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This dissertation evaluated the performance of factor mixture modeling in the 

detection of differential item functioning (DIF). Using a Monte Carlo simulation, the study 

first investigated the ability of the factor mixture model to recover the number of true 

latent classes existing in the population. Data were simulated based on the two-

parameter logistic (2PL)  item response theory (IRT) model for 15 dichotomous items for 

a two-group, two-class population. In addition, the three simulation conditions - sample 

size, DIF magnitude, and mean latent trait differences were manipulated. One-, two-, 

and three-class factor mixture models were estimated and compared using three 

commonly-used likelihood-based fit indices: the Akaike information criterion (AIC), 

Bayesian information criterion (BIC), and sample size adjusted Bayesian information 

criterion (ssaBIC). Overall, there was a high level of inconsistency between the indices 

with respect to the best-fitting model. Whereas the AIC tended to over-extract the 

number of latent classes and under most study conditions selected the three-class 

model, the BIC erred on the side of parsimony and consistently selected the simpler 

one-class model. On the other hand, the ssaBIC held the middle ground between these 
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two extremes and tended to favor the "true" two-class mixture model as the sample size 

or DIF magnitude was increased.  

In the second phase of the study, the factor mixture approach was assessed in 

terms of its Type I error rate and statistical power to detect uniform DIF. One thousand 

data sets were replicated for each of the 12 study conditions. The presence of uniform 

DIF was assessed via a significance test of each of differences in item thresholds 

across latent classes. Overall, the results were not as encouraging as was hoped. 

Inflated Type I errors were observed under all of the study conditions, particularly when 

the sample size and DIF magnitude were reduced.  
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CHAPTER 1 
INTRODUCTION 

Given the ubiquity of testing in the United States coupled with the serious 

consequences of high-stakes decisions associated with these assessments, it is critical 

that conclusions drawn about group differences among examinee groups be accurate 

and that the validity of interpretations is not compromised. One way of eliminating the 

threat of invalid interpretations is to ensure that tests are fair and the items do not 

disadvantage subgroups of examinees. In addressing the issue of fairness in testing, 

the Standards for Educational and Psychological Testing (AERA, APA, & NCME, 1999) 

outlines four widely used interpretations of fairness. The first defines a fair test as one 

that is free from bias that either systematically favors or systematically disadvantages 

one identifiable subgroup of examinees over another. In the second definition, fairness 

refers to the belief that equal treatment should be afforded to all examinees during the 

testing process. The third definition has sparked some controversy among testing 

professionals. It defines fairness as the equality of outcomes as characterized by 

comparable overall passing rates across examinee subgroups. However, it is widely 

agreed that while the presence of group differences in ability distributions between 

groups should not be ignored, it is not an indication of test bias. Therefore, a more 

acceptable definition specifies that in a fair test, examinees possessing equal levels of 

the underlying trait being measured should have comparable testing outcomes, 

regardless of group membership. The fourth and final definition of fairness requires that 

all examinees be afforded an equal, adequate opportunity to learn the tested material 

(AERA, APA, & NCME, 1999). Clearly, the concept of fairness is a complex, multi-

faceted construct and therefore it is highly unlikely that consensus will be reached on all 
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aspects of its definition, interpretation and implementation (AERA, APA, & NCME, 

1999). However, there is agreement that fairness must be paramount to test developers 

during the writing and review of items as well as during the administration and scoring of 

tests. In other words, the minimum fairness requirements are that items are free from 

bias and that all examinees receive an equitable level of treatment during the testing 

process (AERA, APA, & NCME, 1999).  

In developing unbiased test items, one of the primary concerns is ensuring that the 

items do not function differentially for different subgroups of examinees.  This issue of 

item invariance is investigated through the use of a statistical technique known as 

differential item functioning (DIF). DIF detection is particularly critical if meaningful 

comparisons are to be made between different examinee subgroups. The fundamental 

premise of DIF is “that if test takers have approximately the same knowledge, then they 

should perform in similar ways on individual test questions regardless of their sex, race 

or ethnicity” (ETS, 2008). Therefore, the process of DIF assessment involves the 

accumulation of empirical evidence to determine whether items function differentially for 

examinees with the same ability. DIF analysis is widely regarded as the psychometric 

standard in the investigation of bias and test fairness. Consequently, it has been the 

topic of extensive research (Camilli & Shepard, 1994; Clauser & Mazor, 1998; Holland & 

Thayer, 1988; Holland & Wainer, 1993; Milsap & Everson, 1993; Penfield & Lam, 2000; 

Potenza & Dorans, 1995; Swaminathan & Rogers, 1990). As part of its evolution, 

several statistical DIF detection techniques, including non-parametric (Holland & 

Thayer, 1988; Swaminathan & Rogers, 1990), IRT-based methods (Thissen, Steinberg, 

& Wainer, 1993; Wainer, Sireci, & Thissen, 1991) and SEM-based methods (Jöreskog & 
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Goldberger, 1975; MacIntosh & Hashim, 2003; Muthén, 1985, 1988; Muthén, Kao, & 

Burstein, 1991) have been developed. Typically these methods have all focused on a 

manifest approach to detecting DIF. In other words, they use pre-existing group 

characteristics such as gender (e.g. males vs. females) or ethnicity (e.g. Caucasian vs. 

African Americans) to investigate the occurrence of DIF in a studied item. And while this 

approach to DIF testing has been widely practiced and accepted as the standard for DIF 

testing, some believe that this emphasis on statistical DIF analysis has been less 

successful in determining substantive causes or sources of DIF. For example, in 

traditional DIF analyses, after an item has been flagged as exhibiting DIF, content-

experts may subsequently conduct a substantive review to determine the source of the 

DIF (Furlow, Ross, & Gagné, 2009). However, while this is acknowledged as an 

important step, some view its success at being able to truly understand the explanatory 

sources of DIF as minimal, at best (Engelhard, Hansche, & Rutledge, 1990; Gierl et al., 

2001; O’Neill & McPeek, 1993; Roussos & Stout, 1996). More specifically, 

inconsistencies in agreement between reviewers’ judgments or between reviewers and 

DIF statistics make it difficult to form any definitive conclusions explaining the 

occurrence of DIF (Engelhard et al., 1990). Others suggest that the inability of traditional 

DIF methods to unearth the causes of DIF is because the pre-selected grouping 

variables on which these analyses are based are often not the real dimensions causing 

DIF. Rather, they view these a priori variables as mere proxies for educational 

(dis)advantage attributes that if identified could better explain the pattern of differential 

responses among examinees (Cohen & Bolt, 2005; De Ayala, Kim, Stapleton, & Dayton, 

2002; Dorans & Holland, 1993; Samuelsen, 2005, 2008; Webb, Cohen, & 
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Schwanenflugel, 2008). Finally, the assumption of an inherent homogeneity in 

responses among examinees in the subgroups has also been cited as another 

weakness of the traditional DIF approach (De Ayala, 2009; De Ayala, Kim, Stapleton & 

Dayton, 2002; Samuelsen, 2005). This view has been supported by the observation that 

even within a seemingly homogenous manifest group (e.g. Hispanic or black) there can 

be high levels of heterogeneity, resulting in segments which respond differently to the 

item than other examinees in that group. Using race as an example, De Ayala (2009) 

noted that a racial category such as Asian American would lump together examinees of 

Filipino, Korean, Indonesian, Taiwanese descent as a single homogeneous group, 

ignoring their intra-manifest variability. As a result, De Ayala (2009) argues that this 

assumed homogeneity in traditional manifest DIF assessments may lead to false 

conclusions about the existence or magnitude of DIF.  

As an alternative to the traditional manifest approach, a latent mixture 

conceptualization of DIF has been proposed. Rather than focusing on a priori examinee 

characteristics, this method characterizes DIF as being the result of unobserved 

heterogeneity in the population. A latent mixture conceptualization relaxes the 

requirement that associates DIF with a specific preexisting variable and the assumption 

that manifest groups are homogenous. Instead, examinees are classified into latent 

subpopulations based on their differential response patterns. These latent 

subpopulations or latent classes arise as a result of qualitative differences (e.g. use of 

problem solving strategies, response styles or level of cognitive thinking) among 

examinee subgroups (Mislevy et al., 2008; Samuelsen, 2005). Interestingly, more than a 

decade before the latent mixture conceptualization had been proposed, Angoff (1993) 
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also voiced his concern about the inability of traditional methods to provide substantive 

interpretations of DIF. In offering evidence supporting this view Angoff (1993) reported 

that in attempting to account for DIF “test developers are often confronted by DIF results 

that they cannot understand; and no amount of deliberation seems to explain why some 

perfectly reasonable items have large DIF values” (Angoff, 1993, pg. 19).  

This dissertation proposes the use of factor mixture models as an alternative 

approach to investigating heterogeneity in item parameters when the source of 

heterogeneity is unobserved. Factor mixture modeling blends factor analytic (Thurstone, 

1947) and latent class (Lazarsfield & Henry, 1968) models, two structural equation 

modeling (SEM) based methods that provide a unique but complementary approach to 

explaining the covariation in the data. The latent class model accounts for the item 

relationships by assuming the existence of qualitatively different subpopulations or 

latent classes (Bauer & Curran, 2004). However, since class membership is unobserved 

individuals are categorized based not on an observed grouping variable but rather by 

using probabilities to determine their most likely latent class assignment. On the other 

hand, the factor analytic model assumes the existence of an underlying, continuous 

factor structure in explaining the commonality among the item responses. As part of the 

factor mixture estimation, the class-specific item parameters from the factor analytic 

model that are estimated can be compared to determine their level of measurement 

non-invariance or differential functioning.  A significant DIF coefficient provides evidence 

that the item is functioning differentially among latent classes after controlling for the 

latent ability trait. 
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In estimating factor mixture models, one important decision to be made is the 

determination of the number of latent classes. However, while there are several fit 

criteria such as the Akaike Information Criteria (AIC; Akaike, 1987), Bayesian 

Information Criteria (BIC, Schwartz, 1978), the adjusted BIC (ssaBIC; Sclove, 1987), 

and the Lo-Mendell Rubin adjusted likelihood ratio test (LMR aLRT; Lo, Mendell, & 

Rubin, 2001) available to assist the researcher in making the determination, there is 

seldom perfect agreement among these fit indices. Therefore, practitioners are 

cautioned against applying the mixture approach without having theoretical support for 

their hypothesis of unobserved heterogeneity in the population of interest.  

Generally, when group membership is known a priori, SEM-based DIF detection 

models can be specified using either a multiple indicators, multiple causes (MIMIC) 

model or a multiple-group CFA approach (Allua, 2007). In this paper, the factor mixture 

model will be specified using the mixture analog of the manifest multiple-group CFA. 

Therefore, in the model specification since the observed group variable will now be 

replaced by a latent categorical variable, not only will the heterogeneity of item 

parameters be examined but a profile of the latent, unobserved subpopulations can be 

examined as well. Finally, if needed, covariates can also be included in the model to 

help in explaining the composition of the latent classes as well.    

The primary purpose of this dissertation was to explore the utility of the factor 

mixture models in the detection of DIF. In a 2006 paper, Bandalos and Cohen 

commented that while the estimation of the factor mixture models had previously been 

presented in the IRT literature, the models were not as frequently utilized with SEM-

based models. However, programming enhancements to software packages such as 
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Mplus (Muthén & Muthén, 1998-2008) have increased the likelihood that the estimation 

of SEM-based factor mixture models will be more commonly estimated in practice 

(Bandalos & Cohen, 2006). In this study, the performance of the factor mixture model 

was evaluated primarily in terms of its ability to produce high convergence rates, control 

Type I error rate, and enhance statistical power under a variety of realistic study 

conditions. The simulated conditions examined sample size, magnitude of DIF, and 

similarity of latent ability means. In sum, this Monte Carlo simulation was conducted to 

determine the conditions under which a factor mixture approach performs best when 

assessing item non-invariance and ultimately whether its use in practice should be 

recommended.  

SEM-based approaches are not commonly used in the discipline of educational 

testing which traditionally has been considered the domain of techniques developed 

within an IRT framework. And although the equivalence between factor analytic and IRT 

approaches for categorical items has long been established and applied repeatedly in 

the literature (Bock & Aiken, 1981; Finch 2005; Glockner-Rist & Hoijtink 2003; Moustaki 

2000; Muthén, 1985; Muthén & Asparouhov 2002; Takane & de Leeuw, 1987), these 

methods are still utilized primarily within their respective discipline of origin. Therefore, 

despite its obvious potential, it is unlikely that this latent conceptualization will gain 

widespread acceptance, unless the applied community is convinced that (i) framing DIF 

with respect to latent qualitative differences and (ii) using a SEM-based approach are 

both worthwhile, practical options. In sum, if a mixture approach can be shown to add 

substantial value in an area such as DIF detection, then research of this kind will 
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contribute positively to bridging the gap between SEM-based and IRT-based methods in 

the area of testing and measurement.  
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CHAPTER 2 
LITERATURE REVIEW 

Differential Item Functioning  

From a historical standpoint, the term item bias was coined in the 1960s during an 

era when a public campaign for social equality, justice and fairness was being waged on 

all fronts. The term referenced studies designed to investigate the claim that “the 

principal, if not the sole, reason for the great disparity in test performance between 

Black and Hispanic students and White students on tests of cognitive ability is that the 

tests contain items that are outside the realms of the minority cultures” (Angoff, 1993, 

pg. 3). Concerns about bias in testing were particularly relevant in cases where the 

results were used in high-stakes decisions involving job selection and promotions, 

certification, licensure and achievement. What followed in the early ‘60s and ‘70s was a 

series of studies using rudimentary methods based on classical test theory (CTT) 

techniques (Gelin, 2005). One of these early methods involved an analysis of variance 

(ANOVA) approach (Angoff & Sharon, 1974; Cleary & Hilton, 1986) and focused on the 

interaction between group membership and item performance as a means of identifying 

outliers and detecting potentially biased items. Another method, the delta-plot 

technique, (Angoff, 1972; Thurstone, 1925) used plots of the transformed CTT index of 

item difficulty (p-values) for each group as a means of detecting biased items.  

However, the main weakness of these early methods was that they both failed to control 

for the underlying construct that was purported to be measured (e.g. ability) by the test. 

