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This study explores optimal choices for the number of anchor items and equating 

links that yield satisfactorily stable equating results in a Non-Equivalent Anchor Test 

(NEAT) design. Despite diverse research in this area, little is known about the influence 

of standard errors of equating on scale stability. The objective of this study is to 

investigate if standard errors associated with equating tests with (a) longer anchor items 

and (b) longer equating links would be significantly different from those having shorter 

anchor items and equating links respectively. A bank of 30 anchor items was simulated 

to mimic the difficulty and discrimination parameters on the 2006/2007 Canadian 

Provincial Mathematics Assessment which was used to show the equating relationships 

between two forms. Person parameters were simulated from a normal distribution with 

varying mean ability levels to depict an operational testing situation. Dichotomously 

scored item responses were generated using the two parameter logistic (2PL) function. 

The results indicate that, for conditions without IPD, the standard errors of equating 

were significantly different for test forms with longer anchor as compared to those with 

shorter anchor items. On the other hand, the standard errors of the chained equating 
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coefficients were virtually the same when two links and three links, respectively, were 

used.  
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CHAPTER 1 
INTRODUCTION 

In this era of standardized testing, it is of utmost importance to ensure fairness in 

the meaning and interpretations attached to test scores, such that these scores are 

comparable from one administration to another. Despite conscientious efforts by test 

developers to ensure equivalency of test forms, it seems practically a Herculean task to 

achieve. Therefore, linking scales and equating scores is necessary for assessing the 

changes in student performance over time and help to ensure score comparability 

across years, administrations and test forms. 

Score comparability, as noted above, can be achieved through anchor item 

linking designs. Anchor item linking designs are used for non-equivalent groups such 

that a test form is equated to another by utilizing certain items that are common to both 

which must be representative of the entire test. These linking designs mostly adopt Item 

Response Theory (IRT) methods in which item parameters are estimated and are 

assumed to be invariant under linear transformation (Lord, 1980). This invariant 

property of IRT has the assumption that the parameters estimated from different 

samples of the same population are the same up to a linear transformation. In practice, 

however, this assumption does not hold true in all cases. When an item performs 

differently for examinees of similar ability, it is defined as differential item functioning 

(DIF), (Holland & Wainer, 1993). Whereas, changes in the statistical properties 

(difficulty and discrimination) of a test in different testing occasions is referred to as Item 

parameter drift (IPD) (Goldstein, 1983; Bock, Muraki & Pfeiffenberger, 1988). 

The linear relationship between θ-estimates and item parameter estimates 

indicates that the difference in the scaled scores is the result of difference in θs across 
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groups or over time, when the parameters would remain unchanged if they were on the 

same scale (Chen, 2013). Nevertheless, there could be some changes in item 

parameter as a result of changes in curriculum, frequent exposure of items, content of 

items and other reasons. Such changes can threaten the validity of test scores by 

introducing trait-irrelevant differences on θ-estimates, in which case scores may not 

even be comparable.  Therefore, it is of great importance and necessity to monitor scale 

stability over time. Also, in order to maintain a stable scale over time to ensure score 

comparability, the number of anchor items on a test as well as the number of equating 

links to be utilized have a role to play. Test developers need to know what number of 

anchor items on a test and/or number of equating links that produce satisfactorily stable 

equating results under different conditions. 

Although, research on DIF, IPD and scale stability has been on the increase, the 

research on the impact of IPD on θ-estimates has produced diverse results. Some of 

these research studies found that IPD could compound over multiple testing occasions 

and that the choice of linking model could have a large effect on the θ-estimates 

(Wollack, Sung & Kang, 2005; 2006). In addition, previous research studies on anchor 

test length (Ricker and von Davier, 2007) only considered 1 scenario; when IPD is not 

present and therefore conclude that longer anchor produces better equating results. 

Also, existing research on chain linking (Battauz M, 2011) compared various methods of 

conducting chained equating and found that the results from equating are method 

dependent. The simulation study and operational example used in his study produced 

contrasting results due to the equating designs utilized. Despite diverse research on the 

subject matter, nothing is known about the influence of anchor test length in the 
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presence of IPD on the magnitude of standard errors of equating. Also, little is known 

about the impact of length of equating links on the magnitude of standard errors of 

equating, which- in turn- affects scale stability. 

The objective of this study is to assess optimal choices for anchor test length in 

two scenarios- when IPD is present and when IPD is not present. The study also seeks 

to assess the number of equating links that produce satisfactorily stable equating results 

using a 2PL model. Specifically, research questions were put forward: 

1. What are optimal choices for anchor test length that produce satisfactorily stable 
equating results- when IPD is present and when IPD is not present? (Study 1) 

2. What are optimal choices for the number of equating links that yield satisfactorily 
stable equating results when IPD is not present?  (Study 2) 

To answer the research questions, 2 simulation studies were conducted to 

examine the relationship between anchor test lengths in two scenarios as stated in the 

first research question and standard errors of equating of equating as well as the 

influence of the number of equating links on standard errors of equating. Data are 

generated through 2 simulation studies using R. 

