772 st41 1.671 0.434 
st2 7.003 0.030 ca1 3.237 0.198 

st3 12.894 0.002 ca2 0.041 0.980 
st4 1.212 0.545 ca3 3.856 0.145 
st5 2.028 0.363 ca4 0.593 0.744 
st6 4.257 0.119 ca5 3.949 0.139 
st7 1.478 0.478 ca6 4.428 0.109 
st8 0.129 0.938 ca7 0.816 0.665 
st9 0.065 0.968 ca8 1.269 0.530 
st10 5.662 0.059 ca9 1.066 0.587 
st11 1.397 0.497 ca10 2.331 0.312 
st12 0.720 0.698 ca11 2.348 0.309 
st13 5.954 0.051 ca12 5.999 0.050 
st14 2.261 0.323 ca13 3.566 0.168 
st15 2.651 0.266 ca14 7.381 0.025 

st16 11.778 0.003 ca15 1.725 0.422 
st17 0.338 0.845 ca16 0.566 0.754 
st18 2.831 0.243 ca17 1.043 0.594 
st19 4.721 0.094 ca18 1.059 0.589 
st20 0.054 0.974 ca19 7.728 0.021 

 

According to results in Table 3, six items (rc4, rc7, st3, st16, st24, st39) out of 80 
items of EPT had Lord’s chi-square statistics greater than DIF detection 
threshold (9.21) and are detected as DIF items. Although chi-square statistics 
associated with rc4 and rc7 are substantially high, the other four items’ chi-
square statistics are around 12 and are close to the DIF detection threshold. DIF 
results also indicate that 2 out 6 DIF items are associated with reading 
comprehension, while 4 out 6 DIF items are associated with the structure 
domain. None of the items of the compositional analysis domain are detected as 
DIF. Figure 1 depicts item characteristic curves (ICC) of focal (male) and 
reference (female) groups for each item detected as DIF. The straight-line 
represents ICC associated with the focal group, while the dotted line represents 
ICC associated with the reference group. The lines in the ICCs represent the 
probability of answering an item correctly across the ability range (θ) for each 
gender group. The discrepancy between the lines indicates the existence and the 
amount of DIF effect. 

 

One can observe from ICCs given in Figure 1 that item 4 (rc4) and item 23 (st3) 
exhibit uniform DIF meaning that the discrepancy of ICCs between males and 
females is consistent across the entire range of abilities (Hambleton et al., 1993). 
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Moreover, item 4 shows DIF favoring male students, while item 23 shows DIF 
favoring female students. On the other hand, the other 4 items exhibit non-
uniform DIF indicating that discrepancies between ICCs of DIF items are not 
consistent across the ability distribution. Moreover, one can observe that male 
students perform better at low ability levels, while female students perform 
better at high ability level for each non-uniform DIF items. 

 

  

  

  

Figure 1. Item Characteristic Curves for DIF items of the EPT 
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3.2 DIF results across sub-domains 

Table 4 provides DIF results of each subdomain: reading comprehension, 
structure, and compositional analysis. The first 3 columns present item no, 
Lord’s chi-square DIF statistics, and corresponding significance test results (p-
values) related to reading comprehension. DIF results of structure are followed 
by reading comprehension and compositional analysis domains.  

 
Table 4. DIF statistics across sub-domains of EPT 

 Structure  Reading comprehension Compositional analysis 
Item 
no Statistics p-value 

Item  
no Statistics p-value 

Item  
no Statistics p-value 

st1 0.542 0.763 rc1 1.249 0.536 ca1 4.305 0.116 
st2 7.942 0.019 rc2 0.089 0.956 ca2 0.558 0.757 

