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Abstract

The PTE Core is an international computer-based test designed to evaluate English
language skills among test-takers. Most of the test-takers are second-language
learners and come from different backgrounds. Therefore, comparability of the PTE Core
scores s crucial forvalidating interpretations and ensuring fair use of the test. This study
aimedto examine the factor structure of the reading items (focusing on single-skill items
to provide unidimensionality) in the PTE Core test and investigate whether the underlying
construct(i.e., reading skills) is measuredinthe same way across different groups of test-
takers (i.e., measurement invariance). Data consisted of 42,879 test takers who had
completed background questionnaires and reading items. The PTE Core has different
item types and scoring types. Each test-taker responded to a total of eight reading
items, which are one item from multiple-choice multiple answers, two items fromreorder
paragraphs, four items from fill-in-the-blank, and one multiple-choice single answer.
Bayesian exploratory factor analysis and confirmatory factor analysis were conducted to
explore the factor structure of the reading items. Bayesian approximate measurement
invariance was conducted to test whether measurementinvariance is established across
different groups (e.g., gender, language family, and test center location). The factor
analysis results indicated that the PTE Core reading items had a unidimensional factor
structure. The results of the measurement invariance showed that it is reasonable to
compare the latent means of PTE Core reading items across gender, language families,
and test centerlocations, but latent mean comparisons should be interpreted with some
caution. Consequently, this study, by providing empirical evidence on the invariance of
the PTE Core, contributes to the broader body of research on the validity of Pearson’s

English language assessments.
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Introduction

The PTE Core is a computer-based international test assessing English skills such as
writing, reading, listening, and speaking (Pearson, 2024). Since most test-takers are
second-language users from diverse backgrounds, ensuring that scores are comparable
across groups is essential for fair and valid interpretations (Kane, 2013). This requires
measurement invariance (Ml), meaning the test measures the same construct
consistently across groups (Putnick & Bornstein, 2016; Vanderberg & Lance, 2000).
Without MI, differences in scores may reflect bias rather than true ability differences
(Brown et al., 2017; Leitgdb et al., 2023). For example, if items function differently for
males and females, test bias occurs, leading to unfair outcomes (Brown, 2015). To make
valid and trustworthy comparisons, it needs to be confirmed that the variationsin scores
reflect true differences in the construct of interest, not influenced by the measurement
tool. In this study, the factor structure of the reading items in the PTE Core test and the
extent to which measurement invariance across different groups was investigated using

Bayesian Structural Equation Modeling (BSEM) (Muthen & Asparouhov, 2012).
Bayesian Structural Equation Modeling (BSEM)

Bayesian analysisis oftenusedin educational and psychologicalmeasurements (Chen et
al., 2024) when models are too complex for frequentist methods, sample sizes are small,
prior knowledge needs to be incorporated, or researchers prefer Bayesian outputs
(Hoofs etal.,2018; Depaolietal.,2020).

Bayesian Structural Equation Modeling (BSEM) offers benefits over frequentist
methods, including computational efficiency, incorporation of prior information, and
easier interpretation of results (Smid et al., 2020). Unlike frequentist approaches that
require large samples and may perform poorly with small ones (Muthen & Asparouhov,
2012), Bayesian methods provide reliable estimates based on posterior distributions
(Chen et al., 2024). This is particularly useful when sample sizes are limited due to small
populations (Egberts et al., 2016), hard-to-reach groups, or test designs like Linear-on-
the-Fly Test Assembly (LOFT), which generates unique test forms for each taker to ensure
security but results in missing data (Becker & Bergstrom, 2013; Pearson, 2024). Given

these advantages, BSEM was applied to evaluate the PTE Corereadingitemsinthis study.