This research will be divided as follows; Chapter 1 is the introduction, Chapter 2 

is the literature review while Chapter 3 is the methodology. Chapter 4 explains the 

results of the analysis and Chapter 5 is the summary and conclusion. 
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CHAPTER 2 
LITERATURE REVIEW 

Item Parameter Drift 

Item parameter drift is a phenomenon where changes in the statistical properties 

(difficulty and discrimination) of a test in different testing occasions are different. 

(Goldstein, 1983; Bock, Muraki & Pfeiffenberger, 1988). This make test scores 

incomparable. Due to the growing concern about the impact of IPD on the meanings 

attached to reported test scores, there have been several studies on IPD and scale 

stability. For example, Miller and Fitzpatrick (2008) conducted a study on “Expected 

Equating Error Resulting from Incorrect Handling of Item Parameter Drift among the 

Common Items” and found that expected equating errors which result from incorrect 

handling of IPD is mainly attributable to the magnitude of item b-parameter drift and the 

proportion of items with b-parameter drift. Also, Ye and Xin (2013) conducted a study on 

the “Effects of Item Parameter Drift on Vertical Scaling With the Nonequivalent Groups 

With Anchor Test (NEAT) Design” and found that the mean achievement estimates got 

worse conditional upon the pair of test levels between which IPD occurred, and the 

effect of grade-to-grade growth and effect size were distorted for the grade pair 

corresponding to the test pair that involved IPD. 

In addition, Tate (2003) proposed an IRT-based equating method for the long-

term scale maintenance of a mixed format test consisting of constructed response items 

and multiple-choice items; a modification of the traditional common-item nonequivalent 

group design. Rather than the collection of equated item parameters for each year as 

required by the traditional approaches, the author proposed that the collection should 

consist of actual item responses from a representative sample of examinees for all 
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items in the test for each year, that would include the original 1, 0 coding for the multiple 

choice items and the original examinee responses to the constructed response items. 

The author provided an illustration of equating over five years based on simulated data 

and application of the proposed equating method resulted in estimated trends of 

equating coefficients and average student ability that followed the assumed true values. 

However, the author recommended that optimal choices for the number of common 

items to be included in the test, among other things, should be the focus for further 

research. 

Furthermore, Guo et al. (2011) used data from 44 SAT administrations to 

investigate the effect of accumulated equating error in equating conversions and the 

effect of the use of multiple links in equating. The authors used the data to produce 

multiple and single link equating results and their findings indicate that the single link 

equating results showed increased variability in the applied conversions, and they 

drifted away from the multiple link equating results over time. Meanwhile, according to 

the authors, the multiple link conversions were more stable and had less variation 

across years of administration. They, however, recommended that for further research, 

the number of equating links that are enough to produce a satisfactorily stable equating 

result should be investigated. Equating and Scale Stability 

Equating is the process of transforming scores from one scale to a different scale 

while maintaining the comparability of scores across those scales to a degree that the 

scores can be treated as interchangeable (Dorans & Holland, 2000; Holland, 2007; 

Kolen & Brennan, 2004). For example, large-scale testing companies must create 

numerous forms of a particular assessment to ensure test security and an equating 
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process is used to put scores from each of the different forms onto the same scale. 

Because the forms to which an examinee is exposed should not perform differently from 

others, interchangeability of scores across the forms is required in order to prevent bias 

that emanates from a group receiving a relatively easier form. 

In order to produce interchangeable scores from an equating process, Dorans & 

Holland, (2000) proposed five conditions that must be met. The conditions are that: (a) 

the tests or forms being equated must measure the same construct, (b) the tests or 

forms being equated must have equal reliability, (c) the equating function used to 

transform scores from form 1 to form 0 must be the inverse of the equating function 

used to transform scores from form 0 to form 1, (d) the examinees must have the same 

expected score and expected distribution of performance on both of the scales being 

equated, and (e) the equating function must be invariant to subpopulations of test 

takers. It is always possible to use a function to place scores from one scale onto 

another, but having that process result in scores that are interchangeable across the 

two scales depends on how well the test construction, equating design, and equating 

method meet the five requirements mentioned above. In the case of large-scale 

standardized tests used for high-stakes purposes, it is very important that equating of 

scores be confirmed to meet the five requirements and thus produce interchangeable 

test score. Meanwhile, even when these five requirements are met, different equating 

methods produce different magnitude of standard errors of equating. 

