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The traditional way to linking different forms of test typically uses common (or 
randomly equivalent) examinees or items. When common examinees or items 
are unavailable due to test properties or administrative restrictions, equating with 
pseudo-equivalent groups (PEG) using background information of the subjects to 
perform adjustment via minimum discriminant information on the non-equivalent 
groups has been proposed. To investigate the effectiveness of PEG equating, 
this study compared the results of PEG equating with those of traditional NEAT 
equating, using both simulated and real test data. The results indicated that the 
RMSE and bias generated by PEG equating were slightly larger than those of NEAT 
equating, while the SEE was smaller under certain simulated conditions. When the 
correlation between the background information used in PEG equating and the 
scores to be equated reached approximately 0.75, difference that matters between 
PEG and NEAT equating did not exceed half of a score unit. This suggests that 
the equating differences between PEG and NEAT would not have a significant 
impact, indicating that PEG equating can serve as an alternative to traditional 
equating designs.
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1 Introduction

Equating is a statistical process that is used to adjust scores on test forms so that scores on 
the forms can be used interchangeably (Kolen and Brennan, 2014). The primary goal of 
equating for a test program is to eliminate the effects of differences in test form difficulty or 
examinee ability to provide score users with scores that have the same meaning (Angoff, 1971), 
so examinees taking different test forms will be treated equally, and scores from different forms 
will be interpreted properly. Therefore, equating is not only a statistical process but also a 
fairness concern in test practice. As an instrumental practice for many testing programs, 
equating plays a very important role in promoting fairness and in facilitating more accurate 
score reporting to stakeholders (Angoff, 1971; Chulu and Sireci, 2011).

In practice, score equating is generally accomplished by setting common (or randomly 
equivalent) items or examinees across different test forms, such as commonly used single 
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group (SG) design, random groups (RG) design, or nonequivalent 
groups with anchor test (NEAT) design (Kolen and Brennan, 2014). 
However, in some cases, common items or examinees may not 
be  possible due to the properties of the test or administrative 
restrictions. In such instances, other connectives that approximate the 
three conventional equating designs mentioned above could serve as 
alternatives (Baldwin and Clauser, 2022).

Linking via pseudo-equivalent groups (PEG) was one of the 
potential alternatives to traditional equating proposed by Haberman 
(2015). Instead of setting common items or examinees in different test 
forms, the PEG approach collects examinees’ background information 
such as gender, learning experience statistically related to total test 
scores to adjust for group difference in ability via minimum 
discriminant information adjustment (MDIA; Haberman, 1984; 
Haberman and Shelby, 2014). The basic assumption in PEG equating 
is that if the distribution of background information variables among 
different groups is the same, then the distribution of their ability 
scores would also be  the same (Lu and Guo, 2018). Under this 
assumption, there are three steps to equate test scores with pseudo-
equivalent groups through MDIA (Haberman, 2015).

The first step is to carry out the minimum discrimination 
information weighting for different groups based on the background 
information variables. The background information variable 
distribution of old Form Y will serve as the background information 
variable distribution for the target group. If there are only two test 
forms to be  equated, the background means of the old form can 
be treated as the target background mean. That is:
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where YN  is the number of test takers on Form Y.
Each test taker on new form X is assigned a weight wiX by using 

the adjustment through minimum discrimination information 
method (MDIA; Haberman, 1984), so that weighted background 
vector will equal to Z. That is:
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The second step is to form test score distribution using the weights 
obtained from the first step and create pseudo-equivalent groups.

The third step is to conduct equating process using the traditional 
equivalent group linking method such as equipercentile or 
linear equating.

How does PEG equating work, can it be an effective alternative to 
traditional equating designs such as NEAT? In the pilot study of 
Haberman (2015), pseudo-equivalent groups were constructed 
through MDIA by using 16 categorical background variables and 
equating was performed on 29 different test forms. Results showed 
that PEG equating produced similar but not identical results to that of 
NEAT. It is suggested that when anchor test was not sufficient, PEG 
could be a powerful supplement to enhance the validity of linking.