Measurement Invariance

Multi-Group Confirmatory Factor Analysis (MGCFA) is the standard method for testing
measurement invariance (Ml) (Vanderberg & Lance, 2000). It assesses different levels of
MI: configural (same factor structure), metric (equal factor loadings), and scalar
invariance (equal factorloadings and intercepts) across groups. While metric invariance
allows comparison of relationships between variables, scalar invariance is needed to
compare latent means (Cieciuch et al., 2014). However, achieving full scalarinvariance is
often challenging (Byrne & van de Vijver, 2010). Partial invariance, which relaxes
constraints on a few parameters, can be used instead (Byrne et al., 1989). Still, both full
and partial invariance approaches have limitations, and approximate measurement
invariance, which allows small differences in parameters, offers a more flexible and

unbiased alternative (Winter & Depaoli, 2019).

Muthén and Asparouhov (2013) proposed Bayesian approximate measurement
invariance (AMI) as an alternative to strict Ml testing. Unlike full MI, which often results in
poor model fit, especially with many groups (Kim et al., 2017), Bayesian AMI allows for
small, substantively negligible differences in parameters across groups (Leitgdb et al.,
2023). This method permits minorvariations in factorloadings and intercepts—known as
“‘wiggle room”—while still enabling valid comparisons (van de Schoot et al., 2013). It
assumes these differences follow a normal distribution centered at zero with a
predefined variance, keeping deviations minimal to maintain approximate invariance
(Wurster, 2022). In this study, Bayesian AMIl was applied to test the invariance of reading

itemsinthe PTE Core test.
The Present Study

This study explored the factor structure of reading items in the PTE Core test and
investigated whetherthe underlying construct (i.e., reading skills)is measuredinthe same
way across different groups of test-takers. To evaluate the test’s factor structure andits
measurement invariance, two research questions were addressed:
1. Whatisthe factor structure of reading itemresponses on the PTE Core test?
2. To what extent are reading item responses on the PTE Core test comparable
across different groups of test-takers (i.e., gender, language family, and test

centerlocation)?



The first research question was investigated using Bayesian Exploratory and
Confirmatory Factor Analysis (EFA and CFA) to explore the dimensional structure of the
reading items. The second question involved applying Bayesian Approximate
Measurement Invariance (AMI) to assess item-level comparability across groups (e.g.,
gender, language family, and test center location). It was hypothesized that full
measurement invariance would hold for gender, given comparable educational and
language learning opportunities, whereas full invariance was not expected for language
family and test center location due to substantial cross-linguistic and contextual

diversity.

Method
PTE Core

The PTE Core Reading Section includes five item types (Pearson, 2024): (1) reading and
writing: fill in the blanks (GAPS RW), (2) multiple choice - multiple answers (MAMC), (3)
reorder paragraph (DRDR), (4) fill in the blanks (GAPS), and (5) multiple choice - single
answer (SAMC). We excluded the first type, which assesses integrated skills, and focused
solely on the items assessing only reading skills to evaluate the unidimensionality. Due to
Pearson’s LOFT design, each test takerreceives a unique set of items drawn from alarge
item pool. There are several items for each item type in PTE Core’s item bank, with test
takers being allocated different subsets of these items each time a test is taken. Each
test taker responds to eight reading items: one MAMC, two DRDR, four GAPS, and one
SAMC. Data was provided for 107 reading items. MAMC, DRDR, and GAPS are scored

using partial credit, while SAMC is scored dichotomously (Pearson, 2024).
Dataset

Pearson provided test data, background, and technical information for 42,879 test-
takers (52.6% male, 47.4% female; M.ge = 30.90 years, SD = 7.10). Participants came from
155 countries, mainly India (n=24,191,56.4%), China(n = 3,451,8.0 %), and Nepal (n=1,796,
4.2%), and reported speaking 105 languages, most commonly English (n = 9,385, 21.9%),
Punjabi (n =7,990,18.6%), and Hindi (n = 4,534,10.6%). The test was administered in 105
countries, with most taking place in Canada (n = 27,792, 64.8%), India (n = 5,454, 12.7%),

andthe U.S.(n=1,725,4.0%). The most common occupational fields were the health and



social services sector (n = 6,266, 14.6%), education (n = 4,750, 11.1%), and

technical/scientific fields (n=4,496,10.5%).

