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在認知診斷測量架構中的試題差異功能偵測效果探討在認知診斷測量架構中的試題差異功能偵測效果探討在認知診斷測量架構中的試題差異功能偵測效果探討在認知診斷測量架構中的試題差異功能偵測效果探討    

洪素蘋洪素蘋洪素蘋洪素蘋    

試題差異功能檢驗已被視為在測驗發展過程的重要程序。隨著認知診斷評量持續

在實務與方法學研究方面受到關注，在認知診斷測量架構下的試題差異功能議題

自然也莫可忽視。本研究涵蓋三大目的，首先，本研究提出以模式為基礎所進行

的試題差異功能偵測方法以處理認知診斷評量架構下的補償與非補償性資料；其

次，本研究聚焦於過去在認知診斷測量架構下的試題差異功能研究中所忽視的當

測驗受到偏誤試題污染的相關議題。最後，本研究以更系統性的探討可能影響試

題差異功能偵測方法成效的因素，並將這些可能的影響因素導入於模擬研究設計

中。本研究以馬克夫鍊蒙地卡羅演算法分別針對兩個所提出的模式進行參數估

計，並且比較參數回覆性效果，同時檢驗在不同測驗情境下，使用模式為基礎的

試題差異功能偵測方法與非參數取向的 MH以及 LR 等試題差異功能偵測方法的

型一錯誤率以及統計檢定力。除此之外，本研究加入了淨化程序於 MH 以及 LR

等試題差異功能偵測方法之中，並探討加入試題淨化程序後對於試題差異功能偵

測的效能能否提升。最後，本研究使用 2007 年國際數學與科學教育成就趨勢調

查研究中四年級數學科評量為範例，說明如何運用所提出的試題差異功能偵測方

法於實務情境中。研究結果發現，在參數回覆方面，本研究所提出的兩個模式為

基礎的試題差異功能偵測方法其參數回覆性效果甚佳。而在不同試題差異功能偵

測方法的比較方面，本研究發現在相同測驗情境下以模式為基礎的試題差異功能

檢驗方法其型一錯誤率的控制以及統計檢定力均優於 MH 以及 LR。再者，模擬

研究結果發現，當處理認知診斷測量資料時，試題遭受污染而未加以進行淨化程

序即進行試題差異功能偵測，將會影響偵測效果，並且得到錯誤的結論。隨著淨
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化程序的加入，可以幫助改善 MH 以及 LR 等試題差異功能偵測方法在特定情境

下的型一錯誤率的控制以及統計檢定力。不過此兩種方法，即使加入淨化程序

後，仍無助於解決當受試者平均能力分布差異很大時，所造成的第一類型錯誤率

膨脹的問題。最後，本研究也發現相較於 MH 以及 LR 等試題差異功能偵測方法，

本研究所提出的模式為基礎的試題差異功能偵測方法在試題差異功能偵測的結

果解釋較為細緻，並且能藉由模式擴展找出可能造成試題差異功能原因的前瞻

性。                
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DETECTING DIFFERENTIAL ITEM FUNCTIONING IN A 

FRAMEWORK OF COGNITIVE DIAGNOSTIC MEASUREMENT 

 

Su-Pin Hung 

 

ABSTRACT 

 

Detection of Differential item functioning, DIF has been recognizing as an important 

procedure especially in test development. With the cognitive diagnostic 

measurements, CDMs continue to receive attention both in applied and 

methodological studies. DIF related issues in the framework of CDMs remain to 

concern. The purpose of the study had three objectives; first, to propose model based 

DIF detection method in dealing compensatory and non-compensatory cognitive 

diagnostic data; second, to address on the contaminated matching criterion issue that 

has be overlook in the past DIF study within the CDM framework; third, to 

investigate more possible factors that may affect DIF detection methods and 

introduced into the simulation design. An MCMC algorithm employing Gibbs 

sampling was used to estimate the two proposed models and simulation study was 

done to examine model recovery, Type I error rates, and power under different 

testing conditions. For DIF detection, the model based method was also compared 

with the MH method and LR method. Furthermore, the purification procedure is 
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applied in the MH and LR methods and compared with the model based method to 

investigate the effectiveness of DIF detection methods. Finally, TIMSS 2007 fourth 

grade mathematics assessment was used to demonstrate and the results were used to 

illustrate the implementation of the new method. The parameter recovery of the 

proposed models yielded well. The simulation results of DIF methods comparison 

appeared to confirm that the model based method outperformed the MH and LR 

methods in Type I error control and power rate under comparable testing conditions. 

Moreover, the result revealed that the biased matching criterion may also determine 

the effectiveness of DIF detection in a framework of cognitive diagnostic 

measurement. With purification procedure, could improve the Type I errors and 

power rates for MH and LR under specific circumstance. Finally, the model based 

method had the strength of interpreting results more elaborately compared to the 

other DIF methods. 

KEY WORDS：Cognitive diagnostic measurement, restricted higher-order 

reparameterized DINA model, restricted higher-order reparameterized DINO model, 

Differential item functioning 
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CHAPTER 1 INTRODUCTION 

1.1 Motivation 

Assessments are developed to help inform instruction, learning and as an 

assistant tool in clinical diagnosis. Along with classical testing theory, practitioners 

adopt either norm referencing or criterion referencing to interpret relevant information 

from assessments. It can be seen in many well-developed educational and 

psychological assessments that the observed sum score can be represented as 

examinees’ ability on the assessed domain. The diagnosis is determined by the cut 

score, which has been set based on theory and practical experience. With the 

increasing development of statistical methods, researchers start to explore the 

diagnosis issue on latent trait (i.e., the factor analysis approach, item response models). 

Although unidimensional item response models (IRMs) are useful for scaling and 

ordering examinees on a latent proficiency continuum, they do not allow evaluation of 

students’ specific strengths and weaknesses that can be used to facilitate learning and 

instruction (Torre, Hong & Deng, 2010). Besides, examinees who get the same sum 

score may not have the same skill or attribute mastery patterns. In contrast to 

conventional item response models, cognitive diagnostic models (CDMs) place more 

emphasis on diagnosis information using a function in which the underlying latent 

variables are developed specifically for identifying the presence or absence of 

multiple finer-grained skills in a particular domain. 

Attribute mastery diagnostics has been emphasized in many countries recently. In 

the US, the No Child Left Behind policy contributes the development of standard 

setting and the development of CDMs. Results of diagnosis also benefits both 

students and teachers. For teacher, results of diagnosis can help arrange appropriate 
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curricular; for students, the individual attribute mastery profile admonish students if 

they do not master all required attributes. In addition, many international academic 

surveys (e.g., PISA; TIMSS) are developed to assess the basic competency of students 

and aimed to do some comparison between subgroups. The results from large scale 

testing with informative meaning that guided practitioners remedy their teaching and 

curriculum design. It is worth to note the problem of test equality between different 

subgroups or majority and minority groups.  

Differential item functioning, DIF has been treated as a necessary procedure 

when a test is developed. Different DIF detection methods have been proposed and 

applied in practical situations. A number of simulation studies have been designed to 

compare the effectiveness of DIF methods (e.g., nonparametric approach; parametric 

approach) and to investigate factors that may affect DIF detection in some specific 

item response models (Finch & French, 2007; French & Maller, 2007; 

Fidalgo,Mellenbergh & Muniz, 2000; Holland & Thayer, 1988; Lord, 1980; Li & 

Stout, 1996; Mantel & Haenszel, 1959; Rogers & Swaminathan, 1993; Shealy & Stout, 

1993; Swaminathan & Rogers, 1990; Shih & Wang, 2009; Thissen, Steinberg & 

Wainer, 1993; Narayanan & Swaminathan, 1996; Wang & Su, 2004a; Wang & Su, 

2004b). However, only a few studies have investigated DIF issues within the CDM 

context. For example, the study of Gierl, Zheng, and Cui (2008) using the SIBTEST 

to detect ADF (attribute differential function) with a specific CDM named attribute 

hierarchy model. Besides, in the dissertation of Zhang (2006) two widely applied 

non-parametric DIF detection procedures, namely MH and SIBTEST are used to 

compare the effectiveness of DIF detection with DINA model (deterministic input 

noisy-and-gate ). In Zhang’s study, several possible DIF patterns are simulated and 

two matching variables (total raw score and profile score) were compared in which 
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the profile scores yielded outperformed the total raw score. Recently, another 

dissertation addressed the parametric DIF method within the CDM. Li (2008) 

modified the higher-order DINA model and proposed a model based DIF and DAF 

detection procedure in the framework of higher-order DINA model, which can detect 

DIF and DAF simultaneously. However, the past studies mistaken concluded that the 

poorer estimation in DIF detection result in using test total score as matching is the 

only reason rather than suspect the contaminated matching issue may also lead to the 

same result. Hence, it is wondering that with purification procedure using test total 

score as matching could work equally well within the framework of CDM. 

Although, the above mentioned studies contribute in this area, some common 

issues remain unsolved while applied DIF detection procedure in CDM. First, though 

the previous studies aim to introduce popular DIF detection methods in CDMs, 

several factors (e.g., test length, DIF percentage, DIF magnitude, sample size, etc) 

may affect the result of DIF detection remains unclear in these studies. Since some 

DIF studies in IRT have found that the DIF magnitude (e.g., French & Maller, 2007; 

Narayanan & Swaminathan, 1996; Rogers & Swaminathan, 1993), test length (e.g., 

French & Maller, 2007; Finch, & French, 2007; Shih & Wang, 2009; Narayanan & 

Swaminathan, 1996), DIF patterns (e.g., Su & Wang, 2004a; Shih & Wang, 2009) and 

percentage of DIF items (e.g., Fidalgo, Mellenbergh and Muniz, 2000; Finch & 

French, 2007; French & Maller, 2007; Shih & Wang, 2009) are important factors 

which will influence the type Ι error rate and power of DIF detection, it is believed 

that these factors should be considered when conducting DIF analysis in CDMs. 

Second, previous studies have only focused on the non-compensatory model (e.g., 

DINA model, Zhang, 2006; HO-DINA model, Li, 2008; AHM, Gierl, Zheng & Cui, 

2008). It is worth noting that the DINA model is a non-compensatory model, meaning 
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that examinees need master all required attributes in a tested item, otherwise he or she 

obtains lower probability of scoring correctly on that item. However, the strong 

assumption may not be appropriate in real situations. One limitation of the DINA 

model is that it does not further differentiate between respondents who have not 

mastered at least one attribute. Though, a number of studies have applied the DINA 

model to analyze real data (e.g., de la Torre, 2009; de la Torre & Douglas, 2004, 2008; 

Henson, Templin, & Willse, 2009; Templin, Henson, & Douglas, 2006), only a few 

studies applied the DINO model to analyze data. Since Lee, Park and Taylan (2011) 

recommended the possibility of alternative or multiple strategies for solving an item 

may better explain students’ response, it seems worth investigating DIF detection 

issue while the compensatory CDMs are applied.  

Third, the previous studies did not deal with the issue of contaminated matching 

criteria. Because the internal matching criterion may be contaminated, they may not 

be appropriate for directly detecting DIF. If invalid matching criterion are used the 

results of DIF detection will be suspect. Many studies have focused on this issue and 

proposed strategies to solve this problem in the framework of item response theory 

(i.e., Candell & Drasgow, 1988; Fidalgo, Mellenbergh and Muniz, 2000; French & 

Maller, 2007; Holland & Thayer, 1988; Shih & Wang, 2009; Wang & Yeh, 2003; 

Wang & Su, 2004a; Wang & Su, 2004b). A newly idea named DIF-free-then-DIF has 

also been proposed by Wang (2008). The central idea here is that it is very important 

to find a set of clear items (i.e., DIF free) as matching criteria. It is believed that the 

same situation may be occurring in the CDM context. However, all these studies 

overlooked the purification issue when dealing with DIF. In implication, one cannot 

predict which item is a DIF free item. Thus, item purification procedures cannot be 

neglected in DIF detection. Nevertheless, to date no studies have addressed this issue 
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in the framework of CDMs. 

 

1.2 Significance and Contribution 

As mentioned above, several important factors (e.g., DIF magnitude, test length, 

DIF amounts and DIF patterns) have been overlooked in past DIF detection studies 

within the framework of CDMs. The present study aims to investigate DIF related 

issues in a more broad perspective. Thus, more factors that may affect the 

effectiveness of DIF will be considered in this dissertation. Besides, considering the 

parametric DIF approach is more efficient in application. However, previous studies 

have only proposed non-compensatory models to detect DIF. The present dissertation 

aims to propose two modified reparameterized compensatory and non-compensatory 

models to detect DIF directly. Furthermore, since the contaminated matching criterion 

will cause invalid results in DIF analysis, this dissertation aims to introduce the 

purification procedure in the framework of CDMs. In addition to the model-based DIF 

detection method proposed in the study, two widely used DIF detection methods, 

Mantel-Haenszel, MH and Logistic Regression, LR methods are also used. Multiple 

detection methods are used for this DIF study so that agreement and discrepancy of 

the outcomes can be compared under various test conditions. Using datasets generated 

to reflect various conditions of DIF, the Type Ι error rate and power rate of the 

detection methods are investigated. Finally, in order to compare and evaluate the 

performance of purification procedures to build a common metric for DIF analysis, a 

dataset from TIMSS 2007 fourth grade mathematics assessment is used for 

demonstrate gender differential item functioning. 



 

 6 

CHAPTER 2 LITERATURE REVIEW 

This chapter first discusses the common features of CDMs along with some widely 

applied CDMs. Second, the concept of differential item functioning, DIF and related 

issues are referred to and then applied in the cognitive diagnostic context. Finally, the 

problematic procedure of present DIF detection methods in cognitive diagnosis 

measurement is presented.  

2.1 Characteristics of Cognitive Diagnostic Models 

The purpose of cognitive diagnostic models is to classify examinees into the latent 

categories based on an array of binary attributes, a vector of latent variables indicating 

mastery on a set of finite skills under diagnosis. A number of cognitive diagnostic 

models have been developed according to different diagnostic demands and can be 

estimated with different estimation methods (e.g., expectation maximization, EM or 

Markov chain Monte Carlo, MCMC) and softwares (see more detailed classification 

in Rupp, Templin & Henson, 2010). These CDMs share some common features. 

Further, some features of CDMs can be found in some item response models (IRMs) 

and multidimensional factor analysis models, such as multidimensional nature, 

confirmatory nature, complexity of loading structure and ability to be designed to 

handle dichotomous and polytomous response data (Rupp & Templin, 2008; in a 

review of Rupp, Templin & Henson, 2010). However, CDMs differ from IRMs and 

multidimensional factor analysis models which assume an underlying continuous 

latent trait and aiming to located examinees in the latent space. CDMs, on the other 

hand aimed to get more information about exactly what every examinee has mastered 

or not mastered on a set of cognitive attributes. Thus, they allowed the nature of the 

categorical latent predictor variables, the criterion-referenced interpretations and the 

diagnostic nature of the interpretations are unique of CDMs.  
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There are three essential components in any CDM. The Q-matrix is the 

specification of which attributes are measured by each item. A Q-matrix traditionally 

contains i item in the rows and k attributes in the columns. Its entries consist of 1s and 

0s indicating whether or not an attribute is measured by an item (e.g., ikq =1). The 

Q-matrix is the quintessential component in any CDM because it represents the 

operationalization of the substantive theory that has given rise to the design of the 

diagnostic assessment (Rupp, Templin & Henson, 2010). The Q-matrix is always 

decided by a set of domain experts. The alpha-matrix defines the attribute mastery 

profiles of examinees. An alpha-matrix traditionally contains examinee in the rows 

and attributes in the columns. The latent response ijη , which is an indicator, depends 

on the Q-matrix and alpha-matrix. The term “attribute” used here can also be labeled 

latent characteristics, latent traits, and elements of process, skills and attributes. Based 

on the interaction between attributes required by a tested item and how examinees use 

attributes in a tested item, CDMs fall into two categories: non- compensatory and 

compensatory. 

2.1.1 Non-Compensatory Cognitive Diagnostic Models   

Non-compensatory cognitive diagnostic models reflect the assumption that a 

deficit in one latent variable cannot be compensated for by a surplus in a different 

latent variable. Many cognitive diagnostic models are formulated with a conjunctive 

rule. Among these models are the DINA (deterministic input, noisy and gate) model of 

Haertel (1989); The NIDA (noisy inputs deterministic and gate) model of Junker and 

Sijtsma (2001); reparameterized unified model (RUM) of Hartz (2002) and the 

conjunctive MCLCM of Maris (1999). Because the DINA model and NIDA model are 

simpler than other non- compensatory conjunctive models, the others can seem to be 

extensions of these two models. For this reason, these two non- compensatory models 
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are discussed in more detail below.  

DINA model. The deterministic-input, noisy-and-gate (DINA) model (see Haertel, 

1989) is a discrete latent variable CDM with a conjunctive condensation rule, that 

means from a deterministic perspective, a respondent has to master all required 

attributes to obtain a score on a particular item. Given the thj  students’ attribute 

vector jα , and the thi  row of the Q-matrix, the conjunctive kernel that creates the 

variable ijη is called an and-gate because it functions like an output summary that 

represents a deterministic prediction of task performance from each examinee’s 

knowledge and performance state. The element of the Q-matrix, ikq , which takes 

values of 1 or 0, indicates whether attribute k is required or not required in an item i. 

A mastery and non-mastery status jkα =1or 0, indicates whether or not examinee j has 

mastered attribute k. This can be expressed as below, where the deterministic latent 

response ijη denotes whether examinee j has mastered all required attributes for item i. 

Thus, the model separates respondents broadly into two groups for each item: students 

who possess all attributes for a successful response to the item, and students who lack 

at least one of the required attributes measured by an item. 

                      ∏
=

=
K

k

qik

jkij

1

αη                                (2.1) 

The model is considered as stochastic, since the observed response Xij is not 

completely consistent with the latent response ijη . Moreover, the DINA model allows 

for the possibility that respondents who have mastered all measured attributes but 

“slip” and incorrectly answer an item (i.e., ijη =1) as well as the possibility that 

respondents who have not mastered at least one of measured attributes makes a “lucky 

guess” and correctly answers an item (i.e., ijη =0). The probabilistic relation is 
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governed by two “Noisy” parameters unique to each item, si, a slip parameter, and gi, a 

guessing parameter. Specifically, if ijη = 1 and respondents should correctly respond 

to the item unless they “slip”. However, if ijη = 0 then respondents should answer the 

item incorrectly so that gi can be interpreted as the probability of an examinee who is 

classified in the non-master group but answers the item correctly due to “guessing”. 

                  )10( === ijiji Xps η                             (2.2) 

                  )01( === ijiji Xpg η                             (2.3) 

Given si and gi, the item response function can be written as below: 

       
ijij

iiijij gsXp
ηη

η
−

−==
1

)1()1(           (2.4) 

That is, the probability of a correct response to item i can only be divided into two 

categories: gi for any examinee j who lack one or more attributes measured by item i 

(i.e., ijη = 0), and 1- si for any examinee j who masters all attributed measured by 

item i (i.e., ijη =1). The DINA model provides one slipping parameter and one 

guessing parameter per item with equal constraints across attributes. Consequently, 

the number of parameters is not influenced by the number of attributes measured on 

the test. Furthermore, because of its conjunctive nature, the DINA model cannot 

further differentiate respondents who lack one or more than one of the measured 

attributes. In addition, mastering more attributes than required for correctly answering 

item i do not make the correct response probability higher; the model is a so-called 

non-compensatory model.  

NIDA model. The NIDA model, namely, the noisy-inputs, deterministic-and gate 

model (e.g., Junker & Sijtsma, 2001), is another noncompesatory cognitive diagnostic 

model with a conjunctive condensation rule. Like the DINA model, aberrant responses 



 

 10 

are also modeled in the NIDA model. However, unlike the DINA model, the guessing 

parameter and slipping parameter are estimated at the attribute level but with equal 

constraints across items. Thus, in contrast to the DINA model, the number of 

estimated parameters increases with the number of attributes but is not influenced by 

the number of items on measured test. The slipping parameter (s k ) and guessing 

parameter ( kg ) are defined at attribute level with subscript k, the attribute mastery 

indicator jkα , is defined at the level of attribute k for any examinee j and a latent 

response variable ijkη , is defined whether or not examinee j’s performance on the item 

i is consistent with possessing attribute k. This, in turn, leads to the definition of 

slipping and guessing parameters as follows: 

            )10( === jkijkk ps αη                                   (2.4) 

          )01( === jkijkk pg αη                                   (2.5) 

    That is, slipping for attribute k amounts to the incorrect application of the 

attribute even though the attribute has been mastered. Similarly, “ guessing” means 

the correct application of the attribute even though the attribute has not been mastered. 

The formula for a correct response in NIDA model is written as: 

[ ]
qikk

k

kkij
jkjk gsgsXp ∏

=

−
−==

1

1
)1(),,1(

αα
α     (2.6) 

Where when ikq =0, so that the product term for that attribute becomes 1 which means 

irrelevant, but whenever the attribute is measured, then the ikq =1, and the product 

term becomes relevant. In that situation, there are two possible results. If the attribute 

has been mastered, the probability of a correct latent response for that attribute is 

ks1− and if the attribute has not been mastered, this probability is kg . These 
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attribute-wise contributions are then multiplied over all attributes, resulting in the total 

probability of a correct response for each item.  

There are two differences between the DINA model and NIDA model. First, 

when using the DINA model, the slipping and guessing parameters can be used to 

characterize the diagnostic value of an item. On the other hand, when using the NIDA 

model, the slipping and guessing parameters can be used to evaluate the diagnostic 

value of an attribute. Second, the DINA model cannot further differentiate 

respondents who have not mastered at least one attribute. However, the NIDA model 

can completely solve this limitation of the DINA model.  

 

2.1.2 Compensatory Cognitive Diagnostic Model 

The use of compensatory CDMs has more recently become popular as compared 

with conjunctive models and widely applied in medical and psychological diagnosis 

(e.g., Templin & Henson, 2006). Compensatory CDMs including the disjunctive 

MCLCM and compensatory MCLCM of Maris (1999), the DINO (deterministic input 

noisy or gate) model of Templin and Henson (2006), and the NIDO (noisy input 

deterministic or gate) model of Templin, Henson, and Douglas (2006). The disjunctive 

MCLCM can be viewed as the extension of NIDO, but the model is not identifiable. 

Thus, the DINO model and NIDO model are described here in conjunction with the 

DINA and NIDA model. 

DINO model. The deterministic input, noisy-or-gate (DINO) model (e.g., Templin & 

Henson, 2006) is the compensatory analog to the DINA model. As with the DINA 

model, slipping and guessing parameters are modeled at the item level. In contrast to 

the DINA model, the DINO model utilizes the disjunctive condensation rule to 

represent the formula. The first component is the latent response variable ijω  which 
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denotes whether examinee j has mastered at least one measured attribute or not for 

item i. This is called an or-gate.  

    If an attribute is not measured by an item i, then 
ikq =0, which implies that  

1)1( =− qik

jkα . When an attribute is measured by an item i, then there are two 

possibilities which can direct the value of latent response variable ijω , that is 

whether 1=jkα  or 0, which means that the person j did or did not possess the 

attribute k, thus the value of latent response variable ijω =1 only occurred when the 

product term = 0. That means that person j is required to possess at least one attribute 

which measured by an item. Therefore, any one attribute can completely compensate 

for the lack of all others to increase the correct rate of possibility. 

             qik
K

k

jkij )1(1
1

∏
=

−−= αω                                  (2.7) 

Apart from the latent response variable ijω , there are two measured components 

for the DINO model, the slipping parameter and guessing parameter. As with the 

DINA model, the slipping parameter and guessing parameters are the stochastic 

elements that lead to the noise in the or-gate as shown in formula 2.8 and formula 2.9. 

In the DINO model, the slipping parameter and guessing parameter are estimated for 

every item and set equality restrictions across attributes.  

          )01( === ijiji Xpg ω                                     (2.8) 

          )10( === ijiji Xps ω                                     (2.9) 

    The DINO model for a correct response to an item can be formulated as follows: 

ijij

iiijij gsXp
ωω

ω
−

−==
1

)1()1(               (2.10) 

Where P is the probability of correct response for item i, ijX  is the observed 
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response for person j on item i, ijω  is the latent response variable for person j on 

item i, is−1  is the probability of not slipping for item i and ig  is probability of 

guessing for item i. Note that the probability looks like the ones used in DINA model 

on the surface; however, the interpretation of these two parameters is different than in 

the DINA model. In the DINO model, the guessing parameter (
ig ) represents the 

probability of getting a score when all measured attributes are absent, while the 

slipping parameter ( is ) represents for the probability of not obtaining a score for an 

item when at least one measured attribute is present.  

 

NIDO model. The noisy input, deterministic-or-gate (NIDO) model (e.g., Templin, 

2006; referred from Rupp, Templin & Henson, 2010) is the compensatory model 

analogy to the NIDA model. In the NIDO model, the response behavior is modeled at 

the attribute level with equality constraints across items. As described above, the 

restriction of the DINO model is that it cannot make distinctions between respondents 

who only mastered one attribute or mastered more attributes than required for an item. 

Just as the NIDA model provided a finer distinction than a DINA model, the NIDO 

model provides a finer distinction than the DINO model (Rupp, Templin & Henson, 

2010).   

To build the NIDO model, two components are required. The first one is the 

intercept parameter )( )(,0., kλ  and the second one is the slope parameter )( )(,1., kjk αλ , 

and both of these two parameters are estimated at attribute level. 

The NIDO model can be formulated as follows 
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α                   (2.11) 

The structure of formula 2.11 comes from logistic regression analysis, where P is the 

probability, ijX  is the observed response for person j on item i, q
ik

 is the indicator 

from the Q-matrix indicating whether attribute k is measured by item i, jkα  is the 

attribute mastery indicator for person j on attribute k, )( )(,0., kλ  is the intercept 

parameter for attribute k and )( )(,1., kjk αλ  is the slope parameter for attribute k, the 

first subscript “dot” represents the item to which the parameter corresponds and the 

second subscript represents the level of the parameter. In the NIDO model, If q
ik

=0 

then it means the contribution of an attribute to this kernel is 0 (i.e., it does not 

contribute at all). If q ik =1, then it matters whether the value of jkα =0 or 1. When 

jkα =0, then the contribution to the overall response probability is )(,0., kλ , if jkα =1, 

then the contribution to the overall response probability is 
kjkk αλλ )(,1.,)(,0., +  which 

means the probability of a positive response will increase with the numbers of 

mastered attributes measured by an item. It is worth noting that just like the DINO 

model, the NIDO model cannot be applied to assess item quality because all 

parameters are specified for attribute level and constrained to equality across items. 

Except for the above models, some researchers have attempted to propose more 

general forms to represent the real cognitive diagnostic procedures. For example, the 

general diagnostic model (GDM, von Davier, 2005), the log linear cognitive 

diagnostic model (LCDM, Henson, Templin & Willse, 2009) and the generalized 

DINA model (G-DINA, De la Torre, 2011) have all been proposed as yielding more 

flexibility in model comparison.  
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2.1.3 Cognitive Diagnostic Model in a Higher-Order Structure 

The main purpose of cognitive diagnostic models is to provide information on 

the attributes mastered by examinees. In many applications, examinations are required 

to report attribute mastery profiles and an overall latent trait simultaneously. To meet 

this demand, De la Torre and Douglas (2004) extended the DINA model and included 

the higher order latent traits for specifying the joint distribution of binary attributes. 

The HO-DINA model assumes the attributes as arising from a broadly defined latent 

trait resembling the θ  of item response model. This hierarchy where the item 

responses X are independent givenα , and the components of α  are independent 

givenθ , is natural in conjunctive models for cognitive diagnosis. The probability 

model ofα , conditional on θ can be represented as below: 

          )()( θθα ∏=
K

k

kp α                                   (2.12) 

The model can be formulated in a logistic regression function with latent covariates θ, 

)exp(1

)exp(
)(

0

0

θλ

θλ
α

kk

kk
kp

λ

λ
θ

′++

′+
=                                  (2.13) 

 

In many applications, the latent trait will be a unidimensional construct and normally 

distributed with mean 0 and variance 1, however, in some situations the latent trait can 

be multidimensional. Thus, in a case of multidimensional examination, a structured 

factor loading matrix would be used, where kλ denotes the factor loading vector 

corresponding to kα . De la Torre and Douglas (2004) stated that the broadly-defined 

latent traits were assumed to consist of a small number of dimensions. Because 

unidimensionality is assumed in many educational and cognitive diagnostic 

assessments, in the present dissertation, a unidimensional ability,θ , is assumed, and 
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attributes, α , to be independent conditional on θ . The basic assumption of the 

higher order structure commonly exists in educational examinations (e.g., in the 

example of fraction subtraction; the Wechsler Intelligence Scale for Children (WISC)) 

in which the acquired attributes are related to one broadly-defined construct of general 

intelligence or aptitude.  