Morrison and Fitzpatrick (1992) prescribed evaluating equating and scale stability 

could be achieved by comparing result of direct and indirect equating function. While the 

direct equating function was derived from equating new forms directly back to base 



 

17 

forms, indirect equating function is obtained from equating new form back to base form 

through an intermediate channel. The differences between the two functions indicate 

whether equated scores are normal or scale drift actually exist that make the reported 

scores unreliable and unstable 

Mean-Mean Method of equating 

The mean-mean method of transforming scores from one form to another, 

utilized in this study, is relatively straightforward. It utilizes the means of the a-parameter 

estimates of the anchor items  of both forms to estimate the A constant and the b-

parameters of the anchor items of both forms to be equated to estimate the B constant 

as seen in Equations 2-1 and 2-2 below: 

𝐴 =
𝜇𝑎𝐼

𝜇𝑎𝐽
………………………………………………………………..………………(2-1) 

𝐵 = 𝜇𝑏𝐽 − 𝐴𝜇𝑏𝐼………………………………………………………………………(2-2) 

Where A and B are constants (otherwise called equating coefficients),𝜇𝑎𝐼 and 𝜇𝑎𝐽  are 

means of the a-parameters of forms I and J respectively; 𝜇𝑏𝐽 and 𝜇𝑏𝐼 are the means of 

the b-parameters of the form J and form I respectively. 

These constants are, in turn, substituted into the following functions to scale the 

ability estimates and item parameters from one form to another. 

𝜃𝐽𝑖 = 𝐴𝜃𝐼𝑖 + 𝐵………………………………………………………………………. (2-3) 

Where A and B are constants in the linear equation and 𝜃𝐽𝑖 and 𝜃𝐼𝑖 are values for 

𝜃 for individuals i on scale J and I. Also, the item parameters on both scales are related 

as follows: 

𝑎𝐽𝑗 =
𝑎𝐼𝑗

𝐴
, ......................................................................................................... (2-4) 

𝑏𝐽𝑗 = 𝐴𝑗 + 𝐵……………………………………………….................................... (2-5) 
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Where 𝑎𝐽𝑗 and 𝑏𝐽𝑗 are the item parameters for item j on scale J, while 𝑎𝐼𝑗and 

𝑏𝐼𝑗are the item parameters for item j on scale I. 

High stakes testing and Scale stability 

The advent of standardized and high stakes testing has brought a huge concern, 

not only about the comparability of test scores but also about the reliability and validity 

of test scores (Haladyna & Downing, 2005; Brennan, 2001). The focus of school 

curriculums have shifted from learning to high performance in high stakes tests. 

Considering the effects that high stakes testing has on the test development process, 

the question of reliability comes into play. For this reason, it is important to discuss 

these issues in some detail in order to move forward on the subject matter. 

Concerning the quality of learning in American public school system, high stakes 

have been attached to tests. This is enacted by policy maker with the hope that setting 

high standard of achievements will propel much effort on the part of the students, 

teachers and educational administrators. But a concern that emanates from high stakes 

testing is the question of reliability and validity of these test scores. Proponents of high 

stakes testing argue that high stakes testing has improved student achievement and 

consequently streamlined achievement gap by race and income, but unfortunately the 

low-income earners, Latinos and Blacks, according to McNeil, (2000), have been 

negatively affected. Some other prominent authors worthy of mention are Orfield and 

Wald, 2000; Haney, (1999); McNeil, (2000) conducted study on ”the effects of the Texas 

Assessment of Academic Skills (TAAS)” on Black and Latino students, the authors 

discovered that twice as many Black and Latino students were found to have failed this 

high stakes test as compared to their White counterparts, the authors  concluded that 
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high stakes standardized tests will continue to hinder the ability of African American and 

Latino students to graduate from high school. For instance, since the introduction of 

‘The Massachusetts Comprehensive Assessment System (MCAS)’, there has been a 

high increased in the proportion of middle grades dropouts and these are predominantly 

African American and Latinos.   If the implementation of high stakes testing programs is 

in circumstances where educational resources are inadequate or where tests lack 

sufficient reliability and validity for their intended purposes, there is potential for serious 

harm (AERA, 2000). In fact, policy makers and the public could be misled by the bogus 

test score increases which are completely unrelated to basic educational improvements.  

Consequently, students are exposed to increased risk of failure which may eventually 

lead them to dropping out of school. In addition, teachers may be blame, and/or even 

punished, for inequitable resources which are even be beyond their control. According 

to French, (2003), the number of test errors by the major testing companies are too 

many to detail, with many having catastrophic effects on the students. It has also been 

confirmed that high stakes test scores could also be used as a measure of evaluating 

teachers in a way that there is 25 percent chance that a teacher rated “average” could 

erroneously be rated as “below average” and consequently leads to coin-tossed driven 

performance. 

In classical test theory, reliability is closely linked to stability. This can also be 

applied to IRT such that reported scores for individuals and schools are expected to be 

sufficiently precise so as to support the meanings and interpretations attached to them. 

Reliability refers to the accuracy or precision of test scores (AERA, 2000, Haladyna & 

Downing, 2005; Brennan, 2001, Green & Yang, 2009). More broadly, reliability refers to 
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the proportion of variance in observed scores that is due to variance in true scores. 

According to AERA (2000) a test score is reliable if; 

 Scores reported for individuals or for schools sufficiently and accurately support 
each intended interpretation of student achievement. Since tests validity is 
relative, separate assessments are needed for each purpose of the test. 