st3 11.870 0.003 rc3 1.559 0.459 ca3 2.700 0.259 
st4 0.346 0.841 rc4 24.107 0.000 ca4 1.110 0.574 
st5 1.950 0.377 rc5 0.762 0.683 ca5 3.525 0.172 
st6 4.641 0.098 rc6 0.158 0.924 ca6 4.757 0.093 
st7 1.052 0.591 rc7 16.801 0.000 ca7 2.479 0.290 
st8 0.317 0.854 rc8 6.881 0.032 ca8 0.267 0.875 
st9 0.162 0.922 rc9 2.559 0.278 ca9 2.063 0.357 
st10 4.603 0.100 rc10 3.028 0.220 ca10 4.878 0.087 
st11 0.700 0.705 rc11 5.228 0.073 ca11 0.549 0.760 
st12 0.419 0.811 rc12 2.969 0.227 ca12 6.212 0.045 
st13 7.077 0.029 rc13 5.676 0.059 ca13 3.670 0.160 
st14 2.632 0.268 rc14 2.039 0.361 ca14 2.390 0.303 
st15 3.283 0.194 rc15 0.134 0.935 ca15 2.725 0.256 

st16 11.177 0.004 rc16 2.469 0.291 ca16 0.747 0.689 
st17 0.050 0.975 rc17 1.526 0.466 ca17 2.577 0.276 
st18 3.760 0.153 rc18 0.690 0.708 ca18 0.274 0.872 
st19 3.601 0.165 rc19 2.021 0.364 ca19 6.162 0.046 
st20 0.000 1.000 rc20 4.331 0.115    
st21 3.772 0.152       
st22 1.390 0.499       
st23 5.243 0.073       

st24 13.468 0.001       
st25 0.770 0.681       
st26 1.505 0.471       
st27 0.247 0.884       
st28 0.941 0.625       
st29 0.652 0.722       
st30 0.920 0.631       
st31 0.433 0.805       
st32 1.498 0.473       
st33 3.856 0.145       
st34 0.390 0.823       
st35 7.801 0.020       
st36 5.763 0.056       
st37 0.779 0.678       
st38 8.422 0.015       
st39 9.671 0.008       
st40 3.021 0.221       
st41 0.970 0.616       
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DIF results in Table 4 indicate that 2 items (rc4, rc7) in reading comprehension 
and 4 items (st3, st16, st24, st39) in structure domains are detected as DIF. 
Additionally, none of the items of the compositional analysis domain are 
detected as DIF. One can notice that those same items are detected as DIF items 
for the entire test and each subdomain. Moreover, chi-square statistics associated 
with each DIF item across sub-domains tend to decrease somewhat compared to 
DIF results of the entire test in Table 3. Especially, decrements in DIF statistics 
are quite obvious for rc4 and rc7 and the DIF statistic of st39 (9,671) is close to 
the DIF detection threshold (9.21). 

 
3.3 Differential test functioning (DTF) Results 

In this study, the Mantel-Haenszel/Liu-Agresti differential test functioning 
(DTF) method (Penfield, 2013) which is based on variance estimates of DIF 
items, was used to examine DIF at test level. Table 5 provides DTF statistics 
including variance estimates (t2), weighted variance estimates (Weighted t2), 
associated standard errors (SE), and z-scores for each DTF statistic for the entire 
test and each subdomain. 

 
Table 5. DTF results for the entire test and each subdomain 

Test/domain Statistic Value SE Z 

EPT-All 
t2 0.068 0.012 5.667 
Weighted t2 0.06 0.01 6.000 

 
Reading Comprehension 

t2 0.097 0.032 3.031 
Weighted t2 0.072 0.024 3.000 

 Structure 
t2 0.067 0.016 4.188 
Weighted t2 0.06 0.015 4.000 

Compositional Analysis 
t2 0.032 0.012 2.667 
Weighted t2 0.03 0.011 2.727 

 