In the lower part, the HO-DINA is the same as the DINA model, and the higher 

order part is the same as the 2PL model. In the higher order level, the discrimination 

parameter can be either constrained equally or estimated freely across attributes. De la 

Torre and Douglas (2004) stated that using a higher order trait to model the joint 

distribution of α has several advantages. For instance, it greatly reduces the 

complexity of the saturated model in cases where it is reasonable to view the 

examination as measuring one or perhaps two general abilities in addition to the 

specific knowledge states that compriseα . Additionally, DeCarlo (2011) 

reparameterized the HO-DINA model as a logistic regression model with latent 

classes and use the term HO-RDINA (higher order reparameterized DINA) model in 

order to differentiate with the HO-DINA model. Specifically, the ig  can be replaced 

by a function that gives a positive value in the range of zero to one. For example,    

],)exp(1[)exp()01( iiijij ffXp +=== η  

The above gives the probability that an examinee gets an item correct given that they 

do not have the requisite skills which can also be interpreted as a false alarm. In the 

HO-RDINA model, the parameter in the lower part are rewrite simply by using a logit 

function, )]log[ pp/(1 − : 

iijij fXp === )01(logit η .                                 

The parameter if , is the log odds of a false alarm. Similarly, the log odds of a hit is  
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iiijij dfXp +=== )11(logit η . 

The parameter 
id  indicates how well item i detects the presence versus absence of 

the requisite skill set. According the above two equations, the reparameterized DINA 

model can be written as follow: 

ijiijij dfXp ηη +== )1(logit                     (2.14) 

The formula 2.14 is a logistic model with latent classes, with the item serving as 

detectors of the skill sets. The parameter if  gives the log odds of a false alarm, and 

the id  reflects how well the item discriminates between examinees with and without 

the requisite skills; for a different discrimination index. 

Including the vector of latent skills α  into formula 2.14 gives 

)q,h(αα ijdfXp iij +== )1(logit , 

Where the function )q,h(α ij denotes the operation of multiplying each element of α  

raised to a power of ikq . By assuming local independence of the conditional response 

probabilities and a higher order structure for )(αp , the complete model of  

HO-RDINA is formulated. Thus, in the higher order model for the skills is assumed as 

the model assumption that proposed by dela Torre and Douglas (2004) that has been 

described before and if the discrimination parameter kα  are restricted to be equal 

across all skills, which is referred as the restricted higher order RDINA, or 

RHO-RDINA, can be represent as 

. kkkp βθαθα −=)(logit  

 

Where the 
kα  is the skill discrimination parameter, 

kβ  is difficulty parameter of 

attribute k. Furthermore, along with the higher order structure assumption of 
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HO-RDINA, by analogy, the deterministic input, noisy-or-gate (DINO) model can 

also be extended to include the higher order latent traits for specifying the joint 

distribution of binary attributes. Thus, the compensatory DINO model is extended in a 

higher order structure and the HO-DINO model is formulated. The two higher order 

cognitive models can be adjusted to detect differential item functioning by adding 

group indicator in the lower level of HO-DINA model and HO-DINO model. This 

will be described in a later section. 

 

2.2 Differential Item Function in Cognitive Diagnostic Context 

No matter what kind of statistic model that researchers use to analyze data, 

detecting differential item functioning (DIF) of items has become a necessary 

procedure to attain the goal of test fairness and make educational and psychological 

tests valid. Traditionally, DIF is defined as existing where examinees of the same 

ability are more or less likely to give the correct response in one group (the focal 

group) compared to another group (reference group). Several statistical techniques 

have been developed to detect DIF which can be separated into two major approaches. 

One is the parametric approach, which assumes a specific item response model such 

as the item response theory (IRT) –based chi-square test (Lord, 1980), the IRT-based 

likelihood ratio test method (Thissen, Steinberg & Wainer, 1993). The other one is 

nonparametric approaches, such as the Mantel-Haenszel method (M-H; Holland & 

Thayer, 1988; Mantel & Haenszel, 1959), Simultaneous Item Bias Test (SIBTEST; 

Shealy & Stout, 1993) and the logistic regression method (Swaminathan & Rogers, 

1990) which does not require a specific form of item response function or large 

sample size. In this dissertation, only the M-H method and logistic regression method 

are used in conjunction with parametric DIF detection method within CDM context. 
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2.2.1 Non-Parametric DIF Methods  

Mantel-Haenszel method. The Mantel–Haenszel (MH) method (Holland & Thayer, 

1988; Mantel & Haenszel, 1959) is one of the most popular DIF detection procedures 

and can be extended to deal with polytomous items (i.e., the Mantel method, Mantel, 

1963; Generalized M-H method, Mantel & Haenszel, 1959). In the MH procedure, the 

total raw score usually serve as matching variable. The matching variable is used to 

divide the range of scores into K stratas to comparing the correct versus incorrect 

response for the reference group and focal groups. Conditional on the total test score, 

the studied items for examinees in reference group and focal groups can be arranged 

into K 2×2 contingency tables. Table 2.1 is an example table for score group k 

(k=1,…., K) on the studied item. Rrk, Wrk, are counts of right and wrong responses, 

respectively, in the reference group at score level k, Rfk, and Wfk are counts of right and 

wrong responses, respectively, in the focal group at score level k.  

 

Table 2.1 Contingency Table for Mantel–Haenszel DIF Statistic 

 Score on studied item  

Group  1 0 Total  

R Rrk Wrk Nrk 

F Rfk Wfk Nfk 

Total  Rtk Wtk Ntk 

Note. Rrk, Wrk, Rfk, and Wfk are the counts within a cell; Nrk, Nfk, Rtk, and Ntk are the 

marginal totals.  

Therefore, the null hypothesis for the MH DIF detect can be expressed as  

H0: 
fk

fk

rk

rk

W

R

W

R
=                             (2.12) 

That means the odds of getting the item correct in the focal group is the same as that 
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in the reference group at a given level of the matching variable. The MH chi-square is 

then computed as a single degree of freedom chi-square over the K 2×2 contingency 

tables. The MH chi-square statistic can be shown as below: 

 MH chi-square =
( )[ ]
∑

∑

=

=
−−
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k rk

K
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RER
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1
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                   (2.13) 

where  

                 ,)( tktkrkrk NRNRE =                              (2.14) 

and  

                  
)1(
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2 −

=
tktk

tktkfkrk

rk
NN

wRNN
RVar                          (2.15) 

A significant MH chi-square indicates there is a difference in the probability of a 

correct answer to an item between two groups at each of k ability levels. Also, the 

MHα  can be computed to represent the ratio of the odds that the reference group 

answer studied item correctly to the odds that a matched member of focal group did 

the same. The value of MHα can be seen as a measure of the DIF effect size. When 

MHα =1, then there is no difference in the performance of the two groups on the 

studied item at the th
k  score level.  
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1α                          (2.16) 

Holland and Thayer (1988) introduced logarithmic transformation of the odd 

ratio MHα to make the effect size scale symmetric: 

)ln(35.2 MHMH αα −=∆                          (2.17) 

A value of zero indicates no DIF, a positive value indicates that the item favors the 

focal group and a negative value indicates that the item favors the reference group. 
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Educational Testing Service (ETS) classifies DIF based on the delta MHα  into three 

levels (Dorans & Holland, 1993): 

1. Negligible DIF, when chi-square is not significant and MHα∆  < 1 

2. Intermediate DIF, when chi-square is significant and 1< MHα∆  < 1.5 

3. Large DIF, when chi-square is significant and MHα∆  ≥  1.5 

The ETS standards were used in the real data application to assist with the 

interpretation of the flagged DIF items. 

Logistic Regression. The logistic regression procedure (LR, Swaminathan & Rogers, 

1990) is another commonly used method for DIF detection. The LR procedure is quite 

popular due to its several advantages. The first is ease of computer programming for 

implementation and that it can be used with common statistical software (e.g., SAS 

proc, SPSS, and free software R). Second, LR has the capacity to detect nonuniform 

DIF. Finally, LR allows for the flexibility to construct more complex models such as 

permitting conditioning or matching on more than one ability measure in DIF 

detection (Mazor, Kanjee, & Clauser, 1995). As outlined by Swaminathan and Rogers 

(1990), the LR model for DIF detection is: 

g)

g)

0

0

1
1p

( θβgβθββ

( θβgβθββ

i
jjj

jjj

e

e
θ,g)(u

+++

+++

+
==          (2.18) 

Where )(uip  is the probability of person I responding correctly to the item, θ  

represents ability, g represents the group identifier, and the gθ represents the 

interaction term. In the model, ability generally is the total test score, and the group is 

typically identified as 0 or 1 to indicate group membership. The 0β  represent the 

intercept, jβ represents the ability, group and ability by group interaction weights, 

respectively. 
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To detect DIF with LR is a process of comparing three models for each item and 

testing the improvement of fit for these models as terms are eliminated. The full 

model (2.18) is compared with the reduced model (R1) that lacks the interaction term. 

The further reduced model (R2) that includes only the ability term is compared with 

the reduced model (R1). These three models are compared with a difference 

log-likelihood ratio test, using the -2log-likelihood statistics. The log-likelihood 

statistic (G
2
) is a goodness-of-fit measure used as a criterion of model comparison. A 

significant group term is an indication of uniform DIF, whereas a significant 

interaction term is an indication of nonuniform DIF. The 2R in each step can be 

compared and computed as the 2R∆  which is an effect size measure to indicate the 

magnitude of DIF. The estimated effect size 2R∆  can be classified in three levels 

(Jodoin & Gierl, 2001):  

1. Negligible DIF, where 2R∆  < .035.  

2. Moderate DIF, where .035 ≤ 2R∆ ≤  .070. 

3. Large DIF, where 2R∆ ﹥.070. 

 

Simultaneous Item Bias Test Method. The simultaneous item bias test (SIBTEST, 

Shealy & Stout, 1993) is another popular non-parametric method for DIF detection. 

Just as with the M-H method, the SIBTEST also provides an estimate of the effect 

size of DIF. Nevertheless, unlike the M-H method which can only detect DIF item by 

item, the SIBTEST can be used to detect whether DIF is present in one or more items 

simultaneously. The SIBTEST was initially developed to detect unidirectional 

uniform DIF, but can also be applied to detect nonuniform DIF as well (Li & Stout, 

1996). When applying the SIBTEST in DIF detection, the test needs to be divided into 

two subtests, one is the suspected subtest which contains item(s) that may exhibit 
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differential function and the other is assumed to be the DIF-free subtest. The score on 

the DIF-free subtest serves as the matching variable. A weighted mean difference in 

item or subtest performance between the focal group and reference group, 
UNIβ , is 

computed and then this difference is tested statistically.  

( )∑
=

−=
K

k

fkrkkUNI YYp
0

β̂ ,                         (2.18) 

Where kp denotes the proportion among the focal group examinees with score k on 

the DIF-free subtest. fkrk YY −  is the true score mean difference on the studied item 

for the reference group and focal group attaining a subtest score k, k=0,…,K, on the 

DIF-free subtest. The test statistics for 
UNIβ is given by 

)ˆ(ˆ

ˆ

UNI

UNI
UNI

βσ

β
β = ,                             (2.19) 

Where the )ˆ(ˆ
UNIβσ is the estimated standard error of UNIβ̂ . Shealy and Stout (1993) 

demonstrated the statistic UNIβ  is approximately distributed as a standard normal 

under the null hypothesis.  

The estimated effect size β̂  can be classified in three levels (Roussos and Stout, 

1996): 

1. Negligible DIF, where absolute value of β̂ <.059 and the hypothesis test is 

rejected. 

2. Moderate DIF, where absolute value of .059< β̂ <.088 and the hypothesis test is 

rejected. 

3. Large DIF, where absolute value of β̂ 088.≥ and the hypothesis test is rejected. 

2.2.2 Parametric DIF Methods 

The parametric DIF methods assume a specific item response model and 
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compare item parameters from different groups. In this dissertation, two IRT based 

DIF detection methods will be briefly described. 

Lord’s Chi-Square. In the IRT framework, DIF can be identified when the item 

characteristic curve (ICC) differs for the reference and focal groups. The ICC is an S 

shaped curve describing the relationship between the probability of correct to an item 

and examinee ability. Since the ICC is completely determined by the item parameters, 

comparing the ICC is the same as comparing item parameters from two groups. Lord 

(1980) proposed a Chi-square statistic to detect item DIF in which the item parameters 

of the IRT model are estimated separately for the reference and focal groups. To do 

this, the item parameters need to be placed on the same metric by means of some 

linking strategy in order to test the equality of item parameters between the reference 

and focal groups. For example, if the Rasch model is proposed then the null 

hypothesis for Lord’s chi-square statistic is: 

H0: rf bb =                                  (2.20) 

The Lord’s chi-square statistic can be computed by 

)()( 12

diffdiff bbx ∑ −′=                          (2.21) 

where rfdiff bbb −= and ∑ is the variance-covariance matrix of differences 

between the parameter estimates. The statistic 2
x  is asymptotically distributed as a 

chi-square with p degrees of freedom, where p is the number of parameters being 

computed. 

Likelihood Ratio Test for DIF. The likelihood ratio test for DIF has been proposed by 

Thissen, Steinberg, and Wainer (1993). When applying this method, the likelihoods 

for two nested models (the compact and augmented models) are compared. In the 

compact model, item parameters for all items are assumed to be the same for 
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reference and focal groups. In the augmented model, item parameters for studied 

items are not constrained to be equal for reference and focal groups and the remaining 

items are constrained to be the same for reference and focal groups. The likelihood 

ratio can be calculated by 









−=

A

C

L

L
G log22

,                         (2.22) 

Where the CL  and AL are the likelihood ratios for the compact model and 

augmented model respectively. The G 2 is distributed as a chi-square with p degrees of 

freedom, where p is the number of parameters estimated in the compact model and 

augmented model. In addition, the remaining items serve as an anchor set to link the 

metrics of the focal and reference groups. Then DIF will be checked item by item. 

Modified Higher-Order DINA Model. Li (2008) proposed a modified HO-DINA 

model by making some adjustments to the HO-DINA model. In the modified 

HO-DINA, the group indicator is used as an examinee covariance in the upper level of 

the higher order DINA model. Thus, the attribute level specification of the HO-DINA 

model can be re-written as: 

)()(])([logit jkkjjjk ItIaP γβθθα +−∆+=            (2.23) 

Where jI  is the group indicator, that takes a value of 0, if examinee j belongs to the 

reference group, and 1, if examinee j belongs to the focal group; a is a uniform 

discrimination parameter, that is, it is fixed to be the same across attributes and groups; 

kβ  is the difficulty parameter of attribute k for the reference group; kγ  is the 

difference in difficulty for attribute k between the reference and focal groups, and 

represents the amount of uniform DIF for attribute k. A positive sign for γ  indicates 

the attribute favors the reference group, a negative sign indicates the attribute favor 
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the focal group. jθ  is the general ability for member j of the reference group, and 

t∆  is the mean difference in ability between the reference and focal group. 

Furthermore, the parameter is adjusted using Chaimonkol’s (2005) method for 

multilevel logistic regression method to solve the problem of model identification. 

The modified HO-DINA yield can detect DAF and DIF simultaneously. With this 

model, DAF can be detected by examining if 0=adj

kγ  and the kγ  is adjusted by 

γγγ −= k

adj

k
.     

Model based DIF Detection with RHO-RDINA and RHO-RDINO Model. Since the 

philosophy of researchers may not assume a higher order theta determine the response 

patterns of test takers the modified HO-DINA model (Li, 2008) can be extended into a 

more generalize form. For example, the group indicator can be added both or either in 

the item level or in the attribute level. Hence, in the present dissertation the more 

general formula is proposed as below to detect DIF. The general formula can be 

decomposed into two parts, the item level and attribute level. For the item level, the 

group indicator can be added in, and then one can detect DIF only. When the group 

indicator added in the attribute level, then one can detect DAF only. And if the group 

indicator is added in both item and attribute level, one can detect DAF and DIF 

simultaneously. In addition, the item discrimination parameter can be estimated 

according to attributes for both focal and reference group. Furthermore, in order to 

compare with the results with the previous DIF study within the framework of IRT, 

the estimated parameters are reparameterized in a logit scale. Hence, the model of 

item level can be rewrite as below: 
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Where isd  is the deviation from the mean slipping parameter for group g on item i; 
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the igd  is the deviation from the mean guessing parameter for group g on item i,; the 

ijη  is defined as the formula 2.1. In the DINA model, ijη  can be regarded as the 

ability variable with two levels: if ijη =1 indicates examinee j mastered all attributes 

required by item i, and if ijη =0 indicates examinee j missed at least one attribute 

required by item i. While the group indicator does not exist, it becomes a 

reparameterized DINA model.  

And the higher level of HO-DINA can be re-written as 

kjkjk rpLogit βγθθα −+= )()]([ d          (2.25) 

Where jθ  is the general ability for examinee j of reference group; dγ is the mean 

difference in ability between the reference and focal group;
kβ is the difficult 

parameter of attribute k for examinees and if a subscript “d” is added in it means the 

model can be use to estimate DAF; kr  is the item discrimination parameter. As noted 

above, in this model kr is a common discrimination parameter for all attributes in 

both focal and reference group. The restricted discrimination parameter version 

presented here can also be found in the model of de la Torre and Douglas (2004) and 

also implemented to fit real data sets that yielded better model data fit than the 

nonrestricted HO-DINA (e.g., DeCarlo, 2011). The modified RHO-RDINA model 

presented in the above is a special case of the generalized formula.  

Analogizing to the modified RHO-RDINA, the modified RHO-RDINO model can be 

rewritten as: 
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In the model, dis  is the deviation from the mean slipping parameter for group g on 
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item i; the igd  is the deviation from the mean guessing parameter for group g on 

item i which is defined as in the modified RHO-RDINA; the ijω  is defined as the 

formula 2.7. In the DINO model, ijω can be regarded as the ability variable with two 

levels: if ijω = 1 examinee j has mastered at least one attributes required by item i, 

and if ijω = 0 examinee j has not mastered at least one attribute required by item i. 

Therefore, any one attribute can completely compensate for the lack of all others to 

increase the correct rate of possibility. And the higher level of the modified 

RHO-RDINO model can be formulated in formula 2.25. 

    It is appealing that Li (2008) proposed modified HO-DINA model to detect DIF 

and DAF in a parametric DIF detection approach. However, the model is hard to 

apply in real situation. Firstly, the model of Li (2008) did not constrain any item or 

attribute parameter as the same across groups. Therefore, the required estimation 

parameters will be increase with test length and the complexity of Q matrix. The most 

serious problem is the aberrant phenomenon appeared in a real dataset application. 

The results of the real datasets indicated that an inconsistent DAF and DIF result that 

is items indicated as DIF items are not belong to the indicated DAF attribute. On the 

other hand, the indicated DAF attribute has not any DIF item in it. The result may due 

to insufficient sample size to estimate such a complexity model. Second, considering 

the function of DIF detection work is to assure the quality in item level, to assume the 

same attribute parameter across groups is more reasonable. Undoubtedly, some 

researchers devoted to detect DAF to test different assumptions of cognitive learning 

strategy by assume different attribute hierarchy structures (e.g., Gierl, Zheng & Cui, 

2008), however, these is beyond the scope of this dissertation. Hence, unlike the 

modified model, the present study adding the group indicator in the lower item level. 
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It is more reasonable and logical to detect DIF in the item level. Furthermore, in order 

to compare with the results with the previous DIF study within the framework of IRT, 

the estimated parameters are reparameterized in a logit scale. Hence, the modified 

RHO-RDINA and RHO-RDINO are proposed to detect DIF in the present study. 

:    By definition, in the DINA model, the conditional probability of a correct 

response to item i is is1− , when ijη =1, and ig , when ijη =0. To obtain an estimate of 

DIF it is necessary to estimate the isd  and igd  for each group and their 

corresponding )%1(100 α−  CI is computed to determine if the two noise parameters 

of specific group is significantly different from another group (i.e., check if the range 

contains 0). The result is similar with the estimate of Wald-test.  

However, it will be detected as statistically significant as long as the sample size 

is sufficiently large. Thus, to quantify the magnitude of DIF contamination, the mean 

item difficulty difference (MIDD, Wang &Yeh, 2003) between reference and focal 

groups is used as an index to determine DIF items. The MIDD is directly related to 

the signed Area measure proposed by Raju (Wang & Su, 2004a). Thus, applying the 

concept of MIDD in the framework of CDMs yields: 

MIDD= FR ss −                (2.27) 

Where the Rs  and Fs  denote the mean item slipping of the reference and focal 

groups respectively. The same idea can be implemented in the mean item guessing of 

the reference and focal groups. Wang (2008) pointed out that a DIF magnitude of 0.5 

logits can be treated as a cut-off point to determine DIF. Because the item parameters 

are reparameterized in a logit scale, to determine if the item is exhibiting significant 

DIF the empirical cut-off value 0.5 logit can be used.  

In the modified RHO-RDINA model, the positive value of isd  indicates the 
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item favors the focal group for examinees mastering all attributes required by item i 

and, and positive values of 
igd
 indicates the item favors the reference group for 

examinees who have not mastered at least one of the attributes required by item i. In 

the modified RHO-RDINO model, the positive value of isd indicates the item favors 

the focal group for examinees mastering at least attributes required by item i and, and 

positive values of igd  indicates the item favors the reference group for examinees 

who have not mastered one of the attributes required by item i. Thus, there are four 

combinations of isd  and igd : 

1. Both 
isd
 and 

igd
are positive, that is, the item favors the focal group for masters 

but favors the reference group for non-masters. 

2. Both isd  and igd are negative, that is, the item favors the reference group for 

masters but favors the focal group for non-masters. 

3. isd  is positive and igd  is negative, that is, the item favors the focal group for 

both masters and non-masters. 

4. isd  is negative and igd  is positive, that is, the item favors the reference group for 

both masters and non-masters. 

According to the definition of Li (2008) the combination 1 and 2 indicate non-uniform 

DIF, and combination 3 and 4 indicate uniform DIF.  

2.2.3 Previous DIF Detection Methods in CDM Framework 

The performance under various manipulated conditions of the above mentioned DIF 

detection methods in terms of the rate of correct (power) and incorrect (Type I error) 

identification of DIF has been examined in the framework of item response models 

(i.e., items generated from Rasch model, 2PL model and 3PL model). For instance, 

several factors were pointed to affect the result of DIF detection, including the power 
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increases with the sample size with LR and MH (Finch & French, 2007; French & 

Maller, 2007; Rogers & Swaminathan, 1993); unequal sample size (e.g., Finch, & 

French, 2007); mean ability differences inflated the type I error rate (e.g., Finch, & 

French, 2007; Roussos & Stout, 1996; Shih & Wang, 2009). Also, some studies have 

shown that the test length inflated the type Ι error rate only in short tests (e.g., Uttaro 

& Millsap, 1994), but other results indicated the impact of test length did not appear 

(Fidalgo,Mellenbergh & Muniz, 2000; French & Maller, 2007; Finch, & French, 2007; 

Shih & Wang, 2009; Narayanan & Swaminathan, 1996). Studies which have explored 

the effect of DIF percentage have indicated the type Ι error rate to be out of control 

with a higher percentage of DIF items (Fidalgo, Mellenbergh and Muniz, 2000; Finch 

& French, 2007; French & Maller, 2007; Shih & Wang, 2009). Finally, DIF magnitude 

(French & Maller, 2007; Narayanan & Swaminathan, 1996; Rogers & Swaminathan, 

1993) and DIF patterns (e.g., Shih & Wang, 2009; Wang & Su, 2004a) have also been 

shown to have an influence. Wang and Su (2004a) classified DIF direction into three 

categories: (a) “reference-all,” in which all DIF items favor the same group (usually 

the reference group); (b)“reference-most,” in which most DIF items favor the same 

group (usually the reference group); and (c) “balanced-DIF”, in which some DIF 

items favor the reference group and the other DIF items favor the focal group at the 

same magnitude so that as a whole neither group is favored. The results indicate that 

the type Ι  error rate and power with MH detection method differed within different 

DIF patterns. That is, in the reference all pattern, type Ι error rates were higher than 

in the balanced pattern, but implementation of the two stage and purification 

procedures could effectively reduce type Ι error rate and increase power. 

Recently, researchers have started to focus on the DIF issue in cognitive 

diagnostic context. Zhang (2006) attempted to apply the nonparametric MH and 
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SIBTEST methods in DINA model. While applying the MH method and SIBTEST, 

the total test score and mastery profile scores served as matching variables and 

compared the efficiency of two types of matching criteria recommending that using 

the mastery profile scores as matching outperforms the test total score across different 

conditions (e.g., different levels of DIF magnitude; different levels of attribute 

correlations; different levels of sample size). The results also indicated that traditional 

total score matching for MH statistic appeared to select more heterogeneous 

examinees to be in the same total test score category especially when larger sample 

size, higher amounts of DIF and uniform DIF were introduced through cognitive 

diagnostic model thus cause higher Type Ι error rate in the above conditions. In order 

to get the mastery profile scores and compared with the test total score, Zhang 

analyzed dataset with DINA model in two stages which is inefficiency. Additionally, 

Li (2008) proposed a modified HO-DINA model which aimed to detect DIF and DAF 

in a simultaneous procedure by adding a gender indicator in the attribute level. 

Factors were manipulated to investigate the effectiveness of modified HO-DINA 

model (e.g., different levels of discrimination of attributes; the uniform and 

non-uniform DIF patterns; sample size and ability distribution). The results indicated 

that the appropriate discrimination value of attributes in a complex structure of 

Q-matrix is higher than 1 in detecting uniform and non-uniform DIF with sample size 

1000. Besides, Q-matrices with simple structure showed lower type Ι error rates than 

with complex structures in the uniform DIF pattern and non-uniform pattern. 

Additionally, the comparison of model-based methods with MH-test scores and 

MH-profile scores for DIF detection showed the model-based method had better 

type Ι error control across all conditions.   

2.3 Matching Variable Issues in CDM 



 

 33 

Matching variable selection. In DIF studies, a matching variable is employed to place 

the reference and focal groups on the same metric so that the performance of studied 

items can be assessed for DIF. Therefore, building a common metric before DIF 

detection is necessary no matter which DIF detection method is applied. A matching 

criterion can be internal or external, but an external matching criterion (i.e., consisting 

of a set of DIF-free items which measure the same latent trait for the studied item) is 

difficult to find in practice (Wang, 2004; Shih & Wang, 2009). A common metric is a 

matching variable or anchor; without a common metric one cannot compare the 

response of different groups. The matching criteria itself must be DIF-free otherwise 

the performance of both reference and focal groups will be compared along a biased 

measure, and the result will be misleading (Fidalgo, Mellenbergh and Muniz, 2000; 

Shih & Wang, 2009). In practice, a newly developed test may not be perfect and claim 

no DIF item in it without any investigation. Hence, it is an illogical strategy to apply 

internal matching criterion without any further investigation to assure the quality of 

internal matching criterion (i.e., to assume the internal matching criterion is DIF-free). 

Usually, the matching criterion is the test total score in DIF detection. However, when 

a test structure is not strictly unidimensional, traditional matching criteria using total 

test scores or one latent trait estimate will cause an inflated type Ι error rate (Oshima 

& Miller, 1992). Zhang (2006) suggested that it may not appropriate to adopt test 

scores as matching variables and proposed mastery profile scores derived from the 

CDM as matching criteria while detecting DIF in the framework of CDM. Using the 

mastery profile score as the matching criteria has also been implemented in the study 

of Li (2008). However, the previous DIF detection studies in the framework of CDM 

have failed to address the issue of whether the internal matching criterion is 

contaminated.  
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Item Purification in DIF Detection. Purification is a procedure that attempts to 

identify a set of non-DIF items from the instrument under evaluation to be used as 

matching criterion in DIF detection. Lord (1980) recommended that the scale 

purification procedure be used to avoid the impact of DIF contamination contained in 

an internal matching variable on DIF assessment. A similar new idea 

DIF-free-then-DIF (DFTD) proposed by Wang (2008) means that when beginning 

DIF detection, one needs to assure that at least a set of items in a detected test are DIF 

free items and then to use these DIF free items as matching criteria to then detect DIF. 