 Accuracy is maintained and adequately examined for scores that was actually 
used. This way, information regarding the reliability of raw scores may not 
adequately describe the accuracy of percentiles and information about the 
reliability of school means may be insufficient if scores for subgroups are also 
used in reaching decisions about schools. 

 A testing program should establish specific scores to determine passing or 
proficient achievement. The program must be able to demonstrate the validity of 
scores as a true representative of student attainment. 

Because of the high stakes attached to test scores today and the standardization 

of tests in American public schools, several equating methods have been proposed to 

equate tests between different forms and/or administrations. Some of these methods 

employ the Non-Equivalent Anchor Test (NEAT) design as discussed above and utilize 

anchor items to depict equating relationships. Meanwhile, this process of equating test 

scores is never free from errors in practical terms. In fact, the magnitude of errors 

associated with this process vary across different methods/designs and can be 

contained if certain methods are used. Unfortunately, standard errors of equating are 

rarely reported by test developers and it has become a major concern of test developers 

and test users to determine the extent to which standard error of equating influence test 

performance. However, the errors could make scale unstable. In fact, when the 

standard errors of equating are significantly high, they mar the reliability of such test 

scores, thereby, making the scaled scores less stable such that it will be recommended 

that test developers pick the anchor items with desirable attributes, such as stability 
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throughout the period of item exposure (Yu & Osborn, 2005). In the same vein, the 

more reliable a test score is, the more stable the scale becomes. 

Standard Errors of Equating 

Standard errors of equating are useful in estimating the amount of error in test 

form equating that results from sampling. It can as well be defined as the standard 

deviation of equating errors over theoretical repeated samples. Standard errors of 

equating are relevant in estimating equating error when scores are reported and as a 

basis of determining equating methods and designs. It is not unusual for equating 

functions to have some statistical errors, since all equating functions are defined by 

statistical estimates of parameters, but these errors should be thoroughly examined as 

a major part of equating so that test developers know when the errors becomes 

negligible or relevant.  As discussed by Kolen and Brennan (2004, pp. 231–265), two 

methods of estimating standard errors of equating examined for various equating 

designs and methods. This includes the bootstrap and analytical methods. The 

bootstrap method can be applied to any equating designs and methods while the 

analytical method provides standard errors of estimation procedures based on the 𝛿-

method. For the purpose of this study, the 𝛿-method approach is applicable. The 𝛿-

method is useful in deriving approximate standard error of a statistics function for which 

an expression of standard error exists. Kolen and Brennan (2004, pp.245), derive 𝛿-

method of standard errors of equating, using Taylor series expansion, from defining 

populations eqY   as an equating function of test scores 𝑥𝑖 and 

moment parameters  . The approximation for the expression of the 

sampling variance for the 𝛿-method becomes 



 

22 

…….(2-6) 

Where  is a sample is estimate of  and 𝑒′𝑞𝑌𝑗 is the partial derivative of 𝑒𝑞𝑌𝑗  

with respect to  and evaluated at . The standard error is the square root of the 

Equation 2-1 which is equivalent to; 

……….…………………………..……………….……(2-7) 

The error indexed in Equations 2-1 and 2-2 above is generated through a 

random error that results from the sampling of test takers to estimate the population 

function 

=  . The equation requires that expression for the sample 

variances and sampling covariance are made available. 

The estimated standard errors can be considered for specific data collection 

designs. In a random group design, for instance, a single population of test takers is 

considered such that a random sample of size 𝑁𝑥 is drawn from the population and 

administered Form X and another sample is drawn from size 𝑁𝑦 from test administration 

Form Y and equating is thus, conducted or performed on this data. The process is 

repeated at a number of times and variability at each score point is tabulated to obtain 

standard errors for each design. 

Certain analytic for estimating standard errors of equating have also been made 

available for IRT equating methods. For instance, Lord (1982) and Ogasawara (2010) 

developed a delta method for deriving standard errors of equating and Ogasawara 

(2003) developed a delta method for deriving standard errors of IRT observed score 

equating. Battauz (2011), on his part, derived the asymptotic standard errors of IRT 
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equating coefficients when several forms are equated and the linkage plan involves 

chains and double or multiple linking. A hands-on application of this method is available 

in the EquateIRT Package (Battauz, 2014) which was utilized in this study. 

Item Response Theory 

It is important to have a brief overview of Item Response Theory (IRT) because 

the methods used in this study are based on it. IRT is a model-based, item-level, latent 

trait measurement theory (Lord, 1980), in which item characteristic curves are used to 

model the probability of correct response on an item given a person’s latent ability level. 

It is also a modern based theory that provides a test of item equivalence across groups. 

The theory can test whether an item is behaving differently across groups or class. Test 

characteristic curves can be estimated from the item characteristic curves of all items on 

a test and they model expected true scores on a test given a person’s latent ability level. 