After Haberman (2015), several studies explored the 
performance of PEG equating under different test conditions using 

simulation and real test data (Kim and Lu, 2018; Kim and Walker, 
2022; Lu and Guo, 2015; Xi et al., 2015). Xi et al. (2015) compared 
PEG linking with only background variables, PEG linking with both 
background variables and the anchor test scores, and NEAT equating 
using real test data. The results indicated that PEG linking with only 
background variables did not yield results comparable to those of 
NEAT equating. However, when PEG linking was combined with 
both background variables and anchor test scores, it could produce 
results comparable to those of NEAT equating. The study concluded 
that the anchor test was the single effective matching variable during 
the PEG weighting procedure when limited background variables 
are available. Lu and Guo (2015) conducted a simulation study by 
manipulating the correlation of a single background variable with 
latent ability and compared the results of PEG linking with those of 
NEAT. They found that the PEG linking can outperform the NEAT 
equating when anchor tests are insufficient. However, the overly 
idealized simulation scenarios limited the generalizability of the 
results to practical applications. Kim and Lu (2018) compared PEG 
linking and NEAT equating using real test forms derived from a 
common operational assessment, with single-group equating as the 
criterion. Their results showed PEG outperformed NEAT in 
accuracy when anchor tests were short, supporting PEG as a 
practical alternative under anchor-deficient conditions. Lu and Guo 
(2018) compared PEG linking with only background variables, PEG 
linking with both background variables and the anchor test scores 
(noted as PEGAT), and NEAT equating using simulation in two 
equating scenarios: small and large group differences in ability. 
Results showed: (1) NEAT outperformed PEG in large-difference 
scenarios, yet PEGAT enhanced NEAT’s precision through 
background variable integration, PEG linking produced comparable 
results to NEAT in small-difference scenarios, which justifies the use 
of PEG linking when a good anchor test is not available, as well as 
the use of PEGAT when a good anchor is available but needs to 
be strengthened by background variables; (2) stronger background 
variable-test score correlations enhanced the equating efficacy of 
PEG and PEGAT in scenarios with small or large group 
ability differences.

While existing literature has provided substantial examination of 
the effectiveness of PEG equating, the following two deficiencies 
remain unresolved: (1) results from real test data studies revealed that 
PEG equating fails to achieve comparable performance to traditional 
NEAT equating (Haberman, 2015; Kim and Lu, 2018; Xi et al., 2015). 
From the aforementioned research findings and the fundamental 
assumptions of PEG linking, it is evident that the efficacy of PEG 
equating hinges on the correlation between the background 
information of examinees and the test being equated. However, it 
remains unclear to what extent the correlation between examinees’ 
background information and test scores to be  equated for PEG 
linking with only background variables, to produce results 
comparable to those of conventional equating designs such as 
NEAT. (2) The simulation study of Lu and Guo (2018) reported 
equivalent results of PEG and NEAT under a scenario of small group 
ability difference with abilities of two groups generated from the same 
distribution. Such idealized conditions lack practical relevance and 
offer limited guidance for real test equating practices. Additionally, 
the simulation study employed identical test forms with no difficulty 
differences, which deviates from actual testing conditions. (3) 
Existing studies have solely adopted either empirical research or 

https://doi.org/10.3389/feduc.2025.1667220
https://www.frontiersin.org/journals/education
https://www.frontiersin.org


Fan et al.� 10.3389/feduc.2025.1667220

Frontiers in Education 03 frontiersin.org

simulation research methods. None have collected evidence from 
both simulation and empirical perspectives simultaneously to 
conduct an in-depth investigation into the performance of 
PEG equating.