The overall and reading scores range from 10 to 90. The mean overall score was
63.69 (SD =15.03), and the mean reading score was 63.58 (SD =15.43). Due to the LOFT
design, response counts per item varied between 1,858 and 4,163. Item score ranges
were 0-1for SAMC, 0-2 for MAMC, O-3 for DRDR, and O-5 for GAPS. In this study, item-
level scores were used to conduct factor analysis and test measurement invariance

across gender, language family, and test centerlocation.
Data Analysis

Data analysis was conducted in three stages: exploratory factor analysis (EFA),
confirmatory factor analysis (CFA), and Bayesian approximate measurement invariance
(AMI). All analyses were performed using Mplus 8.11 software (Muthén & Muthén, 1998-
2017).

Exploratory Factor Analysis

To explore the underlying structure of the PTE Core reading items, we conducted a
Bayesian exploratory factor analysis (EFA), evaluating both one- and two-factor
solutions. The full sample was randomly divided into two subsamples: Sample 1 (odd
registration IDs) for EFA and Sample 2 (even registration IDs) for confirmatory factor
analysis (CFA). Sample Tincluded 21,424 test-takers (52.5% male, 47.5% female; Mage =
30.90 years, SD = 7.16). Participants came from 145 countries, mainly India (n = 12,060),
China (n = 1,788), and Nepal (n = 889), and reported speaking 92 languages, most
commonly English (n =4,706), Punjabi (n = 4,019), and Hindi (n = 2,317). Testing took place
in 96 countries, most frequently in Canada (n =13,884), India (n =2,700), andthe U.S. (n =
904). For Sample 1, the mean overall test score was 63.67 (SD = 15.14), and the mean
reading score was 63.55 (SD =15.56).

Bayesian EFA was performed using the Bayes estimator and Gibbs sampling with
two MCMC chains and 50,000 iterations, applying Geomin (oblique) rotation. Model fit
was evaluated using the posterior predictive p-value (ppp), which reflects the proportion
of iterations where the replicated 2 exceeds the observed x2 (Lee, 2007). A good fitis
indicated by a ppp around 0.50 (Muthen & Asparouhov, 2012), while values below 0.05
or0.01suggestapoorfit(vande Schootetal.,2014). The posterior predictive check also

produces a 95% confidence interval for the discrepancy between the observed and



replicated data. A well-fitting model is indicated when the lower bound of this interval is

negative and the interval includes zero at its center (Muthen & Asparouhov, 2012).

Confirmatory Factor Analysis

To examine the factor structure of the PTE Core reading items, a Bayesian Confirmatory
Factor Analysis (CFA) was conducted using Sample 2, which comprised 21,455 test-
takers (52.7% male, 47.3% female; M.g. = 30.91years, SD =7.05). Aone-factormodel was
estimated to evaluate the fit of the unidimensional structure. Participants came from 140
countries, mainly India (n = 12,131), China (n = 1,663), and Nepal (n = 907), and reported
speaking 98 languages, most commonly English (n = 4,679), Punjabi (n = 3,971), and Hindi
(n = 2,217). The test was completed in 95 countries, most frequently in Canada (n =
13,908), India (n = 2,754), and the U.S. (n = 821). For Sample 2, the mean overall test score
is 63.71(SD =14.92), and the mean reading score was 63.60 (SD =15.30).

Bayesian CFA was conducted using the Bayes estimator and Gibbs sampling
algorithm, using two MCMC chains with 50,000 iterations to estimate the posterior
distribution. As no prior information was available for the model parameters, non-
informative priors were used. In Mplus, the default priors for intercepts and factor
loadings are specified as N (O, «) (Asparouhov & Muthen, 2021). Model fit was assessed
using the posterior predictive p-value (ppp) and the 95% credibility interval, following the

same procedure asin the Bayesian EFA.
Bayesian Approximate Measurement Invariance