According to results in Table 5, the DTF variance associated with the entire test 
(0.068) is less than 0.07 indicating that the DTF effect of EPT is negligibly small. 
Moreover, this indicates that test scores do not function differently across gender 
at test level. Although 6 items detected as showing DIF, DTF results indicate that 
DIF effect cancels each out at test level, because some of them show DIF in favor 
of males, while some of them are in favor of females. When it comes to DTF 
variance associated with sub-domains, structure and compositional analysis 
domains yield DTF variance less than 0.07 indicating that DTF statistics 
associated with these domains are negligibly small. Moreover, DTF associated 
with reading comprehension (0.097) falls within 0.07 and 0.14 indicating a 
moderate DTF effect. However, the weighted variance associated with the 
reading comprehension domain (0.072) is close to 0.07 and can be considered as 
negligible small. The DTF variance of the compositional analysis domain (0.032) 
is relatively small compared to the other two domains since one item is detected 
as DIF supporting the DIF results at the item level. Thus, both negligible small 
DTF effects of the entire test and each domain indicate that DIF effects cancel 
each other at the test level. 4.  
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4. Discussion 
In this study, the IRT-based Lord’s Chi-square DIF method was utilized to 
determine the items functioning differently in the English Placement Test (EPT) 
across gender for the entire test and each subdomain. Moreover, the Mantel -
Haenszel/Liu-Agresti (MH-LA) differential test functioning (DTF) method was 
used to examine the DIF effect at the test level. The results of DIF and DTF 
analyses for the EPT were evaluated and compared at the item and test level. 

 

DIF analysis results indicate that 6 items (rc4, rc7, st3, st16, st24, st39) in EPT 
exhibits DIF regardless of test domains. When it comes to the distribution of DIF 
items across sub-domains, two DIF items are associated with the reading 
comprehension domain and the rest are associated with the structure domain. 
Moreover, none of the items of the compositional analysis domain is detected as 
exhibiting DIF. The DIF results across sub-domains, where each subdomain is 
treated as an independent test, yield parallel results with the entire test. 
Moreover, the number of DIF items, items detected as DIF, and the distribution 
of DIF items across sub-domains are identical with the entire test. However, the 
chi-square statistics associated with each DIF item across sub-domains tend to 
decrease somewhat when compared to the DIF results of the entire test. These 
results signal the existence of content specific DIF effect for the entire test. In 
other words, some domains, such as reading comprehension and structure, 
appear to be more prone to the DIF. These content-specific DIF effects might 
occur due to unintended latent traits (Ercikan et al., 2010) item contents such as 
cultural background or item properties. These unintended content-related 
factors increase the likelihood of occurrence of DIF (Martinkova et al., 2017).  

 

Item characteristic curves (ICCs) related to DIF items given in Figure 1 for focal 
(male) and reference (female) groups provide information about the type of DIF 
(uniform or non-uniform DIF) and behavior of items across ability levels. The 
ICCs associated with each gender group reveal that two items (item 4 and item 
23) exhibit uniform DIF. For these two DIF items, the male students perform 
better than female students on item 4, while female students show better 
performance on 23 compared to male students.  Moreover, the other 4 items of 
EPT exhibit non-uniform DIF indicating that discrepancy between ICCs of DIF 
items are not consistent across the ability distribution. For these non-uniform 
DIF items, male students perform better than female students at low ability 
levels, while female students perform better than male students at high ability 
levels for each non-uniform DIF items. These types of items require revision of 
content experts to define the source of DIF and to decrease the unfair effects of 
DIF on the evaluation process in large scale assessments (Penfield & Lee, 2010; 
Martinkova et al., 2017).  

 

Differential functioning at item level and test level appear to be associated and 
DTF is considered to be the sum of DIF for compensatory DIF defined by Raju 
and his colleague (Raju & Ellis, 2003). DTF results for the entire test of EPT show 
that the DIF variance associated with the entire test is less than 0.07 indicating 
that the DTF effect of EPT is negligibly small. Although 6 items detected as 
showing DIF, DTF results indicate that DIF effect cancels each out at test level, 
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because for some of them females outperform males, while males outperform 
females for the others. For compensatory DIF, there is a cancellation effect in 
which the DIF effect may cancel each out in the presence of items favoring 
different subgroups at test level (Flora, Curran, Hussong, & Edwards, 2008; 
Hunter, 2014; Nandakumar, 1993; Takala & Kaftandjieva, 2000). These results 
assure that EPT test scores does not function differently across gender and 
supports the fairness and validity of the test results at the test level. 