It has become increasingly common for testing programs to fail to 
achieve fair and reasonable comparisons of test scores because they 
cannot meet the equating design requirements for common items or 
examinees, due to test properties, administrative restrictions, or test 
delivery issues (Baldwin and Clauser, 2022). As an innovation that 
requires neither common people nor items, PEG equating with only 
background variables is appealing to such testing programs. Therefore, 
further and deeper investigations into the effectiveness of PEG 
equating with only background variables are necessary and urgent to 
provide useful and practical suggestions for application. The current 
study aims to explore relevant evidence on the effectiveness of PEG 
equating with only background variables from simulation and real 
data by comparing the results of PEG equating with those of 
NEAT design.

2 Simulation

2.1 Simulation design

Many factors may affect the outcome of PEG equating. In this 
study, we focused on the three most important ones: (1) the correlation 
between test-takers’ background information and their total test 
scores (ρ); (2) the difference in group abilities (Δθ); (3) the sample size 
(N). The three factors were manipulated as follows:

2.1.1 Correlation of test takers’ background 
information to total test score (ρ)

The correlation between test takers’ background information 
variables and test scores is one of the most critical factors influencing 
the results of PEG equating (Haberman, 2015; Lu and Guo, 2018). In 
the study by Lu and Guo (2018), the correlations of two background 
information variables, C and S, with the total test score were 
approximately 0.22 and 0.36, respectively. PEG equating that included 
C, S, or both C and S in the MDIA weighting resulted in larger 
equating errors than NEAT equating, suggesting that the correlation 
between background information variables and test scores should 
exceed 0.4 for PEG equating to yield comparable results to 
NEAT equating.

On the other hand, the background information variables of test 
takers act as a surrogate for traditional anchor tests, which, as 
representatives of the overall test, should have a correlation of over 
0.7 to be  deemed sufficient. Therefore, in this study, we  set two 
background information variables, C and S, with correlations of 0.40 
and 0.75, respectively, with test scores. By incorporating C, S, and 
both C and S into the MDIA weighting, we  formed three PEG 
equating designs: PEG_C, PEG_S, and PEG_CS. These designs 
represent varying degrees of correlation between background 
information variables and the scores of tests to be equated.

2.1.2 Difference of group ability (Δθ)
Difference of group ability in this simulation was set to have two 

levels, 0.25 and 0.50, representing moderate and large ability 
differences (Sunnassee, 2011; Wang et al., 2008).

2.1.3 Sample size (N)
It is proposed that a sample size of 400 is typically required for 

mean equating, linear equating under the framework of Classical Test 
Theory (CTT) (Kolen and Brennan, 2014). Since PEG equating is 
typically conducted by using linear equating method (Haberman, 
2015; Lu and Guo, 2018), sample size started by 400 and added two 
higher levels of 800 and 1,600 to explore the effect of sample size on 
PEG equating in this simulation. In summary, the sample sizes of 
participants in simulation are set at three levels: 400, 800, and 1,600.

Differences in difficulty of the forms were fixed at 0.05 (Δb = 0.05) 
according to real test data from a national language proficiency 
assessment in China. The test length for both forms X and Y was fixed 
at 30 (Kolen and Brennan, 2014), and the ratio of the number of 
common items to the total test length was simulated to be 20% in the 
NEAT design, so each form had 6 internal anchor items (Lord, 1980).

In summary, three simulation variables were manipulated: (1) 
sample size (N = 400, 800, 1,600), (2) group difference in ability 
(Δθ = 0.25, 0.50), and (3) correlation between background 
information variables and total scores of the tests to be equated (i.e., 
PEG_C, PEG_S, PEG_CS). Additionally, the traditional NEAT 
equating was used as a point of comparison, resulting in a total of four 
equating designs. Consequently, the simulation comprised 
3 × 2 × 4 = 24 distinct simulation conditions.

2.2 Simulation process

Steps for simulation in this study were as follows:
First, the IRT latent ability (θ) distribution of population P 

responding to the base form Y was fixed as a normal distribution with 
mean 0 and standard 1, denoted as N (0, 1). For population Q responding 
to the new form X, two distributions were considered: N (0.25, 1) and N 
(0.50, 1). Item parameters for the base form Y were simulated to fit the 
3PL IRT model from the following distributions: a ~ N (1.0, 0.25)[0.2, 
1.8], b ~ N (0, 1.0)[−3, 3], and c ~ N (0.25, 0.02)[0, 0.4]. As for form X, 
the a and c parameters were generated from the same distributions as 
Form Y, while the b parameter was generated from N (0.05, 1.0)[−3, 3], 
representing the difficulty difference of the test forms.