To assess the measurement invariance of the PTE Core reading items across gender,
language family, and test center location, we applied the Bayesian approximate
measurement invariance (AMI) approach using the data of the full sample (n = 42,879).
Based on Barkaoui (2019), test-takers were categorized into four language families:
Indo-European (e.g., English, German, Dutch; n=10,986, 25.6%), Indo-Iranian (e.g., Farsi,
Hindi, Urdu; n = 20,680, 48.2%), Dravidian (e.g., Kannada, Tamil, Telugu; n= 3,709, 8.6%),
and otherlanguages (n=7,504,17.5%). Test centerlocations were grouped according to
Kachru’s (1992) concentric circles of English: (1) inner circle (Australia, Canada, UK, USA,
Ireland, New Zealand; n = 31,339, 73.1%), (2) outer circle (e.g., India, Malta, Philippines; n =
9,200, 21.5%), and (3) expanding circle (all other countries; n = 2,340, 5.5%). Due to

convergence issues stemming from the small sample size in the expanding circle, the



outer and expanding circles were combined into one group (n = 11,540; 26.9%). The
descriptive statistics of overall scoresandreadingitems foreachgroup are giveninTable

1.

Table 1. The overalland mean scores of reading items for each group

Groups Overall scores Readingitems
Mean Standard Deviation Mean Star)dgrd
Deviation
Gender
Female 64.84 14.60 64.65 14.97
Male 62.65 15.33 62.60 15.76

Language families

Indo-European 66.67 16.08 66.41 16.42
Indo-Iranian 62.06 13.98 61.81 14.36
Dravidian 65.83 14.18 65.92 14.74
Otherlanguages 59.76 16.77 60.45 17.36
Test centerlocations

Inner circle 65.60 14.24 65.32 14.73
Outer-expanding 58.60 15.12 58.92 17.23
circles

The Bayesian AMl approach consists of two steps: (1) setting different informative
priors for the cross-group differences in loadings and intercepts, and (2) releasing
equality constraints (on loadings and intercepts) that are not supported by the data
(Zercher et al., 2015). Muthén and Asparouhov (2012) and later (Asparouhov, Muthén, &
Morin, 2015) proposed a strategy that begins with very small prior variances (e.g., 0.001)
and gradually increases them. Following this strategy and previous studies (Muthén &
Asparouhov, 2013; van de Schoot et al., 2013; Pokropek et al., 2020), we tested five
models with informative priors (mean = O) and variances of 0.001, 0.005, 0.01,0.05, and
0.10 for the differences in factor loadings and intercepts (i.e., scalar invariance) across
each grouping variable separately.

The analysis was conducted using the Bayes estimator and Gibbs sampling
algorithm with two MCMC chains and 50,000 iterations. We estimated models with
informative priors for differences between factor loadings and intercepts, ranging from
N (0, 0.0017)to N (O, 0.10). Model fit was assessed using the posterior predictive p-value
(ppp) andthe 95% confidenceinterval (Cl), consistent with the approach appliedinearlier
analyses. We also used the Deviance Information Criterion (DIC), a comparative fit index

for Bayesian analysis (Spiegelhalter et al., 2002), with lower values indicating better
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modelfit. Non-invariance in parameters is identified when a parameterin a specific group
deviates from the overall group average, and this difference is considered significant if
zero falls outside the 2.5% and 97.5% quantiles of the posterior distribution (Seddig &
Leitgdb, 2018).

Results
Exploratory Factor Analysis Results

Models specifying one- and two-factor solutions were tested. The eigenvalues were
28.25 for the first factor and 3.18 for the second, indicating a sharp drop and the
presence of a dominant general factor. Both models demonstrated a good fit: the one-
factor model had a posterior predictive p-value (ppp) of 0.494 with a 95% confidence
interval (Cl) of [-288.317, +307.118], while the two-factor model yielded a ppp of 0.485
and a 95% Cl of [-309.131, +293.918]. Based on the steep eigenvalue drop,
interpretability, and parsimony, the one-factor solution was retained. This result
suggests that the reading items in the PTE Core test have a unidimensional factor
structure. Factor loadings ranged from 0.12 [95% CI: 0.05, 0.18]t0 0.78 [95% CI: 0.75,
0.87], but 12 items had loadings below the commonly accepted threshold of 0.32

(Tabachnick & Fidell, 2013). However, they were retained for further analysis.