There are different IRT based equating methods and designs among which is NEAT 

design. This design utilizes anchor items (Items common to both test and forms) which 

aim to show equating relationships between two tests. The three-parameter logistic 

model, according to Birnbaum (1968) is given by, 

 

……………..…..(2-8) 

 

Although the three-parameter logistic model is so popular and commonly used 

but because of the inherent convergence problem of this model and for the purpose of 

this research, work the model would be adjusted further to two-parameter logistic 

model. The adjusted model is obtain by setting the C parameter of three-parameter 
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logistic model to zero therefore, the probability of correct response on item j in form g for 

a person with ability  becomes; 

 

…………………… (2-9) 

 

The parameters included in Equation 2-9 above includes discriminating and item 

difficulty parameter therefore, agj  is the item discriminating parameter, bj  is the item 

difficulty parameter and D is a constant that is set at 1.7. Person parameter  is a 

random variable with standard normal distribution of mean zero and variance 1 and the 

item parameters are estimated using the marginal maximum likelihood method (Bock 

and Aitkin, 1981). The parameter vector of form j is defined as  

where , j=1,…..ng, and ng is the number of items of form g. 

Anchor Test Length and Scale Stability 

Anchor tests refer to the number of items that are common to two or more 

tests/test-forms which are used to establish equating relationships between non-

equivalent groups of examinees. Research has shown that the length of anchor tests 

have a role to play in the stability of equating results. For example, Ricker and von 

Davier (2007) conducted a study on the impact of anchor test length on equating results 

and found that longer anchor tests produce more stable equating results. Yang and 

Youang (1996) also conducted a similar study, using different equating methods and 

found that irrespective of the methods used, longer anchor tests produced more stable 

equating results. Furthermore, Fidzpatrick (2008) conducted a study on the impact of 

anchor test length on students’ proficiency and found that longer anchor (preferably, 
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more than 15 anchor items) produce more stable equating results. Therefore, it is clear 

that, in order to maintain scale stability, longer anchor tests are preferred. 

Chained Equating/Linking 

Chained equating is used to show indirect equating relationships between two 

test forms. For example, the equating relationship between forms X and Y could be 

determined through different links such that form X is equated to form X1; form X1 to 

form X2 and form X2 to form Y. This could be could be achieved used equipercentile 

methods or linear methods. Previous studies (Harris & Kolen, 1990; Livingston, Dorans, 

& Wright, 1990; Puhan, 2010; Sinharay & Holland, 2007; Wang, Lee, Brennan, & Kolen, 

2008) have compared chained equating to post-stratification methods of equating and 

found that chained equating produce more stable equating results. However, some 

studies on chained equating (Battauz, 2013) indicate that longer equating chains 

produce less stable equating results. Other studies comparing linear chained equating 

methods to others have produced different results.  

The function for calculating linear chained equating which has been programmed 

into the equatIRT Package that was utilized in this study is presented below: 

𝐴𝑝 = 𝐴0,1,…,𝑙 = ∏ 𝐴𝑔−1,𝑔
𝑙
𝑔=1  ………………………………………………...……. (2-10) 

and 

𝐵𝑝 = 𝐵0,1,…,𝑙 = ∑ 𝐵𝑔−1,𝑔𝐴𝑔,…,𝑙
𝑙
𝑔=1 , …………………………..…………………..… (2-11) 

Where 𝐴𝑔,…,𝑙 = ∏ 𝐴ℎ−1,ℎ 
𝑙
ℎ=𝑔+1 is the coefficient that links form g to form l which is 

referred to as indirect equating coefficients. 
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CHAPTER 3 
METHODOLOGY 

The 2PL model that was utilized in generating item responses is the adjusted 

3PL model captured in Equation 2-9, which is as follows: 

 

. 

 

 

R package, equateIRT, automatically calculates the standard errors and the 2PL 

model was utilized in generating the item responses. 

Study 1 

Data Generation 

A simulation study was conducted to assess optimal choices for anchor test 

length that produce satisfactorily stable equating results. All aspects of data generation 

and analysis were done in the R environment (R Development Core Team, 2014). Data 

was generated for two testing administrations such that form1 and form2 were 

administered one year apart. The test forms were created using the Non Equivalent 

Anchor Test design, each having a total of 40 items. Of these 40 items are varying 

numbers of unique and common (anchor) items according to condition. The number of 

anchor items were manipulated under four conditions (Table 3-2). In condition 1, both 

forms have eight items in common, with no item showing any form of IPD; condition two 

reflects a situation where both forms have twelve items in common, with none of these 

items showing IPD; condition three depicts a situation where both forms have eight 

items in common with 10% (i.e. 4 items) showing a unidirectional IPD of .2 on the b-
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parameters (.2 being the difference between form 1 and form 2 b-parameters); and 

condition four depicts a situation where both forms have twelve items in common with 

10% (i.e. 4 items) showing a unidirectional IPD of .2 on the b-parameters The proportion 

of items (i.e, 10%)  that was selected to drift was chosen to represent a realistic 

scenario with respect to the typical maximum number of items on a large scale test that 

are detected as drifting (Kirkpatrick  & Meng, 2014). Only anchor items were 

manipulated to have IPD and all anchor items used in this study were internal; meaning 

that scores on these items counted towards examinees’ total score, ranging from 0-40.  