Second, according to real test data from a national language 
proficiency assessment in China, the two background variables C and 
S of test takers were generated from N (1.69, 0.46)[1, 2] and N (24.05, 
11.72)[1, 50] respectively. A covariance matrix was used to maintain 
the correlations of C and S with the ability parameter at 0.4 and 0.75.

Finally, response data for the two forms were generated using the 
3PL IRT model with draws of θ and the a-, b-, c-parameters as 
mentioned above. For each item-by-simulee interaction, dichotomous 
responses were created by comparing the probability of a correct 
response to a random draw from a uniform (0, 1) distribution for 
three sample sizes (N = 400, 800, 1,600). All simulations were 
conducted using R version 3.6.1 (R Core Team, 2019). Data sets were 
replicated 1,000 times per condition, with true person and item 
parameters fixed across replications.

2.3 Evaluation criteria and indices

As a relatively reliable evaluation criterion for equating results, 
IRT true score equating is frequently used in simulation studies on 
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equating to compare and evaluate the equating methods under 
investigation (Hou, 2007; Wang et al., 2008). In this study, results of 
IRT true score equating were served as the baseline to evaluate the 
performance of PEG and NEAT.

Three measures were computed to evaluate the bias and accuracy 
of PEG and NEAT equating: standard error of equating (SEE), bias 
and root mean squared error (RMSE), which were calculated 
as follows:

	
( ) ( )
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where N is sample size, R is the number of replications, ix  is the 
test score, ( ),Ŷ r ie x is the equated score, ( ),Y r ie x  is the true value, i.e., 
the equated score of the baseline.

To further explore the real difference between equated scores of 
PEG and NEAT designs, the difference that matters (DTM) was also 
used as one of the evaluation indices (Brossman, 2010). The value of 
DTM is obtained by subtracting the equated score of NEAT from that 
of PEG equating. DTM represents a half unit of reported score unit 
(Puhan, 2010), which is equal to 0.5 according to the scoring based on 
the number of correct items in this study.

2.4 Equating

Scores of both PEG and NEAT designs were equated using the 
“equate” R package (Albano, 2016) using linear equating methods, 
following the practices of existing research (Haberman, 2015; Lu 
and Guo, 2018). As for the comparison baseline, IRT true score 
equating was also performed in R. IRT calibration was conducted 
with BILOG-MG (Zimowski et  al., 2003), and then parameters 
were transformed to scale score using the R package “plink” 
(Weeks, 2010).

2.5 Results

2.5.1 Equating error between PEG and NEAT 
equating

As can be  seen from Table  1, with a moderate group ability 
difference (Δθ=0.25), PEG_C produced bigger SEE, RMSE and 
absolute value of bias than the other three equating designs, PEG_S 
and PEG_CS produced equating errors that were very similar to 
those of NEAT. SEE decreased with an increase in sample size among 
the four equating designs, and PEG_CS resulted in a smaller SEE 
than NEAT when N = 800. RMSE and absolute value of bias of the 
four linking designs all decreased as the correlation between test 
scores and background information increased, with PEG_S and 
PEG_CS producing very similar RMSE and absolute bias results.

Table 2 showed the average SEE, bias and RMSE of four equating 
designs when group difference in ability is large (Δθ=0.50). The trends 
of SEE, bias and RMSE under different conditions were consistent 
with those observed for a moderate group ability difference. A 
comparison of the results in Tables 1, 2 clearly indicated that the 
equating errors for the four linking designs all increased as the group 
ability difference became larger.