Another criticism was that because these methods only considered item difficulty, their 

implicit assumption of equally discriminating items led to an increase in the incidence of 

false negative or false positive identifications.  
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During this period, the term “bias” also came under heavy scrutiny. It was felt that 

the strong emotional connotation which the word carried was creating a semantic rift 

between the technical testing community and the general public. As a result of this 

debate, the term differential item functioning (DIF) was proposed as a less value-laden, 

more neutral replacement (Angoff, 1993; Cole, 1993). The DIF concept is defined as the 

accumulation of empirical evidence to investigate whether there is a difference in 

performance between comparable groups of examinees (Hambleton, Swaminathan, & 

Rogers, 1991). More specifically, it refers to a difference in the probability of correctly 

responding to an item between two subgroups of examinees of the same ability or 

groups matched by their performance on the test representing the underlying construct 

of interest (Kamata & Binici, 2003; Potenza & Dorans, 1995). These two groups are 

referred to as the focal group, those examinees expected to be disadvantaged by the 

item(s) of interest on the test (e.g. females or African Americans), and the reference 

group, those examinees expected to be favored by the DIF items (e.g. males or 

Caucasians).   

Since the introduction of the early CTT methods, a variety of additional techniques 

have been introduced for the detection of DIF (Clauser & Mazor, 1998). These include 

the nonparametric Mantel-Haenszel chi-square method (Holland & Thayer, 1988; 

Mantel & Haenszel, 1959), the standardization method (Dorans & Holland, 1993), 

logistic regression (Swaminathan & Rogers, 1990), likelihood ratio tests (Wainer, Sireci, 

& Thissen, 1991), and item response theory (IRT) approaches comparing parameter 

estimates (Lord, 1980) or estimating the areas between the item characteristic curves 

(Raju, 1988, 1990). Additionally, though not as popular in the testing and measurement 
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discipline, SEM-based methods such as the multiple-groups approach (Lee, 2009; 

Sörbom, 1974) and the MIMIC model (Gallo, Anthony, & Muthén, 1994; Muthén, 1985, 

1988) have also been used to detect DIF. The fact that these methods involve some 

level of conditioning on the latent construct of interest, differentiate them from the earlier 

CTT ANOVA and p-value approaches. Furthermore, DIF assessment has now emerged 

as an essential element in the investigation of test validity and fairness and for testing 

companies such as Educational Testing Service (ETS), the use of DIF is a critical part 

of the test validation process. Cole’s (1993) comments in which she describes DIF as “a 

technical tool in ETS to help us assure ourselves that tests are as fair as we can make 

them” underscore the importance of this analytical approach as a standard practice in 

the design and administration of fair tests. 

Types of Differential Item Functioning 

There are two primary types of DIF: uniform and non-uniform DIF. Uniform DIF 

occurs when the probability of correctly responding to or endorsing a response category 

is consistently higher or lower for either the reference or focal group across all levels of 

the ability scale. As shown in Fig 2-1, when uniform DIF is present in an item, the two 

ICCs do not cross at any point along the range of ability. In this example, the probability 

of responding correctly to this dichotomous item is uniformly lower for group 2 than for 

group 1 along the entire range of latent ability. 

Conversely, when there is an interaction between the latent ability trait and group 

membership and the ICCs cross at some point along the ability range, then this is 

referred to as non-uniform DIF. This means that for a portion of the scale, one group is 

more likely to correctly respond or endorse a response category. However, this 

“advantage” is reversed for the second portion of the scale. An example of this is shown 
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in Figure 2-2.  It is important to note that while some methods can detect both types of 

DIF, others are capable of detecting uniform DIF only.  

DIF vs. Impact 

As was mentioned previously, DIF occurs when there is a significant difference in 

the probability of answering an item correctly or endorsing an item category between 

groups of the same ability level (Wainer, 1993). On the other hand, impact refers to 

legitimate group differences in the probability of getting an item correct or endorsing an 

item category (Wainer, 1993). Therefore, in distinguishing between these two concepts, 

it is important to note that while DIF assessment includes comparable groups of 

examinees with the same trait level, impact refers to group differences without 

controlling or matching on the construct of interest. 

Frameworks for Examining DIF  

Traditionally, DIF is examined within one of two frameworks: (i) the observed score 

framework and (ii) the latent variable framework.  

Observed score framework 

The observed score framework includes methods that adjust for ability by 

conditioning on some observed or manifest variable designed to serve as a proxy for 

the underlying ability trait (Ainsworth, 2007). When an observed variable such as the 

total test score is used it is assumed that this internal criterion is an unbiased estimate 

of the underlying construct. Therefore, as an alternative to the aggregate test score, an 

alternative or a purified form of the total test score may also be used as the internal 

matching criteria. This means that provided that DIF is detected, the total test score is 

adjusted by dropping those items identified as displaying DIF and calculating a revised 

total score. This iterative process which is used to refine the criterion measure and limit 
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the impact of DIF contamination is known as purification (Kamata & Vaughn, 2004). 

While internal criterion measures are most commonly used, external criteria consisting 

of a set of items that were not part of the administered test could also function as an 

external criterion measure. An external criterion may be an adequate choice particularly 

when there are a high proportion of DIF items in the scale or the total score is deemed 

to be an inappropriate measure (Gelin, 2005). However, external measures are seldom 

used in practice due to the difficulty in finding an adequate set of items that would be 

more appropriate at measuring the latent trait than the actual test that was designed 

specifically for that use (Gelin, 2005; Shih & Wang, 2009). Procedures that use the 

observed variable framework include contingency tabulation methods such as the 

Mantel-Haenszel (MH) (Holland & Thayer, 1998), generalized linear models such as 

logistic regression (Swaminathan & Rogers, 1990) or ordinal regression (Zumbo, 1999), 

and the standardization method (Dorans & Kulik, 1983).   

The latent variable framework  

Unlike the procedures implemented within the observed score framework, these 

techniques do not control using an observed, manifest measure like the total test score 

or purified total test score. Instead, latent variable DIF detection methods involve the 

use of an assumed underlying latent trait such as ability. The two main classes of 

methods which use the latent variable framework are: (i) item response theory (IRT) and 

(ii) structural equation modeling (SEM) based approaches. IRT methods include 

techniques in which comparisons are made either between item parameters (Lord, 

1980), or between item characteristic curves (Raju, 1988, 1990) or likelihood ratio test 

methods (IRT-LRT; Thissen, Steinberg, & Wainer, 1988). However, since the focus of 
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this dissertation is on the use of an SEM-based approach to detect DIF, no detailed 

description of the IRT-based DIF detection methods will be given. 

SEM-based DIF Detection Methods 

While it is possible to specify an exploratory factor model where the measurement 

model relating the item responses to the latent underlying factors is unknown, a CFA 

approach in which the factor structure has been specified is more often used in DIF 

detection. Typically, a CFA model is formulated as: 

Y ν η ε= +Λ +         (1) 

η α ζ= +          (2) 

where Y is a px1 vector of scores on the p observed variables, ν  is a px1 vector of 

measurement intercepts, is a pxm matrix of factor loadings, Λ η  is a mx1 vector of 

factor scores on the m latent factors, and ε is a px1 vector of residuals or measurement 

errors representing the unique portion of the observed variables not explained by the 

common factor(s). It is assumed that the sε have zero mean and are uncorrelated not 

only with the sη  but with each other as well. Additionally, α denotes an mx1 vector of 

factor means and ζ is a m-vector of factor residuals. The model-implied mean and 

covariance structures are formulated as follows: 

µ ν= + Λκ          (3) 

( )θ ′Σ = ΛΦΛ +Θ              (4)  

where µ  is a px1 vector of means of the observed variables, κ  is an mx1 vector of 

factor means,  ( )θΣ is a pxp matrix of variances and covariances of the p observed 

variables,  is an mxm covariance matrix of the latent factors and Φ Θ is a square pxp 

matrix of variances and covariances for the measurement errors. For a single-group 
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CFA model, it is also assumed that the independent observations are drawn from a 

single, homogenous population.  

The estimates of the parameters are found by minimizing the discrepancy between 

the observed covariance matrix, S and the sample-implied covariance ˆ( )θΣ . The general 

form of the discrepancy function is denoted by F(S,Σ(θ)) but there are several different 

types of functions that can be used in the estimation process. For example, if 

multivariate normality of the data is assumed, then the maximum likelihood (ML) 

estimates of the parameters are obtained by minimizing the following: 

1( ) log ( ) ( ( ) ) log ( ) (MLF tr S S p Y 1 )Yθ θ θ µ− ′⎡ ⎤= Σ + Σ − − + − Σ −⎣ ⎦ µ−  (5) 

where S is the sample covariance matrix, Σ(θ) is the model-implied covariance matrix 

and p is the number of observed variables. As presented, this formulation of the factor 

model is described for items with a continuous response format. However, since the 

focus of this dissertation is on DIF assessment with dichotomous items, what follows is 

a respecification of the model to accommodate categorical items. 

Factor Analytic Models with Ordered Categorical Items 

In educational measurement, the ability trait is typically measured by dichotomous 

or polytomous items rather than continuous items. One method of dealing with 

categorical item responses is to specify a threshold model or a latent response variable 

(LRV) Formulation (LRV; Muthén & Asparouhov, 2002). The LRV formulation assumes 

that underlying each observed item response y, is a continuous and normally distributed 

latent response variable y*. This continuous latent variable can be thought of as a 

response tendency with higher values indicating a greater propensity of answering the 

item correctly. Further, it is assumed that when this tendency is sufficiently high thereby 
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exceeding a specific threshold value, then the examinee will answer the item correctly. 

Likewise, if it falls below the threshold, then an incorrect response is observed. 

Therefore, based on this formulation, the observed items responses can be viewed as 

discrete categorizations of the continuous latent variables. The relationship between 

these two variables y and y* are represented by the following nonlinear function: 

*
1,  if ,cy c y cτ τ−= < <          (6) 

where c denotes the number of response categories for y and the threshold structure is 

defined by 0 1 2 ...  Cτ τ τ τ= −∞ < < < < = +∞ for c categories with c-1 thresholds. In the case 

of binary items, the mapping of y1 onto y1
* is expressed as: 

*
1 1

1 *
1 1

0,
,

1,  

if y
y

if y

τ

τ

⎧ ≤⎪= ⎨
>⎪⎩

 where 

1τ denotes the threshold parameter for test item y1. This relationship is illustrated in 

Figure 2-3.  

Because of the LRV formulation, the measurement component of the model which 

relates, in this case, the continuous latent response variables to the latent factor and to 

the group membership variable is respecified as:  

*
ij i i j ijy ν λ η ε= + +          (7) 

where is individual’s i latent response to item j. The distributional assumptions of the 

p-vector of measurement errors determine the appropriate link function to be selected. 

For example, if it is assumed that the measurement errors are normally distributed then 

the probit link function, that is, the inverse of the cumulative normal distribution 

function,  is used. As a result the thresholds and factor loadings are interpreted as 

probit coefficients in the linear probit regression equation. The alternative is to assume a 

*
ijy

1[ ]−Φ

28 



 

logistic distribution function for the measurement errors which allows the coefficients to 

be interpreted either in terms of logits or converted to changes in odds.   

Under the LRV formulation, the single factor model for a continuous latent trait 

measured by binary outcomes is expressed as in Equation 7. Therefore, the conditional 

probability of a correct response as a function of η is: 

( ) ( ) ( )
( )
( )

* *

1/2

1/2

1| | 1 |

                     1 ( )

                     ( )

ij j ij i j ij i j

i i i j ij

i i i j ij

P y P y P y

F v V

F v V

η τ η τ η

τ λη ε

τ λη ε

−

−

= = > = − ≤

⎡ ⎤= − − −⎣ ⎦
⎡ ⎤= − − −⎣ ⎦

      (8) 

where ( )ijV ε is the residual variance and F can be either the standard normal or logistic 

distribution function depending on the distributional assumptions of the ij sε  (Muthén & 

Asparouhov, 2002). Further, in addition to the LRV, latent variable models with 

categorical variables can also be presented using an alternative formulation. The 

conditional probability curve formulation focuses on directly modeling the nonlinear 

relationship between the observed sy and the latent factor trait, η as:  

( ) ( )1|ij j i j iP y F a bη η⎡ ⎤= = −⎣ ⎦       (9) 

where is the item discrimination, bi is the item difficulty, and the distribution of F is 

either the standard normal or logistic distribution function. In their 2002 paper, Muthén 

and Asparouhov illustrate the equivalence of results between these two conceptual 

formulations of modeling factor analytic models with categorical outcomes. The authors 

showed that equating the two formulations:  

ia

( ) ( )1/2( )i i i j ij i j iF v V F a bτ λη ε η−⎡ ⎤ ⎡− − − = −⎣ ⎦ ⎣ ⎤⎦     (10) 
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where as previously indicated, F is either the standard normal or logistic distribution 

depending on the distributional assumptions of the ijε . However, it should be noted that 

in the case of factor mixture modeling with categorical variables, the default estimation 

method used in Mplus (Muthén & Muthén, 1998-2008) is robust maximum likelihood 

estimation method (MLR) and the default distribution of F is the logistic distribution. 

To allow for the estimation of the thresholds, the intercepts in the measurement 

model are assumed to be zero. As a result, the factor analytic logistic parameters can 

be converted to IRT parameters using:  

(  ) (  )
     and    

( )  
i i

ij i

a b
Var

iηη

ηη

ηηλ σ τ
ε λ

λ µ
σ

−
= =       (11) 

Additionally, to ensure model identification, it is necessary to assign a scale to the latent 

trait. One method of setting the scale of the latent trait is to standardize it by setting the 

mean equal to zero and fixing the variance at one, that is, ηµ =0 and 
ηη

σ =1. In this case, 

the factor loadings and thresholds can then be converted to item discriminations and 

item difficulties using the following expressions (Muthén & Asparouhov, 2002): 

  and   
( )

i
i

iij

a
v

ibλ τ
λε

= =        (12) 

The ease with which estimates of the factor analysis parameters can be converted 

to the more recognizable IRT scale should increase the interpretability and utility of the 

results to the applied researchers (Fukuhara, 2009).  An alternative method of setting 

the scale of the latent factor is by fixing one loading per factor to one. As a result, the 

simplified conversion formulae will differ and by extension, the magnitude of the 

parameter estimates will be affected as well (Bontempo, 2006; Kamata & Bauer, 2008). 
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Therefore, when running these models with factor analytic programs such as Mplus, the 

user should be aware of the default scale setting methods since this invariably will affect 

the parameter conversion formulae. 