Confirmatory Factor Analysis Results

A one-factor CFA model was estimated. The model showed an acceptable fit, with a
posterior predictive p-value (ppp) of 0.476 and a 95% confidence interval for the
difference between observed and replicated chi-square values of [-310.773, +325.363].
Table 2 displays the posterior median estimates of factor loadings along with their 95%
credibility intervals. Loadingsranged from 0.15[95% CI: 0.07,0.22]t0 0.79[95% CI. 0.75,
0.81]. While some items had lower loadings, most contributed meaningfully to the latent
factor. Importantly, none of the credibility intervals included zero, confirming that all
items significantlyloaded onto the factor. Overall, the findings support a well-fitting one-
factor structure for reading items in the PTE Core test, despite some variability in item
contributions.

Table 2. Standardized factor loading estimations and associated 95% credibility
intervals



Item

Factor

Item

Factor

. 95% Cl ) 95% ClI
loading loading
1 0.40 [0.35,0.47] 55 0.64 [0.60,0.67]
2 0.15 [0.07,0.22] 56 0.47 [0.43,0.52]
3 0.52 [0.47,0.56] 57 0.62 [0.59,0.66]
4 0.45 [0.39,0.51] 58 0.68 [0.64,0.72]
5 0.29 [0.25,0.33] 59 0.72 [0.69,0.75]
6 0.52 [0.48,0.56] 60 0.40 [0.35,0.45]
7 0.34 [0.29,0.39] 61 0.58 [0.53,0.61]
8 0.47 [0.43,0.51] 62 0.65 [0.62,0.69]
9 0.27 [0.20,0.33] 63 0.32 [0.26,0.39]
10 0.30 [0.25,0.35] 64 0.52 [0.46,0.57]
1 0.37 [0.31,0.43] 65 0.49 [0.43,0.54]
12 0.59 [0.56,0.62] 66 0.46 [0.40,0.52]
13 0.47 [0.43,0.50] 67 0.39 [0.32,0.44]
14 0.42 [0.38,0.46] 68 0.44 [0.40,0.48]
15 0.48 [0.42,0.53] 69 0.46 [0.42,0.49]
16 0.42 [0.36,0.47] 70 0.38 [0.34,0.42]
17 0.47 [0.41,0.54] 71 0.26 [0.21,0.31]
18 0.44 [0.36,0.50] 72 0.58 [0.54,0.62]
19 0.47 [0.42,0.52] 73 0.69 [0.66,0.72]
20 0.42 [0.37,0.48] 74 0.67 [0.64,0.71]
21 0.58 [0.53,0.63] 75 0.60 [0.56,0.64]
22 0.33 [0.29,0.37] 76 0.59 [0.55,0.62]
23 0.17 [0.12,0.22] 77 0.62 [0.58,0.66]
24 0.43 [0.39,0.47] 78 0.45 [0.40,0.50]
25 0.38 [0.34,0.43] 79 0.69 [0.66,0.72]
26 0.25 [0.20,0.29] 80 0.73 [0.69,0.76]
27 0.32 [0.28,0.37] 81 0.66 [0.62,0.69]
28 0.34 [0.30,0.38] 82 0.61 [0.57,0.65]
29 0.39 [0.35,0.44] 83 0.64 [0.61,0.68]
30 0.33 [0.29,0.38] 84 0.62 [0.58,0.65]
31 0.44 [0.40,0.48] 85 0.60 [0.55,0.63]
32 0.29 [0.24,0.33] 86 0.34 [0.27,0.40]
33 0.54 [0.51,0.58] 87 0.53 [0.47,0.58]
34 0.49 [0.45,0.53] 88 0.46 [0.39,0.52]
35 0.60 [0.56,0.63] 89 0.43 [0.37,0.49]
36 0.58 [0.52,0.62] 90 0.22 [0.17,0.27]
37 0.48 [0.44,0.52] 91 0.33 [0.29,0.38]
38 0.66 [0.62,0.69] 92 0.48 [0.44,0.52]
39 0.63 [0.59,0.66] 93 0.51 [0.47,0.55]
40 0.63 [0.60,0.67] 94 0.51 [0.47,0.54]
41 0.49 [0.45,0.53] 95 0.70 [0.66,0.73]
42 0.63 [0.59,0.66] 96 0.68 [0.64,0.71]
43 0.66 [0.62,0.70] 97 0.64 [0.60,0.67]
44 0.60 [0.55,0.64] 98 0.71 [0.68,0.74]
45 0.49 [0.43,0.53] 99 0.60 [0.56,0.63]
46 0.65 [0.62,0.68] 100 0.55 [0.51,0.59]
47 0.58 [0.54,0.62] 101 0.66 [0.62,0.69]
48 0.7 [0.68,0.75] 102 0.63 [0.59,0.66]
49 0.69 [0.66,0.72] 103 0.72 [0.69,0.75]
50 0.78 [0.75,0.80] 104 0.74 [0.70,0.77]
51 0.79 [0.75,0.81] 105 0.62 [0.58,0.66]
52 0.63 [0.59,0.66] 106 0.45 [0.41,0.49]