Also, the magnitude of .2 IPD is to illustrate a situation of moderate IPD (Chen 2013). 

A bank of 30 anchor items was simulated to mimic the difficulty and 

discrimination parameters on the 2006/2007 Canadian provincial mathematics 

assessment and the guessing parameters were set equal to zero (Table 3-1). These 

parameters were used in a previous study on IPD (Chen 2013). Person parameters 

were generated to differ in each form according to condition with means of .35, .30; .25, 

-.25; .35, .30 and .25, -.25 respectively and standard deviations of 1 for each form. The 

differences in the mean ability levels (person parameters) depicts an operational test 

situation where examinees who take a test at every point in time are of different ability 

levels and the anchor items were generated to provide a means for estimating the 

equating relationship between 2 or more forms. In order to align item difficulty with true 

latent abilities, unique items’ difficulty parameters were generated through a normal 

distribution   that was set equal to the mean of person parameters in each form. 

Although, this may not be the case in operational testing, it is done to distinguish the 

unique items’ difficulty parameters of the different forms. The discrimination parameters 
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were generated from a uniform distribution, using the same discrimination parameters 

as those of the anchor items.  All anchor items maintained the same position in all test 

forms (that is, the first 8 or first 12 items, as the case may be). In this study, item 

responses were simulated for 1000 examinees on each test form by using the 2PL 

function given by Equation 2-4 and 100 trials were deemed adequate to obtain relatively 

stable results. Specific details of the make-up of each test form are presented on Table 

3-2 and the equating design is presented in Figures 1 and 2. 

Data Analysis 

The generated data was analyzed in the R Language Environment. Generated data 

from all test forms were read in and named accordingly. All item calibrations for each 

form were done separately through the marginal maximum likelihood approach using 

the ltm package (Rizopoulos, 2006). Variance-covariance matrices of the item 

parameter estimates were also generated using the vcov function in ltm. All equating 

coefficients were computed using the EquateIRT Package (Battauz, 2014). 

Study 1 seeks to investigate optimal choices for the number of common items to be 

included in a test in order to obtain satisfactorily stable equating result under 2 

conditions; (i) when none of the linking items showed any form of IPD and (ii) when 10% 

of the entire test (that is, 4 items) was showing a magnitude of IPD of .2 (.2 being the 

difference between the b-parameters of both forms to be equated). To achieve this, this 

process was decomposed into four parts ; (a) equating form 1 to form 2 that have 20% 

(that is, 8) anchor items, with none of the items showing IPD, (b) equating form 3 to 

form 4 that have 30% (that is, 12 items) anchor items embedded in them and none of 

these items showing any form of IPD, (C) equating form 1 to form 7 that have 20% (that 

is, 8 items) anchor items embedded in them out of that anchor items showed IPD of 



 

29 

magnitude .2, (d) equating form 3 to form 9 that have 30% (that is, 12 items) anchor 

items embedded in them and out of that anchor items showed IPD of magnitude .2. The 

equating coefficients were estimated by using the mean-mean method. This method 

was selected because it is more stable than the mean –sigma method (Baker & Al-

Karni, 1991). Results are discussed in chapter 4. 

Study 2 

Data Generation 

Study 2 seeks to investigate the number of equating links that yield satisfactorily 

stable equating results. The data generation for this study is similar to that of study 1. 

However, only four test forms (form1, form2, form3 and form4) were generated for this 

study and all forms have eight items in common (Table 3-3). Also, all anchor items were 

taken from the anchor bank and they maintain the same position in all forms with no 

item showing IPD. Furthermore, item responses were simulated for 1000 examinees on 

each test form by using the 2PL function given by Equation 2-4 and 100 trials were 

deemed adequate to obtain relatively stable results. 

Data Analysis 

Similar to study 1, the generated data was analyzed in the R Language 

Environment. Generated data from all test forms were read in and named accordingly. 

All item calibrations for each form were done separately through the marginal maximum 

likelihood approach using the ltm package (Rizopoulos, 2006). Variance-covariance 

matrices of the item parameter estimates were also generated using the vcov function in 

ltm. All equating coefficients were computed using the EquateIRT Package (Battauz, 

2014). 
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To assess the optimal choice for the number of links that produce satisfactorily 

stable equating results, chain-equating was conducted using the chainec function in the 

EquateIRT package which performs chain equating and produce indirect equating 

coefficients with their corresponding standard errors. Forms 1, 2, 3 and 4 were used to 

conduct the chain linking, using the mean-mean method under. The equating process 

was conducted under 2 conditions; (a) form1 was linked to form 3 through the path 1, 2, 

3; and (b) form1 was linked to 3 through the path 1, 2, 4, 3. As mentioned earlier, these 

forms all have eight items in common, with none of these items showing IPD. Other 

than the number of links, there is no difference between these two conditions. Figures 

4-1 and 4-2 depict the chains considered in this study. . 