Mixture Modeling as an Alternative Approach to DIF Detection 

Traditional DIF detection methods assume a manifest approach in which 

examinees are compared based on demographic classifications such as gender 

(females vs. males) or race (African Americans vs. Caucasians). While this approach 

has a long history and has been used successfully in the past to assess DIF, recent 

emerging research has suggested that this perspective may be limiting in scope (Cohen 

& Bolt, 2005; De Ayala et al., 2002; Mislevy et al., 2008; Samuelsen, 2005, 2008). As an 

alternative to the traditional manifest DIF approach, a latent DIF conceptualization, 

rooted in latent class and mixture modeling methods, has been proposed (Samuelsen, 

2005, 2008). In this conceptualization of DIF, rather than focusing on a priori examinee 

characteristics, this approach assumes that the underlying population consists of a 

mixture of heterogeneous, unidentified subpopulations, known as latent classes. These 

latent classes exist because of perceived qualitative differences (e.g. different learning 

strategies, different cognitive styles etc.) among examinees.  

One technique that can be used to examine DIF from a latent perspective is factor 

mixture modeling (FMM). Factor mixture models result from merging the factor analysis 

model and the latent class model resulting in a hybrid model consisting of two types of 

latent variables; continuous latent factors and categorical unobserved classes (Lubke & 

Muthén, 2005, 2007; Muthén, Asparouhov, & Rebollo, 2006).  The simultaneous 

inclusion of these two types of latent variables allows first for the exploration of 

unobserved heterogeneity that may exist in the population and the examination of the 
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underlying dimensionality within these latent groups (Lubke & Muthén, 2005).  As a 

result, a primary advantage of factor mixture modeling is its flexibility in allowing for a 

wider range of modeling options. For instance, models can be specified for multiple 

factors, multiple latent classes and the structure of the within-class models can vary in 

the complexity of its relationships not only with the latent factors but with observed 

combinations of continuous and categorical covariates as well (Allua, 2007; Lubke & 

Muthén, 2005, 2007; McLachlan & Peel, 2000).  However, it is important to note that as 

more specifications are introduced to a model, not only does the level of complexity of 

model increase but the computational intensity of the estimation process as well. 

Therefore, it is recommended that researchers should be guided by substantive theory 

not only in supporting their hypothesis of population heterogeneity but also with regard 

to the complexity of the specification of their mixture models as well (Allua, 2007; Jedidi, 

Jagpal, & DeSarbo, 1997).  

Previous applied studies highlight several fields where mixture modeling has been 

applied successfully to investigate population heterogeneity (Bauer & Curran, 2004; 

Jedidi et al., 1997; Kuo et al., 2008; Lubke & Muthén, 2005, 2007; Lubke & Neale, 2006; 

Muthén & Asparouhov, 2006; Muthén, 2006). One area in which factor mixture models 

have been utilized with some success is that of substance abuse research (Kuo et al., 

2008; Muthén et al., 2006). In their research on alcohol dependency, Kuo et al. (2008) 

compared a factor mixture model approach against a latent class and a factor model 

approach to determine which of the three best explained the alcohol dependence 

symptomology patterns. What they found was that while a pure factor analytic model 

provided an unsatisfactory solution, the latent class approach provided a better fit to the 
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alcohol dependency data. However, the single factor, three-class factor mixture model 

provided the best fit to the data and best accounted for the covariation in both the 

pattern of symptoms and the heterogeneity of the population. In another study from the 

substance abuse literature, Muthén et al. (2006) compared two types of factor mixture 

models to a factor analysis and latent class approach in analyzing the responses of 842 

pairs of male twins to 22 alcohol criteria items. The findings showed that both factor 

mixture models fit the data well and explained heritability both with regard to the 

underlying dimensional structure of the data and the latent class profiles of the 

heterogeneous population (Muthén et al., 2006). 

With regard to DIF, factor mixture models may be used to investigate item 

parameters differences between the latent classes of subpopulations of examinees. In 

this conceptualization of DIF, the unobserved latent classes represent qualitatively 

different groups of individuals whose item responses function differentially across the 

classes (Bandalos & Cohen, 2006). To allow for the specification of these models, a 

categorical latent variable is integrated into the common factor model specified in 

Equations 1 and 2. As a result, the K-class factor mixture model is now expressed as: 

ik k ik ik iky τ ξ ε= + Λ +          (13) 

ik k ikη α ζ= +            (14) 

where the subscript k indicates the parameters that can vary across the latent classes.         

Figure 2-4 provides a depiction of a factor mixture model where the unidimensional 

latent factor is measured by five observed items and there are K latent classes in the 

population. In the diagram, the relationships are specified as follows: 
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• The arrows from the latent factor to the item responses (from η to the Ys) 
represent the factor loadings or the Λ parameters measuring the relationship 
between the latent factor and the items. 

• The arrows from the latent class variable to the item responses (from Ck to the Ys) 
are the class-specific item thresholds conditional on each of the K latent classes. 

• The broken-line arrows from the latent class variable to the factor loadings arrows 
indicate that these loadings are also class-specific and therefore can vary across 
the K latent classes.  

• The arrow from the latent class to the latent factor (i.e. from Ck to the η) allows for 
factor means and/or factor variances to be class-specific as well.  

Since the model parameters are allowed to be class-specific, that is, both item 

thresholds and factor loadings can be specified as non-invariant, then this specification 

allows for testing of both uniform and non-uniform DIF.  

The focus of this dissertation is on assessing the performance of the factor mixture 

model in the detection of uniform DIF. Therefore for this specification, while the item 

thresholds are allowed to vary across the levels of the latent class variable, the factor 

loadings are constrained across the K classes. In Mplus , the implementation of the 

factor mixture model for DIF detection can be conceptualized as a multiple-group 

approach where DIF is tested across latent classes rather than manifest groups. 

Therefore using Equations 1 and 2, the CFA mixture model can be reformulated as:  

  and k k k k k k k iY kτ η ε η α ζ= + Λ + = +      (15) 

where the parameters are as previously defined for each of the k = 1, 2,…,K latent 

classes. Once again, it is assumed that the measurement errors have an expected 

value of zero and are independent of the latent trait(s), and of each other. Similarly, the 

model implied mean and covariance structure for the observed variables in each of the 

k = 1, 2,…,K latent classes can be defined as:  
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  and    k k k k k k k kµ τ κ ′= + Λ Σ =Λ Φ Λ +Θk      (16) 

Three main strategies for using CFA-based approaches to investigate 

measurement invariance have been proposed: (i) a constrained-baseline approach 

(Stark, Chernyshenko, & Drasgow, 2006), (ii) a free-baseline approach (Stark et al., 

2006), and (iii) a more recent approach which tests the significance of the threshold 

differences via the Mplus “model constraint” feature (Clark, 2010; Clark et al., 2009). In 

the first two approaches, DIF testing is conducted via a series of tests of hierarchically 

nested models (Lee, 2009).  The constrained-baseline approach begins with a baseline 

model in which all the parameters are constrained equal across groups, then one-at-a-

time parameters of the studied item(s) are freed. On the other hand, the free-baseline 

approach starts with a model in which all parameters (except those needed for model 

identification) are freely estimated across groups. After this model has been estimated, 

then the parameters of the item(s) of interest are constrained in a sequential manner. 

With either of these two approaches, a series of nested comparisons are conducted to 

determine the level of measurement invariance. For example, if testing for uniform DIF, 

the baseline model is compared with models formed by either individually constraining 

or releasing the item thresholds of interest across the groups/latent classes. Stark et al. 

(2006) noted that whereas the constrained-baseline approach is typically used in IRT 

research, the free-baseline approach is more common with CFA-based methods.  

However, one disadvantage of these baseline approaches is that they require two 

models (i.e. baseline and constrained or augmented) to be fitted to the data, which 

increases the complexity of the model estimation procedure.   
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Unlike the two previous methods which use a nested models approach, the third 

method does not require the specification of two sets of models. The approach which 

has been credited to Mplus’ Tihomir Asparouhov has recently been used in factor 

mixture studies conducted by Clark (2010) and Clark et al. (2009). The Mplus (Muthén 

& Muthén, 1998-2008) implementation of this approach as described by Clark (2010) is 

as follows: 

• The thresholds of the all items, except those of a referent needed for identification, 
are allowed to vary freely across the latent classes.  

• Next, the Mplus “model constraint” option is invoked to create a set of new 
variables. Each new variable defines a threshold difference across classes for 
each of the items to be tested for DIF. For example, the estimated threshold 
difference for item 6 may be defined as: dif_it6 =  t2_i6 – t1_i6, where t2_i6 and 
t1_i6 are the user-supplied variable names for the threshold of item 6 in class 2 
and class 1 respectively. 

• The creation of the 14 threshold equations allows for the testing of the item 
thresholds across classes via a Wald test to determine whether the differences are 
significantly different from zero. A significant p-value provides evidence that the 
item is functioning differentially while a non-significant result indicates that the item 
is DIF-free.  

• In the case where the referent item is not known to be invariant across classes, a 
series of tests are undertaken in which each item’s thresholds are successively 
constrained equal across classes and the threshold differences are estimated for 
the remaining items. Finally, a tally is made of the total number of times that each 
item displayed a significant p-value, when its thresholds were not constrained.  

Since this method does not require the formation of two models, one obvious advantage 

is its simplicity. However, unlike the more established baseline procedures, it has not 

been subjected to the methodological rigor that should precede the acceptance and 

usage of an approach in applied settings.    

Estimation of Mixture Models  

The purpose of the mixture modeling estimation process is to attempt to 

disentangle the hypothesized mixture of distributions into the pre-specified number of 
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latent classes. Unlike the manifest situation where group membership is observed and 

group proportions are known, class membership is unobserved. Therefore an additional 

model parameter, known as the mixing proportion, φ, is estimated (Gagné, 2004). The 

K-1 mixing proportions estimate the proportion of individuals comprising each of the K 

hypothesized classes. Additionally, while individuals obtain a probability for being a 

member in each of the K classes, they are assigned to a specific class based on their 

highest posterior probability of class membership.  To estimate the model parameters, 

the joint log-likelihood of the mixture across all observations is maximized (Gagné, 

2004). For a mixture of two latent subpopulations, the joint log-likelihood of the mixture 

model can be expressed as the maximization of:  

2

1
11

ln( (1 ) )  
N

i
ki

L Lϕ ϕ
==

⎡
+ −⎢
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∑∏ 2i

⎤
⎥         (17) 

where and represent the likelihood of the ith examinee being a member of 

subpopulation 1 and subpopulation 2 respectively, φ represents the unknown mixing 

proportion, and N is the total number of examinees in the sample. Likewise, for k-

subpopulations, Gagné (2004) presents the expression for the joint log-likelihood of the 

mixture model expressed as:  
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where  ˆ ˆ ˆˆ ˆˆˆ ˆ   and    .  k k k k k k k k kµ τ κ ′= + Λ Σ =Λ Φ Λ +Θ

Class Enumeration  

An important decision to be made is determining the number of latent class 

existing in the population (Bauer, & Curran, 2004; Nylund, Asparouhov, & Muthén, 

2006). Traditionally, researchers use standard chi-squared based statistics to compare 
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models. However, in mixture analysis when comparing models with differing numbers of 

latent classes, the traditional likelihood ratio test for nested models is no longer 

appropriate (Bauer, & Curran, 2004; McLachlan & Peel, 2000; Muthén, 2007). Instead, 

alternative model selection indices are used to compare competing models with 

different numbers of latent classes. These include: (i) information-based criteria such as 

Akaike Information Criteria (AIC; Akaike, 1987), Bayesian Information Criteria (BIC, 

Schwartz, 1978), and the adjusted BIC (ssaBIC; Sclove, 1987), (ii) likelihood-based 

tests such as the Lo-Mendell Rubin adjusted likelihood ratio test (LMR aLRT; Lo, 

Mendell, & Rubin, 2001) and the bootstrapped version of the LRT (BLRT; McLachlan & 

Peel, 2000), and (iii) statistics based on the classification of individuals using estimated 

posterior probabilities, such as entropy (Lubke & Muthén, 2007). And while there has 

been limited research conducted comparing the performances of these various model 

selection methods, no consistent guidelines have been established determining which 

model selection indices are most useful in comparing models or selecting the best-fitting 

model (Lubke & Neale, 2006; Nylund, et al. 2006; Tofighi & Enders, 2008; Yang, 2006). 

The reason for this is that there is seldom unanimous agreement across the various 

model selection indices and as a result the possibility of misspecification of the number 

of classes is a likely occurrence (Bauer & Curran, 2004; Nylund et al., 2006). Therefore, 

the researcher should not rely on these indices as the sole determinant of the number of 

latent classes. Rather, it is advised that in addition to the statistical indices, a theoretical 

justification should also guide not only the selection of the optimal number of classes 

but the interpretation of the classes as well (Bauer & Curran, 2004; Gagné, 2006; 
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Muthén, 2003). The most common information criterion indices for model selection are 

introduced below. 

Information Criteria Indices 

The information criteria measures (e.g. the AIC, BIC, and the sample-size adjusted 

BIC) are all based on the log-likelihood of the estimated model and the number of free 

parameters in the model. On their own, individual values of these information-based 

criteria for a specified model are not very useful. Instead, for a specified model, the 

indices for each of the measures are compared with models of varying numbers of 

classes. For example, if the hypothesized model is one with two latent classes, this 

would be successively compared with a one-, three-, and four- class models. Typically, 

the model with the lowest information criteria value compared to the other models with 

different number of classes is selected as the best-fitting model (Lubke & Muthén, 2005; 

Nylund et al., 2006). 

The information criteria such as the AIC, BIC, and ssaBIC are all based on the log-

likelihood and adjust differently for the number of free parameters and sample size 

(Lubke & Muthén, 2005; Lubke & Neale, 2006). The AIC, which is defined as a function 

of log-likelihood and number of estimated parameters penalizes for 

overparameterization only but not for sample size, 

2log 2 .AIC L p= − +         (19) 

On the other hand, BIC and ssaBIC, adjust for both the number of parameters and the 

sample size (Nylund et al., 2006). The BIC and ssaBIC are given by: 

2log .log( )BIC L p N= − +         (20) 

22 log .log
24

NssaBIC L p +⎛ ⎞= − + ⎜
⎝

⎟
⎠       (21) 
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As was noted earlier, when comparing models with different numbers of latent classes, 

lower values of AIC, BIC, and ssaBIC indicate better fitting models.  A typical approach 

to class enumeration begins with the fitting of a baseline one-class model and 

successively fitting models with the goal of identifying the mixture model with the 

smallest number of latent classes that provide the best fit to the data (Lui, 2008). 

However, previous research has found that results from different information criteria can 

provide ambiguous evidence regarding the optimal number of classes. In addition, 

across different mixture models, there is also inconsistency regarding the model 

selection information criterion that performs best.  