53 0.64 [0.60,0.68] 107 0.59 [0.55,0.62]
54 0.59 [0.55,0.63]
Note. Cl= Credibility Interval.

Approximate Measurement Invariance Results

Table 3 summarizes the model fit indices for Bayesian approximate measurement
invariance (AMI) across gender, language family, and test center location. For gender, all
models demonstrated good fit, with posterior predictive p-values (ppp) close to 0.50
and 95% confidence intervals included zero near the center. The model with a prior
variance of ¥ = 0.001 had the lowest DIC and was therefore selected, indicating that
approximate scalar Ml could be established across gender. For the language family, all
models showed acceptable fit, but the model with V = 0.01 produced the lowest DIC
value. Thus, the model with V = 0.01 was chosen, suggesting that approximate scalar Ml
could be supported. Finally, for test centerlocation, all models similarly fit the data well,
with ppp values near 0.50 and confidence intervals including zero at the center. The
model with ¥ = 0.005 yielded the lowest DIC and was selected, indicating that

approximate scalar Ml could also be established across test centerlocations.

Table 3. Model fit for Bayesian approximate scalar measurement invariance across

gender, language family, and test centerlocation

Prior DIC ppp 95% Cl
Gender
N(O, 0.00T) 767036.268 0.456 [-386.171,+381.929]
N(O, 0.005) 767049.620 0.464 [-386.611,+387.468]
N(O, 0.01) 767073.242 0.480 [-405.969, +465.207]
N(O, 0.05) 767090.476 0.479 [-388.774, +401.285]
N(O, 0.10) 767093.885 0.478 [-388.032, +401.751]
Language family
N(O, 0.00T) 762714.241 0.380 [-455.846, +721.799]
N(O, 0.005) 761903.018 0.473 [-536.637,+676.425]
N(0O, 0.01) 761835.116 0.490 [-544.893,+672.474]
N(O, 0.05) 761884.059 0.461 [-627.119,+608.931]
N(O, 0.10) 761907.215 0.461 [-624.339,+609.926]
Test centerlocation

N(O, 0.00T) 762784.879 0.456 [-408.979, +454.690]
N(O, 0.005) 762670.735 0.483 [-419.232,+440.186]
N(0O, 0.01) 762678.014 0.473 [-421.450, +452.171]
N(O, 0.05) 762702.558 0.483 [-418.205, +438.157]
N(O, 0.10) 762708.201 0.496 [-418.824, +439.336]
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Note. DIC=deviance information criterion; ppp=posterior predictive p-value; Cl=confidence

interval

Table 4 presents the deviations of factor loadings and intercepts from the prior-
defined values across female and male test-takers. Most item parameters did not show
significant deviations, but for some items, either the factor loading or the intercept
differed significantly. Notably, only two items (items 79 and 103) showed significant
deviations in both parameters, suggesting non-invariance. Despite these item-level
deviations, the overall model fit met acceptable standards. These findings support the
conclusion that approximate scalar measurement invariance holds across gender,
indicating that comparisons of latent means between female and male test-takers are

supported.