Scale purification has been applied both in IRT-based and non IRT based DIF 

detection methods, such as the iterative linking IRT-based method (Candell & 

Drasgow, 1988), a two-stage version of MH, where the total score is used as the 

matching criterion for initial DIF screening and a new score comprised of only items 

not displaying DIF is used for final analysis (e.g., Holland & Thayer, 1988), 

implemented the purification procedure in Mantel method and generalized 

Mantel-Haenszel method, (e.g., Wang & Su, 2004a, 2004b), the iterative logistic 

regression (French & Maller, 2007) and the iterative constant item method (ICI, e.g., 

Wang, et al., 2009). Empirical evidence support the use of purification with both IRT 

and non-IRT DIF methods (Candell & Drasgow, 1988; Holland & Thayer, 1988). 

Furthermore, compared with the two stage purification process the purification 

procedure showed significant improvement in detection errors while high amounts of 

DIF items present in a test can result in better DIF detection rates than 

non-purification procedures (Fidalgo, Mellenbergh and Muniz, 2000; French & Maller, 

2007; Wang & Su, 2004a ). Moreover, while in an extreme condition with equal 

ability and high magnitude the purification procedure with LR method can reduce 

type I error rate. 
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In sum, the nonparametric DIF method has its strength in DIF detection. Take the 

two common use DIF detection method MH and LR as example, the MH is simple, 

easily computed, the results easily interpreted and is widely applied in application. 

And the LR is developed to detect uniform DIF and non-uniform DIF simultaneously 

and can be easily computed with statistical packages. However, these two methods 

can only apply to specific DIF patterns. On the other hand, the model-based DIF 

method needs to propose a specific item response function but can be applied in 

various DIF patterns and still has suitable statistical power. Thus, the effectiveness of 

nonparametric DIF methods and IRT based DIF methods in CDMs still worth 

investigating. Furthermore, since the effectiveness of LR has been investigated in the 

framework of item response functions, the effectiveness of LR in the framework of 

CDMs remain unknown. Thus, it is necessary to explore the effectiveness of LR in the 

framework of CDMs.  

Additionally, though the previous DIF detection studies in the framework of 

CDMs (e.g, the DINA model; the HO-DINA model) have considered factors (e.g., 

sample size; the structures of Q-matrix; the distribution of ability; discrimination of 

attributes; types of matching criterion) that might influence the type I error control 

and power with different DIF detection methods, the effect of different conditions 

(e.g., unequal sample size, test length, extreme amount of DIF items, different levels 

of DIF magnitude) on DIF detecting under cognitive diagnostic context remain 

unknown.  

Moreover, it is necessary to be concerned that if there are DIF items in a test, 

then the sum score used as matching criteria will be contaminated by these DIF items, 

possibly leading a problematic conclusion. As mentioned above, it is recommended 

that checking to insure the matching criterion is DIF free should be performed before 
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any DIF detection, especially when there is a high percentage of a DIF item in a test. 

However, the previous DIF studies in CDMs neglected this important issue while 

applying the nonparametric DIF detection method. It is worth to investigate the 

effectiveness of purification procedure while use the test total score as matching 

criterion with the non-model based DIF detection method. 

In addition, studies detecting DIF or DAF in CDMs only focused on 

non-compensatory CDM. For example, the DINA model (e.g., Zhang, 2006), the 

higher-order DINA model (e.g., Li, 2008) and the attribute hierarchy method (e.g., 

Gierl, Zheng & Cui, 2008). Although, these studies contributed in this area, some 

issues remain unsolved while applying DIF detection procedure in CDM. For example, 

Zhang aimed to applied non-parametric procedure which M-H and SIBTEST 

procedure were included to detect DIF in DINA model. It is worth noting that the 

DINA model is a non-compensatory model that means examinees need to master all 

required attributes in a tested item, otherwise they cannot gain a score on the tested 

item. However, the strong assumption may not be appropriate in real situation. One 

limitation of the DINA model is that it does not further differentiate between 

respondents who have not mastered at least one attribute. Thus, it is worth 

investigating the DIF detection issue while compensatory CDMs are applied. 

2.5 Hypothesis and Research Questions 

The purpose of this dissertation is to explore the effectiveness of modified 

RHO-RDINA model and RHO-RDINO model in DIF detection and investigate the 

DIF impact under each condition using two nonparametric DIF methods (MH and LR 

methods) and model-based DIF detection method. Furthermore, the purification of 

matching criterion issue in CDMs is explored and the effectiveness of purification 

procedure is introduced in the DIF detection methods and implemented in the present 
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study. A wide range of conditions, such as different sample sizes, different test lengths, 

different DIF patterns, different distributions of ability, the percentage of DIF items, 

DIF magnitude, etc are used as factors that influence the detection of DIF defined by 

manipulating the item parameters in compensatory and non-compensatory cognitive 

diagnostic models. Specifically, the following questions are addressed: 

1. How do test length, ability distribution differences and DIF patterns affect the 

performance of parameter recovery of the two proposed model?  

2. Does the compensatory RHO-RDINO model based method perform equally 

well with the RHO-RDINA model across comparative conditions?  

3. How do ability distribution differences, magnitude, sample size and DIF 

percentage affect the performance of DIF detection methods? Will the model 

based method maintain Type Ι error control and sufficient power across 

conditions?  

4. Do MH and LR based on the total score maintain Type Ι error control across 

conditions? Will the purification procedure result in a higher overall power 

rate and better Type I error control across conditions? 

5. How do ability distribution differences, magnitude, sample size and DIF 

amounts affect the performance of DIF detection with the purification 

procedure? Will the purification procedure maintain Type Ι error control in a 

test with high percentage of DIF items and large magnitude? 

6. Are the performance of DIF analyses with the two model based methods 

different from the MH and LR with purification procedures? 

It is hypothesized that, under the assumption the Q-matrix encompasses all the 

possible underlying skills and the cognitive diagnostic model is correct, the 

effectiveness of model-based DIF methods is expected outperform than the MH and 
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LR methods across conditions especially when in the extreme condition (e.g., high 

percentage and large magnitude). In addition, it is expected that the purification 

procedure will help reduce the Type Ι error rate and maintain sufficient power in DIF 

detection especially under extreme conditions.  

Finally, an application of the purification procedure in different DIF detection 

methods is conducted using a real dataset. The purpose is to demonstrate the 

capability of performing DIF analysis with the purification procedure and to compare 

its performance with non-purification procedures within the framework of CDMs. 
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CHAPTER 3 METHOD 

The three studies included here aim to explore some unsolved issues with different 

detection methods for DIF in cognitive diagnostic measurement while applying 

different CDMs. The first study focuses on estimation of the two proposed models 

and checked the parameter recovery. The second study attempts to introduce the 

DIF-free-then-DIF strategy in the CDM framework. The type I errors and power 

analysis of non-parametric DIF detection methods and parametric DIF detection 

methods performing under two underlying CDMs were compared. Thus, detection 

errors were evaluated through simulation across iterative purification and no 

purification procedures. Finally, an empirical dataset is used as an example of 

applying DIF detection procedures in the CDM framework. Both non-parametric DIF 

detection methods and parametric DIF detection method were compared.  

 

3.1 Study 1: The Parameter Recovery of RHO-RDINA and 

RHO-RDINO Model 

3.1.1 The Simulation Design 

Study 1 aimed to assess the parameter recovery of RHO-RDINA and RHO-RDINO 

models. Some simulation conditions are considered to investigate the efficiency of 

two proposed DIF detection methods. Simulated datasets were used to have direct 
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control of certain factors, such as the structure of the Q- Matrix, DIF percentage and 

DIF amount that influence DIF detection. However, conditions were simulated to 

approximate real conditions for the generalizability of the results. To ensure stable 

results, 25 replications were completed for each condition. The replication number 

was chosen (a) in accord with the number used in recent simulation work with CDMs 

estimated by the MCMC algorithm (De la Torre & Douglas, 2004), (b) to compare 

methods or criteria for correct DIF detection rates with CDMs (Li, 2008; Zhang, 

2006), and (c) given the time-intensive nature of purification with DIF methods as 

applied in this study. 

Main Purpose of Study 1
Assessing Parameter Recovery of RHO-RDINA and

RHO-RDINO model

Controlled Variables
Structure of the Q-matrix

Sample Size: 1000 per

group

Item Parameter: U[.1,.3]

Attribute Difficulty: [-

1.5,-1.0,-1.0,-0.5,-0.5]

DIF Percentages: 20%

DIF Magnitude: .54 logit

Manipulated Variables
Ability Distribution:

equal/unequal

Test Length: 20, 40, 60
DIF Pattern: No-DIF, 
one-sided, balanced

Dependent Variables
Bias

RMSE
 

Figure 3.1 Simulation Design of study 1 
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Controlled Variables. 

    Structure of the Q-matrix. In practice, the structure of the Q-matrix is defined by 

a number of content experts during test development. It is said that with the generated 

Q-matrix approximating a reasonable test structure, the possible confounding effect of 

Q-matrix from causing DIF is removed (Zhang, 2006). In this study, a single 20 × 5 

Q-matrix is constructed that is balanced between complexity and effectiveness. The 

Q-matrix which was used in this study is given in Table 3.1. The design of the 

Q-matrix is similar to that of previous studies (e.g., de la Torre & Douglas, 2004; de la 

Torre, Hong & Deng, 2010; Li, 2008). For the first five items, each item was 

simulated as estimating a single attribute; for Items 6 to 15, each item was simulated 

as estimating two attributes; for Items 16 to 20, each item was simulated as estimating 

three attributes.  

It is worth noting that unlike most previous CDM studies which have used a 

fixed test length, in this study the test length was manipulated so that the Q-matrix 

therefore has to change across different test length conditions. In addition, the 

changed Q-matrix may threaten the inferences of test length effect. Thus, the same 

Q-matrix structure was copied two and three times with the test length increases. 
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Table 3.1 The Q-Matrix Structure for 20 items 

 Attributes  Attributes 

Items 1 2 3 4 5 Items 1 2 3 4 5 

i1 1 0 0 0 0 i11 0 1 1 0 0 

i2 0 1 0 0 0 i12 0 0 1 1 0 

i3 0 0 1 0 0 i13 0 0 0 1 1 

i4 0 0 0 1 0 i14 1 0 0 1 0 

i5 0 0 0 0 1 i15 0 0 1 0 1 

i6 1 1 0 0 0 i16 0 1 1 1 0 

i7 1 0 1 0 0 i17 0 1 0 1 1 

i8 1 0 0 1 0 i18 1 1 0 0 1 

i9 1 0 0 0 1 i19 1 0 1 1 0 

i10 0 1 0 0 1 i20 0 1 1 0 1 

 

    Item Parameter and Attribute Difficulty. In the simulation study and real data 

example presented in de la Torre and Douglas (2004), the range of attribute difficulty 

was from -1.5 to .5, and the range of most slip and guessing parameters was from .1 

to .3. The further study conducted by de la Torre, Hong & Deng (2010) investigated 

the impact of level of guessing and slip parameter on item parameter estimation. In 

their study, the high level of guessing and slip parameter was defined as items with 

guessing and slips parameters ranging from .20 to .30, whereas the low level ranged 

from .05 to .15. Considering that DIF detection usually occurs when the preliminary 

version of the test is initiated, to match practical applications this dissertation set the 

guessing and slip parameter in the range from .10 to .30. Slip and guessing parameters 

for each item will be generated from a uniform distribution between .1 and .3. The 

range of attribute difficulty was set to [-1.5, -1.0, -1.0, -0.5, -0.5] for both groups; the 
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discrimination estimates, ak, was set at 1.5 and be restricted to be equal across the 

items. 

    Percentage of DIF Items. Obviously, a higher percentage of DIF items in a test 

will result in less accurate ability estimates. That is, the contamination of the 

matching variable increases as the percentage of DIF increases. As a result, power is 

likely decrease with the percentage of DIF items increases. The percentage of DIF 

items depends on whether the test is well developed. In previous studies, both Zhang 

(2006) and Li (2008) set 20% DIF items in a test which would be likely to occur in a 

well developed test. In study 1, the percentage of DIF item was set to 20%; that is, a 

short test with four DIF items; a middle test with eight DIF items and twelve DIF item 

for a long test.  

    DIF Magnitude. In the simulation study presented in Zhang (2006), two levels 

of DIF magnitude were manipulated for item slip and guessing parameters: .075 

and .15. However, a DIF of .075 was not sufficiently large enough to be detected. In 

the simulation study of Li (2008), the amount of DIF was set at .10, which yielded 

sufficient power. The amount of DIF, however, was not the focus in study 1. 

Consequently, in study 1, the level of DIF magnitude will not be manipulated and the 

value was set at .10. However, because of the item level parameters in this study has 

been reparameterized, this can be done by using a logit function, log[p/(1-p)]. Note 
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that if one prefers the original probability formulation of the parameters, then it is 

simple to recover by using the function, )]exp(s)/[1exp(ss iii += . Thus, in the 

present study, the slip and guessing parameters in the focal group was formed by 

adding or subtracting .27 logit from the values for the reference group, the DIF 

magnitude is set as .54 logit that is very close to the .10 difference between subgroups 

in probability.  

Manipulated Variables. The factors described above were fixed in study 1. The 

following factors were manipulated: 2 ability distributions, 3 test lengths and 3 

scenarios with different combinations of DIF patterns; 2 underlying CDMs were used 

to generate the data.  

Test Length. Test length has been manipulated in several DIF simulation studies 

with a range of 20 to 80 items (e.g., French & Maller, 2007; Finch, & French, 2007; 

Shih & Wang, 2009; Narayanan & Swaminathan, 1996). Studies of DIF detection, in 

an IRT framework, found that statistical power increases with longer tests (Narayanan 

& Swaminathan, 1996; French & Maller, 2007). Since studies in the framework of 

cognitive diagnostic measurement have usually adopted fixed test length in DIF 

detection (Zhang, 2006; Li, 2008), the test length effect is still uncertain. Thus, 

different test lengths were manipulated according to the past simulation studies. The 

20-item test, 40-item test and 60-item test were used to represent short, moderate and 
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long length tests respectively.   

Ability Distributions. Ability differences influence DIF detection (e.g., degraded 

power of model based detection method; Li, 2008). Two conditions were generated. 

First, abilities were generated from a standard normal distribution (M =0.0, SD=1.0) 

for both groups. Second, the mean will be set at 0.0 and -1.0 for the reference and 

focal groups, respectively. These differences are selected to approximate actual test 

data and have been used in previous DIF detection studies (e.g., Finch, & French, 

2007; Li, 2008; Roussos & Stout, 1996; Shih & Wang, 2009). 

DIF Pattern. In this simulation, DIF is created in three ways: by changing the 

slip parameter, by changing the guessing parameter, and by changing both guessing 

and slip parameter in the focal group. In summary, the following three distinct types 

of DIF were examined and listed in the Table 3.2: 

1. The no-DIF pattern was serving as baseline information to compare Type Ι error 

rates; both the focal group and reference group receive the same set of item 

parameters. In this way, both groups have an equal probability of a correct 

response for a specific attribute pattern, and hence no DIF should occur for the 

focal and the reference groups. 

2. The one-sided DIF pattern refers to the fact that all DIF items were set to favor the 

same group (the reference group). That is the DIF items were generated by 
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decreasing the slip parameter and increasing the guessing parameter by an equal 

amount (setting the DIF amount equal to 0.27 logit). In other words, the reference 

group had a much higher probability of being correct on the DIF items than the 

focal group after the latent trait levels were controlled.  

3. The balanced DIF pattern refers to the fact that half of DIF items were set to favor 

the reference group while the other DIF items were set to favor the focal group. 

Specifically, each group is at the same magnitude so that neither group can be 

considered favored.  

 

Table 3.2 DIF Pattern Manipulation 

DIF pattern NO DIF One-sided Balanced 

    Favor R Favor R Favor F 

Parameter g s g s g s g s 

Groups  Focal equal equal -0.27 +0.27 -0.27 +0.27 +0.27 -0.27 

 Reference equal equal +0.27 -0.27 +0.27 -0.27 -0.27 +0.27 

Note: the”﹢”denotes add dif amount; the”﹣”denotes subtract dif amount   

3.1.2 Data Simulation Procedures 

The following general data simulation procedures were used: 

1. Generate a Q-matrix 

2. Randomly generate the slip and guessing parameters for the reference group from 

uniform (.1, .3) only once. Keep guessing and slip parameters for No DIF pattern 

the same across different conditions, and manipulate them for the focal group and 
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reference group based on different scenarios according to the description of the 

combinations of DIF given above (see table 3.2). Keep all slip and guessing 

parameters for the two groups the same across the replications in the same 

condition. 

3. Generate the attribute patterns of examinees according 1 PL and using ability 

distribution as described above and attribute difficulty set [-1.5, -1.0, -1.0, -0.5, 

-0.5] for both groups. 

4. Generate examinee responses based on the RHO-RDINA model and 

RHO-RDINO model, by using the examinee attribute patterns as in 3 and using 

the two sets of slip and guessing parameters shown in 2. 

5. Estimate the examinees’ attribute patterns using the RHO-RDINA model and 

RHO-RDINO model  

6. Compute the MH statistic and LR statistic for each generated data sets using 

（1） RHO-RDINA model 

（2） RHO-RDINO model  

 

    Data was generated with MATLAB software with 25 replications under each 

condition. Roussos, Templin and Henson (2007) stated that the statistical information 

one obtains from MCMC estimation (a full posterior distribution) is richer than that 

obtained from an EM algorithm (an estimate and its standard error), the evaluation of 
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whether convergence has occurred is more difficult in the MCMC case. Thus, the 

MCMC chain for each replication will run for a total of 1,4000 iterations. All chains 

were simulated using the computer program WinBUGS 1.4 (Spiegelhalter et al., 2003) 

through Gibbs sampling algorism. The number of iterations was set according to Li 

(2008), with the convergence diagnostics proposed by Gelman and Rubin (1992) used 

to decide the number of iterations while running HO-DINA model. Thus, a 

conservative burn in of 4,000 iterations and 10,000 post burn-in iterations will be used 

in all conditions. The amount of time required for each MCMC chain to run to 

completion differed depending on the data being analyzed. The MCMC run for a data 

set with 1000 examinees per group in a single condition required about 6 hours for 

completion on a computer with a 3.70 GHz Intel -Core i7 processor and 8GB RAM 

running a Windows 7 operating system. The time required for running 14,000 MCMC 

iterations for a dataset with 1,000 examinees per group in 40 test length on this same 

computer system was about 12 hours. 

 

3.1.3 Recovery Analysis of the RHO-RDINA and RHO-RDINO Model  

Before proceeding to DIF detection for the simulation study, a recovery analysis was 

conducted to determine the extent to which the generating parameter could be 

recovered from the simulated datasets by the RHO-RDINA and RHO-RDINO model. 
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The recovery analysis considered three issues: recovery of the simulated item 

parameters (i.e., the slip and guessing parameters), recovery of the simulated attribute 

difficulty parameters, and recovery of the attribute mastery classifications. Recovery 

of item parameters or attribute difficulty parameters was assessed using root mean 

squared errors (RMSE) between the generating parameters and the parameter 

estimates. The RMSE can be expressed as: 

2
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)ˆ(
1

ii

n

i

bb
n

RMSE −= ∑
=

                  (3.1) 

Where ib  the generating parameter for either an item or attribute parameters is, ib̂  

is the parameter estimate, and n is the number of iterations. Recovery of attribute 

mastery classification was done by simply calculating the proportion of examinees 

who were correctly classified as masters or non-masters on each attribute.  

Therefore the following questions are addressed on the results. 

1. Will the test length, ability distribution differences and DIF pattern affect the 

parameter recovery of two model-based methods? 

2. Does the compensatory RHO-RDINO model based method perform equally 

well with the RHO-RDINA model under the same condition? 
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3.2 Study 2: Comparing the Effectiveness of Traditional DIF Methods 

with Purification Procedure and Model Based Method within CDM 

Framework 

 

3.2.1 The Simulation Design   

The simulation study was designed to test if the purification procedure contributes to 

the two commonly used DIF detection methods: MH and LR methods. The 

RHO-RDINA model and RHO-RDINO models were used to generate and analyze the 

data. The goal of study two is to investigate whether or not scale purification affects 

the efficiency of different DIF detection methods. Thus, some factors such as test 

length and Q-matrix were fixed and were simulated to approximate real tests in study 

2.  
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Main Purpose of Study 
Comparing the Effectiveness of Traditional DIF

Methods with Iterative Procedure and Model based
Method within CDM Framework

Controlled Variables
Structure of the Q-matrix

Test Length: 20

Item Parameter: U[.1,.3]

Attribute Difficulty: [-

1.5,-1.0,-1.0,-0.5,-0.5]

DIF Pattern: one-sided

Manipulated Variables
Ability Distribution:

equal/unequal

DIF Percentage: 0% ,

10%, 20%, 30%

Sample Size: F500/R500,

F500/R1000, F1000/

R1000, F1000/R2000

DIF Magnitude: 0.4, 0.6,

0.8

DIF detection methods:

MH, LR, Model based

purification procedure:

Yes/No

Dependent Variables
Type I error rate

Power rate
 

Figure 3.2 Simulation Design of Study 2 

Controlled Variables. 

    Test length. The test length was not be manipulated, and a 20-item test was used 

to represent a short length test. The test length was chosen to approximate most 

diagnostic assessments (e.g., a total of 20 items in the Fraction and subtraction test; a 

total of 25 mathematics problems in the Trends in International Mathematics and 

Science Study, TIMSS; a total of 25 mathematic problems in the Organization for 

Economic Cooperation and Development Programme for International Student 

Assessment, PISA), as some cognitive diagnostic models were implemented to 
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analyze these data sets (e.g., de la Torre & Douglas, 2008; Dogan & Tatsuoka, 2008; 

Lee, Park & Taylan, 2011).  

    Structure of the Q-Matrix. The structure of the Q-Matrix in study 2 was 

simulated as in study 1. Thus, the Q-matrix listed in the Table 3.1 was used to 

generate item responses.  

    Item Parameter and Attribute Difficulty. Slip and guessing parameters for each 

item were generated from a uniform distribution between .1 and .3; for the higher 

order structure, the overall ability for the two groups will be generated from a 

standard normal distribution, with mean 0 and variance 1 for the reference group and 

with mean -1 and variance 1 for the focal group. The range of attribute difficulty will 

be set to [-1.5, -1.0, -1.0, -0.5, -0.5] for both groups; the discrimination estimates, ak, 

will set at 1.5 and be restricted to be equal across the items. 

Manipulated Variables. 

Ability Distributions. As with study 1, two conditions of ability distribution were 

generated in study 2. First, abilities were generated from a standard normal 

distribution (M =0.0, SD=1.0) for both groups. Second, the mean was set at 0.0 and 

-1.0 for the reference and focal groups, respectively. This difference of ability 

distribution was assumed to affect the efficiency of DIF detection.  

Percentage of DIF Items. Obviously, a higher percentage of DIF items in a test 
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will result in less accurate ability estimates. That is, the contamination of the 

matching variable increases as the percentage of DIF increases. As a result, power is 

likely to decrease as the percentage of DIF items increases. In the framework of item 

response models, the percentage of DIF items in a test is usually manipulated in a 

range from 0% to 40% (e.g., three levels 10%, 15% and 30% in the study of Fidalgo, 

Mellenbergh and Muniz, 2000; three levels 0%, 10% and 20% in the study of Finch & 

French, 2007; three levels 0%, 10% and 20% in the study of French & Maller, 2007; 

four levels 10%, 20%, 30% and 40% in the study of Shih & Wang, 2009). The 

percentage of DIF items is expected to be low in testing. However, if the test is not 

well developed, a higher percentage of DIF items may appear on the test. Therefore, 

the percentage of DIF items was set at the levels 0 %, 10%, 20%, and 30%. 

Sample Size. Power and type I error increases with DIF detection methods (e.g., 

LR, MH and SIBTEST) as sample size increases (Finch & French, 2007; French & 

Maller, 2007; Rogers & Swaminathan, 1993). Additionally, de la Torre and Douglas 

(2004) stated that the estimation has sufficient power when sample size achieves 1000 

in DINA model. In the present study, the RHO-RDINA and RHO-RDINO models are 

implemented. Therefore, small and large sample sizes were included to evaluate 

conditions with less statistical power. Four sample size combinations were 

manipulated as following: F500/R500; F500/R1000; F1000/R1000 and F1000/R2000. 
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Thus, the sample size ratio of the focal and reference groups can be compared. 

DIF Magnitude. Bias were simulated in accord with the manipulation in 

previous DIF studies (French & Maller, 2007; Narayanan & Swaminathan, 1996; 

Rogers & Swaminathan, 1993). Three level of DIF for item slip and guessing 

parameters 0.4, 0.6 and 0.8 were selected to represent small, moderate and large 

differences respectively.  

Purification. The purification procedure will be implemented in LR and 

Mantel-Haenszel methods and compared with non-purification procedures. Thus, the 

purification procedure for LR and MH methods are described as follows: 

1. Conduct LR / MH analysis for all items (N) with total summed score as the 

matching criterion. 

2. Identify DIF items (n) based on set criteria. 

3. Rerun the analysis for all items with N-n total score as the matching criterion and 

identify DIF items. 

4. Rerun the analysis for all items with N-n total scores as the matching criterion. 

Continue steps 3 and 4 until the same set of DIF items are identified in two 

consecutive analyses or no other items were indentified. 

3.2.2 Data Analysis 

After the data is simulated, the following analyses were done to detect DIF using the 
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model-based method proposed in the dissertation. At the same time, the DIF analysis 

of the model based method was compared with the MH and LR methods with 

purification procedure. For each of the 25 replications within conditions, the 

following calculations are undertaken: 

1. Run the RHO-RDINA and RHO-RDINO model for simulated response data in 

WinBUGS to obtain gig  (DIF-gussing parameter), gis  (DIF-sleeping parameter) 

and their corresponding )%1(100 α− CI, simultaneously save the attribute 

mastery profiles for all examinees. 

2. Detect DIF by checking if the )%1(100 α− CI for either gig or gis  contains 0. 

3. Computing MH and LR statistics using the total score as the matching criterion. 

4. Executing the iterative MH and LR analysis and using the total score as the 

matching criterion. 

5. Calculate the Type Ι  error and power for the above DIF analysis procedures over 

all replications under each condition. 

All Type Ι  error and power analyses were calculated for each replication then 

averaged over all replications under each condition. After these results are obtained, 

both Type Ι error and power were compared among conditions and among the DIF 

methods. The relative effectiveness of all three DIF detection methods were evaluated 

using two criteria, power and Type I error rate. Power is analyzed by computing the 
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percentage of correct identification of the known DIF items. Type I error rate is the 

percentage of non-DIF items incorrectly identified. Power and Type I error rates will 

be examined separately for all conditions. A significance level of α  =.05 is chosen 

for all the analyses for Type Ι  error study. To compute the MH and LR analysis the 

free software R (R Development Core Team, 2011).was implemented and the dif-R 

package (Magis, Beland & Raiche, 2011) was used.  

Therefore the following questions were addressed:  

1. Will the purification procedures improve the effectiveness of LR and MH 

methods in DIF detection?  

2. How do ability distribution differences, magnitude, sample size and DIF 

amounts affect the performance of DIF detection with the purification 

procedure? Will the purification procedure maintain Type Ι  error control in a 

test with a high percentage of DIF items and large magnitude? 

3. Does the performance of DIF analysis with the two model-based methods 

differ from the MH and LR with purification procedures? 

 

3.3 Study 3: Real Data Example with DIF Detection in a Framework 

of CDM 

To illustrate the use of the model-based method for DIF detection, the modified 
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RHO-RDINA and RHO-RDINO models were applied to a gender DIF problem using 

data from TIMSS 2007 fourth grade mathematics assessment. Gender DIF detection 

seeks to identify group differences conditioning on the same attribute mastery. 

Additionally, the model based method was compared with LR and MH methods with 

purification procedure. 