Nylund et al. (2006) conducted a simulation study comparing the performance of 

commonly-used information criteria for three types of mixture models: latent class, 

factor mixture, and growth mixture models. Overall, the researchers found that among 

the information criteria measures, the AIC, which does not adjust for sample size, 

performed poorly and identified the correct k-class model on fewer occasions than the 

two sample-sized adjusted indices, the BIC and the ssaBIC. Moreover, the AIC 

frequently favored the selection of the k+1-class model over the correct k-class. In 

addition, whereas the ssaBIC generally performed well with smaller sample sizes 

(N=200, 500), the BIC tended to be the most consistent overall performer, particularly 

with larger sample sizes (N=1000). Based on their simulation results, Nylund et al. 

(2006) concluded that the BIC was the most accurate and consistent of the IC 

measures at determining the correct number of latent classes.   

Yang (1998) evaluated the performance of eight information criteria in the 

selection of latent class analysis (LCA) models for six simulated levels of sample size. 
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The results suggested that the ssaBIC outperformed the other five IC measures 

including the AIC and the BIC. For instance, with smaller sample sizes (N =100, 200) 

the ssaBIC had the highest accuracy rates of 62.7% and 77.5% respectively.  In 

addition, Yang (1998) found that both BIC and a consistent form of the AIC (CAIC) 

tended to incorrectly select models with fewer latent classes than actually simulated. 

The performance of the BIC and CAIC only improved after the sample size increased to 

the largest condition of N=1000. The researcher concluded that in the case of LCA 

models, the ssaBIC outperformed the AIC and BIC at determining the correct number of 

latent classes (Yang, 1998).  

Tofighi and Enders (2007) extended their simulation research to evaluating the 

accuracy of information-based indices in identifying the correct number of latent classes 

in growth mixture models (GMM).  Manipulated factors included the number of repeated 

measures, sample size, separation of latent classes, mixing proportions, and within-

class distribution shape simulated for a three-class population GMM. The researchers 

found that of the ICs, the ssaBIC was most successful at consistently extracting the 

correct number of latent classes. Once again, the BIC showed its sensitivity to small 

sample sizes and frequently favored too few classes. The accuracy of the ssaBIC 

persisted even when the latent classes were not well-separated, whereas the ssaBIC 

extracted the correct three-class solution in 88% of the replications, the BIC and CAIC 

only correctly identified this solution 11% and 4% of the time respectively.  

In examining the accuracy of model selection indices in multilevel factor mixture 

models, Allua (2007) found that while the BIC and ssaBIC outperformed the AIC in 

correct predictions when data were generated from a one-class model, none of the fit 
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indices performed credibly when a two-class model was used as the data-generating 

model. In this case all of the fit indices tended to underestimate the number of latent 

classes by continuing to favor the one-class model over the “correct” two-class model.  

This inconsistency between model fit measures has also evidenced in applied 

studies. Using an illustrative example, Lubke and Muthén (2005) applied factor mixture 

modeling to continuous observed outcomes from the Longitudinal Study of American 

Youth (LSAY) as a means of exploring the unobserved population heterogeneity. A 

series of increasingly invariant models were estimated and compared to a two-factor 

single-class model baseline model. For each of the models fit to the data, two- through 

five-class solutions were specified. The commonly used relative fit indices (AIC, BIC, 

ssaBIC and aLRT) were used in choosing the best fitting models. However, there were 

several instances of disagreement between the IC results. For example, among the 

non-invariant and fully invariant models, while the AIC and the ssaBIC identified the 4-

class solution as the best fitting model, the BIC and aLRT produced their lowest values 

for the 3-class solution. In summarizing their results, the authors suggested that in 

addition to relying on the model fit measures, researchers should explore the additional 

classes, in a similar manner as additional factors are investigated in factor analysis, to 

determine if their inclusion provides new, substantively meaningful interpretations to the 

solution. 

Overall, results from both simulation and applied studies highlight the lack of 

agreement among the mixture model fit indices. Researchers have attributed this 

inconsistency of performance to the heavy dependence of the indices on the type of 

mixture model under consideration as well as the assumptions made about the 
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populations (Liu, 2008; Nylund et al., 2006).  Therefore, rather than viewing any single 

measure as being superior, each should be seen as a contributory piece of evidence in 

determining the comparison of one model versus another. However, while the model fit 

indices provide the statistical perspective this should be augmented with a 

complementary approach of incorporating a substantive theoretical justification to aid in 

both the selection of the optimal number as well as the interpretability of the latent 

classes as well (Bauer & Curran, 2004). 

Mixture Model Estimation Challenges  

While factor mixture modeling is an attractive tool for simultaneously investigating 

population heterogeneity and latent class dimensionality, it is not without its challenges. 

The merging of the two types of latent variables into one integrated framework results in 

a model that requires a high level of computational intensity during the estimation 

process. As a result, factor mixture models require lengthy computation times which in 

turn reduce the number of replications that can be simulated within a realistic time 

frame. In addition to the increased computation times, the models are susceptible to 

problems due to multiple maxima solutions. Ideally, in ML estimation as the iterative 

procedure progresses, the log-likelihood should monotonically increase until it reaches 

one final maxima. However, with mixture models the solution often converges on a local 

rather than a global maximum, thereby producing biased parameter estimates. Whether 

the expectation-maximization (EM) algorithm converges to a local or global maximum 

largely depends on the set of different starting values that are used. Therefore, one 

approach to mitigating this problem is to incorporate multiple random starts, a practice 

that is permitted in Mplus. In the event that the default number of random starts (in 

Mplus, the defaults are 10 random starting sets and the best 2 sets used for final 
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optimization) is insufficient to converge on a maximum likelihood solution, Mplus allows 

the user the flexibility to increase the number of start values. By adjusting the random 

starts option to include a larger number of start values both in the initial analysis and 

final optimization phases allows for a more thorough investigation of multiple solutions 

and should improve the likelihood of successful convergence (Muthén & Muthén, 1998-

2008). However, since the increase in the number of random starts will also increase 

the computational load and estimation time, it is recommended that prior to conducting 

a full study researchers should experiment with various sets of user-defined starting 

values to determine an appropriate number of sets of starting values (Nylund et al., 

2006). During this process, it is important to examine the results from the final stage 

solutions to determine whether the best log-likelihood is replicated multiple times. This 

ensures that the solution converged on a global maximum, thus reducing the possibility 

that the parameter estimates are derived from local solutions.  

Purpose of Study  

In the past, the lack of usage of SEM-based mixture models has been attributed to 

an unavailability of commercial software (Bandalos & Cohen, 2006). However, given the 

recent innovations integrated in software packages such as Mplus (Muthén & Muthén, 

1998-2008), the estimation of SEM mixture models is now possible (Bandalos & Cohen, 

2006). The purpose of this study was to evaluate the performance of factor mixture 

modeling as a method for detecting items exhibiting manifest-group DIF.  In this study, 

manifest-group DIF was generated in a set of dichotomous data for a two-group, two-

class population. The questions addressed were as follows. 

• How successful is the factor mixture modeling approach at recovering the correct 
number of latent classes? 
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• If the number of classes are known a priori, how well does the factor mixture 
model perform at detecting differentially functioning items. Specifically, how are 
the (i) convergence rates, (ii) Type I error rate, (iii) and power to detect DIF 
affected under various manipulated conditions characteristic of those that may be 
encountered in DIF research? 
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Figure 2-1.  Example of uniform DIF 

 

 
Figure 2-2.  Example of non-uniform DIF 
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Figure 2-3.  Depiction of relationship between y* and y for a dichotomous item 
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Figure 2-4.  Diagram depicting specification of the factor mixture model  
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CHAPTER 3 
METHODOLOGY 

The simulation was conducted in two parts. The first part of the study focused on 

the ability of the factor mixture model to recover the correct number of latent classes 

under a variety of simulated conditions. In the second phase of the study, the number of 

classes was assumed known and the emphasis was on evaluating the performance of 

the mixture model at identifying differentially functioning items. Following is a description 

of the model as implemented, as well as the study design used in evaluating the 

performance of the factor mixture modeling approach to DIF detection.  

Factor Mixture Model Specification for Latent Class DIF Detection  

The factor mixture model was specified in its hybrid form as having both a single 

factor measured by 15 dichotomous items and a categorical latent class variable. The 

factor mixture model was formulated in the study as: 

*ik k i ik iky τ ξ ε= + Λ +         (22) 

ik k ikη α ζ= +           (23) 

where the parameters are as previously defined in Chapter 2 and k = 1 to K indexes the 

number of latent classes. To accommodate the testing of uniform DIF, the model was 

formulated so that the factor loadings were constrained to be class-invariant but the 

item thresholds were allowed to vary across classes. Therefore in Equation 22, the Λ 

parameter is not indexed by the k subscript. Overall, the single-factor mixture model 

was specified as follows: 

1. The factor loadings were constrained equal across the latent classes. For scaling 
purposes, the factor loadings of the referent (i.e. item 1) were fixed at one for each 
of the latent classes.   
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2. To ensure identification, the item thresholds of the referent were also held equal 
across the latent classes. The remaining 14 (i.e. K -1) item thresholds were freely 
estimated.  

3. One of the factor means was constrained to zero while the remaining factor mean 
was freely estimated. For K latent classes, the Mplus default is to fix the mean of 
the last or highest numbered latent class to zero (i.e. µk = 0). Therefore in this 
case, the mean of the first class was freely estimated  

4. Factor variances were freely estimated for all latent classes.  

Data Generation 

The discrimination and difficulty parameters used in this study were adopted from 

dissertation research conducted by Wanichtanom (2001). The original test 

(Wanichtanom, 2001) consisted of 50 items however in this case, parameters for ten of 

the 50 items have been selected. These ten items from the Wanichtanom (2001) study 

represented the DIF-free test items. In the original study, the item discrimination 

parameters were drawn from a uniform distribution within a 0 to 2.0 range and the 

difficulty parameters from a normal distribution within a -2.0 to 2.0 range (Wanichtanom, 

2001). The remaining five DIF items that formed part of the scale reflected low (i.e. 0.5), 

medium (i.e. 1.0) and high (i.e. 2.0) levels of discrimination. For the entire 15-item test, 

the discrimination a parameters ranged from 0.4 to 2.0, with a mean of 0.98 while the 

difficulty b parameters ranged from -1.2 to 0.7 with a mean of -0.34. Uniform DIF was 

simulated against the focal group on Items two to six. The values of the item parameters 

are presented in Table 3-1. 

Data were generated using R statistical software (R Development Core Team, 

2009). The ability parameters were drawn from normal distributions for both the 

reference and focal groups. For these dichotomous items, the probability of a correct 

response was computed using the 2PL IRT model as:  
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1 i j iij j a bY
e θθ − −= =

+
       (24) 

where ai is the item discrimination parameter, bi is the item threshold parameter, and Θj 

is the latent ability trait for examinee j. To determine each examinee’s item response, 

the calculated probability Pr( 1 )ij jY θ= was compared to a randomly generated number 

from a uniform U(0,1) distribution. If that probability exceeded the random number, the 

examinee’s item response was scored as correct (i.e. coded as 1). On the other hand, if 

the probability of a correct response was less than the random number the item 

response was scored as incorrect and coded as 0. Finally, 50 replications were run for 

each set of simulation conditions and the dichotomous item response datasets were 

exported to Mplus V5.1 (Muthén & Muthén, 1998-2008) for the analysis phase.  Since 

the data were generated externally, the Mplus Type=Montecarlo option was used to 

analyze the multiple datasets and to save the results for the replications that converged 

successfully.  

Simulation Study Design  

In their 1988 paper, Lautenschlager and Park reiterated the need for Monte Carlo 

studies to be designed in such a way that they simulate real data conditions as closely 

as possible. This advice was followed when selecting the condition and levels for this 

simulation study. The conditions were chosen to replicate those adopted in previous 

latent DIF studies (Bolt, Cohen, & Wollack, 2001; Bilir, 2009; Cohen & Bolt, 2005; De 

Ayala et al., 2002; Samuelsen, 2005) and mixture modeling studies (Gagné, 2004; Lee, 

2009; Lubke & Muthén, 2005, 2007).  
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Research Study 1  

In the first part of the study dichotomous item responses were generated for the 

two-group, two-class scenario. The focus was on determining the success rate of the 

specified factor mixture model to recover the correct number of latent classes. Solutions 

for one- through three-class mixture models were estimated and three information-

based criteria values were compared across the models. The model with the lowest IC 

value was selected as the best-fitting model (Lubke & Muthén, 2005; Nylund et al., 

2006). The fixed and manipulated factors used in this study are listed below. 

Manipulated Conditions 

Sample size  

Previous findings have shown that as with pure CFA models, sample size affects 

the convergence rates of mixture models as well (Gagné, 2004; Lubke, 2006). In 

evaluating the performance of several CFA mixture models, Gagné (2004) reported a 

significant increase in the convergence rates as the sample size was increased from a 

minimum of 200 to 500 to 1000. A review of previous simulation and real data mixture 

model research found that whereas only a few studies used as few as 200 simulees 

(Gagné, 2004; Nylund et al., 2006), sample sizes of at least 500 were most frequently 

used (Bolt et al., 2001; Bilir, 2009; Cho, 2007; De Ayala et al., 2002; Rost, 1990; 

Samuelsen, 2005). In this study, the two combinations of sample size (N=500, N=1000) 

were chosen to be representative of realistic research samples and to reduce the 

possibility of convergence problems. In addition, the sample size of 500 was used as a 

lower limit to examine the effects of small sample size on the performance of the factor 

mixture approach to DIF detection.   
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Magnitude of uniform DIF 

In previous DIF studies (Camilli & Shepard, 1987; De Ayala et al., 2005; Meade, 

Lautenschlager, & Johnson, 2007; Samuelsen, 2005) the manipulated difficulty shifts 

have typically varied in magnitude from .3 to 1.5.  Overall, these results have shown 

higher DIF detection rates with items simulated to have moderate or strong amounts of 

DIF. However, with mixture models, it may be necessary to simulate larger DIF 

magnitudes to ensure the detection of DIF. This hypothesis was based on the results 

from preliminary small-scale simulation in which several levels of DIF magnitude were 

manipulated.  As a result, this study focused on DIF effects at the upper range of the 

scale where the magnitude of manifest differential functioning is large, namely, ∆b = 1.0 

and ∆b = 1.5. For items with no DIF, the item difficulties are defined as biF = biR. On the 

other hand, when there is uniform DIF, the items will be simulated to function differently 

in favor of the reference group and the item difficulties are defined as biF = biR + ∆b 

(where ∆b = 1.0 or 1.5).  