Table 5 summarizes the deviations of parameters from the defined priors across
language family groups. For most items, either the loading or intercept deviated in at
least one group. No item showed significant deviations in both parameters across all
groups. Still, only afewitems remainedinvariant across all groups. Although model fit was
acceptable, the high number of deviations suggests that while latent mean comparisons

are feasible, interpretations should account for group-specific patterns.

Table 6 provides the deviations of parameters across test centerlocation groups.
While some items showed no significant differences from the prior-defined parameters,
several(e.g.,items12and19) exhibited deviationsin eitherloadings orintercepts. 16 items
showed significant deviationsinboth parameters, indicating non-invariance. Despite the
model’s acceptable fit, the extent of these deviations across inner and outer-expanding
circle groups suggests that approximate scalar measurement invariance can be

assumed, though latent mean comparisons should be interpreted with some caution.
Conclusion

This study examined the factor structure of readingitemsin the PTE Core test and tested
whether they measure reading skills consistently across groups. Given the high-stakes
nature of the test, evaluating the validity of its scoresis essential. Overall, the study aimed

to support the ongoing validation of the PTE Core reading assessment.

The Bayesian EFA results indicated that factor loadings were generally strong and
credible intervals were narrow, indicating a stable solution for the one-factormodel. This

result suggested that reading items in the PTE Core Test had a one-factor structure,
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measuring the reading skills of test-takers. The Bayesian CFA results confirmed the one-

factorstructure of the reading test.

The Bayesian AMl results indicated that scalar invariance was achieved for gender,
language family, and test centerlocation, with best-fitting prior variances of 0.001, 0.01,
and 0.005, respectively. For gender, most itemloadings and intercepts showed minimal
differences, though a few items had significant deviations. This pattern suggests that
gender does not introduce substantial measurement bias, which is plausible given that
males and females are generally exposed to comparable educational contexts and are

not systematically differentiated in terms of language learning opportunities.

For the language family, most items showed deviations in either loading or
intercept within at least one group, but not both across all groups. These deviations may
reflect genuine cross-linguistic differences in how test items are processed, since test-
takers’ first language (L1) structures (e.g., sentence construction, word formation
patterns, and word order) and literacy practices differ widely across language families.
Such structural and educational variations can naturally lead to differences in response

patterns evenwhen the underlying construct is the same.

Forthe test centerlocation, while some items showed no deviations, many differed
in either or both parameters. This heterogeneity likely mirrors the diverse sociolinguistic
and educational contexts represented by test centers, which range from settings with
high daily exposure to English (inner-circle countries) to those where English is primarily
learned in formal instruction (outer or expanding circle contexts). These contextual
differences can affect the degree of familiarity with item formats and test-taking

practices, producing more frequent deviations at the item level.

Overall, these findings suggest approximate scalar invariance, supporting latent
mean comparisons, though caution is needed, especially for language family and test

centercomparisons due to more frequent item-level deviations.

In conclusion, this study offers important evidence for the validity of reading items
in the PTE Core. Evaluating factor structure and measurement invariance is crucial for
tests used with diverse populations to ensure fair and meaningful cross-group
comparisons. Given that PTE Core assesses English proficiency internationally, ensuring

score comparability is essential forits valid and equitable use.
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Table 4. Deviations of loadings and intercepts from prior defined parameters (mean =0,
variance = 0.001) for gender groups

Female Male Female Male
ltem Lo Int Lo Int ltem Lo Int Lo Int
1 55
2 56 X X
3 57
4 58 X X
5 59
6 60 X X
7 X X 61
8 X X 62
9 63 X X
10 64
11 X X 65
12 X X 66
13 67
14 68
15 69
16 70 X X
17 71
18 X X 72 X X
19 73 X X
20 74
21 75
22 76 X X
23 77
24 78
25 79* X X X X
26 80
27 81
28 82
29 83 X X
30 84
31 X X 85
32 86 X X
33 X X 87
34 88 X X
35 X X 89
36 90 X X
37 91
38 92
39 X X 93
40 94 X X
41 X X 95
42 96
43 97
44 98
45 99
46 100
47 X X 101
48 102
49 103* X X X X
50 104
51 105
52 106
53 107
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Note. Lo =loading; Int = intercept; x=deviation of a given parameterin a given group from the defined priors

(mean =0, variance = 0.001); *=Non-invariant item.