2.5.2 DTM between PEG and NEAT equating
As illustrated in Figure  1, under different conditions, the 

DTM values of equated scores at each raw score point between 
PEG_S and PEG_CS and NEAT were less than 0.5, with the 
exception of the low score range (0–5), which is generally excluded 
when comparing and evaluating equating effects of different 
equating designs due to large SEE from small sample size 
(Brossman, 2010). In contrast, the DTM values of equated scores 
at each raw score point between PEG_C and NEAT were greater 
than 0.5 across almost all score ranges. The DTM values of four 
equating designs all increased with the increase of group ability 
differences, yet they maintained a consistent pattern regardless of 
the sample size.

3 Empirical illustration

3.1 Data

To further verify the effectiveness of PEG equating, real test 
data from a nationwide Chinese language assessment in China was 
used (Peng, 2021). The test contained 55 dichotomously scored 
items, and had 3,640 valid cases as its population. Background 
information from test takers, including variables such as gender, 
class teaching mode, and previous Chinese exam scores from a 
year ago, were also collected. The correlation of these three 
variables with the total test score were 0.119, 0.388 and 0.769, 
respectively.

A practical challenge frequently encountered when conducting 
test equating research with real test data is that the collected data may 
not fully meet the study’s requirements. A common practice is to 
create pseudo forms and pseudo groups based on the research 
objectives and requirements (Kolen and Brennan, 2014). This method 
is often utilized to compare and examine various equating methods, 
especially those that are newly developed (Hagge and Kolen, 2012; Liu 
and Kolen, 2011a,b; Petersen et al., 1982; Powers and Kolen, 2011; von 
Davier et al., 2006).

One advantage of creating pseudo forms and pseudo groups is 
that the overall group of test-takers before division can serve as a 
traditional single-group equating design, allowing equating 
procedures to be applied to the split test forms. The results derived 
therefrom can act as an evaluation criterion for equating outcomes, 
facilitating the comparison and assessment of the equating methods 
under study (Kolen and Brennan, 2014).

Therefore, in the current study, pseudo forms and pseudo groups 
were created to explore the effectiveness of PEG equating. Gender was 
used as a grouping variable, while class teaching mode (denoted as C) 
and previous Chinese exam score from a year ago (denoted as S) were 
utilized in PEG equating to weight group differences. Consequently, 
three types of PEG equating designs could be established: PEG_C 
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TABLE 1  Average SEE, Bias, and RMSE of PEG and NEAT equating for the scenario of moderate group difference in ability (Δθ = 0.25) from the simulation study.

Design Correlation ρ Average SEE Average bias Average RMSE

N = 400 N = 800 N = 1,600 N = 400 N = 800 N = 1,600 N = 400 N = 800 N = 1,600

PEG_C 0.392 0.044 0.029 0.022 −0.047 −0.041 −0.051 0.391 0.389 0.425

PEG_S 0.761 0.045 0.028 0.022 −0.037 −0.034 −0.040 0.344 0.352 0.372

PEG_CS 0.762 0.045 0.029 0.022 −0.034 −0.031 −0.039 0.340 0.349 0.372

NEAT 0.853 0.044 0.032 0.022 −0.030 −0.031 −0.029 0.362 0.375 0.371

TABLE 2  Average SEE, bias and RMSE of PEG and NEAT equating for the scenario of large group difference in ability (Δθ = 0.50) from simulation study.

Design Correlation ρ Average SEE Average bias Average RMSE

N = 400 N = 800 N = 1,600 N = 400 N = 800 N = 1,600 N = 400 N = 800 N = 1,600

PEG_C 0.392 0.050 0.037 0.025 −0.103 −0.100 −0.104 0.616 0.601 0.623

PEG_S 0.761 0.050 0.038 0.025 −0.072 −0.072 −0.075 0.459 0.454 0.477

PEG_CS 0.762 0.050 0.038 0.025 −0.071 −0.070 −0.074 0.454 0.447 0.473

NEAT 0.853 0.053 0.036 0.024 −0.055 −0.055 −0.055 0.415 0.414 0.416
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(including only variable C), PEG_S (including only variable S), and 
PEG_CS (including both variables C and S). Traditional NEAT 
equating was also employed as a point of comparison in this real 
data illustration.