3.3.1 Data Description 

Data was taken from booklets 4 and 5 of TIMSS 2007 fourth grade mathematics 

assessment, which consists of 25 items with 15 multiple choice items and 10 

constructed response items (Foy & Olson, 2009). The TIMSS mathematics items were 

designed to reflect the international mathematics curriculum by disseminating surveys 

to each participating country regarding their assessment objectives and whether they 

aligned with the design implemented by TIMSS. The TIMSS 2007 mathematics items 

were developed with two main domains: (1) content domains in which the Number, 

Geometric shapes and Measures, and Data Display were included; (2) cognitive 

domains in which the Knowing, Applying and Reasoning were included. The TIMSS 

release selected items and groups of examinees in its released dataset. In the present 

study, Booklets 4 and 5 are chosen for three reasons. First, they encompass the 

greatest number of dichotomously scored items, which the RHO-RDINA and 

RHO-RDINO model require. Second, the selected dataset conform to the overall 
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domains created by the test developers. Third, the same datasets has been chosen to fit 

DINA model in the previous study (Lee, Park & Taylan, 2011).  

It is common that examinees only have to finish one or two Booklets in the large scale 

assessment. Considering that the numbers of examinees who finish the Booklets 4 and 

5 simultaneously from a country may not sufficient to be analyzed. Thus, a total 

number of 858 examinees from two countries (Taiwan and United States) in grade 

fourth who took the booklets 4 and 5 of TIMSS 2007 fourth grade mathematics 

assessment were used (452 girls and 406 boys). The original Q-matrix developed by 

Lee et al. (2011) for the booklets 4 and 5 included 15 attributes. The Q-matrix was 

developed based on the TIMSS 2007 mathematics framework (Mullis et al., 2005). 

The attribute descriptions for the item content Q-matrix is listed in Table 3.3. 

However, because of only 25 items were use to analyze too much attributes may cause 

some attributes only tested by an item. Thus, the present study adopted the italicized 

headings in the attributes column which listed in the Table 3.3 as attributes and 

condensed attributes from 15 to 9. The entries of item content Q-matrix is listed in 

Table 3.4. In the structure of the Q-matrix, all items measured at least one attribute 

and some items tested two or three attributes, (so called ‘complex structure’). Von 

Davier (2005) suggested that for relative model fit the Akaike’s information criterion 

(AIC) and a corrected Bayesian information criterion (BIC) can be used to compare 
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models that are not nested. The AIC and BIC were used as data model fit indices to 

determine which of the two proposed modified models better fit the real dataset. 

Gender difference in mathematics performance has been attracting broad attention 

however, results of these studies are inconsistent (Ryan & Fan, 1996). Hyde, Fennem 

and Lamon (1990) performed a meta-analysis of 100 studies and indicated gender 

differences in mathematics performance are small. Studies investigated patterns of 

gender difference on mathematics found that some factors such as item context and 

how to present item will influence gender perform difference in mathematics (Harris 

& Carlton, 1993; Ryan & Chiu, 2001). These factors are more related with test 

equality issue rather than innate ability. Thus, considering that data analysis from 

large scale is often used as guidance for practitioner it is important to aware if the 

item characteristic favors different gender groups. Hence, gender DIF was 

investigated using the dataset. 
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Table 3.3 Attributes descriptions from the TIMSS 2007 framework for fourth grade 

mathematics  

Content domain Attributes 

Number 1.Whole Number 

 (1) Representing, comparing, and ordering whole numbers as 

well as demonstrating knowledge of place value. 

 (2) Recognize multiples, computing with whole numbers using 

the four operations, and estimating computations. 

 (3) Solve problems, including those set in real life contexts (for 

example, measurement and money problems). 

 (4) Solve problems involving proportions. 

 2.Fractions and Decimals 

 (1) Recognize, represent, and understand fractions and decimals 

as parts of a whole and their equivalents. 

 (2) Solve problems involving simple fractions and decimals 

including their addition and subtraction. 

 3.Number Sentence with Whole Numbers 

 (1) Find the missing number or operation and model simple 

situations involving unknowns in number sentence or 

expressions. 

 4.Patterns and Relationships 

 (1) Describe relationships in patterns and their extensions; 

generate pairs of whole numbers by a given rule and identify a 

rule for every relationship given pairs of whole numbers. 

5.Lines and Angles Geometric Shapes 

& Measurement (1) Measure, estimate, and understand properties of lines and 

angles and be able to draw them. 

 6.Two and Three dimensional Shapes 

 (1) Classify, compare, and recognize geometric figures and 

shapes and their relationships and elementary properties. 

 (2) Calculate and estimate perimeters, area, and volume. 

 7.Location and Movement 

 (1) Locate points in an informal coordinate to recognize and 

draw figures and their movement. 

Data & Display 8.Reading and Interpreting 

 (1) Read data from tables, pictographs, bar graphs and pie 

charts. 

 (2) Comparing and understanding how to use information from 

data. 

 9.Organizing and Representing 

 (1) Understanding different representations and organizing data 

using tables, pictographs, and bar graphs. 

Note: The italicized headings in the attributes column designates the Topic Areas within 

the Content Domains as indicated in the 2007 TIMSS framework (Mullis et al., 2005) 
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Table 3.4 TIMSS 2007 Fourth Grade Mathematics Q-matrix 

  Number Geometric Shapes 

& Measurement 

Data 

Display 

Item  1 2 3 4 5 6 7 8 9 

1 M041052 1 0 0 0 0 0 0 0 0 

2 M041056 0 1 0 0 0 0 0 0 0 

3 M041069 1 1 0 0 0 0 0 0 0 

4 M041076 1 1 0 0 0 0 0 0 0 

5 M041281 1 0 0 1 0 0 0 0 0 

6 M041164 0 0 0 0 0 1 1 0 0 

7 M041146 0 0 0 0 1 1 1 0 0 

8 M041152 1 0 0 0 0 0 0 0 0 

9 M041258A 0 0 0 0 0 1 0 0 0 

10 M041258B 0 0 0 0 1 1 0 0 0 

11 M041131 1 0 0 0 1 0 0 0 0 

12 M041275 1 0 0 0 0 0 0 1 1 

13 M041186 1 0 0 0 0 0 0 1 0 

14 M041336 1 1 0 0 0 0 0 1 0 

15 M031303 1 0 0 0 0 0 0 0 0 

16 M031309 1 0 0 0 0 0 0 0 0 

17 M031245 1 0 1 0 0 0 0 0 0 

18 M031242A 1 0 0 1 0 0 0 0 0 

19 M031242B 1 0 0 0 0 0 0 1 0 

20 M031242C 1 0 0 1 0 0 0 1 0 

21 M031247 1 0 1 0 0 0 0 0 0 

22 M031219 0 0 0 0 0 1 1 0 0 

23 M031173 1 0 0 0 0 0 0 0 0 

24 M031085 1 0 0 0 0 1 0 0 0 

25 M031172 1 0 0 0 0 0 0 1 1 

 

Therefore the following questions were addressed in this study: 

1. What is the data model fit of the proposed modified RHO-RDINA and modified 

RHO-RDINO models?  

2. Is it consistent in identifying DIF items on gender groups with different DIF 

detection methods?  

3. Is there any group difference exist in the real dataset conditioning on attribute 

mastery? 



 

 62 

CHAPTER 4 RESULTS 

The results of this study are presented in three parts: In the first two parts, results for 

the simulation study are presented; in the third part, a real data application is 

discussed. The simulation study includes the results for DIF detection. Since the main 

purpose of the two proposed models is to detect DIF within a model-based approach, 

the performance of DIF detection mainly relies on how well the parameters are 

recovered. Therefore, in the following discussion, the recovery of DIF relevant 

parameters with two proposed models is presented first. Recovery is evaluated under 

varied testing conditions with the combination of the following factors: ability 

distribution difference, DIF patterns and test length. Then the Type Ι error and power 

of DIF detection for different methods under various test conditions manipulated 

according to samples size, DIF magnitude, DIF percentage and ability distribution 

differences are reported in the second part. In addition, comparisons are made on the 

performance a model-based method, the Mantel-Haenszel (MH) method and the 

Logistic Regression (LR) method. Furthermore, a purification strategy is applied to 

test if it can improve the efficiency of the MH and LR methods. 
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4.1 Study 1: Parameter Recovery of the RHO-DINA and RHO-DINO 

Models 

4.1.1 Recovery of Higher-Level Parameters 

The higher level estimated parameters of the RHO-RDINA model and RHO-RDINO 

model includes attribute discrimination, γ and attribute difficulty, β. The recovery of 

three parameters was assessed with RMSE and Bias. The recovery results for these 

parameters under all testing conditions are presented in Tables 4.1 to 4.2. Accuracy of 

the examinee attributes mastery parameter, α is computed by correct classification rate. 

The correct classification rate for α is presented in Tables 4.3 and 4.4.  

In Table 4.1, it can be seen that recovery was generally good for the 

discrimination parameter with the RHO-RDINA model, when the ability distribution 

of the focal and reference groups were equal, and almost as good in the unequal 

ability condition, under various DIF patterns. The RMSEs for attribute difficulty and 

attribute discrimination range from .04 to .16. This indicates generally good recovery. 

Recovery of β and γ did not appear to be affected much by any of the different 

scenarios (i.e., combinations of DIF patterns; ability distribution difference). 

Recovery was less accurate, however, for short test lengths. This may have occurred 

because the structure of Q-matrices in 40-items or 60-items conditions is the same as 

the short test length, and attribute difficulty parameters are set the same across 

different test lengths. Since the numbers of items that tested by each attribute are 
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increased with test length the estimation of attribute difficulty will be more accurate.  

A similar pattern was found in the recovery of each of the parameters with the 

RHO-RDINO model, which can be seen in Table 4.2. The RMSEs for attribute 

difficulty and attribute discrimination range from .04 to .20. This indicates generally 

good recovery. Recovery of β and γ did not appear to be affected much by any of the 

different scenarios (i.e., combinations of DIF patterns and ability distribution 

difference). 
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Table 4.1 Bias and RMSEs of Attribute Difficulty, A, and Discrimination, γ over 25 Replications with RHO-RDINA Model 

  Equal Unequal 

  Balanced One-sided No-DIF Balanced One-sided No-DIF 

Test Length 

par gen Bias RMSE Bias RMSE Bias RMSE Bias RMSE Bias RMSE Bias RMSE 

20 items A[1] -1.5 -0.08 0.14 -0.06 0.16 -0.04 0.11 -0.06 0.15 -0.08 0.14 -0.06 0.12 

 A[2] -1.0 -0.06 0.11 -0.07 0.13 -0.04 0.09 -0.04 0.11 -0.04 0.11 -0.05 0.11 

 A[3] -1.0 -0.04 0.10 -0.04 0.11 -0.03 0.09 -0.03 0.08 -0.04 0.12 -0.04 0.10 

 A[4] -0.5 -0.01 0.08 -0.03 0.08 0.00 0.07 -0.02 0.08 -0.01 0.08 0.00 0.07 

 A[5] -0.5 -0.01 0.07 -0.03 0.08 -0.01 0.07 -0.02 0.06 -0.01 0.08 0.00 0.08 

 γ 1.5 -0.05 0.12 -0.04 0.11 -0.04 0.11 -0.02 0.13 -0.05 0.11 -0.05 0.10 

40 items A[1] -1.5 -0.02 0.09 -0.08 0.14 -0.05 0.11 -0.05 0.09 -0.05 0.12 -0.04 0.11 

 A[2] -1.0 0.00 0.07 -0.04 0.09 -0.03 0.10 -0.03 0.07 -0.02 0.08 -0.02 0.09 

 A[3] -1.0 -0.02 0.08 -0.03 0.08 -0.03 0.10 -0.04 0.07 -0.03 0.07 -0.03 0.09 

 A[4] -0.5 0.00 0.06 -0.02 0.06 0.00 0.05 -0.02 0.05 -0.01 0.06 0.00 0.06 

 A[5] -0.5 0.00 0.04 -0.01 0.07 -0.01 0.05 -0.02 0.05 -0.01 0.05 0.00 0.06 

 γ 1.5 -0.01 0.09 -0.06 0.09 -0.04 0.11 -0.04 0.10 -0.02 0.10 -0.03 0.10 

60items A[1] -1.5 -0.05 0.09 -0.02 0.09 -0.08 0.11 -0.05 0.10 -0.03 0.08 -0.03 0.06 

 A[2] -1.0 -0.02 0.07 0.00 0.08 -0.03 0.07 0.00 0.07 -0.02 0.07 -0.01 0.07 

 A[3] -1.0 -0.02 0.07 -0.01 0.07 -0.03 0.08 -0.01 0.07 -0.02 0.07 -0.01 0.05 

 A[4] -0.5 -0.01 0.06 0.00 0.05 -0.01 0.06 0.01 0.05 0.00 0.07 0.01 0.06 

 A[5] -0.5 -0.02 0.06 0.00 0.06 -0.03 0.06 0.00 0.06 -0.02 0.06 -0.01 0.04 

 γ 1.5 -0.02 0.08 -0.01 0.06 -0.05 0.09 -0.04 0.07 -0.01 0.08 -0.01 0.06 
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Table 4.2 Bias and RMSEs of Attribute Difficulty, A, and Discrimination, γ over 25 Replications with RHO-RDINO Model 

  Equal Unequal 

  Balanced One-sided No-DIF Balanced One-sided No-DIF 

Test Length 

par gen Bias RMSE Bias RMSE Bias RMSE Bias RMSE Bias RMSE Bias RMSE 

20 items A[1] -1.5 -0.09 0.14 -0.12 0.19 -0.12 0.19 -0.12 0.17 -0.07 0.12 -0.11 0.16 

 A[2] -1.0 -0.04 0.13 -0.07 0.14 -0.06 0.14 -0.06 0.10 -0.04 0.09 -0.09 0.13 

 A[3] -1.0 -0.08 0.12 -0.06 0.14 -0.06 0.11 -0.06 0.12 -0.05 0.12 -0.05 0.11 

 A[4] -0.5 -0.02 0.15 -0.02 0.14 -0.01 0.14 0.03 0.08 -0.01 0.11 0.02 0.10 

 A[5] -0.5 0.01 0.17 0.03 0.13 0.08 0.17 0.03 0.13 -0.01 0.12 0.01 0.12 

 γ 1.5 -0.12 0.17 -0.12 0.16 -0.10 0.18 -0.12 0.19 -0.07 0.18 -0.11 0.20 

40 items A[1] -1.5 -0.05 0.11 -0.02 0.11 -0.04 0.08 -0.05 0.09 -0.04 0.10 -0.07 0.11 

 A[2] -1.0 -0.01 0.08 0.00 0.07 -0.03 0.08 -0.02 0.07 -0.01 0.08 -0.04 0.07 

 A[3] -1.0 -0.03 0.07 -0.03 0.09 -0.05 0.09 -0.01 0.05 -0.02 0.08 -0.04 0.08 

 A[4] -0.5 0.00 0.08 -0.01 0.08 0.00 0.07 0.00 0.07 -0.01 0.06 -0.02 0.07 

 A[5] -0.5 0.00 0.08 0.00 0.07 -0.01 0.07 -0.01 0.06 -0.01 0.08 -0.01 0.07 

 γ 1.5 -0.05 0.10 -0.04 0.10 -0.06 0.11 -0.03 0.10 -0.02 0.08 -0.07 0.11 

60items A[1] -1.5 -0.03 0.09 -0.06 0.12 -0.05 0.12 -0.07 0.12 -0.04 0.10 -0.04 0.11 

 A[2] -1.0 -0.02 0.07 -0.02 0.08 -0.03 0.09 -0.04 0.09 -0.02 0.07 -0.04 0.08 

 A[3] -1.0 -0.02 0.07 -0.03 0.10 -0.02 0.07 -0.04 0.07 -0.01 0.07 -0.01 0.07 

 A[4] -0.5 0.01 0.07 -0.02 0.05 0.01 0.06 -0.02 0.06 0.02 0.06 -0.01 0.05 

 A[5] -0.5 -0.02 0.04 -0.02 0.06 -0.01 0.06 -0.04 0.06 0.00 0.05 -0.02 0.05 

 γ 1.5 -0.02 0.07 -0.03 0.11 -0.03 0.12 -0.04 0.10 -0.04 0.11 0.00 0.09 
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Table 4.3 shows the percent of correct classification rates of attribute mastery 

based on RHO-RDINA model. The correct classification rate was computed by 

comparing the estimated classification against the deterministic classification obtained 

using the true abilities. The table shows that the correct classification rates of attribute 

mastery were relatively high, ranging from .92 to .99. The last row of Table 4.3 shows 

the percent of examinees whose attribute vector was correctly estimated. The correct 

classification rates of attribute mastery and overall consistency decreased for the 

unequal ability distribution.  

Table 4.4 shows the percent of correct classification rates of attribute mastery 

based on RHO-RDINO model. The ability distribution difference had an effect on the 

accuracy of attribute and overall consistency with the HO-RDINO model. The table 

shows that the correct classification rates of attribute mastery and overall consistency 

increased in the unequal ability distribution compared to the equal ability distribution. 

This may have occurred because in the unequal ability distribution, the ability 

distribution for the focal group was generated from N (-1, 1) and N (0, 1) for the 

reference group. This may have lead to more non-masters in this condition compared 

to those in the equal ability distribution. There was a large discrepancy between the 

sample size of masters and non-masters. Thus, the accuracy of attribute classification 

and the overall consistency decreased in the unequal ability distribution with the 
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RHO-RDINA model. However, the accuracy of attribute and overall consistency 

increased in the unequal ability distribution because of the nature of the RHO-RDINO 

model. 

In sum, the recovery of higher-order parameters yielded in a reasonable range. 

The RMSEs were below .20 and the Bias below ±.12 for the two proposed models. 

The easier attributes the larger bias and RMSE were. For the both proposed models 

the recovery of attribute discrimination and attribute difficulty parameters were 

independent of DIF patterns and ability distribution difference, but the test length had 

slightly impact on the recovery of discrimination parameter, attribute difficulty and 

correct classification rate of attribute mastery. As test length increased the correct 

classification rates increased. The results show that as test length increased, the 

overall consistency of examinees whose attribute vector was increased especially 

from the short test length to median test length condition. This may have occurred 

because of the increased test length offered sufficient information and thus improve 

the estimation of attribute mastery. Moreover, the percent of correct classification 

rates of attribute mastery for RHO-RDINA model were higher than .92 across all 

conditions and higher than .80 for RHO-RDINO model which indicated that correct 

estimates on the examinee attribute profile score estimates using the two proposed 

models under these conditions. 
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Table 4.3 Percent of RHO-RDINA Correct Classification by Attribute and Vector 

Test length 20 40 60 

 Equal Unequal Equal Unequal Equal Unequal 

Classification BA ON NO BA ON NO BA ON NO BA ON NO BA ON NO BA ON NO 

Attribute 1 0.93 0.93 0.93 0.89 0.89 0.89  0.97 0.97 0.97 0.95 0.95 0.95 0.98 0.98 0.96 0.97 0.97 0.97 

Attribute 2 0.94 0.95 0.95 0.92 0.93 0.92 0.98 0.98 0.98 0.97 0.97 0.97 0.99 0.99 0.99 0.97 0.98 0.98 

Attribute 3 0.93 0.93 0.93 0.91 0.91 0.90 0.97 0.98 0.98 0.96 0.96 0.96 0.99 0.99 0.99 0.98 0.98 0.98 

Attribute 4 0.92 0.92 0.92 0.90 0.90 0.90 0.97 0.97 0.97 0.96 0.96 0.96 0.99 0.99 0.99 0.98 0.98 0.98 

Attribute 5 0.95 0.95 0.95 0.94 0.94 0.94 0.98 0.98 0.98 0.98 0.97 0.98 0.99 0.99 0.99 0.99 0.99 0.99 

Overall consistency 0.76 0.77 0.76 0.68 0.68 0.68 0.90 0.90 0.90 0.85 0.85 0.85 0.95 0.95 0.95 0.91 0.91 0.91 

Note: BA denotes balanced DIF pattern; ON denotes one sided DIF pattern; NO denotes no DIF pattern 

Table 4.4 Percent of RHO-RDINO Correct Classification by Attribute and Vector 

Note: BA denotes balanced DIF pattern; ON denotes one sided DIF pattern; NO denotes no DIF pattern 

Test length 20 40 60 

 Equal Unequal Equal Unequal Equal Unequal 

Classification BA ON NO BA ON NO BA ON NO BA ON NO BA ON NO BA ON NO 

Attribute 1 0.93 0.93 0.93 0.93 0.93 0.93 0.95 0.93 0.96 0.97 0.97 0.97 0.98   0.98 0.98 0.98 0.98 0.98 

Attribute 2 0.90 0.90 0.90 0.91 0.91 0.91 0.93 0.92 0.95 0.96 0.96 0.96 0.96 0.96 0.96 0.97 0.97 0.97 

Attribute 3 0.88 0.88 0.88 0.89 0.89 0.89 0.92 0.91 0.94 0.95 0.95 0.95 0.97 0.97 0.97 0.97 0.97 0.97 

Attribute 4 0.80 0.80 0.80 0.82 0.82 0.82 0.85 0.86 0.88 0.90 0.90 0.90 0.93 0.92 0.92 0.94 0.94 0.94 

Attribute 5 0.89 0.89 0.89 0.90 0.90 0.90 0.90 0.91 0.94 0.95 0.95 0.94 0.96 0.96 0.96 0.97 0.97 0.96 

Overall consistency 0.55 0.56 0.55 0.59 0.59 0.59 0.68 0.70 0.73 0.77 0.77 0.77 0.82 0.82 0.82 0.85 0.85 0.85 
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4.1.2 Recovery of Lower-Level Parameters 

Lower level item parameters in the RHO-RDINA model and RHO-RDINO model 

include the “guessing” parameter, g, “slipping” parameter, s, DIF parameter in 

guessing, “DIF-g” and in slipping, “DIF-s” of reference group. Table 4.5 and 4.6 

provided RMSEs for g and s under each simulated condition. Table 4.7 and 4.8 

provided RMSEs for DIF-g and DIF-s. 

In Table 4.5, it can be seen that both guessing and slipping parameters were 

recovered well. DIF patterns and test length did not affect the recovery of guessing 

and slipping parameters. The RMSEs of g ranged from .08 to .14, and for s they 

ranged from .08 to .12. The recovery of s was slightly better than the recovery of g. 

This may have occurred because of the attribute difficulty generated range from -1.5 

to -0.5, compared to ability distribution for both focal and reference groups generated 

in this study, these items were set as easy and thus one can expect the sample size for 

masters to be more than non-masters. The estimation of slipping parameters is related 

to master group; thus, the recovery of s was slightly better than the recovery of g.  

Besides, the ability distribution difference seems to have had an impact on the 

recovery of g and s. The RMSE of g was slightly lower in the unequal ability 

distribution than in the equal ability. On the other hand, the RMSE of s was slightly 

higher in the unequal ability distribution than in the equal ability. This is because the 
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non-masters increased for the unequal ability distribution and increased the accuracy 

of the estimation of g parameters. Masters decreased in the unequal ability distribution 

and decreased the accuracy of the estimation of s parameters.  

 

Table 4.5 Estimates of Guessing and Slip Parameters with RHO-RDINA, over 25 

Replications 

Note: T.L. denotes Test Length; values in the parentheses are standard deviation of 

Bias and RMSE 

 

Table 4.6 provides similar pattern based on the RHO-RDINO model. The RMSEs of g 

ranged from .14 to .35, and for s they ranged from .07 to .12. The parameter recovery 

of RHO-RDINO shows poorer recovery in guessing parameter compare to the 

slipping parameter. This might be due to a characteristic of compensatory model, that 

the guessing parameter is related with examinees who have not mastered at least one 

  Equal Ability Distribution Unequal Ability Distribution 

  Balanced One-sided No Balanced One-sided No 

 T. 

L. 

Mean 

Bias 

Mean 

RMSE 

Mean 

Bias 

Mean 

RMSE 

Mean 

Bias 

Mean 

RMSE 

Mean 

Bias 

Mean 

RMSE 

Mean 

Bias 

Mean 

RMSE 

Mean 

Bias 

Mean 

RMSE 

g 20 -0.04 0.13 -0.03 0.13 -0.04 0.14 -0.03 0.12 -0.02 0.11 -0.03 0.11 

  (.04) (.07) (.03) (.06) (.05) (.09) (.03) (.06) (.03) (.05) (.03) (.06) 

 40 -.02 .11 -.03 .11 -.03 .11 -.02 .10 -.02 .09 -.02 .09 

  (.03) (.05) (.03) (.04) (.03) (.04) (.03) (.04) (.02) (.04) (.02) (.03) 

 60 -.02 .10 -.02 .10 -.02 .10 -.01 .09 -.01 .09 -.01 .08 

  (.02) (.03) (.02) (.03) (.02) (.03) (.02) (.02) (.02) (.02) (.02) (.02) 

s 20 -.01 .09 -.01 .09 .00 .08 -.03 .12 -.02 .11 -.02 .12 

  (.01) (.02) (.02) (.02) (.02) (.02) (.03) (.03) (.03) (.03) (.02) (.03) 

 40 -.01 .08 -.01 .08 -.01 .08 -.02 .10 -.02 .10 -.01 .10 

  (.02) (.02) (.02) (.02) (.02) (.02) (.02) (.02) (.02) (.03) (.02) (.02) 

 60 -.01 .08 -.01 .08 -.01 .08 -.01 .10 -.02 .10 -.01 .10 

  (.02) (.02) (.02) (.02) (.02) (.02) (.02) (.02) (.02) (.03) (.02) (.03) 
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attribute that tested in an item. Whenever there are not sufficient sample sizes to offer 

information, the estimation of a parameter may not be accurate.  

    In general, the results of the parameter recovery from RHO-RDINA and 

RHO-RDINO were good. The RMSEs of parameters were below .14 and .35 for 

RHO-RDINA and RHO-RDINO respectively. The Bias of parameters were below 

±.02 and ±.17 for RHO-RDINA and RHO-RDINO respectively. Moreover, the 

recovery of slipping parameter presents slightly better recovery than guessing 

parameter.  

 

Table 4.6 Estimates of Guessing and Slip Parameters with RHO-RDINO, over 25 

Replications 

Note: T.L. denotes Test Length; values in the parentheses are standard deviation of 

Bias and RMSE 

 

    A closer inspection of the recovery analysis of the RHO-RDINA and 

  Equal Ability Distribution Unequal Ability Distribution 

  Balanced One-sided No Balanced One-sided No 

 T. 

L. 

Mean 

Bias 

Mean 

RMSE 

Mean 

Bias 

Mean 

RMSE 

Mean 

Bias 

Mean 

RMSE 

Mean 

Bias 

Mean 

RMSE 

Mean 

Bias 

Mean 

RMSE 

Mean 

Bias 

Mean 

RMSE 

g 20 -.17 .36 -.20 .39 -.17 .36 -.12 .26 -.10 .25 -.12 .25 

  (.13) (.19) (.17) (.22) (.17) (.21) (.09) (.16) (.09) (.13) (.10) (.12) 

 40 -.07 .23 -.08 .22 -.08 .23 -.05 .19 -.05 .18 -.04 .17 

  (.07) (.08) (.05) (.06) (.08) (.09) (.05) (.09) (.04) (.06) (.05) (.07) 

 60 -.07 .20 -.06 .20 -.06 .20 -.04 .17 -.03 .15 -.04 .16 

  (.05) (.07) (.05) (.06) (.05) (.07) (.05) (.06) (.03) (.05) (.04) (.05) 

s 20 -.02 .12 -.02 .10 -.03 .12 -.03 .12 -.03 .11 -.02 .11 

  (.09) (.16) (.07) (.11) (.15) (.20) (.09) (.15) (.06) (.11) (.06) (.10) 

 40 -.01 .07 -.01 .07 -.01 .07 -.01 .07 -.01 .07 -.01 .07 

  (.02) (.02) (.02) (.02) (.02) (.02) (.02) (.02) (.02) (.02) (.02) (.02) 

 60 -.01 .07 -.01 .07 -.01 .07 -.01 .07 -.01 .07 -.01 .07 

  (.02) (.02) (.02) (.02) (.02) (.02) (.02) (.02) (.02) (.02) (.02) (.02) 
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RHO-RDINO data is provided by dividing items into three parts, as listed in Table 4.7 

and 4.8. Items with simple structure (i.e., only test one attribute or less attributes) 

shows better recovery of the slipping parameter however, items testing single attribute 

shows poorer guessing parameter estimation than items test more than one attribute. 