Ability differences between groups 

Several researchers have recommended the inclusion of latent ability differences 

(i.e. impact) in DIF detection studies since they contend that in real data sets, the focal 

and reference populations typically have different latent distributions (Camilli & Shepard, 

1987; De Ayala et al., 2002; Donoghue, Holland, & Thayer, 1993; Duncan, 2006; Stark 

et al., 2006). Simulation results of the effects of impact on DIF detection have varied. 

For instance, some researchers have reported good control of Type I error rates with a 

moderate difference of .5 SD (Stark et al., 2006) and even with differences as large as 1 

SD (Narayanan & Swaminathan, 1994). On the other hand, others (Cheung & 

Rensvold, 1999; Lee, 2009; Roussos & Stout, 1996; Uttaro & Millsap, 1994) have 
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reported inflated Type I error rates with unequal latent trait distributions. The results are 

also mixed with respect to the presence of impact on power. Whereas some studies 

have shown reduced power (Ankemann, Witt, & Dunbar, 1999; Clauser, Mazor, & 

Hambleton, 1993; Narayanan & Swaminathan, 1996), others (González-Romá et al., 

2006; Rogers & Swaminathan, 1993; Shealy & Stout, 1993; Stark et al., 2006) found 

that DIF detection rates were not negatively affected by the dissimilarity of latent 

distributions. In this first part of the study, two conditions of differences in mean latent 

ability were manipulated: 

1. Equal latent ability means with the reference and focal groups both generated from 
a standard normal distribution (i.e. ΘR~N(0,1), θF~N(0,1)), and 

2. Unequal latent ability means with the reference group having a latent ability mean 
.5 standard deviation higher than the focal group (i.e. ΘR~N(0.5,1), θF~N(0,1)). 

Fixed Simulation Conditions  

Test length  

The test was simulated for a fixed length of 15 dichotomous items. Previous 

studies using factor mixture modeling have typically used shorter scale lengths varying 

between 4 and 12 observed items for a single-factor model with categorical items 

(Lubke & Neale, 2008; Nylund et al., 2006; Kuo et al., 2008; Reynolds, 2008; Sawatzy, 

2007). This may be due to the fact that longer computation times are required when 

fitting mixture models to categorical data (Lubke & Neale, 2008). Therefore, while more 

test items may have been included, this length was chosen not only to be consistent 

with previous research, but also taking into account the computational intensity of factor 

mixture models.  
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Number of DIF items  

In previous simulations studies, the percentage of DIF items has typically varied 

from 0% to 50% as a maximum (Bilir, 2009; Cho, 2007; Samuelsen, 2005; Wang et al., 

2009). For example, Samuelsen (2005) considered cases with 10%, 30% and 50% of 

DIF items, Cho (2007) investigated cases with 10% and 30% DIF items, and Wang et 

al. (2009) manipulated the number of DIF items in increments of 10% from 0% to 40%. 

With respect to real tests, Shih and Wang (2009) reported that they typically contain at 

least 20% of DIF items. In this study, the percentage of DIF items was 33.3% (five 

items), with the DIF items all favoring the reference group. Items 2 through 6 were 

selected to display uniform DIF. 

Sample size ratio 

With respect to the ratio of focal to reference groups, Atar (2007) reports that in 

actual testing situations, “ the sample size for the reference group may be as small as 

the sample size for the focal group or the sample size for the reference group may be 

larger than the one for the focal group” (pg. 29).  In this study, a 1:1 sample size ratio of 

focal to reference group will be considered for each of the two sample sizes. Using 

comparison groups of equal size is representative of an evenly split manifest variable 

frequently used in DIF studies such as gender (Samuelsen, 2005).   

Percentage of overlap between manifest and latent classes 

In the manifest DIF approach when an item is identified as having DIF, there is an 

implied assumption that all members of the focal groups must have been disadvantaged 

by this item. However, under a latent conceptualization, the view is that DIF is detected 

based on the degree of overlap between the manifest groups and the latent classes. In 

this context, overlap refers to the percentage of membership homogeneity between the 

55 



 

manifest groups and latent classes. For example, if each of the examinees in either the 

manifest-focal or the manifest-reference group belongs to the same latent class, then 

this is referred to as 100% overlap. Therefore, as the level of group-class overlap 

decreases, there is a corresponding decrease in the level of homogeneity between 

groups and classes as well. In Samuelsen’s (2005) study, five levels of overlap 

decreasing in increments of 10% from 100% to 60% were considered. Samuelsen 

(2005) found that as the group-class overlap increased, the power of the mixture 

approach to correctly detect DIF increased as well. In this study, the level of overlap 

was fixed at 80%, a somewhat realistic expectation of what may be encountered in 

practice. This means that DIF was simulated against 80% of the simulees in the focal 

group. 

Mixing proportion 

The mixing proportion (φk) represents the proportion of the population in class k, 

which was fixed at .50. Although the class membership was known, it was not used in 

the simulation.  

Study Design Overview 

In sum, a total of three fully crossed factors resulting in eight simulation conditions 

(2 sample sizes x 2 DIF magnitudes x 2 latent ability distributions) were manipulated to 

determine their effect on the recovery of the correct number of latent classes. For each 

of the eight conditions, a total of 50 replications were run. It is important to note that in 

the original plan for this study, a larger number of replications was proposed. However, 

initial simulation runs revealed that the computational time necessary to complete larger 

numbers of replications was impractical for this dissertation. Therefore, given the timing 
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constraints, a smaller number of data sets (i.e. 50) were replicated. The list of study 

conditions is provided in Table 3-2.  

Evaluation Criteria  

As previously noted, the objective of this first part of the simulation was to 

determine the success rate of the factor mixture method in identifying the correct 

number of classes. The three likelihood-based model fit indices (AIC, BIC, and ssaBIC) 

provided by Mplus were compared, with smaller values indicating better model fit. The 

outcome measures evaluated for each of the three (i.e. one- through three- class) factor 

mixture solutions fit to the data were: 

• Convergence rates – This was represented as the number of replications that 
converged to a proper solutions across the 50 simulations for each set of the eight 
conditions. Data sets with improper or non-convergent solutions were not included 
in the analysis.   

• IC Performance – Performance was evaluated by calculating the average IC 
values and comparing the values for each index across the one-, two-, and three-
class models. For each of the simulated conditions, the lowest average IC value 
and the corresponding model are identified.  

Research Study 2 

In the second part of the study, research was conducted to evaluate the Type I 

error rate and power performance of the factor mixture model at detecting uniform DIF, 

assuming that the correct number of classes is known. With respect to the study design, 

two levels of DIF magnitude (DIF = 1.0, 1.5) and two levels of sample size (N = 500, 

1000) were again simulated using the same levels as in Study 1. However, an additional 

level will be included for the impact condition. More specifically, in addition to the no-

impact and moderate impact condition, a large level of impact (i.e. mean for the 

reference group was 1.0 SD higher than the mean of the focal group) was included as 

well. The inclusion of this new level permitted a more complete investigation of the 
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robustness of the factor mixture model in DIF detection to the influence of impact. 

Overall, a total of 12 conditions (2 sample sizes x 2 DIF magnitudes x 3 latent trait 

distributions) were simulated. In this second phase of the simulation, each condition 

was replicated 1000 times. The full list of study design conditions are shown in Table 3-

3.  

Data Analysis 

The 1000 sets of dichotomous item responses were generated by R V2.9.0 (R 

Development Core Team, 2009). The data sets for each of the 12 conditions were 

saved and exported from R to Mplus V5.1 for analysis. As was done, in the first part of 

the study, the Type=Montecarlo facility was used to accommodate the analysis of the 

multiple datasets generated external to Mplus and for saving the results for subsequent 

analysis. To asses uniform DIF, a simultaneous significance test of the 14 threshold 

differences (i.e. with the exception of the referent, Item 1) using a Wald test was 

conducted. A significant p-value less than .05 provided evidence of DIF in the item.  

Evaluation Criteria  

The outcome measures used in evaluating the performance of this factor mixture 

method for DIF detection were as follows:  

• Convergence rates – This was measured by the number of replications that 
converged to proper solutions across each of the eight combinations of conditions. 
Data sets with improper or non-convergent solutions were not included in the 
analysis.   

• Type I error rate – The Type I error rate (or false-positive rate) was computed as 
the proportion of times the DIF-free items were incorrectly identified as having DIF. 
Therefore, the overall Type I error rate was calculated by dividing the total number 
of times the nine items (i.e. Items 7-15) were falsely rejected by the total number 
of properly converged replications for each of the 12 study conditions. The nominal 
Type I error rate used in this study was .05.  
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• Statistical power  – Power (or the true-positive rate) was computed as the 
proportion of times that the analysis correctly identified the DIF items as having 
DIF. Therefore, the overall power rate was calculated by dividing the total number 
of times any one of the five (i.e. Items 2-6) DIF items was correctly identified by 
the total number of properly converged replications across each of the 12 
simulated conditions.  

In addition to the computation of the overall Type I error and Power rates of the factor 

mixture method, a variance components analysis was also conducted to examine the 

influence of each of the conditions and their interactions on the performance of the 

method. In this analysis which was conducted in R V2.9.0 (R Development Core Team, 

2009), the independent variables were the three study conditions (DIF magnitude, 

sample size and impact) and the dependent variables were the Type I error and power 

rates. Eta-squared ( 2η ), which calculates the percentage of variance explained by each 

of the main effects and their interactions, was used as a measure of effect size.   

Model Estimation 

The parameters of the mixture models were estimated in Mplus V5.1 (Muthén & 

Muthén, 1998-2008) with robust maximum likelihood estimation (MLR) using the EM 

algorithm, which is the default estimator for mixture analysis in Mplus. One of the main 

limitations of running a mixture simulation study is the lengthy computation time periods 

needed for model estimation. In the interest of time, the random starts feature which 

randomly generates sets of starting values was not used in this part of the study. 

Instead, true population parameters for the factor loadings and thresholds and factor 

variances were substituted for the starting values in this portion of the analysis. This 

change reduced the computation time for model estimation considerably.  
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Table 3-1. Generating population parameter values for reference group  
   
      Item Number                a             b 

1 1.0950 -0.0672 
2 0.5001 -1.0000 
3 0.5001 -0.5000 
4 1.0000 0.0000 
5 2.0000 -1.0000 
6 2.0000 0.0000 
7 0.5584 -0.7024 
8 0.9819 0.6450 
9 0.5724 -0.5478 
10 1.4023 -0.3206 
11 0.4035 -1.1824 
12 1.0219 -0.4656 
13 0.9989 -0.2489 
14 0.7342 -0.4323 
15 0.8673 0.7020 

Note. Item 1 is the referent, therefore its loadings were fixed at 1 and its thresholds 
constrained equal across classes. Uniform DIF against the focal group was simulated 
on Items 2 to 6. 
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Table 3-2.  Fixed and manipulated simulation conditions used in study 1 
 Manipulated  

Conditions 
Fixed  
Conditions 

Sample size 500, 1000  
Magnitude of DIF 1.0, 1.5  
Latent mean distributions ΘR~N(0,1), ΘF~N(0,1)  
 ΘR~N(.5,1), ΘF~N(0,1)  
Test length   15  items 
Number of DIF items   5 items (33.3%) 
Sample size ratio    1:1 
Class proportion   .5 
Overlap   80% 
 
 

 

 

 

Table 3-3.  Fixed and manipulated simulation conditions used in study 2 
 Manipulated  

Conditions 
Fixed  
Conditions 

Sample size 500, 1000  
Magnitude of DIF 1.0, 1.5  
Latent mean distributions ΘR~N(0,1), ΘF~N(0,1)  
 ΘR~N(.5,1), ΘF~N(0,1)  
 ΘR~N(1,1), ΘF~N(0,1)  
Test length   15  items 
Number of DIF items   5 items (33.3%) 
Sample size ratio    1:1 
Class proportion   .5 
Overlap   80% 
 

61 



 

CHAPTER 4  
RESULTS 

Research Study 1 

In this section, the results of the first part of the simulation are presented. To 

answer the research question, data were generated for a two-group, two-class 

population with five of the 15 items simulated to display uniform DIF. The following 

conditions were manipulated in this study: sample size (500, 1000), DIF magnitude (1.0, 

1.5), and differences in latent ability means (0 SD, 0.5 SD). The factor mixture model as 

formulated in Equations 22 and 23 was applied to determine how successful the method 

was at recovering the correct number of classes. For each of the eight condition 

combinations, one-, two- and three-class models were fit to the data. These results are 

presented in two sections. First, the rates of model convergence for each of the eight 

simulation conditions are reported. Secondly, the information criteria (IC) results which 

were used for model comparison and class enumeration are discussed. The results for 

Study 1 are summarized in Tables 4-1 through 4-4. 

Convergence Rates 

Table 4-1 presents the data on the number of convergent solutions for each 

combination of the eight simulation conditions. As was previously mentioned in the 

Methods section, non-convergent cases were excluded from the analysis, therefore for 

some conditions results were based on fewer than 50 replications. The results showed 

that overall the convergence rates were very high (ranging from .82 to 1.0), and there 

were minimal convergence problems. Of the 1200 (50x3x8) replications, 1147 

successfully converged resulting in a 96% overall convergence rate. In addition, as the 

number of latent classes was increased, there was a corresponding decrease, albeit 
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minimal, in the number of properly converged solutions. More specifically, while the 

one-class model attained perfect convergence rates, the average convergence rates for 

the two- and three-class mixture models were 96% and 91% respectively.  An 

inspection of the results also revealed a positive relationship between the convergence 

rate and the DIF magnitude. Of the 16 cells that failed to converge in the two-class 

model, 15 of them were for the smaller DIF condition. A similar trend was observed with 

the three-class model. Namely, of the 37 cells that failed to produce a properly 

convergent solution in the three-class model, 27 were associated with the smaller  

DIF=1.0 condition.  The cases with non-convergent solutions were excluded from the 

second part of this analysis.  

Class Enumeration 

Summary data based on the three IC measures (AIC, BIC, and ssaBIC) for the 

one-, two-, and three-class models are provided in Tables 4-2 through 4-4. In comparing 

the fit of the models across classes, the smallest average IC value was used as the 

criterion in selecting the “best-fitting” model. An examination of the average IC values 

highlighted both overall and IC-specific patterns of results. First, as expected there is a 

general increase in the average IC values as sample size increases. Second, it is 

observed that the differences in average IC values between neighboring competing 

models were generally not substantial, and even negligible under some conditions. 