The two pseudo forms, X and Y, were constructed by randomly 
selecting 31 items from the entire test without replacement, with 7 
items serving as internal anchors. The pseudo groups were obtained 
by dividing the 3,640 cases into two based on gender. The mean and 
standard deviation (SD) of pseudo forms, as well as the sample size of 
the two pseudo groups, the correlation of background information 
variables and anchor test to test score in each form, were described in 
Table 3.

As can be seen from Table 3, the female group, comprising 2084 
participants, responded to the new Form X, while the male group, 
with 1,556 participants, responded to the old form Y. The NEAT 
design, featuring 7 items as internal anchors, exhibited the highest 
correlation with test scores across both forms. Subsequently, PEG_CS 
followed with a correlation ranging from approximately 0.72 to 0.75. 
PEG_C had the lowest correlation, at approximately 0.35.

NEAT equating and three types of PEG equating were performed 
on the two pseudo forms. The 3,640 cases before grouping 
constructed a single group design, and IRT true score equating was 
applied to equate the scores of this single group on the two pseudo 
forms X and Y, with the results serving as the evaluation criteria for 
PEG equating and NEAT equating. Bias, RMSE and DTM for both 
PEG and NEAT equating were computed and compared. Equating 

designs and procedures were identical to those used in 
the simulation.

3.2 Results

3.2.1 Equating error
As can be seen from Table 4, PEG_C resulted in a higher RMSE 

and absolute value of bias compared to the other three equating 
designs. PEG_S and PEG_CS yielded very similar outcomes, which 
were close to those of NEAT. The equating error decreased as the 

FIGURE 1

DTM of PEG and NEAT at each raw score point under different conditions from simulation study.

TABLE 3  Description of pseudo forms and pseudo groups from 
application study.

Form Group Equating 
design

Correlation 
r

X (15.754 ± 6.333) Female 

(n = 2084)

PEG_C 0.395

PEG_S 0.749

PEG_CS 0.754

NEAT 0.798

Y (13.642 ± 6.378) Male (n = 1,556) PEG_C 0.335

PEG_S 0.724

PEG_CS 0.727

NEAT 0.797
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correlation between linking connectives and test scores increased, 
showing the same trend observed in simulations.

3.2.2 DTM
As illustrated in Figure 2, the DTM values for equated scores at 

each raw score point of PEG_C were greater than 0.5 across nearly the 
entire score range, whereas those of PEG_S and PEG_CS were below 
0.5, except for the low score range (0–5), suggesting that the differences 
between PEG_S and PEG_CS compared to NEAT would not have a 
significant impact.

4 Summary and discussion

PEG equating employs test takers’ background information 
variables to create pseudo equivalent groups via adjustment by 
minimum discrimination information (Haberman, 1984) and then 
conducts equating process on the pseudo equivalent groups using 
the traditional equivalent group linking designs such as 
equipercentile or linear equating. As a newly proposed design, PEG 
equating does not rely on common items or common people, thereby 
avoiding the threats to test security posed by issues such as anchor 
item exposure in traditional NEAT equating. To explore the 
effectiveness of this new design, this study compared the performance 
of PEG equating with NEAT equating in terms of equating errors 
and differences that matter in equated scores using simulation and 
real test data.

The results of equating error from both simulation and real data 
indicated that all three PEG equating designs produced larger RMSE 
and absolute bias values than NEAT. This occurs because the correlation 
of the background information variables included in PEG equating with 
the total test score is lower than that of the anchor test in NEAT design 
with the total test score (Kim and Lu, 2018; Lu and Guo, 2018). However, 
the differences in RMSE and bias between PEG_S and PEG_CS 
compared to NEAT were very small. PEG_S and PEG_CS yielded a very 
close or even smaller SEE than NEAT. The reason for this is that PEG is 
essentially an equivalent group design, which requires a smaller sample 
size than NEAT (Kolen and Brennan, 2014).