The result may have occurred because of items with simple structure are definitely 

easier than those with complex structure, thus the sample size of masters were larger 

than non-masters and this benefitted the estimation of slipping parameters. Therefore, 

in the simple structure items the estimation of DIF-s was more accurate than in the 

complex structure items. On the other hand, the estimation of DIF-g was more 

accurate in the complex structure than in the simple structure. Moreover, the ability 

distribution difference had an effect on the estimation of DIF-s and DIF-g. The RMSE 

of DIF-s were lower in the condition of equal ability distribution than in the unequal 

ability distribution and the RMSE of DIF-g were lower in the condition of unequal 

ability distribution than in the equal ability distribution. The result is quite reasonable 

since the estimation of DIF-s and DIF-g is closely related to the estimation of item 

parameters in Table 4.5 and 4.6. Furthermore, the long test length shows slightly 

better parameter recovery than the short one across six different DIF scenarios.  
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Table 4.7 Estimates of DIF-g and DIF-s Parameters with RHO-RDINA, over 25 Replications 

Note: values in the parentheses are standard deviation of Bias and RMSE 

 

  Equal Ability Distribution Unequal Ability Distribution 

  Balanced One-sided No Balanced One-sided No 

DIF-g Mean 

Bias 

Mean 

RMSE 

Mean 

Bias 

Mean 

RMSE 

Mean 

Bias 

Mean 

RMSE 

Mean 

Bias 

Mean 

RMSE 

Mean 

Bias 

Mean 

RMSE 

Mean 

Bias 

Mean 

RMSE 

Test 

Length  

No. of 

Attributes 
           

1 .02 .17 .01 .17 .04 .21 .00 .14 .01 .15 .01 .16 

 (.02) (.06) (.03) (.05) (.05) (.10) (.03) (.04) (.03) (.06) (.04) (.06) 

2 .01 .11 .00 .11 .01 .12 -.01 .09 -.01 .10 .00 .10 

 (.04) (.04) (.02) (.04) (.02) (.03) (.02) (.02) (.02) (.03) (.02) (.03) 

3 -.01 .10 -.01 .09 -.01 .09 -.02 .09 -.01 .09 -.01 .08 

20 

 (.01) (.02) (.02) (.02) (.02) (.02) (.02) (.01) (.02) (.02) (.02) (.02) 

1 -.03 .15 .01 .13 .00 .14 -.03 .13 .00 .12 -.02 .11 
 (.05 ) (.09 ) (.03) (.04) (.03) (.05 ) (.05 ) (.06) (.03) (.04) (.02) (.03) 
2 .01 .10 .00 .10 .00 .10 .00 .09 .00 .09 .00 .09 

 (.02) (.02) (.02) (.02) (.02) (.02) (.02) (.02) (.01) (.02) (.02) (.02) 

3 -.01 .09 -.01 .08 .00 .08 .00 .08 -.01 .08 -.01 .08 

40 

 (.02) (.02) (.01) (.02) (.01) (.02) (.02) (.02) (.01) (.02) (.01) (.02) 

1 .00 .13 .00 .13 .00 .13 -.01 .11 .00 .11 -.02 .10 
 (.02) (.01) (.01) (.01) (.02) (.01) (.02) (.02) (.01) (.02) (.02) (.02) 
2 .00 .09 .00 .09 .00 .10 .00 .08 .00 .08 .00 .08 

 (.02) (.02) (.02) (.02) (.02) (.02) (.02) (.02) (.03) (.02) (.02) (.01) 
60 

3 -.01 .08 .00 .08 .00 .08 .00 .07 -.01 .07 -.01 .07 

  (.02) (.02) (.02) (.01) (.02) (.02) (.02) (.02) (.03) (.02) (.02) (.02) 

DIF-s             

1 .00 .08 -.01 .07 .00 .07 .02 .11 .01 .10 .00 .10 
 (.01) (.01) (.02) (.02) (.01) (.01) (.03) (.02) (.02) (.03) (.01) (.02) 

2 .01 .08 .00 .08 .00 .08 .02 .12 .01 .10 .01 .11 

 (.02) (.02) (.02) (.02) (.01) (.02) (.02) (.03) (.02) (.03) (.02) (.02) 

3 .02 .10 .00 .08 .01 .09 .04 .13 .03 .14 .04 .14 

20 

 (.02) (.01) (.02) (.03) (.02) (.03) (.02) (.03) (.02) (.03) (.03) (.05) 

1 .01 .08 .00 .07 .01 .07 .01 .08 .00 .08 .00 .08 
 (.02) (.02) (.02) (.01) (.02) (.01) (.02) (.02) (.02) (.02) (.02) (.02) 
2 .00 .08 .00 .08 .00 .08 .01 .10 .01 .11 .01 .10 

 (.01) (.02) (.01) (.01) (.01) (.01) (.02) (.02) (.03 ) (.03 ) (.03 ) (.02) 
3 .01 .09 .00 .09 .01 .09 .01 .11 .00 .11 .01 .10 

40 

 (.02) (.01) (.01) (.02) (.01) (.02) (.02) (.03 ) (.02) (.02) (.02) (.02) 

1 -.01 .07 -.01 .07 .00 .07 .00 .08 .00 .08 .00 .08 
 (.03) (.04) (.03 ) (.03 ) (.02) (.04) (.03 ) (.02) (.03 ) (.02) (.02) (.02) 

2 .00 .08 .00 .08 .00 .08 .00 .10 .00 .10 .00 .10 

 (.02) (.02) (.02) (.02) (.02) (.02) (.02) (.02) (.02) (.02) (.02) (.01) 
60 

3 .00 .09 .00 .09 .00 .08 .00 .11 .00 .12 .00 .12 

  (.02) (.01) (.02) (.01) (.02) (.01) (.02) (.01) (.02) (.02) (.01) (.01) 
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Table 4.8 Estimates of DIF-g and DIF-s Parameters with RHO-RDINO, over 25 Replications 

Note: values in the parentheses are standard deviation of Bias and RMSE 

 

 

  Equal Ability Distribution Unequal Ability Distribution 

  Balanced One-sided No Balanced One-sided No 

DIF-g Mean 

Bias 

Mean 

RMSE 

Mean 

Bias 

Mean 

RMSE 

Mean 

Bias 

Mean 

RMSE 

Mean 

Bias 

Mean 

RMSE 

Mean 

Bias 

Mean 

RMSE 

Mean 

Bias 

Mean 

RMSE 

Test 

Length 

No. of 

Attributes 
           

1 .03 .20 -.01 .23 .01 .21 -.04 .16 -.02 .16 -.02 .15 
 (.03 ) (.03 ) (.02) (.10 ) (.04) (.07) (.02) (.04) (.04) (.02) (.02) (.03) 
2 -.01 .33 .01 .32 .00 .29 -.08 .26 -.07 .25 -.10 .25 

 (.09 ) (.12) (.09 ) (.12) (.09) (.13) (.10) (.17) (.08) (.12) (.08) (.10) 

3 .01 .38 .00 .49 .02 .36 -.09 .30 -.13 .36 -.14 .33 

20 

 (.10) (.13) (.09 ) (.17) (.02 ) (.10) (.10) (.11) (.12) (.18) (.05) (.12) 

1 .01 .15 .00 .15 .00 .14 -.01 .13 -.01 .13 -.01 .12 
 (.03 ) (.04) (.02) (.03 ) (.03 ) (.03 ) (.03 ) (.04) (.04) (.03 ) (.02) (.02) 
2 -.01 .22 .00 .22 .01 .21 -.02 .17 -.02 .16 -.03 .16 

 (.05) (.07) (.04) (.07) (.03 ) (.06) (.03 ) (.04) (.03 ) (.04) (.03 ) (.04) 
3 -.04 .26 -.01 .24 -.01 .28 -.07 .27 -.04 .21 -.05 .22 

40 

 (.03 ) (.05) (.04) (.06) (.05) (.07) (.08) (.11) (.06) (.09) (.06) (.06) 

1 -.02 .13 .01 .13 -.01 .14 -.01 .10 -.01 .12 -.02 .11 
 (.03 ) (.03 ) (.04) (.04) (.04) (.03 ) (.03 ) (.02) (.03 ) (.03 ) (.02) (.03 ) 
2 .01 .20 .01 .19 .00 .20 -.03 .17 -.01 .15 -.02 .16 

 (.05) (.06) (.04) (.05) (.05) (.05) (.04) (.05) (.04) (.03 ) (.03 ) (.04) 
3 -.01 .25 -.01 .23 -.01 .25 -.04 .21 -.02 .18 -.03 .20 

60 

 (.04) (.06) (.04) (.06) (.05) (.07) (.06) (.06) (.05) (.05) (.05) (.05) 

DIF-s             

1 -.04 .15 -.01 .14 -.07 .18 -.01 .17 .02 .17 -.01 .16 
 (.03) (.12) (.02) (.10) (.08) (.18) (.03) (.16) (.05) (.11) (.02) (.09) 
2 .00 .06 .01 .07 .00 .07 .01 .07 .01 .07 .01 .07 

 (.01) (.02) (.01) (.01) (.01) (.02) (.02) (.02) (.02) (.02) (.02) (.02) 

3 .01 .06 .01 .06 .01 .06 .01 .06 .01 .07 .02 .07 

20 

 (.02) (.01) (.01) (.01) (.01) (.01) (.01) (.01) (.02) (.02) (.01) (.01) 

1 .00 .08 .00 .08 .00 .08 .00 .09 .01 .09 .00 .08 
 (.01) (.02) (.02) (.02) (.02) (.02) (.02) (.02) (.03) (.03) (.02) (.02) 
2 .00 .06 .00 .06 .00 .06 .00 .07 .00 .07 .00 .07 

 (.01) (.01) (.01) (.01) (.01) (.01) (.02) (.02) (.02) (.01) (.02) (.01) 

3 .00 .06 .00 .06 .00 .06 .00 .07 .00 .07 .00 .06 

40 

 (.01) (.01) (.01) (.01) (.01) (.01) (.01) (.01) (.01) (.01) (.01) (.01) 

1 .00 .07 -.01 .07 .00 .07 .00 .08 .00 .09 -.01 .08 
 (.02) (.02) (.02) (.02) (.02) (.02) (.01) (.02) (.02) (.03) (.02) (.02) 
2 .00 .06 .00 .06 .00 .06 .00 .07 .00 .07 .00 .07 

 (.02) (.01) (.02) (.01) (.02) (.01) (.02) (.01) (.02) (.01) (.02) (.01) 

3 .00 .06 -.01 .06 .00 .06 .00 .07 -.01 .06 .00 .07 

60 

 (.01) (.01) (.01) (.01) (.01) (.02) (.01) (.01) (.01) (.01) (.01) (.02) 
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4.2 Study 2: Comparing the Effectiveness of Traditional DIF Methods 

with Purification Procedure and Model Based Method within CDM 

Framework 

4.2.1 Type Ι Error study  

DIF Detection with Model Based Approach. Type I error occurs when an item is 

identified as having DIF and DIF is not simulated. The type I error rate was computed 

as percentage of detections for all items in all conditions which were not simulated to 

exhibit DIF. In this study, each condition had 25 replications with 20 items for each 

replication. Under the condition of “No DIF”, all 20 items were simulated with either 

no DIF-g or no DIF-s. The empirical Type I error rate for DIF-g was calculated as the 

percent of DIF-g detected out of 500 (25 replications × 20 items) no-DIF counts. The 

same was done for the empirical Type I error of DIF-s. In this study, different DIF 

percentages were simulated thus, the empirical Type I error rate for DIF-g and DIF-s 

calculated depends on the simulated DIF percentages. The following results report the 

empirical Type I error rate for each of the 80 conditions calculated as the percentage 

of DIF items for non-DIF items out of 25 replications. The Type I error for DIF-g or 

for DIF-s must be controlled in order to estimate the power of DIF-g or DIF-s. The 

nominal level for these Type I error rates was set at α= .05. The range of accepted 

Type I error rate followed Bradley’s (1978) criterion of .025 to .075. Table 4.9 

illustrates the Type I error study results for the RHO-RDINA model. 
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Table 4.9 Type Ι error rates of DIF with Model Based Method Data Derived from RHO-RDINA Model  

F500/R500 F500/R1000 F1000/R1000 F1000/R2000 

DIF_s DIF_g DIF_s DIF_g DIF_s DIF_g DIF_s DIF_g 
DIF 

Percentage 

DIF 

Magnitude 
equal uneq equal uneq equal uneq equal uneq equal uneq equal uneq equal uneq equal uneq 

0  .071 .058 .038 .029 .053 .047 .029 .042 .044 .044 .040 .036 .053 .044 .031 .040 

ml .064 .053 .031 .031 .073 .053 .036 .047 .040 .067 .036 .051 .051 .064 .042 .076 

mm .040 .060 .031 .033 .042 .058 .049 .047 .042 .056 .040 .053 .049 .047 .040 .040 

10 

ms .060 .042 .027 .047 .051 .053 .047 .053 .051 .051 .036 .062 .064 .064 .040 .047 

ml .063 .043 .053 .038 .053 .055 .048 .055 .040 .053 .043 .070 .050 .048 .040 .040 

mm .055 .043 .030 .033 .053 .038 .043 .065 .065 .048 .040 .048 .058 .043 .053 .060 

20 

ms .083 .045 .040 .038 .050 .038 .053 .060 .058 .053 .043 .055 .058 .040 .053 .045 

ml .060 .046 .037 .040 .040 .037 .057 .060 .034 .043 .034 .040 .046 .046 .037 .054 

mm .080 .054 .026 .031 .069 .046 .037 .080 .046 .043 .060 .037 .040 .057 .049 .049 

30 

ms .049 .043 .031 .040 .063 .037 .034 .054 .049 .037 .049 .054 .051 .057 .043 .037 

Note: ml denotes large magnitude; mm denotes median magnitude; ms denotes small magnitude
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The empirical Type I error rate was almost controlled in all conditions: Type I error 

rate for DIF-g ranged from .026 to .080 and for DIF-s from .034 to .083. Most Type I 

error rates were controlled within a reasonable range; however, there was some 

difference among conditions.  

To elucidate which factors influence the Type I error rates while the model based 

DIF detection method is applied, variance analysis was conducted. Table 4.10 shows 

the result of factorial analysis based on the RHO-RDINA model which using Type I 

error rates of DIF-s and DIF-g as dependent variables. The result indicated only 

sample size and ability distribution difference were significantly influenced the Type I 

error rates of DIF-s. The Type I error rates of DIF-s had higher Type I error control 

when examinees from equal ability distribution were compared to those from an 

unequal ability distribution. The small sample size (F500/R500) condition had higher 

Type I error rates of DIF-s than the condition with large sample size (F1000/R1000). 

One reasonable explanation is that only with sufficient sample size can the estimation 

of DIF-s and DIF-g be accurate and the Type I error rate well controlled. Furthermore, 

some variables had interaction and influenced the Type I error rate of DIF-s, these 

interaction terms were: sample size and ability distribution; ability distribution and 

DIF percentage; DIF percentage and DIF magnitude has significant interaction that 

influence the Type I error rates of DIF-s. The other factors or interactions did not 
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significantly influence the Type I error rates of DIF-s.  

 

Table 4.10 Factorial ANOVA for Type I error rates in DIF-s and DIF-g with RHO- 

RDINA model 

Source MS F Partialη
2
 η

2
 

DIF-s     

Sample Size .000 3.649* 0.203 0.143 

Ability Distribution .000 6.751* 0.136 0.000 

Percentage .000 2.179 0.092 0.000 

Magnitude .000 0.093 0.004 0.002 

Sample × Ability .000 3.826* 0.211 0.143 

Sample × Percentage .000 1.165 0.140 0.000 

Sample × Magnitude .000 0.531 0.069 0.000 

Ability × Percentage .000 4.943* 0.187 0.143 

Ability × Magnitude .000 2.225 0.094 0.000 

Percentage × Magnitude .000 2.732* 0.203 0.143 

Error .000    

DIF-g     

Sample Size .000 5.089** 0.262 0.161 

Ability Distribution .000 7.049* 0.141 0.161 

Percentage .000 1.283 0.056 0.000 

Magnitude .000 0.055 0.003 0.002 

Sample × Ability .000 1.207 0.078 0.000 

Sample × Percentage .000 0.312 0.042 0.000 

Sample × Magnitude .000 0.646 0.083 0.000 

Ability × Percentage .000 0.501 0.023 0.015 

Ability × Magnitude .000 0.101 0.005 0.003 

Percentage × Magnitude .000 0.262 0.024 0.016 

Error .000    

Note: * denotes p < .05; ** denotes p<.01 

 

For the Type I error rates of DIF-g, conditions with different sample sizes and 

ability distribution difference were significantly affected the Type I error rates of 
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DIF-g. The Type I error rates of DIF-g had lower Type I error control for examinees 

from the equal ability distribution compared to unequal ability distributions. The 

small sample size (F500/R500) condition had the lowest Type I error rates of DIF-g 

among levels of sample size. It seems that the ability distribution differences affected 

the Type I error control for both DIF-g and DIF-s. The result is consistent with the 

recovery of DIF-s in study 1 that showed that in the equal ability condition the DIF-s 

has more accurate estimation compared to the unequal ability condition given that 

there were more non-masters in the unequal ability condition.  

Marginal means and Ranges of Type I error rates for DIF-g and DIF-s were listed 

at each level of four factors in Table 4.11.   

 

Table 4.11 Marginal Means and Ranges of Type I Errors of DIF-s and DIF-g with 

RHO-RDINA model 

 DIF-s DIF-g 
Factors 

 Mean Range Mean Range 

F500/R500 0.056 (.042-.083) 0.035 (.026-.053) 

F500/R1000 0.050 (.037-.073) 0.050 (.029-.080) 

F1000/R1000 0.048 (.037-.067) 0.046 (.036-.062) 
Sample Size 

F1000/R2000 0.052 (.040-.064) 0.046 (.031-.076) 

Equal 0.054 (.034-.083) 0.041 (.026-.060) Ability 

Distribution Unequal 0.049 (.037-.067) 0.048 (.029-.080) 

0% 0.052 (.044-.071) 0.036 (.029-.042) 

10% 0.054 (.040-.073) 0.043 (.031-.076) 

20% 0.051 (.038-.083) 0.048 (.030-.070) 

DIF 

Percentage 

30% 0.049 (.034-.080) 0.045 (.026-.080) 

Large 0.051 (.034-.073) 0.046 (.031-.076) 

Median 0.051 (.038-.080) 0.045 (.026-.080) 
DIF 

Magnitude 
Small 0.052 (.037-.080) 0.045 (.027-.062) 
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Though, different levels of sample size and ability distribution difference did 

significantly influence the Type I error rates control for either DIF-s or DIF-g however, 

the effect size of these variables were rather small. In addition, some variables have 

interaction and influenced the Type I error rates control for DIF-s, the effect size for 

these interaction terms were small. The results indicated that the Type I error rates for 

DIF-g and DIF-s were in general independent of these manipulated variables. In sum, 

in most conditions Type I error rates had good control based on the RHO-RDINA 

model.  

Table 4.12 illustrates the Type I error study results for RHO-RDINO model. The 

empirical Type I error rate was almost controlled in all conditions: Type I error rate 

for DIF-g ranged from .011 to .069 and for DIF-s from .024 to .083. Most of Type I 

error rates are controlled in a reasonable range. However, some of Type I error rates 

for DIF-g and DIF-s appeared to be deflated or inflated. These inflated Type I errors 

for DIF-s appeared in the conditions with small sample size and over 20% DIF items. 

And these deflated Type I errors for DIF-g appeared in the conditions with sample 

size and equal ability distribution. Moreover, comparing blocks in larger sample size, 

blocks in small sample size appeared more excessive Type I error rates. The result 

indicated that type I error rates of DIF-g and DIF-s appeared to be sensitive to sample 

size.
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Table 4.12Type Ι error rates of DIF with Model Based Method Data Derived from RHO-RDINO Model 

F500/R500 F500/R1000 F1000/R1000 F1000/R2000 

DIF_s DIF_g DIF_s DIF_g DIF_s DIF_g DIF_s DIF_g 
DIF 

Percentage 

DIF 

Magnitude 
equal uneq equal uneq equal uneq equal uneq equal uneq equal uneq equal uneq equal uneq 

0  .053 .062 .027 .042 .053 .051 .062 .040 .046 .040 .030 .030 .033 .047 .047 .036 

ml .064 .053 .011 .029 .051 .040 .036 .051 .056 .053 .033 .036 .051 .024 .029 .042 

mm .064 .053 .020 .027 .053 .047 .027 .031 .056 .058 .049 .058 .044 .051 .042 .040 

10 

ms .056 .040 .022 .027 .058 .056 .047 .053 .051 .051 .060 .044 .047 .044 .051 .051 

ml .080 .050 .018 .025 .055 .035 .020 .050 .048 .053 .033 .028 .060 .045 .050 .038 

mm .048 .060 .033 .015 .048 .060 .028 .063 .045 .053 .035 .035 .033 .050 .040 .035 

20 

ms .060 .058 .033 .020 .038 .060 .028 .053 .045 .065 .035 .018 .053 .068 .050 .058 

ml .046 .049 .020 .026 .026 .063 .029 .066 .051 .051 .046 .031 .049 .051 .029 .069 

mm .063 .054 .020 .031 .051 .046 .046 .051 .046 .054 .031 .023 .043 .043 .051 .037 

30 

ms .083 .046 .049 .031 .060 .040 .060 .043 .049 .060 .037 .043 .051 .054 .037 .037 

Note: ml denotes large magnitude; mm denotes median magnitude; ms denotes small magnitude 
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Table 4.13 shows the result from variance analysis based on the RHO-RDINO 

model, the result indicated only sample size significantly influenced the Type I error 

rates of DIF-s. Conditions with small sample sizes had the highest Type I error rates 

of DIF-s compared to other levels of sample size. 

 

Table 4.13 Factorial ANOVA for Type I error rate in DIF-s and DIF-g with 

RHO-RDINO model 

Source MS F η
2
 

DIF-s    

Sample Size .000 3.863* 0.165 

Ability Distribution .000 0.000 0.000 

Percentage .000 0.316 0.010 

Magnitude .000 1.005 0.000 

Sample × Ability .000 1.917 0.165 

Sample × Percentage .000 0.459 0.000 

Sample × Magnitude .000 0.441 0.000 

Ability × Percentage .000 1.807 0.000 

Ability × Magnitude .000 1.272 0.000 

Percentage × Magnitude .000 0.742 0.000 

Error .000   

DIF-g    

Sample Size .000 8.774*** 0.271 

Ability Distribution .000 0.343 0.004 

Percentage .000 0.995 0.000 

Magnitude .000 2.069 0.000 

Sample × Ability .000 1.899 0.090 

Sample × Percentage .000 1.510 0.090 

Sample × Magnitude .000 0.165 0.000 

Ability × Percentage .000 0.093 0.002 

Ability × Magnitude .000 2.613 0.090 

Percentage × Magnitude .000 0.498 0.000 

Error .000   
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None of the other three variables or interactions was found to be significant. Similar 

results were also found for the Type I error rates of DIF-g. Condition with small 

sample sizes had the lowest Type I error rates of DIF-g compared to other levels of 

sample size. It is noted that the effect size of sample size was rather small for both 

DIF-s and DIF-g. 

Marginal means and Ranges of Type I error rates for DIF-g and DIF-s with 

RHO-RDINO were listed at each level of four factors in Table 4.14.The Marginal 

mean of the Type I error rates for DIF-s decreased to 0.057from 0.052 when sample 

size increased to 1000 examinees per group from 500 examinees per group. The same 

pattern can be found in DIF-g, with the sample size increasing the Type I error rates of 

DIF-g became close to the liberal criterion (α= .05). In sum, the results indicated that 

while detecting DIF with the proposed RHO-RDINO model sufficient sample size 

(i.e., over 500 persons per group) is required otherwise the Type I error rates may 

become excessive. 

Summary. Results from the Type I error control with the model based method yielded 

that the model based method could capable control the Type I error rates in a suitable 

range while detecting DIF under the manipulated conditions. In general, the proposed 

model based DIF detection method could have good Type I error control that 

independent of sample size, ability distribution, DIF percentages and DIF magnitudes.  
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Table 4.14 Marginal Means and Ranges of Type I Errors of DIF-s and DIF-g with 

RHO-RDINO model  

 DIF-s DIF-g 
Factors 

 Mean Range Mean Range 

F500/R500 0.057 (.040-.083) 0.026 (.011-.049) 

F500/R1000 0.050 (.026-.063) 0.044 (.020-.066) 

F1000/R1000 0.052 (.040-.065) 0.037 (.018-.058) 
Sample Size 

F1000/R2000 0.047 (.024-.068) 0.043 (.029-.069) 

Equal 0.052 (.026-.083) 0.036 (.011-.062) Ability 

Distribution Unequal 0.051 (.024-.068) 0.039 (.015-.069) 

0% 0.048 (.033-.062) 0.039 (.027-.062) 

10% 0.051 (.024-.064) 0.038 (.011-.060) 

20% 0.053 (.033-.080) 0.035 (.015-.063) 

DIF 

Percentage 

30% 0.051 (.026-.083) 0.039 (.026-.069) 

Large 0.050 (.024-.080) 0.035 (.011-.069) 

Median 0.051 (.033-.064) 0.036 (.015-.058) 
DIF 

Magnitude 
Small 0.054 (.038-.083) 0.041 (.020-.060) 

 

Comparison of DIF-g and DIF-s with non Model Based Approach. In this section, 

the Type I error rates of DIF detection with MH method and LR method based on total 

score matching with and without purification procedure were compared. These 

comparisons were done on the same simulated data and the Type I error was 

calculated under the same conditions as for the DIF-g and DIF-s results presented 

above.  

  MH Analysis. To investigate the effectiveness of purification procedure the MH 

method is compared with purification procedure, MH-P method. Table 4.15 lists the 

Type I error study results for MH method and MH-P. The result showed the inflated 

Type I error rates in most conditions when using MH method. 
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Table 4.15 Type Ι error of DIF with MH methods Data Derived from RHO-RDINA Model 

F500/R500 F500/R1000 F1000/R1000 F1000/R2000 

MH MH-P MH MH-P MH MH-P MH MH-P 

  

equal uneq equal uneq equal uneq equal uneq equal uneq equal uneq equal uneq equal uneq 

0  .064 .064 .064 .062 .046 .078 .042 .072 .056 .080 .056 .082 .038 .100 .034 .112 

ml .098 .080 .076 .078 .089 .091 .044 .076 .104 .140 .044 .109 .120 .140 .031 .120 

mm .067 .087 .060 .062 .060 .076 .040 .073 .091 .122 .049 .102 .069 .138 .047 .133 

10 

ms .053 .056 .058 .060 .062 .062 .060 .069 .073 .104 .053 .118 .060 .098 .029 .224 

ml .195 .148 .065 .060 .250 .205 .033 .080 .360 .268 .048 .120 .373 .368 .028 .130 

mm .148 .103 .065 .073 .153 .130 .043 .060 .190 .200 .035 .120 .263 .230 .033 .148 

20 

ms .085 .075 .060 .073 .115 .098 .060 .093 .095 .125 .030 .110 .125 .140 .038 .258 

ml .286 .240 .049 .083 .377 .329 .060 .103 .560 .480 .031 .137 .631 .546 .040 .166 

mm .183 .166 .071 .100 .251 .229 .051 .120 .360 .291 .037 .123 .403 .363 .031 .146 

30 

ms .094 .097 .051 .069 .137 .126 .069 .129 .174 .169 .043 .129 .197 .209 .054 .146 

Note: ml denotes large magnitude; mm denotes median magnitude; ms denotes small magnitude 
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Marginal means and Ranges of Type I error rates for MH and MH-P with data derived 

from RHO-RDINA model were listed at each level of four factors in Table 4.16. 