Evaluation Criteria 

The stability of the equating results is evaluated by comparing the standard 

errors of equating produced in different conditions; smaller standard errors are 

considered better. However, differences in equating results that yield significantly little 

or no effect on the equating results are considered satisfactory.  Therefore, an Analysis 

of Variance (ANOVA) is run using the Statistical Package for Social Sciences (SPSS) to 

assess the statistical significance of the mean differences in the equating errors across 

the different conditions as well as the corresponding effect sizes. Results are presented 

in Chapter 4. 
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Table 3-1.  Item Parameters for the Anchor Items 
Parameter N Minimum Maximum Mean Std 

Deviation 
 

A 30 0.2621 1.1495 0.5624 0.1885 

B 30 -2.1495 1.7984 -0.1199 1.1225 

C 30 0.0000 0.0000 0.0000 0.0000 

Source: Chen 2013 

 

Table 3-2.  Distribution of Items according to Condition for Study 1 
Condition Form Number 

of Items 
Number 

of 
Anchor 
Items 

Number 
of 

Unique 
Items 

IPD Frequency 
of IPD 

Magnitude 
of IPD 

Person 
Parameters 

 

1 

1 40 8 32 No NA NA .35 

2 40 8 32 No NA NA .30 

 

2 

1 40 12 28 No NA NA .25 

2 40 12 28 No NA NA -.25 

 

3 

1 40 8 32 No NA NA .35 

2 40 8 32 Yes 4 .2 .30 

 

4 

1 40 12 28 No NA NA .25 

2 40 12 28 Yes 4 .2 -.25 

Note: IPD = Item Parameter Drift 

 

Table 3-3.  Distribution of Items according to Condition for Study 2 
Form Number 

of Items 
Number 

of 
Anchor 
Items 

Number 
of 

Unique 
Items 

IPD Frequency 
of IPD 

Magnitude 
of IPD 

Person 
Parameters 

1 40 8 32 No NA NA .35 

2 40 8 32 No NA NA .30 

3 40 8 32 No NA NA -.30 

4 40 8 32 No NA NA -.35 

Note: IPD = Item Parameter Drift 
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CHAPTER 4 
RESULTS 

Study 1 

Equating coefficients and their corresponding standard errors were estimated 

using the equateIRT package. The results are displayed on Table 4-1 

For conditions without IPD, the results indicate that test forms with shorter anchor 

items produced larger standard error of equating (0.036) for the A constants when 

compared with those of test forms with longer anchor items (0.035). Meanwhile, the 

reverse was the case with the standard errors of equating associated with the B 

constant of the aforementioned test forms; ( 0.062) for shorter anchor test and (0.063) 

for longer anchor tests. Furthermore, an ANOVA was run to determine the significance 

of the mean differences between the standard errors associated with the shorter anchor 

test and the longer anchor test. The ANOVA results indicate that the mean difference 

between the A constant standard errors of equating of both tests (0.00065) is 

statistically significant (p=0.024) with an effect size of zero. On the other hand, the 

mean difference between the B constant standard errors of equating of both tests (-

0.00183) is not statistically significant (p=0.269) with an effect size of zero. 

For forms with IPD, on the other hand, forms with shorter anchor produced a 

higher standard error of equating (0.0363) for the A-constant than test forms with longer 

anchor (0.0357). In the same vein, the standard errors of equating associated with the 

B-constant of the shorter anchor test (0.0650) was higher than that of the longer anchor 

test (0.0639). The mean difference between the A constant standard errors of equating 

of both tests (0.00060) is not statistically significant (p=0.05) with an effect size of zero. 

On the other hand, the mean difference between the B constant standard errors of 
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equating of both tests (0.00102) is not statistically significant (p=0.838) with an effect 

size of zero. The results are displayed on Table 4-2. 

Study 2 

The chained equating coefficients were estimated using the equateIRT package. 

The mean-mean method was utilized for estimating equating coefficients while the delta 

method was used to estimate the corresponding standard errors. The results indicate 

that the estimated equating coefficients and the corresponding standard errors for both 

the two links (path125) and three links (path1265) used in this study were not 

significantly different from each other.   In fact, the two links and three links produced 

exact same estimates and corresponding standard errors (A=1.0038, B=-0.3252, 

S.E.(A)=0.0376, S.E.(B)=0.0668). The results are displayed in Table 4-1. 
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Table 4-1.  Equating Coefficients and Corresponding Standard Errors 
Link Study Mean of A Mean of B Mean of 

S.e(A) 
Mean of 
S.e(B) 

 

12 1 0.9611 -0.1772 .0359 .0618 

34 1 0.9668 -0.2024 .0353 .0637 

17 1 0.9632 -0.0392 .0363 .0650 

39 1 0.9639 0.0205 .0357 .0639 

125 2 1.0039 -0.3252 .0376 .0668 

1265 2 1.0039 -0.3252 .0376 .0668 

 
 