Results of difference between the equated scores of PEG and 
NEAT showed that the DTM values for PEG_S and PEG_CS were 
below 0.5, except for the low score range 0–5, which is typically 
excluded due to the small sample size (Brossman, 2010). This suggests 
that the difference in equated scores between PEG_S and PEG_CS, 
and NEAT, is negligible, with PEG_S and PEG_CS yielding results 
equivalent to those of NEAT. It can be  concluded that when the 
correlation between background information variables and the scores 
to be equated is approximately 0.75, PEG can serve as an effective 
substitute for NEAT.

By comparing the outcomes of the three PEG linking designs, it 
became evident that the correlation of background information 
variables included in MDIA weighting to the total test score 
significantly impacted PEG linking. Higher correlations resulted in 
greater PEG equating accuracy. This finding aligns with the results of 
Lu and Guo’s (2018). With the robust capability of MIDA in handling 
variables, a high correlation of 0.75 can be achieved through a single 
variable or a combination of several variables (Haberman, 1984, 
2015), which facilitates the practical application of PEG equating 
in testing.

Equating error and DTM of PEG equating all increased when 
group differences increased, which is the same trend observed in 
conventional equating designs and easy to explain (Kolen and 
Brennan, 2014). However, the DTM values of both PEG_S and PEG_
CS were below 0.5, regardless of whether the scenario involved 
moderate or large group differences in ability, suggesting that when 
the correlation between background information and test score 
approaches approximately 0.75, PEG can yield results comparable to 
NEAT, regardless of whether the group differences in ability are 
moderate or large.

Although this study provides some supplementary insights to 
existing research, it also has certain limitations. First, the results of this 
study are based on the assumption that the difficulty difference between 
the two test forms is small (Δb = 0.05). Research indicates that larger 
differences in test difficulty result in greater equating errors (Kolen and 
Brennan, 2014; Laukaityte et al., 2025). A deeper exploration into how 
varying levels of difficulty may influence the equating process could 
provide valuable insights and contribute to refining equating 
methodologies in scenarios with substantial difficulty differences 
between test forms. Secondly, as a distribution-based equating method, 
the specific impact of the distributional characteristics of test scores on 
the outcomes of PEG equating requires more thorough and rigorous 
investigation in future studies. Furthermore, it would be beneficial to 
explore how PEG performs in equating tests such as the Fall/Pass 
assessments, where different formats and scoring systems may pose 
unique challenges (Bolsinova and Maris, 2016). Understanding PEG’s 
handling of these specific test types could aid in determining its 
robustness across various testing conditions. Third, the study primarily 
focused on two background variables related to the adjustment process; 
however, it raises the question of how the equating results might change 
when multiple variables are considered simultaneously. The inclusion 
of additional variables in the equating process introduces the need for 

TABLE 4  Bias and RMSE of PEG and NEAT equating from application 
study.

Equating design Bias RMSE

PEG_C −0.072 0.416

PEG_S −0.056 0.336

PEG_CS −0.055 0.330

NEAT −0.052 0.305

FIGURE 2

DTM of PEG and NEAT at each raw score point from application 
study.
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a weighting mechanism that accounts for the interaction between 
different factors. Although Haberman (2015) emphasized that MIDA 
is capable of managing complex variable interactions, a more detailed 
investigation into how multiple variables influence the equating process 
is needed to fully assess the method’s robustness in real-data applications.

In recent years, several innovative equating designs have emerged 
that do not rely on traditional anchor items. Instead, these methods 
utilize background information variables to construct pseudo-
equivalent groups for equating non-equivalent groups of test takers 
(Baldwin and Clauser, 2022; Wallin and Wiberg, 2019). While this 
study did not explore a comparison between PEG and other alternative 
methods, this could be  an important area for future research. A 
thorough comparative analysis could provide a deeper understanding 
of the strengths and limitations of PEG relative to other methods, 
thereby advancing the field of test equating.
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