Third, with respect to the individual indices, a high level of inconsistency in model 

selection patterns is observed. The results for the three indices are described in more 

detail in the following sections. 
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Akaike Information Criteria (AIC) 

The average AIC values across the three specified mixture models are presented 

in Table 4-2. Overall, the pattern of results shows that the AIC tended to over-extract 

the number of latent classes. This trend was observed for six of the eight simulated 

conditions where the lowest AIC values corresponded to the three-class mixture model. 

The only exceptions to this pattern occurred for two of the four conditions when the DIF 

magnitude was increased to 1.5. In these cases, the lowest average AIC values 

occurred at the “correct” two-class model. However, it is important to note that the 

differences between neighboring class solutions were rather small, with the largest 

absolute difference between values being less than 40 points. Moreover, the differences 

are practically negligible between the two- and three-class models ranging in absolute 

magnitude over the eight simulated conditions from .02 to 8.72. Although, smaller IC 

values are indicative of better model fit, given the minor differences between the 

average AIC values, it makes selection between these two models a less “clear-cut” 

decision.  

Bayesian Information Criteria (BIC) 

The BIC results are presented in Table 4-3. Based on the average BIC values, this 

index consistently selected the simpler one-class model as the correct model for the 

data. For each of the eight manipulated simulation conditions, the lowest values 

corresponded to the one-class mixture model. Compared to the AIC, the IC differences 

between neighboring class models are generally higher for the BIC than for the 

corresponding AIC solutions. More specifically, the differences between neighboring 

class models ranged in absolute magnitude, between 40 and 88 points on average. The 

differences between the one-class and the “correct” two-class model were minimized 
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when the DIF magnitude was increased from 1.0 to 1.5. In these cases, even though 

the average IC values corresponded to the one-class model, because the average 

values are so similar in magnitude, it makes it difficult to unequivocally choose the one-

class solution as the best-fitting model.    

Sample-size adjusted BIC (ssaBIC) 

Summary values for the ssaBIC compared across the three mixture models are 

presented in Table 4-4. These results reflected patterns seen with both the AIC and the 

BIC. First, similar to the BIC, the ssaBIC values suggested the simpler one-class model 

under conditions where the magnitude of the simulated uniform DIF is at the lower value 

of 1.0. However, the index also exhibits a pattern similar to that of the AIC by 

associating the smallest average IC values with the “correct” two-class model when 

larger uniform DIF of 1.5 was simulated. Finally, as was the case with the other two IC 

measures, the magnitude of differences across the three models was small. This was 

especially true of the differences between the one- and two- class solutions, which 

ranged on average from 5.0 to 34.1 points. 

Research Study 2 

In the second part of the study, the objective was to evaluate the Type I error rate 

and power of the factor mixture approach in the detection of DIF. The manipulated 

conditions again included sample size, magnitude of DIF and differences in latent ability 

means. In addition to the conditions used in the first phase of the study, one additional 

level of latent mean differences was included. For a measure of large impact, the mean 

for the reference group was simulated to be 1.0 SD standard higher than the focal 

group. Therefore, a total of 12 conditions were manipulated: 2 DIF magnitude (1.0, 1.5) 

x 2 sample size (500, 1000) x 3 differences in latent trait means (0, 0.5 SD, 1.0 SD).  
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One thousand replications were generated for each of the 12 simulation conditions 

examined in the Type I error rate and Power studies. The results for the Type I error 

rate and statistical power are addressed in the sections below.   

Nonconvergent Solutions 

In this part of the study, population parameters replaced the starting values 

randomly generated by Mplus. This change substantially reduced the computational 

load and decreased the model estimation time. The convergence rates across each of 

the conditions are presented in Table 4-5. Overall, results indicate no convergence 

problems, with rates ranging between 99.4% and a perfect convergence rate.   

Type I Error Rate 

The factor mixture model was evaluated in terms of its ability to control the Type I 

error rate under a variety of simulated conditions. Of the 15 items, nine were simulated 

to be DIF-free. The Type I error rate was assessed by computing the proportion of times 

the nine DIF items were incorrectly identified as having DIF. An item was considered to 

display DIF if the differences in thresholds were significantly different from zero. 

Therefore for the nine non-DIF items, the Type I error rate was computed as the 

proportion of times that the items obtained p-values less than .05. The Type I error rates 

across the 12 simulation conditions are presented in Table 4-6. The values in the table 

represent the proportion of times that the method incorrectly flagged a non-DIF item as 

displaying DIF.  

The results in Table 4-6 indicate that the factor mixture analysis method did not 

perform as well as expected in controlling the Type I error rate. The results showed 

elevated Type I error rates across all the study conditions, which means that the 

approach consistently produced false identifications at a rate exceeding the nominal 
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alpha level of .05. Overall, the average Type I error rate was 11.8%, which even after 

accounting for random sampling error would still be considered unacceptably high.  

Across the individual conditions, the error rates ranged from .09 to .16. Not surprisingly, 

the factor mixture method exhibited its strongest control of the rate of incorrect 

identifications for conditions of large DIF magnitude (DIF = 1.5), large sample size (N = 

1000), and where there was either none or a moderate (0.5 SD) amount of impact. An 

initial examination of the pattern of results suggested that while the sample size and DIF 

magnitude are inversely related to Type I error rate, an increase in the mean latent trait 

differences resulted in slightly higher Type I error rates. For example, for the cells with 

DIF magnitude of 1.0, sample size of N = 500, and no impact, the Type I error rate was 

0.12; however, when the latent trait means differed by 1.0 SD, the rate of false 

identifications increased marginally to 0.16. A more detailed discussion of the effect of 

each of the three conditions is presented in the following sections. 

Magnitude of DIF 

Table 4-7 and 4-8 display the aggregated results for the effect of the two levels of 

DIF magnitude (1.0 and 1.5) on Type I error rates. Overall, the rates of false 

identifications showed a slight decrease as the magnitude of DIF was increased. For 

example, when DIF of 1.0 was simulated, error rates across the conditions were 

between .10 and .16, with an average rate of .13. However, for larger DIF of 1.5, the 

rates ranged from .09 to .12, averaging at .10. Regardless of the size of DIF, the inflated 

rates were most pronounced for the smaller sample size of N=500 and when the 

difference in latent trait means was maximized (1.0 SD).  
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Sample size 

The results in Tables 4-9 and 4-10 suggest a weak inverse relationship between 

sample size and the ability of the factor mixture method to control Type I error rates. At 

the smaller sample size (N=500), the rate of false identifications ranged from .10 to .16, 

with an average rate of .12. Of the six cells associated with the smaller sample size, the 

test showed greatest control of the Type I error when larger DIF (1.5) was simulated 

and there was equality of the latent trait means. Increasing the sample size to 1000 

decreased the Type I error rates marginally. Across the six conditions, the error rates 

were now between .09 and .14, averaging at .11, a negligible decrease from the 

average rate when N=500. However, the pattern of false identifications remained 

consistent across sample sizes: poor Type I error control was observed when smaller 

DIF (1.0) was simulated and there was large impact (1.0 SD); in contrast, improved 

control was observed for larger DIF magnitude (1.5) and in the absence of impact.   

Impact 

Three levels of impact (0, .5 SD, and 1.0 SD) were simulated in favor of the 

reference group. The aggregated Type I error rates which are summarized in Tables 4-

11 through 4-13 showed that the differences in latent trait means between groups had 

no appreciable effect on the rate of incorrect identifications The Type I error rates for the 

no-impact, 0.5 SD and 1.0 SD conditions increased marginally from .11 to .12 to .13, a 

change that can be attributed to the presence of random error. Though not below the 

nominal alpha value of .05, the Type I error rates were best controlled when both DIF 

(1.5) and sample size (N=1000) were large. 

68 



 

Variance components analysis 

Following the descriptive analysis of the pattern of Type I error rates across the 

simulated conditions, a variance components analysis was conducted to specifically 

examine the influence of each of the simulation conditions and interaction of the 

conditions on the Type I error rates. The results of this analysis are presented in Table 

4-13.  Based on the η² values which ranged from 0.000 to 0.007, the only factor 

contributing to the variance in Type I error rates was the magnitude of DIF accounting 

for  a mere 0.7%. All other main effects and interactions produced trivial η² values.  

Statistical Power 

In the analyses above, the proportion of false DIF detections produced by the 

factor mixture approach consistently exceeded the nominal value of 0.05. Typically, 

when this level occurs, power rates are no longer interpretable in terms of the standard 

alpha level. In this case, the power rates have still been analyzed and are displayed in 

Tables 4-15 and 4-24. However, it is important to note that these results should be 

interpreted with caution given the elevated Type I rates. 

Power was assessed as the proportion of times across the 1000 replications that 

the factor mixture analysis correctly identified the five items (i.e. Items 2 to 6) simulated 

as having uniform DIF. Typically, values of at least .80 indicate that the analysis method 

is reasonably accurate in correctly detecting items with DIF. Results for the power 

analysis are displayed in Tables 4-15 through 4-22.  

The overall accuracy of DIF detection of factor mixture analysis was 0.447, with 

the power of correct detection ranging from .264 to .801 across all simulated conditions. 

The only combination of conditions for which an acceptable level of power was achieved 

was when larger DIF (1.5) and sample size (N=1000) were simulated and impact was 

69 



 

absent. For all other conditions the test failed to maintain adequate power. An initial 

examination of these results suggests that whereas higher rates of DF detection are 

positively associated with DIF magnitude and sample size, there was a seemingly weak 

negative effect of impact. A more detailed discussion of the effect of each of the three 

conditions on DIF power rates follows. 

Magnitude of DIF  

As expected, increasing the magnitude of DIF significantly improved the power 

performance of factor mixture DIF detection (refer to Tables 4-16 and 4-17). On one 

hand, when DIF of 1.0 was simulated, the detection rates ranged on average from .264 

to .350. On the other, average detection rates ranged from .425 to .801 when larger DIF 

(1.5) was simulated in the items. Overall, similar detection patterns were observed at 

both levels of DIF: the accuracy of power detection was highest with larger sample sizes 

(N=1000) and in the absence of impact. In direct contrast, power was notably reduced 

when smaller sample sizes (N=500) and maximum impact (1.0 SD) were simulated.  

Sample size 

As shown in Tables 4-18 and 4-19, power rates were positively related to sample 

size; a result that was not unexpected. For sample size conditions of N=500, the DIF 

detection rate was .375, on average. However, a marked improvement in detection 

performance was observed (.520) when the sample size was increased to N=1000. A 

comparison across the two levels of sample size reveals that the factor mixture 

procedure exhibited its greatest power to detect DIF under the combined conditions of 

large DIF differences (1.5 SD) and equality of latent trait means.  
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Impact 

The effect of impact on DIF detection rates was also examined. The three levels 

investigated were: (i) equal latent trait means, (ii) a 0.5 SD difference between latent 

means, representing a moderate amount of impact, and (iii) a 1.0 SD difference 

between latent trait means, representing a large amount of impact. The aggregated 

results in Tables 4-20 through 4-22 show that as the difference in latent trait means 

between the groups was increased there was a negligible decline in the accuracy of the 

factor mixture method to detect DIF. For example, the average power rate decreased 

marginally from .486 to .455 to .401 under the no-impact, 0.5 SD, and the 1.0 SD 

conditions respectively. These results show that the presence of impact did not 

adversely affect the ability of the factor mixture approach to detect DIF.  

Effect of item discrimination parameter values  

For the five items simulated to contain DIF, three different levels of item 

discrimination were selected. For two items (Items 2 and 3), the discrimination 

parameter value was set at 0.5 to mimic low discriminating items, one item’s (Item 4) a-

parameter was selected as 1.0 - a medium level of discrimination, while two items 

(Items 5 and 6) with an a-parameter of 2.0 represented highly discriminating items. The 

discrimination parameter values for the non-DIF items were randomly selected from a 

normal distribution within a ±2 range.  

The power rates for DIF detection categorized by the level of item discrimination 

are shown in Table 4-23. These results show, as expected, that power is influenced by 

the item discrimination parameter. More specifically, the accuracy of DIF detection 

increased as the item discrimination values increased. The factor mixture method had 

on average a .369 rate of detecting DIF in low discriminating items, this increased to 
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.495 and .502 when DIF was simulated in items with medium and high values on the a-

parameter respectively. Moreover, while there was generally a clear difference in the 

accuracy of DIF detection between the low discriminating items (a=.5) and either the 

medium or highly discriminating items; no discernible differences were evident when 

comparing DIF detection rates between items with medium (a=1.0) and high values 

(a=1.5) on the a-parameter. The patterns of DIF detection discussed earlier remained 

consistent across the simulation conditions regardless of the items’ discriminating 

ability. 