 

Table 4.16 Marginal Means and Ranges of Type I Errors for MH and MH-P with Data 

Derived from RHO-RDINA model  

 MH MH-P 
Factors 

 Mean Range Mean Range 

F500/R500 0.119 (.053-.286) 0.067 (.049-.100) 

F500/R1000 0.148 (.046-.377) 0.069 (.033-.129) 

F1000/R1000 0.202 (.056-.560) 0.079 (.030-.137) 
Sample Size 

F1000/R2000 0.230 (.038-.631) 0.097 (.028-.258) 

Equal 0.179 (.038-.631) 0.048 (.028-.076) Ability 

Distribution Unequal 0.171 (.056-.546) 0.108 (.062-.258) 

0% 0.066 (.038-.100) 0.066 (.034-.112) 

10% 0.089 (.053-.140) 0.076 (.029-.224) 

20% 0.185 (.075-.373) 0.077 (.028-.258) 

DIF 

Percentage 

30% 0.287 (.094-.631) 0.085 (.031-.166) 

Large 0.270 (.080-.631) 0.075 (.028-.166) 

Median 0.182 (.060-.403) 0.076 (.031-.146) 
DIF 

Magnitude 
Small 0.110 (.053-.209) 0.087 (.030-.258) 

 

To elucidate which factors influence the Type I error rates while MH method and 

MH-P were applied, variance analysis was conducted. Table 4.17 shows the result of 

factorial analysis when data derived from RHO-RDINA model which using Type I 

error rates as dependent variables. The result indicated except for the ability 

distribution difference the other three variables are significantly affecting the Type I 

error rates when using the MH method. The MH method appeared to be sensitive to 

sample size, DIF percentage and DIF magnitude. When the percentage of DIF items 
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in a test increased the Type I rates for MH statistic became excessive. The results is 

consistent with the inflated Type I error rate for MH statistic with a higher percentage 

of DIF items in a test found in previous research (Fidalgo, Mellenbergh & Muniz, 

2000; Finch & French, 2007; French & Maller, 2007; Shih & Wang, 2009).Besides, 

when sample size in subgroups was increased, the Type I error rate increased for all 

conditions. In addition, there is interaction effect between the manipulated variables: 

sample size and DIF percentages, sample size and DIF magnitude, ability distribution 

and DIF percentages, ability distribution and DIF magnitude and DIF percentages and 

DIF magnitude. However, only the DIF percentage and DIF magnitude have larger 

effect size, the effect size of the other variables and interaction terms are rather small. 

While the purification procedure is applied the ability distribution difference has 

largest effect size on the Type I error rates of MH-P. In addition, there is significant 

interaction between sample size and ability distribution in which the Type I error rates 

reduced with sample size increased in the equal ability distribution and increased with 

sample size increased in the unequal ability distribution. 
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Table 4.17 Factorial ANOVA for Type I error rate with MH Method Data Derived 

RHO-RDINA Model 

Source MS F η
2
 

MH    

Sample Size 0.029 51.267*** 0.078 

Ability Distribution 0.000 0.066 0.000 

Percentage 0.236 417.936*** 0.422 

Magnitude 0.155 273.977*** 0.276 

Sample × Ability 0.000 0.737 0.001 

Sample × Percentage 0.010 17.010*** 0.052 

Sample × Magnitude 0.005 9.557*** 0.029 

Ability × Percentage 0.005 8.795** 0.009 

Ability × Magnitude 0.003 4.624* 0.004 

Percentage × Magnitude 0.030 52.968*** 0.107 

Error 0.001   

MH-P    

Sample Size 0.003 7.481** 0.066 

Ability Distribution 0.050 145.838*** 0.413 

Percentage 0.001 1.693 0.008 

Magnitude 0.001 2.854 0.017 

Sample × Ability 0.012 34.139*** 0.289 

Sample × Percentage 0.000 1.178 0.017 

Sample × Magnitude 0.001 2.353 0.041 

Ability × Percentage 0.001 1.639 0.008 

Ability × Magnitude 0.000 1.116 0.008 

Percentage × Magnitude 0.000 0.598 0.008 

Error 0.000   

 

In sum, the Type I error rates become excessive in almost all conditions except for in 

the conditions with 10 percent DIF items in a test and small DIF magnitude. In 

contrast, the purification procedure did improve the inflated Type I error rate in most 

conditions. For example, when sample size increased from small to large, test 

conditions across different levels of DIF percentage and DIF magnitude yielded the 
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MH-P was capable of control the Type I error rate in a reasonable range. In addition, 

when the percentage of DIF items increased from 10% to 30%, the purification 

procedure can help control the Type I error rates for MH statistic at the same time. 

The result is consistent with the previous study that the Type I error may not lose 

control when only 10% DIF items with the MH statistic however, the MH with 

purification procedure did reduce Type I error when in the condition with over 15% 

DIF items (Fidalgo, Mellenbergh & Muniz, 2000) The MH-P remains excessive under 

unequal ability distribution. The result was consistent with the previous research 

finding that mean ability differences inflated the type I error rate for MH method with 

purification (Finch, & Maller, 2007; Roussos & Stout, 1996).  

    Table 4.18 lists the Type I error study results that data generated from 

RHO-RDINO model and detect DIF with MH and MH-P. The result showed the 

inflated Type I error rates in most conditions when using MH method. The excessive 

Type I error rates appeared in almost conditions except for in the two blocks, one 

block with sample size F1000/R1000, 10% DIF item with small DIF magnitude and 

the other block with sample size F1000/R2000, 10% DIF item with small DIF 

magnitude. The Type I error rates ranged from .084 to .108 across conditions with no 

DIF test and small sample size. Table 4.19 listed Marginal means and Ranges of Type 

I error rates for MH and MH-P with data derived from RHO-RDINO model. 
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Table 4.18 Type Ι error of DIF with MH Method Data Derived from RHO-RDINO Model 

  F500/R500 F500/R1000 F1000/R1000 F1000/R2000 

  MH MH-P MH MH-P MH MH-P MH MH-P 

  equal uneq equal uneq equal uneq equal uneq equal uneq equal uneq equal uneq equal uneq 

0  .088 .108 .084 .100 .060 .124 .062 .148 .050 .142 .046 .146 .040 .134 .062 .154 

ml .084 .107 .076 .111 .113 .156 .049 .113 .107 .178 .044 .140 .136 .213 .051 .178 

mm .078 .122 .069 .102 .080 .120 .062 .113 .093 .153 .051 .131 .082 .173 .044 .156 

10 

ms .064 .098 .062 .091 .089 .122 .067 .118 .049 .151 .042 .156 .058 .142 .051 .151 

ml .200 .160 .080 .098 .238 .205 .038 .118 .330 .320 .043 .128 .418 .368 .058 .160 

mm .153 .133 .080 .095 .183 .155 .048 .113 .205 .225 .045 .133 .253 .243 .033 .153 

20 

ms .095 .128 .070 .113 .090 .115 .048 .125 .105 .150 .043 .128 .123 .180 .053 .155 

ml .357 .251 .083 .086 .451 .380 .043 .129 .566 .489 .026 .171 .723 .529 .031 .152 

mm .209 .169 .066 .097 .297 .240 .080 .149 .403 .329 .046 .180 .491 .414 .060 .183 

30 

ms .129 .134 .083 .123 .157 .134 .071 .117 .217 .197 .060 .214 .277 .234 .071 .183 

Note: ml denotes large magnitude; mm denotes median magnitude; ms denotes small magnitude
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Table 4.19 Marginal Means and Ranges of Type I Errors for MH and MH-P with Data 

Derived from RHO-RDINO model  

 MH MH-P 
Factors 

 Mean Range Mean Range 

F500/R500 0.144 (.064-.357) 0.089 (.062-.123) 

F500/R1000 0.176 (.060-.451) 0.091 (.038-.149) 

F1000/R1000 0.224 (.050-.566) 0.099 (.026-.214) 
Sample Size 

F1000/R2000 0.261 (.040-.723) 0.106 (.031-.183) 

Equal 0.199 (.040-.566) 0.057 (.026-.084) Ability 

Distribution Unequal 0.203 (.098-.529) 0.136 (.091-.214) 

0% 0.093 (.040-.142) 0.100 (.046-.154) 

10% 0.115 (.049-.213) 0.093 (.042-.178) 

20% 0.200 (.090-.418) 0.090 (.033-.160) 

DIF 

Percentage 

30% 0.324 (.129-.723) 0.104 (.026-.183) 

Large 0.296 (.084-.723) 0.092 (.026-.178) 

Median 0.208 (.078-.491) 0.095 (.044-.183) 
DIF 

Magnitude 
Small 0.135 (.049-.277) 0.100 (.042-.214) 

 

The high Type I error rates above the significance level in no DIF conditions 

suggested that the MH statistic may not appropriately help detect DIF while data 

generated from compensatory CDMs.  

    To determine what factors affect the Type I error rate control while MH method 

is applied to detect DIF items with data derived from the RHO-RDINO model. 

Results listed in Table 4.20, though there are many factors and interaction between 

factors has significant affect the Type I error rate while MH method is applied 

however, the effect size of these variables were rather small. Thus, only the larger 

effect size of variables is discussed here. Among these variables, the DIF percentage 

and DIF magnitude have larger effect size on the Type I error control. With the DIF 
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percentages and DIF magnitude increased the Type I error rate increased with MH 

method. While the purification procedure is applied, the Type I error rates reduced 

across all conditions. The effectiveness of purification procedure became more 

apparent on the higher percentages of DIF items and large DIF magnitude. The MH-P 

maintained reasonable Type I error rates in conditions with a combination of equal 

ability distribution and larger sample size (at least over 500 per group) however, the 

extremely high Type I errors did not decrease completely especially when in unequal 

distribution, where with the sample size increased the Type I error rate increased. In 

addition, the result of variance analysis indicated that ability distribution difference 

has larger effect size on the Type I error rate control. Moreover, there is significant 

interaction between sample size and ability distribution in which the Type I error rates 

reduced with sample size increased in the equal ability distribution and increased with 

sample size increased in the unequal ability distribution. 

    In sum, the results indicated that the Type I error becomes excessive with both 

MH and MH-P in the unequal ability distribution. 
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Table 4.20 Factorial ANOVA for Type I error Rate with MH method Data Derived 

RHO-RDINO Model 

Source MS F η
2
 

MH     

Sample Size 0.029 53.911*** 0.070 

Ability Distribution 0.003 6.068* 0.002 

Percentage 0.266 501.875*** 0.431 

Magnitude 0.155 292.683*** 0.252 

Sample × Ability 0.001 1.140 0.002 

Sample × Percentage 0.011 21.407*** 0.055 

Sample × Magnitude 0.006 11.011*** 0.028 

Ability × Percentage 0.023 44.357*** 0.038 

Ability × Magnitude 0.005 8.853** 0.007 

Percentage × Magnitude 0.029 55.633*** 0.096 

Error 0.001   

MH-P    

Sample Size 0.001 5.893** 0.021 

Ability Distribution 0.098 657.855*** 0.700 

Percentage 0.001 8.879* 0.021 

Magnitude 0.000 2.283 0.007 

Sample × Ability 0.008 53.383*** 0.171 

Sample × Percentage 0.000 1.681 0.007 

Sample × Magnitude 0.000 0.811 0.007 

Ability × Percentage 0.000 2.554 0.007 

Ability × Magnitude 0.000 0.337 0.000 

Percentage × Magnitude 0.001 3.434* 0.014 

Error 0.000   

 

    LR Analysis. Table 4.21 lists the Type I error study results for LR and LR with 

purification procedure (LR-P). As the results of MH analysis, the result showed the 

inflated Type I error rates in most conditions with LR method. The Type I error rates 

for LR method ranged from .036 to .571. Table 4.22 listed Marginal means and ranges 

of Type I error rates for LR and LR-P with data derived from RHO-RDINA model.
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Table 4.21 Type Ι error of DIF with LR methods Data Derived from RHO-RDINA Model 

  F500/R500 F500/R1000 F1000/R1000 F1000/R2000 

  LR LR-P LR LR-P LR LR-P LR LR-P 

  equal uneq equal uneq equal uneq equal uneq equal uneq equal uneq equal uneq equal uneq 

0  .054 .122 .060 .128 .048 .166 .052 .158 .054 .202 .046 .214 .036 .260 .034 .274 

10 ml .084 .131 .067 .118 .078 .160 .047 .149 .104 .260 .062 .231 .096 .289 .033 .289 

 mm .051 .124 .038 .124 .062 .176 .053 .153 .080 .278 .047 .269 .051 .293 .040 .313 

 ms .044 .120 .044 .120 .073 .142 .069 .147 .067 .249 .051 .240 .053 .276 .036 .360 

20 ml .120 .165 .053 .098 .188 .253 .048 .168 .243 .340 .043 .208 .288 .440 .065 .285 

 mm .100 .150 .073 .128 .120 .203 .045 .138 .135 .290 .048 .248 .225 .345 .070 .315 

 ms .063 .110 .045 .108 .083 .180 .058 .165 .068 .235 .033 .220 .090 .340 .040 .393 

30 ml .209 .254 .043 .123 .286 .351 .054 .160 .400 .506 .034 .249 .483 .571 .037 .314 

 mm .151 .183 .051 .134 .169 .266 .051 .211 .254 .366 .043 .266 .317 .449 .040 .337 

 ms .057 .114 .043 .131 .097 .200 .051 .191 .111 .269 .034 .249 .169 .346 .037 .337 

Note: ml denotes large magnitude; mm denotes median magnitude; ms denotes small magnitude 
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Table 4.22 Marginal Means and Ranges of Type I Errors for LR and LR-P with Data 

Derived from RHO-RDINA model  

 LR LR-P 
Factors 

 Mean Range Mean Range 

F500/R500 0.120 (.051-.254) 0.086 (.038-.134) 

F500/R1000 0.165 (.048-.351) 0.108 (.047-.211) 

F1000/R1000 0.225 (.054-.506) 0.142 (.033-.269) 
Sample Size 

F1000/R2000 0.271 (.036-.571) 0.182 (.033-.393) 

Equal 0.136 (.036-.483) 0.048 (.033-.073) Ability 

Distribution Unequal 0.254 (.110-.571) 0.212 (.098-.360) 

0% 0.118 (.036-.260) 0.121 (.034-.274) 

10% 0.139 (.051-.289) 0.129 (.033-.360) 

20% 0.199 (.063-.440) 0.129 (.033-.393) 

DIF 

Percentage 

30% 0.274 (.057-.571) 0.134 (.034-.337) 

Large 0.262 (.078-.571) 0.124 (.034-.314) 

Median 0.202 (.051-.449) 0.135 (.038-.337) 
DIF 

Magnitude 
Small 0.148 (.044-.346) 0.133 (.033-.360) 

 

Table 4.23 listed the result of variance analysis. Factors that have larger effect size are 

discussed here. The LR method appeared to be sensitive to sample size, DIF 

percentages, ability distribution and DIF-magnitude. When ability distribution 

differed the results showed extremely inflated Type I rates for LR method. 

Furthermore, with a higher percentage of DIF items (e.g., over 10 percent of total 

items) the Type I rates increased for LR method. And when the DIF magnitude 

increased from small to large the inflated Type I rates became more apparently. The 

result was expected, when test with more DIF items may contaminated the test score 

and will lead inflated Type I error rated especially when the DIF magnitude is large 

enough. In addition, as with the MH method, the LR tended to produce higher Type I 



 

 97 

rates when sample size was increased. The result is consistent with the previous 

research finding that the LR method increased the Type I error rates in a large sample 

size (Rogers & Swaminathan, 1993). On the contrary, the purification procedure had 

an effect on Type I error control. The LR-P maintain the Type I error rates in a 

reasonable range whenever in the condition with a combination of highly percentage 

of DIF items and large DIF magnitude. As the Table 4.21 listed that ability 

distribution difference and sample size has large effect size on the Type I error control 

of LR-P. With the sample size increased, appeared inflated Type I error rate while 

LR-P is applied. Ability distribution difference has significant difference in Type I 

error rate, in the equal ability distribution the Type I error close to .05 however, 

inflated in the unequal ability distribution. Moreover, the interaction effect between 

sample size and ability distribution shown that when in the equal ability distribution 

the Type I error rate reduced with the increased sample size and in the unequal ability 

distribution the Type I error rate inflated seriously with the increased sample size. 

    Overall, the LR did not keep the Type I error rates in a reasonable range as 

frequently as the LR-P. Type I error rates for the LR was higher and extremely inflated 

compared to the LR-P on average across all the test conditions. When in equal 

distribution even the sample size is small the purification procedure can improve the 

Type I error control. Whenever in the unequal distribution, the increased sample size 
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result in higher Type I error rates and the purification procedure cannot help reduce it. 

Purification did not appear to reduce Type I error rates when in the condition with 

unequal ability distribution. The result is consistent with previous research (French & 

Maller, 2007). 

 

Table 4.23 Factorial ANOVA for Type I error rate with LR method Data Derived 

RHO-RDINA Model 

Source MS F η2 

LR     

Sample Size 0.057 138.693*** 0.174 

Ability Distribution 0.236 578.110*** 0.242 

Percentage 0.110 268.316*** 0.224 

Magnitude 0.078 192.226*** 0.161 

Sample × Ability 0.016 39.450*** 0.049 

Sample × Percentage 0.006 14.436*** 0.036 

Sample × Magnitude 0.002 5.114*** 0.013 

Ability × Percentage 0.003 6.161** 0.005 

Ability × Magnitude 0.002 5.492** 0.004 

Percentage × Magnitude 0.018 44.406*** 0.074 

Error 0.000   

LR-P    

Sample Size 0.025 106.822*** 0.116 

Ability Distribution 0.413 1779.428*** 0.647 

Percentage 0.000 1.005 0.000 

Magnitude 0.001 3.577 0.003 

Sample × Ability 0.043 185.471*** 0.202 

Sample × Percentage 0.000 1.774 0.003 

Sample × Magnitude 0.000 1.820 0.005 

Ability × Percentage 0.001 5.398** 0.005 

Ability × Magnitude 0.001 4.782* 0.003 

Percentage × Magnitude 0.000 0.356 0.000 

Error 0.000   
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Table 4.24 listed the result of Type I error analysis with LR when data was generated 

from RHO-RDINO model. The results showed the Type I error rates ranged from .034 

to .314 across conditions with no DIF items. Table 4.25 listed Marginal means and 

Ranges of Type I error rates for LR and LR-P with data derived from RHO-RDINO 

model. The result showed the inflated Type I error rates in most conditions when 

using LR method. Table 4.26 listed the result of variance analysis. Factors that have 

larger effect size are discussed here. The LR method appeared to be sensitive to 

sample size, DIF percentages, ability distribution and DIF-magnitude while detecting 

DIF with data derived from RHO-RDINO model. The Type I error rates for LR were 

increased with the percentages of DIF item, DIF magnitude and sample size increased. 

In addition, the Type I error rates inflated more apparently in unequal ability 

distribution than in the equal ability distribution. On the contrary, the purification 

procedure had an effect on Type I error control. The LR-P maintain the Type I error 

rates in a reasonable range whenever in the condition with a combination of highly 

percentage of DIF items and large DIF magnitude. However, as with the MH statistic, 

the LR cannot help to detect DIF where there is ability difference between subgroups 

even if the purification procedure is applied.  
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Table 4.24 Type Ι error of DIF with LR Methods Data Derived from RHO-RDINO Model 

  F500/R500 F500/R1000 F1000/R1000 F1000/R2000 

  LR LR-P LR LR-P LR LR-P LR LR-P 

  equal uneq equal uneq equal uneq equal uneq equal uneq equal uneq equal uneq equal uneq 

0  .064 .150 .066 .140 .076 .188 .074 .204 .054 .258 .056 .292 .034 .242 .074 .314 

10 ml .073 .176 .056 .156 .093 .236 .056 .207 .084 .302 .049 .316 .102 .358 .053 .402 

 mm .058 .153 .051 .182 .087 .222 .071 .251 .080 .291 .049 .280 .062 .347 .044 .360 

 ms .044 .176 .051 .187 .073 .193 .056 .216 .071 .249 .071 .282 .071 .309 .053 .384 

20 ml .160 .250 .055 .170 .170 .293 .053 .215 .228 .410 .048 .270 .330 .513 .058 .358 

 mm .080 .175 .048 .160 .130 .245 .083 .253 .180 .323 .065 .290 .185 .415 .045 .395 

 ms .080 .180 .063 .188 .088 .235 .078 .238 .103 .293 .063 .263 .100 .353 .050 .373 

30 ml .234 .289 .077 .197 .320 .434 .051 .266 .426 .563 .054 .340 .557 .709 .040 .427 

 mm .166 .260 .060 .186 .211 .317 .097 .323 .266 .431 .043 .393 .320 .551 .049 .399 

 ms .120 .183 .083 .211 .117 .243 .080 .280 .137 .346 .057 .383 .157 .431 .069 .609 

Note: ml denotes large magnitude; mm denotes median magnitude; ms denotes small magnitude 
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The LR-P in general maintain reasonable Type I error rates for the conditions with 

equal ability distributions except for the condition with unequal ratio of subgroups 

(e.g., F500/R1000) and high percentage of DIF items (e.g., over 20 percent of DIF 

items in a test). As listed in the Table 4.26 the LR-P seems to be sensitive to ability 

distribution. When in the unequal distribution the Type I error rate become lose 

control and inflated for LR-P. Moreover, the interaction effect between sample size 

and ability distribution shown that when in the equal ability distribution the Type I 

error rate reduced with the increased sample size and in the unequal ability 

distribution the Type I error rate inflated seriously with the increased sample size. 

 

Table 4.25 Marginal Means and Ranges of Type I Errors for LR and LR-P with Data 

Derived from RHO-RDINO model  

 LR LR-P 
Factors 

 Mean Range Mean Range 

F500/R500 0.154 (.044-.289) 0.121 (.048-.211) 

F500/R1000 0.199 (.073-.434) 0.158 (.051-.323) 

F1000/R1000 0.255 (.054-.563) 0.183 (.048-.393) 
Sample Size 

F1000/R2000 0.308 (.034-.709) 0.228 (.040-.609) 

Equal 0.150 (.034-.557) 0.060 (.040-.097) Ability 

Distribution Unequal 0.308 (.150-.709) 0.284 (.140-.609) 

0% 0.133 (.034-.258) 0.151 (.056-.314) 

10% 0.163 (.044-.358) 0.162 (.044-.402) 

20% 0.230 (.080-.513) 0.163 (.045-.395) 

DIF 

Percentage 

30% 0.325 (.120-.709) 0.199 (.040-.609) 

Large 0.304 (.073-709) 0.167 (.040-.427) 

Median 0.233 (.058-.551) 0.174 (.043-.395) 
DIF 

Magnitude 
Small 0.181 (.044-.431) 0.183 (.050-.609) 
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Table 4.26 Factorial ANOVA for Type I error Rate with LR Method Data Derived 

RHO-RDINO Model 

Source MS F η
2
 

LR     

Sample Size 0.054 92.838*** 0.125 

Ability Distribution 0.396 680.943*** 0.307 

Percentage 0.160 274.991*** 0.248 

Magnitude 0.091 157.372*** 0.142 

Sample × Ability 0.019 32.497*** 0.044 

Sample × Percentage 0.007 11.854*** 0.032 

Sample × Magnitude 0.004 7.568*** 0.020 

Ability × Percentage 0.002 3.586* 0.003 

Ability × Magnitude 0.001 1.307 0.002 

Percentage × Magnitude 0.019 32.830*** 0.059 

Error 0.001   

LR-P    

Sample Size 0.031 41.392*** 0.086 

Ability Distribution 0.737 999.656*** 0.691 

Percentage 0.011 14.762*** 0.021 

Magnitude 0.001 1.939 0.003 

Sample × Ability 0.050 68.472*** 0.142 

Sample × Percentage 0.000 0.537 0.002 

Sample × Magnitude 0.001 1.510 0.007 

Ability × Percentage 0.008 10.631*** 0.015 

Ability × Magnitude 0.000 0.318 0.000 

Percentage × Magnitude 0.001 1.470 0.004 

Error 0.001   

  

Summary. The model-based method developed in this study appeared to have 

reasonably good control of Type I errors for both DIF-g and DIF-s independent of the 

ability distribution difference. Moreover, the model-based method appeared to be able 

to detect DIF even in the conditions with large DIF magnitude and more DIF items 

were introduced. The Type I errors for DIF by the MH and LR methods were 

generally inflated compare to those for DIF-g and DIF-s in a majority of conditions. 

Though, the purification procedure did improve to reduce the Type I error rates of MH 



 

 103 

and LR when higher percentage and larger DIF magnitude of DIF items were included. 

The purification procedure cannot reduce the Type I error rates in a reasonable range 

when in unequal ability distribution. One explanation is that both the MH and LR 

method condition on observed raw score or number-correct, X. When X is not 

sufficient statistic for θ and there is group impact, the expected mean of θ given X can 

differ across groups. In other words, examinees matched on observed score are not 

necessary matched on latent score (DeMars, 2010). Hence, when there are large group 

differences in true proficiency the Type I errors will be inflated. For example, in the 

present study reference group was generated from N (0, 1) and focal group generated 

from N (-1, 1), the large group differences will cause the odds of reference group 

higher than the focal group and reject the null hypothesis for the MH DIF detection. 

However, the decision may not be correct because the large discrepancy in ability of 

subgroups will affect the result of computation. Moreover, the large group differences 

may lead to inflated Type I errors because of using the wrong parametric form to 

model the item responses (DeMars, 2010). In the present study, data generated from 

RHO-RDINA and RHO-RDINO model respectively and the logistic regression 

method is used to detect DIF. Therefore, while the data do not follow the logistic 

regression model there may appear to be a group by proficiency interaction when the 

wrong model is used if the group impact is large. This can explain that the inflated 

Type I errors in unequal ability condition while data derived from the two underlying 

models and use LR as DIF detection method.
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4.2.2 Power Study  

Power was defined as the rate of the correct identification of items simulated to have 

DIF. The percentage of identified DIF-g or DIF-s, when DIF-g or DIF-s, respectively, 

was simulated, was calculated as empirical estimate of the power of the statistic. In 

the study, three levels of DIF item percentage of items were manipulated. Thus, in the 

10 percent test condition, item 6 and item 14 were simulated to have DIF-g or DIF-s, 

in the 20 percent test condition, item 1, item 6, item 14 and item 19 were simulated to 

have DIF-g or DIF-s and in the 30 percent test condition, item 1, item 6, item 12, item 

14, item 18 and item 19 were simulated as DIF items. It should be noted that the 

interpretation of power was conditioned on the Type I error rates under the 

significance level because the power of hypothesis testing can be increased by the 

inflated Type I error rate. In the power study, the number of correctly identified DIF 

items was compared across various sample sizes, ability distribution differences, DIF 

percentages, magnitudes of DIF, and types of DIF using the model based approach, 

and two non model based methods-MH statistic and LR with total test score matching. 

 

DIF Detection with Model Based Approach. Variance analysis was conducted to 

determine which factors influenced the power while the model based DIF detection 

method is applied. Table 4.27 shows the result of analysis of variance for power rates 

in DIF-s and DIF-g with RHO-RDINA model. 
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Table 4.27 Factorial ANOVA for Power Rate in DIF-s and DIF-g with RHO-RDINA 

Model 

Source MS F η
2
 

DIF-s    

Sample Size 0.136 89.008*** 0.153 

Ability Distribution 0.002 1.522 0.075 

Percentage 0.012 7.835*** 0.009 

Magnitude 0.891 584.869*** 0.669 

Sample × Ability 0.002 1.522 0.003 

Sample × Percentage 0.002 1.458 0.005 

Sample × Magnitude 0.020 13.145*** 0.045 

Ability × Percentage 0.001 0.400 0.000 

Ability × Magnitude 0.015 9.606*** 0.011 

Percentage × Magnitude 0.004 2.696* 0.006 

Error 0.002   

DIF-g    

Sample Size 0.201 147.300*** 0.217 

Ability Distribution 0.105 76.695*** 0.038 

Percentage 0.007 5.096* 0.005 

Magnitude 0.960 704.614*** 0.691 

Sample × Ability 0.001 1.005 0.001 

Sample × Percentage 0.003 2.517* 0.008 

Sample × Magnitude 0.007 4.883** 0.014 

Ability × Percentage 0.002 1.163 0.001 

Ability × Magnitude 0.001 0.533 0.000 

Percentage × Magnitude 0.002 1.665 0.003 

Error 0.001   

 

For the RHO-RDINA model, the result indicated sample size, DIF percentage and 

DIF magnitude were significantly influence the power rates of DIF-s and sample size, 

ability distribution and DIF magnitude were significantly influence the power rates of 

DIF-g. Besides, sample size and magnitude, ability distribution and magnitude, and 

DIF percentage and magnitude have interaction on power rates. However, the effect 
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size of these interaction terms was rather small. The DIF magnitude had the largest 

main effect on power rates for DIF-s and DIF-g. The power rates increased with the 

larger DIF magnitude for both DIF-s and DIF-g. Besides, sample size also had higher 

than 15% that can explain the power rates for both DIF-s and DIF-g. With the sample 

size increased the power rates for both DIF-s and DIF-g increased.  

    Table 4.28 shows the result of analysis of variance for power rates in DIF-s and 

DIF-g with RHO-RDINO model. For the RHO-RDINO model, the result indicated all 

the four factors were significantly influence the power rates of DIF-s and DIF-g. 