Table 5. Deviations of loadings and intercepts from prior defined parameters (mean = O,
variance = 0.01) forlanguage family groups

Indo- Indo- Dravidian Other Indo- Indo- Dravidian Other
European lIranian languages European Iranian languages
ltem Lo Int lo Int Lo Int Lo Int ltem Lo Int Lo Int Lo Int Lo Int
1 55 X X X X X X
2 X X X 56 X X X X
3 X 57 X X X X X X
4 X X 58 X X X
5 X X X X X X X 59 X X
6 X X X X X 60 X X X X
7 X X 61 X X
8 X X 62 X X
9 X X X 63 X X X
10 X X X X X 64 X
11 X 65
12 X X 66 X X X
13 X X 67 X X
14 68 X X
15 X 69 X X X X X X
16 70 X X
17 X X 71 X X X X X
18 X 72 X X X
19 X X 73 X X
20 X X 74
21 X X X 75 X X
22 X X X X X X 76 X
23 X 77 X X
24 X X X X X X 78 X X X X
25 X X X X X 79 X X X X X X
26 X X X 80 X X
27 X X X X 81
28 X X 82 X X
29 X X X X X 83 X X
30 X X X X X X 84 X X X
31 X X X X 85
32 X X 86 X
33 X X X 87
34 X X X X 88 X X X
35 X X 89 X X
36 X X 90 X X X X
37 91 X X
38 X 92
39 X X X X 93 X
40 X 94 X X X
41 X X X 95
42 X 96
43 X X X 97 X X X
44 X X 98
45 X X X X X 99 X X
46 X X X X 100 X X
47 X X 101
48 X X X X 102 X
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49 X X X X X X 103 x X X X

50 X X X 104 X X
51 X X X 105

52 X X 106 X X

53 X X X 107 X X
54 X

Note. Lo =loading; Int = intercept; x=deviation of a given parameterin a given group from the defined priors

(mean =0, variance = 0.01).

Table 6. Deviations of loadings and intercepts from prior defined parameters (mean =0,
variance = 0.005) for test centerlocation groups

Innercircle  Outer-expanding Inner circle Outer-expanding
circle circle

ltem Lo Int Lo Int ltem Lo Int Lo Int
1 55* X X X X
2 X X 56 X X
3 57 X X
4 X X 58* X X X X
5 X X 59
6* X X X X 60* X X X X
7 61* X X X X
8* X X X X 62* X X X X
9 63 X X
10 64 X X
11 65
12 X X 66 X X
13* X X X X 67 X X
14 X X 68
15 69 X X
16 70 X X
17 X X 71 X X
18 72* X X X X
19 X X 73
20 74
21 X X 75
22 X X 76
23 77 X X
24 X X 78
25 X X 79* X X X X
26 X X 80
27 X X 81 X X
28* X X X X 82
29 X X 83* X X X X
30 X X 84 X X
31 85
32 86 X X
33 87
34 88
35 89
36 X X 90 X X
37 91 X X
38 92
39 93
40* X X X X 94* X X X X
41 X X 95 X X
42 96
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43* X X X X 97

44 X X 98

45 X X 99

46 100 X X
47 X X 101

48 X X 102

49* X X X X 103 X X

50 X X 104 X X
51 X X 105

52 106

53 107

54

Note. Lo =loading; Int = intercept; x=deviation of a given parameterin a given group from the defined priors

(mean =0, variance = 0.005); *=Non-invariant item.
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