Variance components analysis 

Finally, a variance components analysis was conducted to determine the influence 

on power rates of the simulation conditions and their interactions. In this analysis, the 

power rates across the five DIF items were used as the dependent variable while the 

simulated conditions served as the independent variables. As was expected, the results 

showed that of the main effects, the DIF magnitude was the most significant contributor 

by accounting for 19% of the variance in the power rates. Following was sample size 

with approximately 5% and the interaction between these two factors with 1.2%. Each of 

the other terms contributed less than 1.0% to the variance in the power rates. These 

results are shown on Table 4-24. 
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Table 4-1. Number of converged replications for the three factor mixture models 
DIF 
Magnitude 

Sample 
Size 

Ability 
Differences 

One-class Two-class Three-class 

1.0 500 0 50 46 43 
  0.5 50 46 46 
 1000 0 50 45 41 
  0.5 50 48 43 
1.5 500 0 50 50 47 
  0.5 50 49 46 
 1000 0 50 50 49 
  0.5 50 50 48 
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Table 4-2. Mean AIC values for the three mixture models 
DIF 
Magnitude 

Sample 
Size 

Ability 
Differences 

One-class Two-class Three-class 

1.0 500 0   9,520.64   9,509.62   9,501.86 
  0.5   9,310.67   9,305.81   9,298.37 
 1000 0 18,956.98 18,961.67 18,961.03 
  0.5 18,578.46 18,578.01 18,569.40 
1.5 500 0   9,495.81   9,473.12   9,473.10 
  0.5   9,314.87   9,284.66   9,293.38 
 1000 0 18,953.93 18,916.12 18,918.62 
  0.5 18,559.08 18,556.92 18,550.50 
Note: AIC – Akaike Information Criterion 
 
 
Table 4-3. Mean BIC values for the three mixture models 
DIF 
Magnitude 

Sample 
Size 

Ability 
Differences 

One-class Two-class Three-class 

1.0 500 0   9,647.08   9,707.71   9,771.59 
  0.5   9,437.11   9,503.89   9,568.11 
 1000 0 19,104.21 19,192.34 19,275.12 
  0.5 18,725.70 18,808.68 18,883.21 
1.5 500 0   9,622.25   9,671.21   9,742.83 
  0.5   9,441.31   9,482.75   9,563.11 
 1000 0 19,101.16 19,146.78 19,232.72 
  0.5 18,706.31 18,787.58 18,864.60 
Note: BIC – Bayesian Information Criterion 
 
 
Table 4-4. Mean ssaBIC values for the three mixture models 
DIF 
Magnitude 

Sample 
Size 

Ability 
Differences 

One-class Two-class Three-class 

1.0 500 0   9,551.86   9,558.53   9,568.45 
  0.5   9,341.89   9,354.71   9,364.97 
 1000 0 19,008.93 19,043.06 19,071.86 
  0.5 18,630.42 18,659.40 18,679.95 
1.5 500 0   9,527.02   9,522.03   9,539.69 
  0.5   9,346.09   9,333.56   9,359.97 
 1000 0 19,005.88 18,997.51 19,029.45 
  0.5 18,611.03 18,638.31 18,661.33 
Note: ssaBIC – sample size adjusted Bayesian Information Criterion  
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Table 4-5. Percentages of converged solutions across study conditions 
DIF Magnitude Sample Size Ability Differences Percentage of converged 

solutions   
1.0 500 0   99.8 
  0.5   99.5 
  1.0   99.4 
 1000 0 100.0 
  0.5   99.7 
  1.0   99.6 
1.5 500 0   99.8 
  0.5   99.7 
  1.0   99.7 
 1000 0 100.0 
  0.5 100.0 
  1.0   99.8 
 
 
 

 

Table 4-6. Overall Type I error rates across study conditions 
DIF Sample Size Impact Error rates 
1.0    500 0 0.123 
  0.5 0.126 
  1.0 0.159 
 1000 0 0.131 
  0.5 0.129 
  1.0 0.138 
1.5    500 0 0.097 
  0.5 0.112 
  1.0 0.116 
 1000 0 0.092 
  0.5 0.092 
  1.0 0.100 
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Table 4-7. Type I error rates for DIF = 1.0 
Sample size Impact Error rates 
  500 0 0.123 
  500 0.5 0.126 
  500 1.0 0.159 
1000 0 0.131 
1000 0.5 0.129 
1000 1.0 0.138 
 
 
 
Table 4-8. Type I error rates for DIF = 1.5 
Sample size Impact Error rates 
  500 0 0.097 
  500 0.5 0.112 
  500 1.0 0.116 
1000 0 0.092 
1000 0.5 0.092 
1000 1.0 0.100 
 
 
 
Table 4-9. Type I error rates for sample size of 500 
DIF Impact Error rates 
1.0 0 0.123 
1.0 0.5 0.126 
1.0 1.0 0.159 
1.5 0 0.097 
1.5 0.5 0.112 
1.5 1.0 0.116 
 
 
 
Table 4-10. Type I error rates for sample size of 1000 
DIF Impact Error rates 
1.0 0 0.131 
1.0 0.5 0.129 
1.0 1.0 0.138 
1.5 0 0.092 
1.5 0.5 0.092 
1.5 1.0 0.100 
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Table 4-11. Type I error rates for impact of 0 SD 
DIF Sample size Error rates 
1.0   500 0.123 
1.0 1000 0.131 
1.5   500 0.097 
1.5 1000 0.092 
 
 
 
Table 4-12. Type I error rates for impact of 0.5 SD 
DIF Sample size Error rates 
1.0   500 0.126 
1.0 1000 0.129 
1.5   500 0.112 
1.5 1000 0.092 
 
 
 
Table 4-13. Type I error rates for impact of 1.0 SD 
DIF Sample size Error rates 
1.0   500 0.159 
1.0 1000 0.138 
1.5   500 0.116 
1.5 1000 0.100 
 
 
 
Table 4-14. Variance components analysis for Type I error  
Condition   η² 
DIF Magnitude (D) .007 
Sample size (S) .000 
Impact (I) .001 
D*S .000 
D*I .000 
S*I .000 
D*S*I .000 
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Table 4-15. Overall power rates across study conditions 
DIF Sample Size Impact Power 
1.0    500 0 0.268 
  0.5 0.267 
  1.0 0.264 
 1000 0 0.350 
  0.5 0.324 
  1.0 0.291 
1.5    500 0 0.525 
  0.5 0.498 
  1.0 0.425 
 1000 0 0.801 
  0.5 0.731 
  1.0 0.623 
 
 
 
Table 4-16. Power rates for DIF of 1.0 
Sample size Impact Power 
 500 0 0.268 
 0.5 0.267 
 1.0 0.264 
1000 0 0.350 
 0.5 0.324 
 1.0 0.291 
 
 
 
 
Table 4-17. Power rates for DIF of 1.5 
Sample size Impact Power 
 500 0 0.525 
 0.5 0.498 
 1.0 0.425 
1000 0 0.801 
 0.5 0.731 
 1.0 0.623 
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Table 4-18. Power rates for sample size N of 500 
DIF Impact Power 
1.0 0 0.268 
 0.5 0.267 
 1.0 0.264 
1.5 0 0.525 
 0.5 0.498 
 1.0 0.425 
 
 
 
Table 4-19. Power rates for sample size N of 1000 
DIF Impact Power 
1.0 0 0.350 
 0.5 0.324 
 1.0 0.291 
1.5 0 0.801 
 0.5 0.731 
 1.0 0.623 
 
 
 
Table 4-20. Power rates for impact of 0 SD 
DIF Sample Size Power 
1.0   500 0.268 
1.0 1000 0.350 
1.5   500 0.525 
1.5 1000 0.801 
 
 
 
Table 4-21. Power rates for impact of 0.5 SD 
DIF Sample Size Power 
1.0   500 0.267 
1.0 1000 0.324 
1.5   500 0.498 
1.5 1000 0.731 
 
 
 
Table 4-22. Power rates for impact of 1.0 SD 
DIF Sample Size Power 
1.0   500 0.264 
1.0 1000 0.291 
1.5   500 0.425 
1.5 1000 0.623 
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Table 4-23. Power rates for DIF detection based on item discriminations 
DIF Sample 

Size 
Impact a = .5 a = 1.0 a = 2.0 

1.0 500 0.0 .184 .194 .273 .332 .359 
  0.5 .200 .220 .273 .321 .323 
  1.0 .200 .227 .273 .326 .296 
 1000 0.0 .261 .257 .387 .430 .416 
  0.5 .248 .243 .363 .372 .392 
  1.0 .226 .238 .332 .300 .357 
1.5 500 0.0 .409 .425 .612 .598 .580 
  0.5 .411 .401 .561 .546 .571 
  1.0 .340 .360 .465 .481 .476 
 1000 0.0 .731 .728 .885 .841 .819 
  0.5 .640 .655 .814 .782 .763 
  1.0 .531 .528 .697 .675 .685 
        
   .365 .373 .495 .500 .503 
 
 
 
Table 4-24. Variance components analysis for power results 
Condition   η² 
DIF Magnitude (D) .190 
Sample size (S) .046 
Impact (I) .009 
D*S .012 
D*I .005 
S*I .002 
D*S*I .001 
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CHAPTER 5 
DISCUSSION 

This study was designed to evaluate the overall performance of the factor mixture 

analysis in detecting uniform DIF.  Specifically, there were two primary research goals, 

namely: (i) to assess the ability of the factor mixture approach to correctly recover the 

number of latent classes, and (ii) to examine the Type I error rates and statistical power 

associated with the approach under various study conditions. Using data generated by 

a 2PL IRT framework, a Monte Carlo simulation study was conducted to investigate the 

properties of the proposed factor mixture model approach to DIF detection. First, a 15-

item dichotomous test simulated for a two-group, two-class population was generated. 

In both parts of the study, the effect of DIF magnitude, sample size and differences in 

latent trait means on the performance of the mixture approach were examined.  First, 

the major findings of each phase of the simulation are summarized. This will be followed 

by a discussion of the limitations of this study and suggestions for future research.  

Class Enumeration and Performance of Fit Indices 

In assessing the accuracy of the factor mixture approach to accurately recover the 

correct number of latent classes, models with one through three latent classes were fit 

to the simulated data. In addition, three commonly-used information criteria indices 

(AIC, BIC, and ssaBIC) were used in the selection of the “correct” model.  Overall, there 

was a high level of inconsistency among the three ICs.  In this study, the AIC tended to 

over-extract the number of classes and under the majority of study conditions supported 

the more complex but “incorrect” three-class model over the “true” two-class model. 

This behavior was sharply contrasted with that of the BIC, which tended to 

underestimate the correct number of latent classes and consistently favored the simpler 
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one-class model. In contrast to the distinctly different results produced by the AIC and 

BIC, the ssaBIC produced more balanced results by showing a preference for the two-

class model over the 1-class model as the magnitude of DIF simulated between groups 

increased. Moreover, of the three factors examined (magnitude of DIF, sample size, and 

presence of impact) the patterns of model selection were most affected by the change 

in DIF magnitude. However, while the behavior of the three ICs was influenced when 

larger amounts of DIF were simulated, the effect was different across ICs. For example, 

when the DIF magnitude was increased from 1.0 to 1.5, the ssaBIC identified the two-

class model under three of the four conditions. In the case of the AIC, the two-class 

model had its lowest average IC values for two of the four conditions. And while the BIC 

still tended to favor the one-class model, the differences between the one-class and 

two-class model were minimized on increasing the DIF magnitude from 1.0 to 1.5. 

Therefore, the ssaBIC was most affected by the presence of larger DIF, followed by the 

AIC and lastly the BIC.    

In discussing these findings, it is important to note that the results of this Monte 

Carlo study though disappointing were not totally unexpected since previous research 

studies have also reported similar inconsistent performances for these fit indices (Li et 

al., 2009; Lin & Dayton, 1997; Nylund et al., 2006; Reynolds, 2008; Tofighi & Enders, 

2007; Yang, 2006). Additionally, the pattern of results exhibited in this study by the 

indices has also been observed in other mixture model studies. For example, in 

research conducted by Li et al. (2009), Lin & Dayton (1997), and Yang (1998), the 

authors observed similar patterns of behavior, namely, the tendency of the AIC to 

overestimate the true number of classes and the BIC to select simpler models with a 
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smaller number of latent classes. On the other hand, while simulation results from 

Nylund et al. (2006) supported the finding of the AIC favoring models with more latent 

classes, their study found the BIC to be most consistent indicator of the true number of 

latent classes. This latter result contrasted with other studies which touted the merits of 

the ssaBIC for class enumeration over the BIC (Henson, 2004; Yang, 2006; Tofighi & 

Enders, 2007). Therefore, given the inconsistencies in results, no single information 

criteria index can be regarded as being the most appropriate for class enumeration for 

all types of finite mixture models. Liu (2009) argued that because the performances of 

the indices depend heavily on the estimation model and the population assumptions 

that these inconsistencies should be expected. In addition, because to date no full scale 

study has been conducted comparing the performance of these indices for factor 

mixture DIF applications, no definite conclusion can be reached regarding the index that 

is best suited for this type of factor mixture application. Clearly, this represents an 

opportunity for future research.  

Results from this study also point to several instances where negligible differences 

in IC values between neighboring class models were observed. Therefore, even though 

a model may have produced the lowest average IC value, the IC value of the k+1 or k-1 

class model did not differ substantially from that of the k-class model. In cases such as 

this, the absence of an agreed-upon standard for calculating the significance of these IC 

differences increases the ambiguity of the selection of the “correct” model. This 

presents the opportunity for the creation of such a significance statistic; a possibility that 

will be explored later as a potential area for further research.     
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Overall, the ambiguity of these findings serve to reinforce the point that was made 

earlier, namely, that the IC results should never be relied upon as the sole determinant 

of the number of classes. Several researchers have stressed the importance of 

incorporating substantive theory in guiding the model selection decision (Allua, 2007; 

Bauer and Curran, 2004; Kim, 2009; Nylund et al., 2007; Reynolds, 2008). Moreover, 

Reynolds (2008) contends that the researcher often has some belief about the 

underlying subpopulations, therefore this should be taken into account in determining 

which of the models best fit the data.  

Type I Error and Statistical Power Performance 

In this phase of the study, the performance of the factor mixture model was 

evaluated in terms of its Type I error rate and power of DIF detection. As was done in 

the first part of the study data were again simulated for a 15-item test based on the 2PL 

IRT model. However, in this case it was assumed that the number of classes was 

known to be two. Five of the 15 items were simulated to contain uniform DIF in favor of 

the reference group. In investigating the Type I error rate and power of the test, three 

factors (DIF magnitude, sample size and impact) shown previously to affect DIF 

detection were also manipulated and their effect on the test was noted. More 

specifically, two levels of DIF magnitude (1.0 , 1.5) and of sample size (N=500, N=1000) 

were simulated. For the effect of impact, three levels, 0, 0.5 SD and 1.0 SD were 

chosen to reflect none, moderate and large mean differences in the latent trait.  For 

each of the 12 conditions, a total of 1000 replications were run. The Type I error and 

statistical power of the factor mixture method for DIF detection was investigated across 

all conditions. 

84 



 

Type I Error Rate Study 

With the exception of the referent (Item 1) whose thresholds were constrained 

across latent classes for identification purposes, the remaining nine DIF-free items were 

used in assessing the ability of the factor mixture to control the Type I error close to the 

nominal alpha level of .05.  However, the DIF factor mixture approach yielded inflated 

error rates ranging in magnitude from .092 to .159 across all 12 study conditions. 