Besides, sample size and ability distribution, sample size and magnitude, ability 

distribution and magnitude, and DIF percentage and magnitude have interaction on 

power rates for DIF-s. Sample size and magnitude and ability distribution and 

magnitude have interaction on power rates for DIF-g. However, the effect size of most 

interaction terms was rather small and did not discuss here. The DIF magnitude had 

the strongest main effect on power rates for DIF-s and DIF-g. The power rates 

increased with the larger DIF magnitude for both DIF-s and DIF-g. Besides, sample 

size also had higher than 15% that can explain the power rates for both DIF-s and 

DIF-g. With the sample size increased the power rates for both DIF-s and DIF-g 

increased. It is noted that the interaction effect between sample size and magnitude 

had over20% that can explain the power rates for DIF-s. With the sample size and DIF 
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magnitude increased the power rates increased in return and when sample size 

increased to F1000/R1000, the power rates of median DIF magnitude and largest DIF 

magnitude were close to 1. Moreover, ability distribution difference has over 11% that 

can explain ability distribution difference on power rates for DIF-g. The power rates 

for DIF-g is significant lower in the unequal ability distribution than in equal. 

 

Table 4.28 Factorial ANOVA for Power Rate in DIF-s and DIF-g with RHO-RDINO 

Model 

Source MS F η
2
 

DIF-s    

Sample Size 0.050 159.133*** 0.154 

Ability Distribution 0.013 41.076*** 0.013 

Percentage 0.002 6.358** 0.004 

Magnitude 0.286 902.957*** 0.584 

Sample × Ability 0.002 5.802** 0.006 

Sample × Percentage 0.000 1.265 0.002 

Sample × Magnitude 0.033 103.954*** 0.202 

Ability × Percentage 0.000 1.127 0.001 

Ability × Magnitude 0.007 23.626*** 0.015 

Percentage × Magnitude 0.001 2.703* 0.003 

Error 0.000   

DIF-g    

Sample Size 0.143 92.010*** 0.240 

Ability Distribution 0.202 130.215*** 0.113 

Percentage 0.009 6.121** 0.011 

Magnitude 0.406 262.020*** 0.457 

Sample × Ability 0.016 10.444 0.028 

Sample × Percentage 0.001 0.734 0.004 

Sample × Magnitude 0.020 13.026*** 0.068 

Ability × Percentage 0.001 0.833 0.002 

Ability × Magnitude 0.034 21.981*** 0.038 

Percentage × Magnitude 0.001 0.446 0.002 

Error 0.002   
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Table 4.29 and Table 4.30 provide estimates of empirical power of these four 

conditions for DIF-g and DIF-s with data derived from the RHO-RDINA and 

RHO-RDINO model, respectively. The power of DIF-g ranged from .16 to 1.00 and 

the power of DIF-s ranged from.26 to 1.00 for the RHO-RDINA model. The power of 

DIF-g ranged from .10 to .81 and the power of DIF-s ranged from.57 to 1.00 for the 

RHO-RDINO model. As can be seen in Tables 4.29 and 4.30, the conditions with the 

larger sample size and large DIF magnitude had higher power than the conditions with 

the smaller sample size and smaller DIF magnitude. In Tables 4.29 and 4.30, the block 

with the lowest power for DIF-g or DIF-s was shown in bold. These blocks show the 

combination of all bad situations for DIF-g and DIF-s. For DIF-g, the higher power 

reached by the combination of large sample size and of DIF magnitude; for DIF-s, the 

higher power reached by the combination of large sample size and DIF magnitude. 

The clear pattern suggested the effect of sample size and DIF magnitude on the power 

rates. Moreover, the power rates for DIF-g were generally lower than .70 except for in 

conditions with sample size F1000/R2000 and large DIF magnitude. The results 

suggested that only in the condition of sufficient sample size (i.e., F500/R1000 with 

RHO-RDINA model or F1000/R2000 with RHO-RDINO model) and appropriate DIF 

magnitude can one get sufficient power rates with the model based approach.  



 

 109 

Table 4.29 Power of DIF with Model Based Method Data Derived from RHO-RDINA Model 

  F500/R500 F500/R1000 F1000/R1000 F1000/R2000 

  DIF_s DIF_g DIF_s DIF_g DIF_s DIF_g DIF_s DIF_g 

  equal uneq equal uneq equal uneq equal uneq equal uneq equal uneq equal uneq equal uneq 

10 ml .920 .780 .560 .820 .980 .900 .820 .900 1.00 .900 .980 .980 1.00 1.00 .940 1.00 

 mm .700 .480 .400 .580 .880 .640 .600 .720 .920 .680 .700 .760 .980 .820 .820 .940 

 ms .400 .260 .160 .320 .540 .460 .360 .380 .820 .520 .520 .620 .860 .660 .500 .720 

20 ml .940 .810 .620 .730 1.00 .870 .650 .820 1.00 .940 .840 .920 1.00 .970 .910 .990 

 mm .750 .620 .480 .520 .880 .700 .540 .700 .980 .850 .660 .800 1.00 .880 .800 .930 

 ms .450 .290 .200 .330 .600 .380 .250 .400 .760 .640 .420 .510 .850 .600 .600 .750 

30 ml .893 .707 .660 .747 .980 .800 .760 .860 1.00 .940 .853 .927 1.00 .987 .933 .987 

 mm .753 .473 .473 .580 .833 .647 .580 .747 .933 .847 .713 .827 .947 .860 .833 .913 

 ms .387 .260 .253 .273 .527 .300 .340 .440 .687 .533 .460 .533 .813 .593 .633 .727 

Note: ml denotes large magnitude; mm denotes median magnitude; ms denotes small magnitude
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Table 4.30 Power of DIF with Model Based Method Data Derived from RHO-RDINO Model 

  F500/R500 F500/R1000 F1000/R1000 F1000/R2000 

  DIF_s DIF_g DIF_s DIF_g DIF_s DIF_g DIF_s DIF_g 

  equal uneq equal uneq equal uneq equal uneq equal uneq equal uneq equal uneq equal uneq 

10 ml .980 .960 .160 .220 1.00 1.00 .120 .560 1.00 1.00 .360 .520 1.00 1.00 .480 .740 

 mm .900 .860 .120 .180 1.00 .940 .100 .260 1.00 .980 .240 .320 1.00 1.00 .320 .600 

 ms .700 .600 .100 .080 .780 .640 .000 .120 .940 .860 .140 .180 .960 .920 .160 .320 

20 ml .990 .980 .160 .270 1.00 1.00 .230 .470 1.00 1.00 .430 .550 1.00 1.00 .510 .810 

 mm .880 .800 .110 .210 .970 .920 .210 .290 1.00 .980 .210 .390 1.00 1.00 .380 .620 

 ms .660 .580 .050 .110 .720 .710 .120 .130 .930 .840 .140 .200 .960 .950 .190 .310 

30 ml .973 .973 .107 .300 1.00 .987 .193 .447 1.00 1.00 .313 .553 1.00 1.00 .480 .713 

 mm .887 .793 .080 .187 .973 .907 .107 .280 .993 .987 .167 .340 1.00 1.00 .247 .573 

 ms .640 .547 .047 .127 .720 .620 .100 .127 .900 .780 .120 .140 .967 .940 .147 .293 

Note: ml denotes large magnitude; mm denotes median magnitude; ms denotes small magnitude
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Table 4.31 and Table 4.32 present based on the two models the marginal means and 

ranges of power for both DIF-g and DIF-s.  

 

Table 4.31 Marginal Means and Ranges of Power of DIF-s and DIF-g with 

RHO-RDINA Model 

  DIF-s DIF-g 

Factors  Mean Range Mean Range 

F500/R500 .604  (.260-.940) .484  (.160-.820) 

F500/R1000 .718  (.300-1.00) .604  (.250-.900) 

F1000/R1000 .831  (.520-1.00) .724  (.420-.980) 
Sample Size 

F1000/R2000 .879  (.593-1.00) .829  (.500-1.00) 

Equal .832  (.387-1.00) .606  (.160-.980) 
Ability Distribution 

Unequal .683  (.260-1.00) .714  (.273-1.00) 

10% .754  (.260-1.00) .671  (.160-1.00) 

20% .782  (.260-1.00) .640  (.200-.990) DIF Percentage 

30% .738  (.260-1.00) .669  (.253-.987) 

Large .930  (.707-1.00) .842  (.560-1.00) 

Median .794  (.473-1.00) .692  (.400-.940) DIF Magnitude 

Small .550  (.260-1.00) .446  (.160-.750) 

 

Table 4.32 Marginal Means and Ranges of Power of DIF-s and DIF-g with 

RHO-RDINO Model 

  DIF-s DIF-g 

Factors  Mean Range Mean Range 

F500/R500 .817  (.547-.990) .145  (.047-.300) 

F500/R1000 .883  (.620-1.00) .215  (.000-.560) 

F1000/R1000 .955  (.780-1.00) .295  (.120-.553) 
Sample Size 

F1000/R2000 .983  (.920-1.00) .439  (.147-.810) 

Equal .928  (.640-1.00) .199  (.000-.553) 
Ability Distribution 

Unequal .890  (.547-1.00) .348  (.080-.810) 

10% .918  (.600-1.00) .267  (.000-.740) 

20% .911  (.580-1.00) .296  (.050-.810) DIF Percentage 

30% .899  (.547-1.00) .258  (.047-.713) 

Large .993  (.960-1.00) .404  (.120-.810) 

Median .949  (.860-1.00) .273  (.100-.620) DIF Magnitude 

Small .786  (.547-.967) .144  (.000-.320) 
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The effect of the equal vs unequal ability distributions was reversed for DIF-g and 

DIF-s: Unequal ability distribution produced higher power for DIF-g; equal ability 

distribution produced higher power for DIF-s. These power patterns were similar to 

the patterns of RMSEs for DIF-g and DIF-s, respectively.   

    The power rates of DIF-g and DIF-s appeared to essentially be related to the 

sample size of non-masters and masters. The conditions with the large sample size and 

unequal ability distribution produced more non-masters, and the conditions with the 

large sample size and equal ability distribution produced more masters. The effect of 

having more non-masters is that DIF-g is estimated more precisely. This, in turn, 

results in higher power of DIF-g. Likewise, more masters results in more precise 

estimation of DIF-s, thereby resulting in higher power of DIF-s. The same pattern also 

occurred when the ratio of subgroups is unequal (i.e., F500/R1000 and F1000/R2000). 

This can also explain the poor power rates for DIF-g with RHO-RDINO. In the 

RHO-DINO model, examinees mastered only single attribute that required by an item 

can increase the probability of correction rate and result in more masters and less 

non-masters. In addition, the amount of DIF items seems to affects the power rate in 

doing DIF detection. When the amount of DIF items is small then it will not be easy 

to detect as DIF items thus causing a lower power rate compare to higher amounts of 

DIF. The result is consistent with the previous research showing that when the 
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magnitude of DIF increased, power rate also increased (Zhang, 2006). 

Summary. Results from the power rate analysis with the model based method yielded 

that with the RHO-RDINA model could sustain sufficient power while detecting 

DIF-s and DIF-g under most of the manipulated conditions. However, the power rates 

for detecting DIF-g were lower than .70 under most of manipulated conditions with 

RHO-RDINO model. In general, the power rates of proposed model based DIF 

detection method dependent on the DIF magnitude and sample size.   
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Comparison of DIF-g and DIF-s with non Model Based Approach in Power 

Analysis. In this section, the results of power rate analysis with non-model based 

approach were compared. These comparisons were done on the same simulated data 

and the power rate was calculated under the same conditions as for the model-based 

results presented above.  

    MH Analysis. Table 4.33 and 4.34 provided the power rate results and the 

marginal means and ranges of power rate for MH and MH-P method that data derived 

from RHO-RDINA model. In the Table 4.33, it can be seen that the power rates range 

from .293 to 1.00 for the MH method and range from .373 to 1.00 for the MH-P 

method. The power rate for MH method seems sensitive to sample size, 

DIF-magnitude and DIF percentage. To clarify which factors affect the power rates for 

MH method, the results of variance analysis listed in the Table 4.35. 
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Table 4.33 Power of DIF with MH methods Data Derived from RHO-RDINA Model 

F500/R500 F500/R1000 F1000/R1000 F1000/R2000 

MH MH-P MH MH-P MH MH-P MH MH-P   

equal uneq equal Uneq Equal uneq equal uneq equal uneq equal uneq equal uneq equal uneq 

ml 1.00 .980 1.00 1.00 1.00 .980 1.00 .980 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 

mm .880 .880 .900 .900 .980 .920 .980 .960 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 

10% 

ms .600 .560 .560 .600 .680 .580 .700 .640 .860 .820 .880 .840 .960 .940 .960 1.00 

ml .940 .930 .980 .990 .970 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 

mm .800 .720 .890 .790 .900 .910 .960 .980 .990 .980 1.00 1.00 1.00 .990 1.00 .920 

20% 

ms .510 .430 .590 .510 .650 .510 .740 .580 .820 .760 .950 .860 .890 .820 .980 1.00 

ml .893 .787 .967 .947 .900 .880 .993 .993 .947 .927 1.00 1.00 .987 .987 1.00 .987 

mm .667 .553 .800 .767 .787 .747 .953 .887 .887 .860 .980 .973 .933 .940 1.00 .760 

30% 

ms .353 .293 .453 .373 .467 .387 .587 .407 .580 .533 .773 .667 .747 .640 .927 .760 

Note: ml denotes large magnitude; mm denotes median magnitude; ms denotes small magnitude 
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Table 4.34 Marginal Means and Ranges of Power Rates for MH and MH-P with Data 

Derived from RHO-RDINA Model  

 MH MH-P 
Factors 

 Mean Range Mean Range 

F500/R500 0.709 (.293-1.00) 0.779 (.373-1.00) 

F500/R1000 0.792 (.387-1.00) 0.852 (.407-1.00) 

F1000/R1000 0.887 (.533-1.00) 0.940 (.667-1.00) 
Sample Size 

F1000/R2000 0.936 (.640-1.00) 0.961 (.760-1.00) 

Equal 0.850 (.353-1.00) 0.903 (.453-1.00) Ability 

Distribution Unequal 0.813 (.293-1.00) 0.863 (.373-1.00) 

10% 0.901 (.560-1.00) 0.913 (.560-1.00) 

20% 0.855 (.430-1.00) 0.905 (.510-1.00) 

DIF 

Percentage 

30% 0.738 (.293-.987) 0.832 (.373-1.00) 

Large 0.963 (.787-1.00) 0.993 (.947-1.00) 

Median 0.889 (.553-1.00) 0.933 (.760-1.00) 
DIF 

Magnitude 
Small 0.641 (.293-.980) 0.723 (.373-1.00) 

 

The result indicated all the four factors were significantly influence the power rates 

for MH method. Besides, sample size and DIF percentage, sample size and magnitude, 

ability distribution and magnitude, and DIF percentage and magnitude have 

interaction on power rates for MH method. However, the effect size of most 

interaction terms was rather small and did not discuss here. The DIF magnitude had 

the strongest main effect on power rates. The power rates increased with the DIF 

magnitude increased. Besides, sample size also had higher than 20% that can explain 

the power rates for MH method. With the sample size increased the power rates 

increased. DIF percentage has significant impact on the power rates. With higher 

percentage of DIF items in a test, the power rates were decreased. The result may 

occur because the higher percentage of DIF items means that the test is contaminated 
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and decrease the power rates. The pattern became more apparent especially when 

more DIF items were introduced in a test (i.e., over 20% DIF items in a test). 

Furthermore, with the purification procedure is applied the power rates in the same 

conditions higher than the MH method. As listed in Table 4.30, the DIF magnitude 

had the strongest main effect on power rates for MH-P. The power rates increased 

with the DIF magnitude increased. Besides, sample size also had higher than 19% that 

can explain the power rates for MH-P method. With the sample size increased the 

power rates increased. The interaction effect between sample size and DIF magnitude 

indicated that in the small magnitude the power rates increased with sample size 

increased however, in the median and large magnitude the power rates slightly 

reduced in the sample size F1000/R2000. 

Although the power rates for most conditions were around .7, this rate actually may 

be overestimated due to the inflated Type I error rate (see cells for corresponding 

conditions in Table 4.13). Likewise, one should use care in interpreting the relatively 

high power of MH-P for equal ability distribution only, because the Type I errors of 

all conditions for unequal ability distribution were not controlled even based on 

Bradley's (1978) liberal criterion. Besides, the Type I error results for MH only barely 

fit liberal criterion in the combination of small sample size (i.e., 500 per groups or 

F500/R1000) and small to median DIF magnitude when only 10 percent of DIF items 
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were introduced. As a result, the power of MH in a majority of conditions might be 

somewhat overestimated.  

 

Table 4.35 Factorial ANOVA for Power Rate with MH Method Data Derived 

RHO-RDINA Model 

Source MS F η
2
 

MH     

Sample Size 0.182 222.594*** 0.211 

Ability Distribution 0.025 30.462*** 0.010 

Percentage 0.170 208.065*** 0.131 

Magnitude 0.682 833.324*** 0.525 

Sample × Ability 0.001 1.622 0.002 

Sample × Percentage 0.004 5.083** 0.010 

Sample × Magnitude 0.031 37.762*** 0.071 

Ability × Percentage 0.001 1.330 0.001 

Ability × Magnitude 0.005 6.577** 0.004 

Percentage × Magnitude 0.015 18.141*** 0.023 

Error 0.001   

MH-P    

Sample Size 0.127 100.496*** 0.190 

Ability Distribution 0.028 22.192*** 0.014 

Percentage 0.048 37.935*** 0.048 

Magnitude 0.486 384.807*** 0.485 

Sample × Ability 0.001 .662 0.001 

Sample × Percentage 0.001 .756 0.003 

Sample × Magnitude 0.063 50.216*** 0.190 

Ability × Percentage 0.007 5.829** 0.007 

Ability × Magnitude 0.007 5.604** 0.007 

Percentage × Magnitude 0.015 11.713*** 0.029 

Error 0.001   

    Table 4.36 and 4.37 provided the power rate results and the marginal means and 

ranges of power rate for MH and MH-P method that data derived from RHO-RDINO 

model. 
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Table 4.36 Power of DIF with MH method Data Derived from RHO-RDINO Model 

  F500/R500 F500/R1000 F1000/R1000 F1000/R2000 

  MH MH-P MH MH-P MH MH-P MH MH-P 

  equal uneq equal uneq equal uneq equal uneq equal uneq equal uneq equal uneq equal uneq 

ml .980 .980 .980 .980 1.00 .980 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 

mm .860 .760 .940 .820 .980 .920 1.00 .940 1.00 .980 1.00 1.00 1.00 1.00 1.00 1.00 

10% 

ms .660 .420 .660 .520 .780 .560 .780 .620 .960 .700 .960 .720 .980 .820 .980 .860 

ml .980 .930 .990 .970 1.00 .960 1.00 .980 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 

mm .790 .650 .900 .770 .950 .810 .980 .920 1.00 .930 1.00 .990 1.00 1.00 1.00 1.00 

20% 

ms .540 .350 .630 .430 .670 .460 .760 .540 .820 .630 .940 .700 .890 .710 .980 .820 

ml .893 .800 .993 .940 .987 .880 1.00 1.00 .993 .967 1.00 1.00 1.00 .993 1.00 1.00 

mm .740 .560 .887 .753 .860 .680 .967 .827 .967 .813 1.00 .972 .993 .947 1.00 1.00 

30% 

ms .480 .247 .560 .267 .567 .327 .700 .413 .733 .480 .880 .460 .827 .593 .967 .707 

Note: ml denotes large magnitude; mm denotes median magnitude; ms denotes small magnitude
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Table 4.37 Marginal Means and Ranges of Power Rates for MH and MH-P with Data 

Derived from RHO-RDINO Model  

 MH MH-P 
Factors 

 Mean Range Mean Range 

F500/R500 0.701 (.247-.980) 0.777 (.267-.993) 

F500/R1000 0.799 (.327-1.00) 0.857 (.413-1.00) 

F1000/R1000 0.887 (.480-1.00) 0.923 (.460-1.00) 
Sample Size 

F1000/R2000 0.931 (.593-1.00) 0.962 (.707-1.00) 

Equal 0.886 (.480-1.00) 0.929 (.560-1.00) Ability 

Distribution Unequal 0.773 (.247-1.00) 0.831 (.267-1.00) 

10% 0.888 (.420-1.00) 0.907 (.520-1.00) 

20% 0.836 (.350-1.00) 0.888 (.430-1.00) 

DIF 

Percentage 

30% 0.764 (.247-1.00) 0.846 (.267-1.00) 

Large 0.972 (.893-1.00) 0.993 (.940-1.00) 

Median 0.883 (.740-1.00) 0.945 (.753-1.00) 
DIF 

Magnitude 
Small 0.634 (.480-.980) 0.703 (.267-.980) 

 

It can be seen that the power rates range from .247 to 1.00 for the MH method and 

range from .267 to 1.00 for the MH-P method. The lowest power rate appeared in the 

unequal distribution, sample size F500/R500, 30% DIF items and small DIF 

magnitude. The results showed that except for the conditions with small DIF 

magnitude and sample size 500 per group the power rates were above or at least 

around .70 in other conditions. 

To clarify which factors affect the power rates for MH method, Table 4.38 provided 

the result of variance analysis for MH and MH-P method that data derived from 

RHO-RDINO model. The result indicated that the DIF magnitude had the largest 

effect on the power rate for the MH method while data derived from RHO-RDINO 
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model. With the DIF magnitude from small to large the power rate increased in return. 

Beside, the sample size has impact on the power rate. As the sample size increased the 

power rates increased in return. When more percent of DIF items introduced, the 

power rates were reduced for MH and MH-P. 

 

Table 4.38 Factorial ANOVA for Power rate with MH method Data Derived 

RHO-RDINO Model 

Source MS F η
2
 

MH     

Sample Size 0.186 248.593*** 0.197 

Ability Distribution 0.227 303.319*** 0.080 

Percentage 0.094 125.722*** 0.067 

Magnitude 0.737 985.592*** 0.522 

Sample × Ability 0.004 5.803** 0.005 

Sample × Percentage 0.002 2.949* 0.005 

Sample × Magnitude 0.026 34.661*** 0.055 

Ability × Percentage 0.005 7.038** 0.004 

Ability × Magnitude 0.056 74.575*** 0.039 

Percentage × Magnitude 0.011 15.211*** 0.016 

Error 0.001   

MH-P    

Sample Size 0.118 113.855*** 0.159 

Ability Distribution 0.172 165.592*** 0.077 

Percentage 0.023 22.340*** 0.021 

Magnitude 0.581 559.189*** 0.520 

Sample × Ability 0.003 2.997* 0.004 

Sample × Percentage 0.001 0.973 0.003 

Sample × Magnitude 0.037 35.653*** 0.099 

Ability × Percentage 0.007 6.484** 0.006 

Ability × Magnitude 0.080 77.414*** 0.072 

Percentage × Magnitude 0.012 11.110*** 0.021 

Error 0.001   
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Furthermore, with the purification procedure is applied the power rates in the same 

conditions higher than the MH method. As listed in 4.38 DIF magnitudes has 

strongest effect on the power rate for MH-P. The power rates increased with the DIF 

magnitude increased. Besides, sample size also had higher than 15% that can explain 

the power rates for MH-P. With the sample size increased the power rates increased. 

As mentioned before, the power rates with MH method seems to be overestimated. To 

interpret the result of power rates, one should check the result of Type I errors at the 

same time (listed in table 4.14). Thus, one should focus on the power rate results with 

MH-P in the equal ability distribution. 

    LR method. Table 4.39 and 4.40 provided the power rate results and the 

marginal means and ranges of power rate for LR and LR-P method that data derived 

from RHO-RDINA model. Table 4.41 provided the result of variance analysis for LR 

and LR-P method that data derived from RHO-RDINA model. Table 4.42 and 4.43 

provided the power rate results and the marginal means and ranges of power rate that 

data derived from RHO-RDINO model. Table 4.44 provided the result of variance 

analysis for LR and LR-P method for LR method and LR-P that data derived from 

RHO-RDINO model. In the Table 4.39, it can be seen that the power rates range 

from .280 to 1.00 for the LR method and range from .320 to 1.00 for the LR-P method. 
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Table 4.39 Power of DIF with LR method Data Derived from RHO-RDINA Model 

  F500/R500 F500/R1000 F1000/R1000 F1000/R2000 

  LR LR-P LR LR-P LR LR-P LR LR-P 

  equal uneq equal uneq equal uneq equal uneq equal uneq equal uneq equal uneq equal uneq 

ml .980 .980 .960 .980 1.00 .980 1.00 .980 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 

mm .780 .720 .820 .760 .960 .920 .980 .920 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 

10% 

ms .460 .480 .500 .500 .660 .560 .660 .640 .840 .820 .860 .780 .960 .920 .960 1.00 

ml .950 .920 .980 .980 .960 .990 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 .990 

mm .790 .680 .810 .760 .890 .920 .940 .970 .980 .970 1.00 .970 1.00 .950 1.00 .810 

20% 

ms .470 .450 .540 .470 .590 .490 .660 .540 .750 .730 .860 .750 .870 .810 .970 .970 

ml .867 .707 .947 .927 .867 .847 1.00 .987 .920 .933 1.00 .967 .973 .947 1.00 .960 

mm .620 .513 .800 .680 .733 .713 .900 .853 .840 .840 .987 .900 .920 .873 .993 .607 

30% 

ms .307 .280 .380 .320 .453 .393 .527 .400 .560 .560 .733 .660 .680 .593 .893 .607 

Note: ml denotes large magnitude; mm denotes median magnitude; ms denotes small magnitude
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Table 4.40 Marginal Means and Ranges of Power Rates for LR and LR-P with Data 

Derived from RHO-RDINA Model  

 LR LR-P 
Factors 

 Mean Range Mean Range 

F500/R500 0.664 (.280-.980) 0.729 (.320-.980) 

F500/R1000 0.773 (.393-1.00) 0.831 (.400-1.00) 

F1000/R1000 0.874 (.560-1.00) 0.915 (.660-1.00) 
Sample Size 

F1000/R2000 0.916 (.593-1.00) 0.931 (.607-1.00) 

Equal 0.823 (.307-1.00) 0.879 (.380-1.00) Ability 

Distribution Unequal 0.791 (.280-1.00) 0.824 (.320-1.00) 

10% 0.876 (.460-1.00) 0.888 (.500-1.00) 

20% 0.840 (.470-1.00) 0.874 (.470-1.00) 

DIF 

Percentage 

30% 0.705 (.307-.973) 0.793 (.320-1.00) 

Large 0.951 (.707-1.00) 0.986 (.927-1.00) 

Median 0.858 (.513-1.00) 0.894 (.680-1.00) 
DIF 

Magnitude 
Small 0.612 (.280-.960) 0.674 (.320-.960) 

 

The power rate for LR method seems sensitive to sample size, DIF-magnitude and 

DIF percentage. To clarify which factors affect the power rates for LR method, the 

results of variance analysis listed in the Table 4.41. The result indicated all the four 

factors were significantly influence the power rates for LR method. Besides, sample 

size and magnitude and DIF percentage and magnitude have interaction on power 

rates for LR method. However, the effect size of most interaction terms was rather 

small and did not discuss here. The DIF magnitude had the strongest main effect on 

power rates for LR. The power rates increased with the DIF magnitude increased. 

Besides, sample size also had higher than 20% that can explain the power rates for LR 

method. With the sample size increased the power rates increased. DIF percentage has 
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significant impact on the power rates. With higher percentage of DIF items in a test, 

the power rates were decreased. The pattern is the same as the MH method and the 

reason has been discussed earlier. Furthermore, with the purification procedure is 

applied the power rates in the same conditions higher than the LR method. As listed in 

Table 4.41, the DIF magnitude had the strongest main effect on power rates for LR-P. 

The power rates increased with the DIF magnitude increased. Besides, sample size 

also had higher than 18% that can explain the power rates for LR-P method. With the 

sample size increased the power rates increased.  

    As the power rate pattern for MH-P, for the LR-P the interaction effect between 

sample size and DIF magnitude indicated that in the small magnitude the power rates 

increased with sample size increased however, in the median and large magnitude the 

power rates slightly reduced in the sample size F1000/R2000. In general, except for 

the small DIF magnitude and small sample size condition, the power rates were 

around .70 in most conditions. 