 

When it comes to DTF effects across sub-domains, structure, and compositional 
analysis domains have DTF variance less than 0.07 indicating that DTF effects 
associated with these domains are negligibly small. However, DTF associated 
with reading comprehension falls within 0.07 and 0.14 indicating moderate DTF 
effect, while weighted variance associated with reading comprehension domain 
is close to 0.07 and could be considered as negligible small. The relatively larger 
DTF effect associated with the reading comprehension domain might be an 
indicator of the existence of a construct-irrelevant latent factor such as the degree 
of vocabulary knowledge of test takers that have a benign effect on test results 

(Jang & Roussos, 2009). Moreover, the relatively larger DTF effects associated 
with reading comprehension and structure domains reveal that the existence of 
DIF effects at item level influences the DTF results. These results might also 
imply the existence of content specific DTF effect. 

 

Chubbuck and his colleagues (2016) examined the performance of gender 
groups on sentence-completion and reading comprehension questions using the 
Mantel–Haenszel and standardized DIF methods. They found out the content 
specific DIF in sentence-completion items in which males outperformed females 
in reading comprehension items (Wedman, 2018). The findings of the 
aforementioned studies support the results of this study concerning the 
occurrence of content specific DIF. Another factor that might cause DIF is the 
language skills of non-native test takers that take a test in a language other than 
their mother tongue. The deficiency in their language skill or failure in wording 
the content clearly in the item might lead to DIF between sub-groups (Siegel, 
2007, Wedman, 2018). The results of DIF and DTF induce item bias and violation 
of test fairness when a large number of items are in favor of a certain group and 
when unintended construct irrelevant factors are defined as a source of DIF (Zhu 
& Aryadoust, 2020). The relatively small number of DIF items and negligibly 
small DTF effects of the entire test indicate that the fairness of test scores is 
achieved for the EPT.  However, it is of great importance to use methods such as 
DIF and DTF to examine the fairness of the test across gender groups and to 
ensure equality between males and females. On the other hand, the results of 
this study showed that unintended factors, such contents favoring a certain 
group, might lead to the DIF effects which can only be controlled by content 
experts. Thus, another way of ensuring test fairness requires selecting the 
contents that are relevant to each gender group. 
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5. Conclusion 
DIF analysis is one of the most important methods employed to ensure the 
validity of the test and fairness of test score interpretation (Zumbo, 2007). The 
First step in DIF is to use statistical methods to determine DIF items. This step is 
followed by deciding whether to remove or to revise these items since 
statistically significant DIF results do not always indicate biased items. It 
requires a comparison of differential functioning results at item and test level 
and involvement of content experts for the final decision. There are different 
approaches to deal with items detected as DIF. Some researchers suggest 
removing DIF items to reduce DTF effect (Raju et al., 1995) while others suggest 
consulting test developers and content experts to examine the structure of test 
and items before removing DIF items and try to determine what exactly caused 
differential functioning (Martinkova et al., 2017; Penfield & Lee, 2010). 
Therefore, items with substantially high DIF values (rc4 and rc7 items) should be 
examined by content experts. Because, removing DIF items without any 
evaluation does not ensure the fair test (Clauser & Mazor,1998; Gierl et al., 2001; 
Hunter, 2014), specifically, when DTF effects of test forms are negligibly small 
and DIF effects cancel each out at test level.  

 

Some researchers who claim that removing DIF items may lead to weaker tests 
(rather than fair test) regarding the representation of constructs and variance 
explained by these items (Roznowski & Reith 1999). Therefore, consulting with 
test developers and content experts before removing the DIF items is suggested. 
It is also suggested to investigate the effects of other potential factors on DIF 
such as item order and mother tongue effects along with unintended content 
specific factors to explain DIF effect in the context of language testing. It is 
acknowledged that detecting DIF items might require using a combination of 
DIF methods to increase the accuracy of the results. This study is limited to 
detecting items that function differently across the gender groups for each 
content domain. The existence of DIF across other subgroups, such as native vs 
non-native speakers and across nationalities could be studied. Although this 
study provided evidence about the existence of content-specific DIF effect as a 
potential source of DIF, it was not possible to examine the content of each DIF 
item with content experts since the EPT items were not released. Another 
limitation is that the unidimensionality of test was addressed with the first 
research question, while the effect of the multidimensionality and the existence 
of unintended latent factor on DIF and DTF results were not taken into account.  
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