Whereas the rates of incorrect detection improved with large DIF and sample size, the 

effect of increasing impact had little effect in controlling the Type I error rates. In 

assessing the performance of several DIF detection procedures, previous studies have 

confirmed the inverse relationship between the inflation of Type I error rates and both 

sample size and size of DIF, with tests attaining their optimal performance at controlling 

Type I error rates when samples sizes are larger and with higher amounts of DIF 

(Cohen, Kim & Baker, 1993; Dainis, 2008; Donoghue, Holland, & Thayer, 1993; Oort, 

1998; Wanichtanom, 2001). Previous simulation results regarding the influence of 

impact on Type I error rates have been divided. Whereas some studies have reported 

Type I error inflation in the presence of impact (Cheung & Rensvold, 1999; Lee, 2009; 

Roussos & Stout, 1996; Uttaro & Millsap, 1994), others have shown good control of the 

error rates for moderate impact of .5 SD (Stark et al., 2006) and even for latent mean 

differences as large as 1 SD (Shealy & Stout, 1993).  Differences in latent ability 

distributions are common for both cognitive and non-cognitive measures, hence it is 

critical for DIF detection methods, particularly those that do not differentiate between the 

presence of DIF and impact, are robust to the effects of group differences in latent trait 

means.  
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Statistical Power Study 

The study also evaluated the power of the factor mixture approach to detect 

uniform DIF. In spite of the failure of the factor mixture analysis to adequately protect 

the Type I error rates across the study conditions, the power results were still reviewed 

to get some sense of the pattern of DIF detection. Overall, these findings represent a 

mix of the predictable and the unexpected. What was expected was that the power of 

the factor mixture analysis method of DIF detection would increase as sample size and 

magnitude of DIF increased. In addition, it was not a surprising outcome that the 

magnitude of the discrimination parameter also influenced DIF detection rates; power 

was highest when detecting DIF in the more highly discriminating items, followed by 

studied items with medium and low discrimination parameters. Overall, these results are 

not only intuitively appealing but have been consistently supported by prior research 

conducted with different methods of DIF detection (Donoghue et al., 1993; Narayanan & 

Swaminathan, 1994; Rogers & Swaminathan, 1993; Stark et al., 2006). On the other 

hand, the surprising result was that even in the presence of large latent trait mean 

differences of 1.0 SD, the rates of DIF detection were not adversely affected by impact. 

While this finding was consistent with some studies (González-Romá et al., 2006; 

Narayanan & Swaminathan, 1994; Rogers & Swaminathan, 1993; Shealy & Stout, 

1993; Stark et al., 2006), others have reported contradictory results with reductions in 

power as the disparity in latent means increased (Ankemann et al., 1999; Clauser, 

Mazor, & Hambleton, 1993; Finch & French, 2007; Narayanan & Swaminathan, 1996; 

Tian, 1999; Zwick, Donoghue, & Grima, 1993). However, it is important to note that 

these prior empirical studies all utilized standard DIF analyses rather than a mixture 

approach, as was used in this simulation.  
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Reconciling the Simulation Results 

On one hand, the overall pattern of findings across the simulation conditions 

exhibits consistency with previous DIF results. On the other, the factor mixture approach 

was not as successful as was hoped at controlling the rate of false identifications and as 

a result in demonstrating power to detect DIF. However, if the factor mixture approach is 

to be regarded as a viable DIF detection method, possible reasons for this deviation 

from the expected performance must be addressed. Under a manifest approach to DIF 

an item is said to exhibit DIF if groups matched on the latent ability trait differ in their 

probabilities of item response (Cohen et al., 1993). Therefore, in that context, DIF is 

defined with respect to the manifest groups being considered. By contrast, the mixture 

approach posits a different conceptualization of DIF. In this case, the underlying 

assumption is that DIF is observed because of differences in item responses between 

unobserved latent classes rather than known manifest groups. Moreover, it is further 

assumed that unless there is perfect overlap between the manifest groups and the 

latent classes then the two methods should not be expected to produce the same DIF 

results (De Ayala et al., 2002). Perfect overlap implies that the composition in each of 

the latent classes is exactly the same as in the two manifest groups. For instance, in the 

case of a two-class, two-group population, 100% of the reference group would comprise 

latent class 1, while 100% of the focal groups would belong to latent class 2.  However, 

De Ayala et al. (2002) contend that it is unlikely that this perfect equivalence between 

latent classes and manifest groups will occur. Because the composition of the latent 

classes is likely to differ from that of the manifest groups, then it should be expected 

that the DIF results will differ, particularly as the level of overlap moves from 100% to 

50%. Therefore, while there is expected to be some similarity in results between the two 
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approaches, the results are not necessarily identical except in the case of perfect group-

class correspondence. In this simulation, given that the overlap between the latent 

classes and manifest groups was simulated to be 80%, then the DIF results should be 

expected to differ to some degree. Therefore, one possible reason for the Type I error 

rate inflation may have emerged because of this difference in definition and 

conceptualization of DIF. Additionally, the procedure used to test the invariance of the 

items may also have contributed to this seemingly high rate of inflation. In testing the 

significance of the differences in item thresholds, Mplus invokes a Wald test. An 

examination of these estimates revealed several large coefficients which in turn would 

have resulted in large z-statistics and an increased likelihood of significance. However, 

the issue of whether the inflated error rate resulted from applying a factor mixture 

approach to these data or from the using the significance testing of threshold 

differences in testing for non-invariant items remains unresolved. 

Limitations of the Study and Suggestions for Future Research 

As with all simulation research, there are several limitations to this study. 

However, these limitations also point to the need for future research. First, in 

determining the correct number of latent classes, the findings were limited by use of 

only one type of model fit index. It would have been interesting to compare the results of 

the information criteria indices (i.e. AIC, BIC and ssaBIC) with those of alternative tests 

such as the Lo-Mendell-Rubin likelihood ratio test (LMR LRT) and the bootstrap LRT 

(BLRT). In their simulation study, Nylund et al. (2006) found that the LMR LRT has been 

was reasonably effective at identifying the correct mixture model. However, the BLRT 

outperformed both the likelihood-based indices and the LMR LRT as the most 

consistent indicator for choosing the correct number of classes. While these results are 
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promising, the LMR LRT and the BLRT are not without their potential drawbacks. 

Jeffries (2003) has been critical of the LMR LRT’s use in mixture modeling and has 

suggested that the statistic be applied with caution. In addition, the BLRT which uses 

bootstrap samples is a far more computationally intensive approach than the 

information-based statistics. As a result, the BLRT though seemingly a reliable index, is 

seldom used in practice by the applied researcher (Liu, 2008). Therefore, additional 

attention may be focused on identifying alternative, robust model selection measures 

that provide more consistency than the ICs but are less computationally demanding 

than the BLRT. A second limiting factor in this part of the study was that the selection of 

the best-fitting model was based on the average IC values. A more reliable approach 

would have been to determine the percentage of times (out of the completed 

replications) that each index identifies the correct model.  However, in this study, it was 

not possible to provide a one-to-one comparison of the IC values across the three class-

solutions when a 100% convergence rate was not achieved. Therefore, in future 

research, this change should be implemented so that the percentage of correct model 

identifications can be compared for each of the indices. It should also be mentioned that 

while previous studies have evaluated the performance of model selection methods with 

respect to a variety of mixture models (GMM, LCA, FMM), to date no research has been 

conducted to evaluate the performance of these indices when used in the context of DIF 

detection. To fill this gap in the methodology literature requires a more extensive study 

focusing on the detection of DIF with mixture models. 

As with all simulation research, the findings can only be generalized to the limited 

number of conditions selected for this study. It should be noted that in the original 
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design of this study, several additional conditions were considered. However, given the 

computational intensity of mixture modeling, and in the interest of time, it was decided to 

reduce the number of study conditions to the smaller set that was studied. Therefore, 

future research should consider a broader range of simulation conditions which would 

make for a more realistic study. For example, in addition to sample sizes, it would be of 

interest to investigate the ratios of focal to reference groups sample size as well. In this 

study, a 1:1 sample size ratio of focal to reference group was considered. And while this 

may be representative of an evenly split manifest variable such as gender (Samuelsen, 

2005), unequal sample groups tend the mimic minority population characteristics such 

as race (e.g. Caucasian vs. black or Hispanic). In traditional DIF assessments, power 

rates are typically higher for equal focal and reference group sizes than with unequal 

sample size ratios (Atar, 2007).  Therefore it would be interesting to investigate whether 

this finding is consistent with factor mixture DIF detection methods.  

Other conditions, fixed in this current study, that could be manipulated in future 

research include: (i) the nature of the items, (ii) the scale length, and (iii) the type of DIF. 

In the study, data were simulated for dichotomous items only. An interesting extension 

would be the evaluation of the model using categorical response data generated from 

different IRT polytomous models (e.g. the graded response model or the partial credit 

model). Another condition that could be manipulated is the number/proportion of items 

simulated to contain DIF. In addition, assessing the performance of the model selection 

indices and the mixture model with respect to varying scale lengths should also make 

for a more complete, informative study. While it is expected that longer tests would 

produce lower Type I error rates and increase power, it would be of interest to 
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determine how short the scale should be for the test to perform adequately. The focus 

of this study was on the detection of uniform DIF.  However, in future research, the type 

of DIF factor can be extended to include both uniform and non-uniform DIF. To test for 

the presence of non-uniform DIF, the factor mixture model as implemented in this study 

must be reformulated so that in addition to the item thresholds, factor loadings are 

allowed to vary across classes as well. The Type I error rates and power of the factor 

mixture model to detect non-uniform DIF can then be evaluated and compared with the 

corresponding results for uniform DIF. Additionally, in this study, the item discrimination 

parameter was not included as a factor in the study. Instead its effect was examined on 

its own as a single condition. Therefore, in future research, the effect of including this 

study condition may be investigated. 

In generating the data, the mixture proportion for the two-classes was simulated to 

be .50. However, after the model estimation phase, the ability of the factor mixture 

approach to accurately recover the class proportions was not evaluated. This omission 

should also be addressed in future research.  

Finally, to the author’s knowledge, the strategy used in testing the items for non-

invariance has been recently introduced to the factor mixture literature and to date has 

been implemented in two studies. Its advantage is that it provides a simpler more direct 

alternative to DIF detection than the CFA baseline approaches which require the 

estimation and comparison of two models. However, it has not yet been subjected to the 

methodological rigor of more established methods. Therefore, a potential extension to 

this study would be a comparison of the performance of the significance testing of the 
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threshold differences using the Mplus model constraint option versus either a 

constrained- or a free-baseline strategy for testing DIF with mixture CFA models.   

Conclusion 

In the last decade, a burgeoning literature on mixture modeling and its applications 

has emerged. And although several of these research efforts have been concentrated in 

the area of growth mixture modeling, there is also a groundswell of interest in applying a 

mixture approach in the study of measurement invariance. Therefore, in concluding this 

dissertation it is important to reiterate the motivation that should precede the use of this 

technique as well as some key concerns that applied should keep in mind when 

deciding whether a mixture modeling is an appropriate approach for their research. The 

intrinsic appeal of mixture models is that they allow for the exploration of unobserved 

population heterogeneity using latent variables. Under the traditional conceptualization, 

DIF is defined with respect to distinct, known sub-groups. Therefore, in using standard 

DIF approaches, practitioners are seeking to determine if after controlling for latent 

ability whether differences in item response patterns are a result of a known variable 

such as gender or race. However, when investigating DIF from a latent perspective, 

there is an implied assumption that the presence of unobserved latent classes gives rise 

to the pattern of differential functioning in the items. Advocates of this approach contend 

that it allows for a better understanding of why examinees may be responding differently 

to items and this is certainly an attractive inducement to practitioners. However, these 

results suggest that unless large sample sizes and large amounts of DIF are simulated 

in the data the factor mixture approach is likely to be unsuccessful at disentangling the 

population into distinct, distinguishable latent classes. Additionally, commonly-used fit 

indices such as the AIC, BIC, and ssaBIC are likely to produce inconsistent results and 
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may cause the incorrect selection of more or fewer classes than actually exist in the 

population. Therefore, it is critical that the practitioner has a strong theoretical 

justification to support the assumption of population heterogeneity. This should 

decrease the ambiguity in the selection of the best-fitting model for the data and in the 

interpretation of the nature of the latent classes. However, when the data and the theory 

support the existence of these latent classes, the technique can be used successfully to 

detect qualitatively different subpopulations with differential patterns of response that 

may otherwise had been overlooked using a traditional classic DIF-procedure. In the 

context of education research, the application of mixture models can provide valuable 

diagnostic information that can be used to gain insight into students’ cognitive strengths 

and weaknesses.  

This study was designed as a means of bridging the gap between the manifest 

and latent approaches by examining the performance of the factor mixture approach in 

detecting DIF in items generated via a traditional framework.  And even though the 

manifest approach will remain a staple in the DIF literature, it is expected that the 

interest in factor mixture models in DIF will continue to grow.  Therefore, by further 

exploring these two approaches differ not only as concepts but also in results and 

application will ensure that each is appropriately used in practice. 
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APPENDIX A 
MPLUS CODE FOR ESTIMATING 2-CLASS FMM 

TITLE:       Factor mixture model for a two-class solution. 
 
DATA:       FILE IS allnames.txt; 
                  TYPE = montecarlo; 
 
VARIABLE: NAMES = u1-u15 class group; 
            USEV ARE u1-u15; 

CATEGORICAL = u1-u15; 
          CLASSES = c (2); 
 
ANALYSIS: TYPE = MIXTURE; 
          ALGORITHM = INTEGRATION; 
             INTEGRATION = STANDARD (20); 
             STARTS = 600 20; 
             PROCESS = 2; 
 
MODEL: %OVERALL% 
      f BY u1-u15; 
 
          %c#1% 
          [u2$1-u15$1]; 
          f; 
 
          %c#2% 
          [u2$1-u15$1]; 
      f; 
 
OUTPUT: TECH8 TECH9; 
          STANDARDIZED; 
 
 
SAVEDATA: RESULTS ARE results.txt; 
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APPENDIX B 
MPLUS CODE FOR DIF DETECTION  

TITLE: Factor mixture model for a two-class solution. 
                 Items = 15 , DIF =1.0 
 
DATA:  FILE IS allnames.txt; 
             TYPE = montecarlo; 
 
VARIABLE: NAMES = u1-u15 class group; 
          USEV ARE u1-u15; 
            CATEGORICAL = u1-u15; 
          CLASSES = c (2); 
 
ANALYSIS: TYPE = MIXTURE; 
          ALGORITHM = INTEGRATION; 
             INTEGRATION = STANDARD (20); 
             STARTS = 0; 
            PROCESS = 2 ; 
 
MODEL: %OVERALL% 
       f BY u1@1 u2*0.500 / / / / u15*0.867; 
 
        %c#1% 
        [u1$1] (p1_1); !Assigns names to indicators for constraint purposes 
        [u2$1*-0.500] (p1_2);   
        / / / /  
        [u15$1*0.609] (p1_15); 
        f; 
         
        %c#2% 
        [u1$1] (p1_1);   !Threshold of Item 1 constrained equal across classes 
        [u2$1*0.000] (p2_2);  !Remaining 14 item thresholds freely estimated 
        / / / / 
       [u15$1*0.609] (p2_15); 
        f; 
 
MODEL CONSTRAINT: 
 
New(difi2 difi3 difi4 difi5 difi6 difi7 difi8 difi9 difi10 difi11 difi12 difi13 difi14 difi15); 

! Declares new variables (difi2,...,difi15)which are functions of  
! previous variables 

 
difi2= p2_2 - p1_2;   !Estimates threshold differences 
/ / / / 
difi15= p2_15 - p1_15; 
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