 

 126 

Table 4.41 Factorial ANOVA for Power rate with LR Method Data Derived 

RHO-RDINA Model 

Source MS F η
2
 

LR     

Sample Size 0.227 163.507*** 0.238 

Ability Distribution 0.018 13.204** 0.006 

Percentage 0.194 139.280*** 0.135 

Magnitude 0.739 531.359*** 0.515 

Sample × Ability 0.002 1.425 0.002 

Sample × Percentage 0.001 0.546 0.002 

Sample × Magnitude 0.034 24.110*** 0.070 

Ability × Percentage 0.001 0.672 0.001 

Ability × Magnitude 0.001 0.750 0.001 

Percentage × Magnitude 0.008 5.919** 0.011 

Error 0.001   

LR-P    

Sample Size 0.155 74.216*** 0.186 

Ability Distribution 0.056 26.882*** 0.022 

Percentage 0.062 29.747*** 0.050 

Magnitude 0.617 295.637*** 0.495 

Sample × Ability 0.003 1.523 0.004 

Sample × Percentage 0.002 1.114 0.006 

Sample × Magnitude 0.067 32.108*** 0.161 

Ability × Percentage 0.013 6.254** 0.010 

Ability × Magnitude 0.010 4.745* 0.008 

Percentage × Magnitude 0.015 7.169** 0.024 

Error 0.002   

 

  In Table 4.42 listed the power results that derived from RHO-RDINO model with 

LR method. It can be seen that the power rates range from .167 to 1.00 for the LR 

method and range from .167 to 1.00 for the LR-P method. The power rate for LR 

method seems sensitive to sample size, DIF-magnitude and DIF percentage.  
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Table 4.42 Power of DIF with LR methods Data Derived from RHO-RDINO Model 

  F500/R500 F500/R1000 F1000/R1000 F1000/R2000 

  LR LR-P LR LR-P LR LR-P LR LR-P 

  equal uneq equal uneq equal uneq equal uneq equal uneq equal uneq equal uneq equal uneq 

ml 1.00 .960 1.00 .940 1.00 .960 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 

mm .860 .660 .840 .680 .920 .860 .940 .840 1.00 .940 1.00 .920 1.00 1.00 1.00 1.00 

10% 

ms .600 .360 .640 .400 .700 .340 .740 .300 .900 .580 .940 .580 .940 .680 .940 .680 

ml .960 .870 .980 .930 .990 .940 1.00 .960 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 

mm .740 .510 .840 .650 .890 .690 .970 .820 .990 .900 1.00 .950 1.00 .960 1.00 .950 

20% 

ms .440 .310 .570 .320 .650 .390 .690 .360 .790 .370 .870 .490 .870 .540 .940 .570 

ml .873 .713 .993 .827 .960 .853 1.00 .953 .987 .947 1.00 .967 1.00 .980 1.00 1.00 

mm .700 .507 .840 .620 .820 .607 .913 .653 .953 .733 1.00 .778 .987 .900 1.00 .924 

30% 

ms .413 .167 .487 .167 .507 .260 .593 .273 .633 .407 .767 .433 .787 .480 .927 .540 

Note: ml denotes large magnitude; mm denotes median magnitude; ms denotes small magnitude
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Table 4.43 Marginal Means and Ranges of Power Rates for LR and LR-P with Data 

Derived from RHO-RDINO Model  

 LR LR-P 
Factors 

 Mean Range Mean Range 

F500/R500 0.647 (.167-1.00) 0.707 (.167-1.00) 

F500/R1000 0.741 (.260-1.00) 0.777 (.273-1.00) 

F1000/R1000 0.841 (.407-1.00) 0.872 (.433-1.00) 
Sample Size 

F1000/R2000 0.896 (.480-1.00) 0.915 (.540-1.00) 

Equal 0.857 (.413-1.00) 0.901 (.487-1.00) Ability 

Distribution Unequal 0.705 (.167-1.00) 0.735 (.167-1.00) 

10% 0.844 (.360-1.00) 0.849 (.400-1.00) 

20% 0.783 (.310-1.00) 0.828 (.320-1.00) 

DIF 

Percentage 

30% 0.716 (.167-1.00) 0.777 (.167-1.00) 

Large 0.958 (.713-1.00) 0.981 (.827-1.00) 

Median 0.839 (.507-1.00) 0.880 (.620-1.00) 
DIF 

Magnitude 
Small 0.547 (.167-.940) 0.593 (.167-.940) 

 

To clarify which factors affect the power rates for LR method, the results of 

variance analysis listed in the Table 4.44. The result indicated all the four factors were 

significantly influence the power rates for LR method. Besides, sample size and 

magnitude and ability distribution and magnitude have interaction on power rates for 

LR method. However, the effect size of most interaction terms was rather small and 

did not discuss here. The DIF magnitude had the strongest main effect on power rates 

for LR. The power rates increased with the DIF magnitude increased. Besides, sample 

size also had 17% that can explain the power rates for LR method. With the sample 

size increased the power rates increased. Ability distribution has over10% that can 

explain the difference between different levels of DIF percentages on the power rates 

for LR method. The power rate was higher in equal ability distribution than unequal 
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ability distribution. In addition, with the purification procedure the power rates 

improved compared to conditions without purification procedure. The patterns were 

quite similar with the power rate results mentioned before. Except for in the small DIF 

magnitude, the power rates with LR-P method were ranged in an acceptable value in 

majority of conditions.  

 

Table 4.44 ANOVA for Power rate with LR Method Data Derived RHO-RDINO 

Model 

Source MS F η
2
 

LR     

Sample Size 0.219 86.966*** 0.170 

Ability Distribution 0.417 165.928*** 0.108 

Percentage 0.099 39.347*** 0.051 

Magnitude 1.075 427.485*** 0.556 

Sample × Ability 0.003 1.133 0.002 

Sample × Percentage 0.003 1.171 0.005 

Sample × Magnitude 0.020 8.059*** 0.032 

Ability × Percentage 0.002 0.957 0.001 

Ability × Magnitude 0.083 32.954*** 0.043 

Percentage × Magnitude 0.006 2.318 0.006 

Error 0.003   

LR-P    

Sample Size 0.158 101.005*** 0.133 

Ability Distribution 0.492 314.927*** 0.138 

Percentage 0.033 21.027*** 0.019 

Magnitude 0.976 625.200*** 0.549 

Sample × Ability 0.003 2.160 0.003 

Sample × Percentage 0.001 0.926 0.003 

Sample × Magnitude 0.029 18.808*** 0.049 

Ability × Percentage 0.005 3.481 0.003 

Ability × Magnitude 0.141 90.533*** 0.080 

Percentage × Magnitude 0.006 3.754 0.006 

Error 0.002   
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Summary. In general, the MH and LR method maintained appropriate power rates 

only when in conditions with DIF percentage lower than 20% and at least median DIF 

magnitude. With the purification procedure, the power rates increased in the same 

condition however, the inflated Type I errors with these two methods may cause the 

overestimated power rates. Since the proposed model based approach in the present 

dissertation maintained better Type I error control and appropriate in most conditions 

it seems the two proposed models have advantages in dealing DIF detection within a 

framework of cognitive diagnostic measurement. One shortcoming of model based 

approach is the demand of comparative large sample size compare to the MH method. 

In the present dissertation, while with RHO-RDINA model the power rates lower 

than .70 in the combination of sample size F500/R500 and median or small DIF 

magnitude however, while the sample size increased to F1000/R1000 the power rates 

increased to a reasonable range. And if the RHO-RDINO model is applied a larger 

sample size is strongly recommend.
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4.3 Study 3: Real Data Application 

In this section, a real data example is demonstrated the DIF detection procedures 

using model based approach and two traditional DIF detection methods: LR and MH 

methods with purification procedure in the framework of CDM. The TIMSS data item 

parameters and examinee parameter were calibrated using the same software as used 

for the simulation study. MCMC with Metropolis-Hasting within the Gibbs Sampler 

iterations were set at 25000 runs with the first 5000 runs used as the burn-in. The long 

iteration chains yielded more stable and accurate item and examinee parameters.   

Results for Real Data Example. 

The male group was arbitrarily chosen as the focal group. To make inferences about 

the results derived from the RHO-RDINA model, an evaluation of model fit is 

presented between RHO-RDINO model and the RHO-RDINA model. Table 4.29 

shows the comparison of the RHO-RDINA model to RHO-RDINO model via 

information criteria-based statistics. 

Results showed that the RHO-RDINA model had a better fit for dataset as noted by 

the lower AIC and BIC statistics; that is the RHO-RDINA model was preferred over 

the RHO-RDINO model. The result is consistent with the previous study which using 

the same dataset and fit the DINA model (Lee, Park & Taylan, 2011). The better fit of 

the RHO-RDINA model provided grounds to further examine the results and was used 



 

 132 

to compare with the results from MH and LR methods.  

 

Table 4.45 Information Criteria for Model Comparison Between RHO-RDINA model 

and RHO-RDINO Model 

 DINA_9q DINO_9q 

AIC 21140 21850 

BIC 21260 21970 

 

The slip and guessing parameter estimates are listed in Table 4.46. Unlike the 

ranges for the slip and guessing parameters used in the simulation study, the slip 

parameter estimates for this dataset ranged from .001 to .597 and the guessing 

parameters ranged from .024 to .792. These were still reasonable estimates expect that 

higher guessing parameters indicated that non-masters appeared to get higher 

probabilities of a correct response compared to the simulation guessing parameters. 

The 1-s column represented the p-values for the masters in both subgroups. If small 

values were found in this column, it could indicate that some skills were not defined 

in the Q-matrix. As the table listed in the 1-s column values are range in .40-.99.  
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Table 4.46 TIMSS Item Parameters 

 s S.E. 1-s g S.E. delta 

item1 0.064 0.005 0.936 0.676 0.003 0.259 

item2 0.199 0.011 0.801 0.177 0.019 0.624 

item3 0.348 0.005 0.652 0.272 0.004 0.380 

item4 0.041 0.032 0.959 0.639 0.004 0.321 

item5 0.029 0.025 0.971 0.464 0.004 0.506 

item6 0.068 0.008 0.932 0.770 0.006 0.161 

item7 0.115 0.044 0.885 0.380 0.008 0.504 

item8 0.209 0.004 0.791 0.289 0.004 0.503 

item9 0.132 0.008 0.868 0.207 0.132 0.661 

item10 0.250 0.007 0.750 0.191 0.050 0.559 

item11 0.600 0.002 0.400 0.271 0.003 0.129 

item12 0.008 0.048 0.992 0.830 0.004 0.162 

item13 0.182 0.003 0.818 0.553 0.003 0.265 

item14 0.315 0.006 0.685 0.238 0.003 0.447 

item15 0.049 0.009 0.951 0.551 0.003 0.400 

item16 0.110 0.005 0.890 0.263 0.005 0.627 

item17 0.156 0.082 0.844 0.102 0.006 0.742 

item18 0.100 0.012 0.900 0.397 0.004 0.503 

item19 0.229 0.006 0.771 0.205 0.005 0.566 

item20 0.106 0.011 0.894 0.495 0.003 0.399 

item21 0.536 0.005 0.464 0.194 0.007 0.270 

item22 0.299 0.006 0.701 0.421 0.005 0.280 

item23 0.087 0.006 0.913 0.337 0.004 0.576 

item24 0.416 0.003 0.584 0.257 0.003 0.327 

item25 0.016 0.050 0.984 0.629 0.004 0.356 

 

The MH, MH-P, LR, LR-P and Model based approach were conducted to summarize 

the similarities and differences in identifying DIF items on gender groups. The DIF 

detection results are given in Table 4.47. Recall that a significant 2χ for the MH 

method indicates uniform DIF. In addition, estimates of DIF-g and DIF-s for the 

model-based method as well as the 95% confidence interval for DIF-g and DIF-s were 



 

 134 

given in the Table 4.47. If the 95% CI on DIF-g and DIF-s does not contain 0, this 

suggests a significant DIF-g or DIF-s. In the simulation study, only uniform DIF was 

manipulated. However, in the real data example, DIF patterns cannot be anticipated. 

To differentiate uniform or non-uniform DIF patterns one can check the signs for 

DIF-g and DIF-s. A difference in the signs for DIF-g and DIF-s suggest uniform DIF. 

Similarly, the same sign for DIF-g and DIF-s suggests non-uniform DIF. This is 

because an increase in both g and s will result in the proportion of correct response for 

non-masters, and a decrease in that for masters, respectively. Conversely, a decrease 

in both g and s will result in a decrease in the proportion of correct responses for 

non-masters but an increase in the proportion of masters, respectively. Finally, an 

increase in g and a decrease in s or a decrease in g and increase in s will result in an 

increase or decrease in the proportion of correct responses for both masters and 

non-masters, respectively. As French and Maller (2007) noted the use of effect size is 

important to assist with the avoidance of practically trivial but statistically significant 

result. In the real data example, the ETS effect size classification was used for MH 

method. The 2R∆ measure was used for LR method and adopted the effect size 

classification proposed by Jodoin and Gierl (2001). In addition, for DIF-g and DIF-s, 

the study adopted an effect size measure, which is -2.35 times the difference between 

item difficulties of the reference group and the focal group (Penfield & Camilli, 2007, 
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p. 138). This effect size is similar as MHα∆  and applied the ETS classification 

criterion. 

Table 4.47 DIF Detection based on the Three Methods 

Note: a denotes negligible DIF; b denotes moderate DIF and c denotes large DIF 

values with positive sign means favor focal group 

 

It can be seen in the table that MH detected 9 DIF items however; MH with 

 MH MH-P LR LR-P Model Based Method 

 Stat. ∆ MH Stat. ∆ MH Stat. ∆ R^2 Stat. ∆ R^2 
DIF-g 

(95%CI) 

DIF-s 

(95%CI) 

item1 5.412 

(0.020) 

-1.179
b
         

item2 5.583 

(0.018) 

-0.939
a
         

item4 4.014 

(0.045) 

-0.895
a
         

item5 
 

 4.676 

(0.031) 

1.060
 b
       

item6 10.140 

(0.002) 

1.537
c
 12.600 

(0.000) 

1.736
 c
 11.260 

(0.004) 

0.078
 c
 13.215 

(0.001) 

0.084
 c
  0.394

 c
 

(0.135, 0.660) 

item8 7.468 

(0.006) 

1.029
 b
 12.145 

(0.001) 

1.368
 b
 8.395 

(0.015) 

0.025
 a
 10.990 

(0.004) 

0.028
 a
 -0.301

 b
 

(-0.54, -0.067) 

 

item9 
 

 5.273 

(0.022) 

0.983
 a
       

item11 3.997 

(0.046) 

-0.707
 a
         

item14 6.526 

(0.011) 

0.973
 a
 7.224 

(0.007) 

1.022
 b
   6.997 

(0.030) 

0.020
 a
  0.283

 a
 

(0.053, 0.526) 

item15 3.871 

(0.049) 

-0.926
 a
         

item20 
 

       0.466
 c
 

(0.066, 0.976) 

 

item25 10.751 

(0.001) 

1.645
 c
 13.711 

(0.000) 

1.861
 c
 11.269 

(0.004) 

0.032
 a
 15.008 

(0.001) 

0.033
 a
  0.355

 c
 

(0.143, 0.567) 
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purification procedure detected 6 DIF items. The LR detected 3 DIF items however, 

LR with purification procedure was detected 4 DIF item. There were 5 items with 

either DIF-g or DIF-s detected. In this dataset, the sample size and ability distribution 

is similar to the condition with sample size 500 per group and equal ability 

distribution in simulation study; the mean ability for reference group equals N (0, 1) 

and the mean ability for focal group equals N (0.04, 1.65). Recall in the simulation 

study 2, the result of Type I error rate analysis in a small size condition with equal 

ability distribution when data derived from RHO-RDINA model and with MH and LR 

method. Conditional on sample size F500/R500 and equal ability distribution, the 

Type I error rates barely sustain in an acceptable range in conditions combine with 

10% DIF items and small and median magnitude for MH method and inflated in the 

other conditions (see as Table 4.15). For the LR method, the Type I error rates barely 

sustain in an acceptable range in conditions with small DIF magnitude and in 

conditions combine 10% DIF items and median DIF magnitude and inflated in other 

conditions. These conditions with inflated Type I error rates were reduced in an 

acceptable range while purification procedure was applied. Moreover, with the LR-P 

could achieve over .70 power rate even in condition combine with 20% DIF items and 

small magnitude (see as Table 4.21). Thus, the detection results for MH-P and LR-P 

are more reliable than MH and LR. Recall that those results in the same conditions 
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indicated the model-based method was more accurate and yielded lower Type I error 

rates for detection of DIF. Hence, the detection results of MH-P, LR-P and model 

based method were used to summarize the similarities and differences and interpret 

the results.  

Although a lot of items were detected as DIF items, some of them were 

negligible or moderate according to the ETS standards and 2R∆ measure used in this 

study, when 1.5MH ≥∆α  or 2R∆ .070≥ . Both MH-P and LR-P methods were in 

agreement that Items 6 had large DIF. For DIF-g and DIF-s, the study adopted an 

effect size measure, is similar as MHα∆  and applied the ETS classification criterion. 

Using this approach, all three methods appeared to have detected the same item with 

large or moderate DIF (Items 6, 8, 25). These items measured content domain 

“Geometric Shapes & Measurement”, “Number” and “Data Display” respectively. 

The Item 6 and Item 25 revealed that the item favors male students and girls tend to 

have higher probability to slip on this item. For the Item 8 revealed that item favors 

male students and the non-masters of male group tend to have higher probability 

guessing on this item than female group. Table 4.48 listed the item content for 

selected DIF items. An examination on Table 4.48 with item context revealed that DIF 

items which favor male group were associated with using figure to presenting items or 

using figure to presenting geometric problem. And Item which favor female group 
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were associated with item set in a real-world context and presenting contents with text. 

The result is consistent with the previous gender DIF studies in mathematic 

performance (Lane, Wang & Magone, 1996). It was possible that a secondary ability 

difference between female and male groups, which was not measured by the test, 

existed in the examinee responses when DIF occurred.  

The purpose of this real data application was to demonstrate two commonly used 

DIF detection methods and model based approach for investigating DIF within the 

cognitive diagnostic framework. As the results of simulation study, the MH-P reduced 

the numbers of been detected DIF items with the MH method. In addition, the results 

of LR and LR-P are not similar. Recall the result in simulation study, compare with 

the low power rate in small DIF magnitude with LR the power study of LR-P in the 

condition with the combination of 20% DIF items and small DIF magnitude still 

maintain over .70 power rate (see as Table 4.39). This may be the reason that Item 14 

only be detected with LR-P not with LR. Though the three methods indicated the 

same items as large DIF magnitude items, the model based approach had the strength 

of interpreting results more elaborately compared to the other DIF methods. That is 

with the model based method to detect DIF in the framework of CDM one can 

distinguish the DIF item is occurred in slipping or guessing or even both. This may 

lead the practitioners to think the causes of DIF. 
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Table 4.48 Selected DIF Items 

Item 6 Item 8 

  

Item 25 
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CHAPTER 5 DISCUSSION AND CONCLUSION 

This dissertation proposed two modified higher-order cognitive diagnostic models to 

detect DIF in one step. One was named the RHO-RDINA model and the other one, 

was named the RHO-RDINO model. Compared with the two stage method used in the 

previous study with a framework of cognitive diagnostic measurement the two 

proposed models provide a natural framework for cognitive diagnostic modeling. 

With the model based method, the DIF parameter can be directly estimated and 

sources causing DIF can be found only by adding possible sources as predict variables 

in the model. Doing so can improve the efficiency of estimation and increase the 

utility of application. Besides, the one step procedure is more efficient than the two 

step estimation procedure. Finally, the study also addressed the contaminated 

matching criterion issue that has been overlook in past DIF studies within the 

framework of cognitive diagnostic measurement.   

An MCMC algorithm employing Gibbs sampling was used to estimate the new 

models and two simulation studies were done to examine model recovery, Type I error 

rates and power under practical testing conditions. In the study of parameter recovery, 

there were three factors manipulated in the simulation study: ability distribution 

difference, DIF patterns and test length. In the study of DIF detection, the 
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model-based method was also compared with the MH and LR method as purification 

procedures implemented. There were four factors manipulated in the simulation study: 

ability distribution difference, percentage of DIF items, sample size and DIF 

magnitude. Finally, TIMSS 2007 fourth grade mathematics assessment results were 

used to illustrate the implementation of the new method.  

5.1 Summary of Simulation Study Results 

The recovery of higher-level parameters was generally good for the two proposed 

models. The manipulated variables did not affect the estimation of attribute difficulty 

and attribute discrimination. The correctly classification rates of each attribute were 

higher than .90 for RHO-RDINA model and higher than .80 for RHO-RDINO model. 

The manipulated variables apparently did not significantly affect the correctly 

classification rates of each attribute, although the ability distribution difference and 

test length did cause a comparatively large discrepancy in the overall consistency of 

the attribute vector. It is reasonable that with the test length increase the test 

information can improve the estimation of attribute mastery for both proposed models. 

Moreover, the ability distribution difference has reverse impact on the estimation of 

attribute mastery for the two proposed models. In the RHO-RDINA model, the 

correctly classification rates of attribute mastery decreased in the unequal ability 

distribution, whereas in the RHO-RDINO model the classification rates of attribute 
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mastery increased in the unequal ability distribution. One reason this occurred may be 

that the characteristics of these two models are totally different in terms of the 

definition of attribute mastery. For the RHO-RDINA model, the unequal ability 

distribution caused more non-masters to be identified and decreased the correctly 

classification rates of attribute mastery. On the other hand, for the RHO-RDINO 

model, though more non-masters are defined in the unequal ability distribution the 

condition decreased the discrepancy between the sample size of masters and 

non-masters. The situation improves the estimation of attribute mastery for the 

RHO-RDINO model. The result indicated that when using the model based approach 

one need to consider if the data structure fit the model. Thus, the model data fit 

comparison is important in application study.  

The recovery of the lower level item parameters are the main concern in this 

dissertation because of the estimation of DIF parameter determines the effectiveness 

of DIF detection methods. The simulation results of this study showed that the 

recovery of item level parameters was good for the two proposed model. The 

manipulated variables did not affect the estimation of item parameters. That different 

DIF patterns did not affect the estimation of DIF parameters means that the model 

based method is capable of detecting DIF items no matter whether the DIF items are 

one sided or balanced. In addition, because of the design of the Q-matrix in this study, 
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the correlation between the structure of the Q-matrix and the estimation of item 

parameters can be observed. As noted in chapter four, the simple structure causes the 

estimation of slip parameter more accurately than in the complex structure. The result 

may help to understand what may occur in the estimation of slip parameter and 

guessing parameter in reality. That is the simple structure will result in more masters 

are identified and increase the accuracy of slip parameter. Likewise the complex 

structure will result in more non-masters are identified and increase the accuracy of 

guessing parameter. Though in practice the Q-matrix is developed by domain experts 

one can still predict the estimation of item parameters in advance. Thus, both simple 

structure items and complex structure items need to be included in a test to assure the 

estimation of item parameters. 

    Type I error and power were calculated to assess the effects of different testing 

conditions on DIF detection by manipulating the following factors: ability distribution 

difference, percentage of DIF items, sample size and DIF magnitude. The effects of 

manipulated variables on different DIF methods were consistent. Small sample size 

resulted in poor Type I error control and power rate no matter what kinds of DIF 

methods were applied. The difference among these DIF methods is that while the 

sample size increased the Type I error inflated for the MH and LR methods when the 

purification procedure did not apply. In contrast, with the sample size increased, the 
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Type I error rates became closer for DIF-g and DIF-s. As discussed in chapter four, 

the pattern is similar to the estimation of DIF-s and DIF-g. The results indicate that 

when applying the model-based approach to detect DIF, sufficient sample size is 

required. From the result of the simulation study, it is suggested that if the dataset fits 

the RHO-RDINA model, then F500/R1000 is sufficient to achieve an acceptable Type 

I error rate and power. If the dataset fits the RHO-RDINO, then a larger sample size is 

required.  

The simulation results of DIF methods comparison appeared to confirm that the 

model based method outperformed the MH and LR methods in Type I error control 

and power rate across various testing conditions. Since commonly used DIF methods 

such as MH and LR have much strength in DIF detection (i.e., easy to compute, 

time-saving and readily-available software), the study attempted to investigate 

whether purification procedures can improve MH and LR estimation within the CDM 

framework. Thus, the study aimed to investigate whether, if the problem of 

contaminated matching criterion has been solved, the MH and LR methods work 

equally well compared with the model based approach.  

The results indicated that with purification procedures the Type I error decreased 

and power rate increased in the condition with high percentage of DIF items under 

equal ability distribution. This result is very useful for application because the 
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practitioner can select the MH and LR with purification procedure when the 

subgroups are from equal ability distributions. Additionally, the result revealed that 

the biased matching criterion may also determine the effectiveness of DIF detection in 

a framework of cognitive diagnostic measurement. Thus, it is worth to suspect that the 

conclusion from previous study which concluded that using test total score as 

matching criterion may not appropriate in a framework of cognitive diagnostic 

measurement (Zhang, 2006; Li, 2008). Therefore, the study suggested that the MH-P 

and LR-P with test total score as matching are appropriate to detect DIF in a 

framework of cognitive diagnostic measurement under equal ability distribution. 

However, when in the unequal ability distribution, even with the purification 

procedure cannot help reduce the inflated Type I error rates in a reasonable range. In 

sum, using a purification procedure to assure the matching criterion is unbiased while 

detecting DIF is strongly recommended. 

The results of the real data example indicated with the purification procedure the 

numbers of DIF items decreased with MH method. There are three common items 

have been detected as DIF items with the MH-P, LR-P and model-based methods. 

However, the model based method has more advantage on distinguishing the DIF item 

is occurred in slipping or guessing or even both. This may lead the practitioners to 

think the causes of DIF. 
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5.2 Limitations and Future Studies 

The present dissertation aimed to compare the traditional DIF procedure and model 

based method and to investigate DIF via various testing conditions from a cognitive 

diagnostic perspective. Many variables that may affect DIF detection and the 

contaminated matching criterion issue have been investigated in the dissertation. With 

the popularity of the cognitive diagnostic model and its application in large scale 

assessment many DIF related issue in the framework of cognitive diagnostic context 

are still unsolved and more ideas about future studies remain to be addressed. 

First, only the purification procedure was applied to improve the effectiveness of 

the commonly used DIF methods in this dissertation. There are many procedures that 

have been proposed to deal with the contaminated matching criterion. Investigating 

the effectiveness of other purification strategies needs to be pursued.  

Second, in this dissertation, only the purification of test total score has been 

discussed. It seems that the contaminated DIF items may also influence the mastery 

profile score. Selecting an appropriate matching criterion is important while doing 

DIF detecting. Under some situations, the test total score may not be the best selection 

as a matching criterion. For example, in the case of low correlation between attributes 

the test total score will no longer be a sufficient statistics and using it as matching 

criterion will certainly lead mistaken results. Hence, the purification procedure of 
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mastery profile score needs to be further investigated.  

Third, this study only examined DIF in the item level. However, if too many DIF 

items occurred in the item level will they have an impact on the higher order level. 

For example, if items measure the same attributes are detected as DIF items it is 

suspected that there is DAF exist in the higher order level. To solve this problem more 

simulation conditions need to be manipulated that recognize in what testing 

conditions both differential item functioning and differential attribute functioning may 

occur. In the present study, in order to reduce the estimated parameters the higher 

order attribute difficulty has been constrained to be the same for the subgroups; 

however, more nested model could be constructed and compared only by releasing 

some restrictions of the proposed model. Furthermore, in the present study the 

unidimensional theta is assumed to model the higher-order broad ability; future 

studies should explore the multidimensional higher-order CDMs with a joint effort to 

better understand the dimensionality association between attributes. 

    Fourth, in the real data example, the DIF analysis result from model based 

method is compared with the MH and LR methods. The effect size measure is applied 

in the real data example to help determine the trivial but statistically significant result 

from the three methods. Some common items were detected as DIF items with the 

MH, LR and model-based methods however, the classification of effect size remains 
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not very consistent among the three methods. Since the effect size use is important in 

application more simulation related to different effect size measure need to investigate 

and the consistency analysis of classification of effect size need to be conducted in 

future study. 

Finally, the core of DIF study is to find what causes DIF and affects test equality. 

Though the model based approach offers more elaborate information about whether 

there is a large difference in the item parameters, and practitioners can identify what 

may cause DIF through checking with the Q-matrix and item context. It is worth 

noting that the cause of DIF may not be completely determined by the ill-defined 

Q-matrix. Thus, the proposed model can be extended only by adding external 

predictors to model the possible sources that may cause DIF. Moreover, where 

multilevel cognitive diagnostic models are used, the hierarchy of data structures may 

be another source of DIF. Further research should relate the proposed model with 

multilevel CDMs with a joint effort in understanding what may cause DIF.  
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