 
 
Table 4-2.  ANOVA Results for Anchor Test Length and Length of Equating links  
Condition Study IPD Magnitude Mean 

Difference 
S.E(A) 

Mean 
Difference 
S.E(B) 

𝜂2 

 

8 vs 12 anchor 

 

   1 

 

0.0000 

 

0.00065* 

 

-0.00183 

 

0.0000 

8 vs 12 anchor    1 0.2000 0.00060 0.00102 0.0000 

2 vs 3 Links    2 0.0000 0.0000 0.0000 0.0000 

Note:*The mean difference is significant at 0.05 level 
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Figure 4-1.  Depiction of Chain Equating Link 125 
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Figure 4-2.  Depiction of Chain Equating Link 1265 
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CHAPTER 5 
DISCUSSION AND CONCLUSION 

This study investigated optimal choices for the number of anchor items and 

equating links that produce satisfactorily stable equating results in a NEAT design. A 

simulation was conducted using the R software to investigate the impact of anchor test 

length- with and without drift- as well as the impact of number of equating links on 

standard error of equating. A bank of 30 anchor items was simulated to mimic the 

difficulty and discrimination parameters on the 2006/2007 Canadian provincial 

mathematics assessment and this set of items were used to show the equating 

relationships between two forms or more forms. Ten test forms were generated with 

varying number of anchor items according to the condition. The length of anchor items 

was manipulated in two scenarios; when IPD is present and when it is not. Each 

scenario had two pairs of test forms; one pair (forms1_2 and Form3_4) having 8 and 12 

anchor items respectively. The other pair (form1_7 and form3_9) also having 8 and 12 

anchor items respectively. Equating coefficients were estimated using the mean-mean 

method and the corresponding standard errors were estimated using the delta method 

embedded in equateIRT Package. The standard errors of equating were used to assess 

the stability of the results; equating relationships with the least standard errors is 

considered a better choice simply because less error would produce a narrower 

confidence interval and more stable equating results. 

The results indicate that for forms without IPD, test forms with shorter anchor 

produced larger A-constant standard errors than test forms with longer anchor. In 

addition, the standard errors of equating associated with the B-constant of the shorter 

anchor test are smaller than those of the longer anchor test. The mean difference of the 
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standard errors of equating associated with the A-constant in this condition are found to 

be statistically significant, while the mean difference associated with the B-constant are 

not. However, these mean differences do not have a significant effect on the stability 

equating results. On the other hand, the result from the condition showing IPD indicate 

that the shorter anchor test produced higher standard errors for both the A and B 

constants.  However, the difference between the means of the standard errors for both 

A and B constants are not statistically significant and have no significant effect on the 

estimates. Furthermore, results from the assessing the stability of results of different 

equating links indicate that when two and three links are considered, with all test forms 

having equal number of anchor items, the estimated equating coefficients and their 

corresponding standard errors are the same. This means that choosing between two 

and three equating links as used in this study will not significantly affect the stability of 

equating results. 

Conclusion 

Study one reveals that longer anchor tests produce more stable equating results 

with and without IPD, since they yielded smaller standard errors of equating. This 

confirms the results of Ricker & von Davier (2007) and other studies on anchor test 

length, despite that a different method was utilized. On the other hand, the results from 

study two reveal that both two and three links produce satisfactorily stable results. This 

result actually contrasts Battauz (2013) in that the number of chain did not affect the 

equating results in this study, whereas they did in Battauz (2013). This could be 

explained by the relationship of the forms being equated. In that study, the forms being 

equated have no items in common, while in this study, they have eight items in 

common. 
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Recent studies on Equating focus on maintaining scale stability and the process 

of equating have two major sources or errors; random error and systematic error. 

Systematic errors, in turn, cause scale drift which makes scores incomparable across 

test forms, time and administrations. Despite this concern for scale stability, test 

developers are also concerned about test security which they consistently make 

conscious efforts to protect. Having said that, there should be a balance as regards 

maintenance of scale stability and test security.  

The implication of these results depend on how critical the decisions made based 

test scores are. For example, if the lest is low-stakes, more equating errors (as well as 

measurement error) may be considered acceptable, whereas, the reverse would be the 

case for high-stakes tests. 

Limitation and Recommendation for Future Research 

Typical of every research study, this study is limited in that IPD was only 

considered when assessing the impact of anchor test length on equating results. 

Therefore, impact of IPD on chained equating results should be considered for future 

research. 
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APPENDIX 
OTHER FIGURES 

 

Figure A-1.  Graphical depiction of the Non-Equivalent Test Design used in this Study 

Form 1                  Form 2 

                                                   

                                     Anchor items used in estimating Equating functions 

 

 

 

 

 

 

 

 

Figure A-2.  Graphical depiction of the Non-Equivalent Test Design used in this Study 

Form 3               Form 4  

                                                   

                                     Anchor items used in estimating Equating functions 
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