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Measurement Invariance across Information and Communication Technology 

Development Index and Gender: The Case of the Pearson Test of English Academic 

Reading 

Abstract 1 

The computerization of reading assessments has presented a set of new challenges to test 2 

designers. From the vantage point of measurement invariance, test designers must investigate 3 

whether the traditionally recognized causes for violating invariance are still a concern in 4 

computer-mediated assessments. In addition, it is necessary to understand technology-related 5 

causes of measurement invariance among test-taking populations. In this study, we used data (n 6 

= 800) from the Pearson Test of English Academic (PTE Academic) reading, an international 7 

test of English comprising 10 test items, to investigate measurement invariance across gender 8 

and the Information and Communication Technology Development index (IDI). We adopted 9 

multi-group confirmatory factor analysis (CFA) to assess invariance at four levels: configural, 10 

metric, scalar, and structural. Overall, we were able to confirm structural invariance for the PTE 11 

Academic, which is a necessary condition for conducting fair assessments. Implications for 12 

computer-based education and the assessment of reading are discussed. 13 

Keywords: confirmatory factor analysis, gender, information and communication 14 

technology development, measurement invariance  15 
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Introduction 16 

Measurement invariance (measurement equivalence) is a statistical property that demonstrates 17 

whether tests or assessments function the same across pre-specified groups of test takers (Sass, 18 

2011; Vandenberg & Lance, 2000). Previous research has investigated the role of multiple 19 

factors in violating measurement invariance in computer-based reading tests, most notably access 20 

to and knowledge of information and computer technologies (ICT, Trucano, 2010) and gender 21 

(Carpenter & Alloway, 2018; Yoo & Manna, 2017). A significant difference has been found 22 

between test takers’ performance on ICT- and paper-based assessments (Jeong, 2012; Pae, 23 

Greenberg, & Morris, 2014; Yoo & Manna, 2017), such that ICT-based assessments have been 24 

shown to be more difficult than their paper-based counterparts (Fishbein, Martin, Mullis, & Foy, 25 

2018). Collectively, these studies suggest that language learners with highly developed ICT skills 26 

may be advantaged in computerized reading tests compared with counterparts with limited 27 

knowledge of and access to ICT.  28 

The second factor shown to affect reading test performance is gender. Carpenter and 29 

Alloway (2018) reported that gender interacted with test takers’ performance on a computer-30 

based test, undermining its measurement invariance. This finding is consistent with a study by 31 

MacCann (2006) that revealed a significant interaction between gender and test performance, but 32 

contrasts an investigation by Pae et al. (2014) who examined measurement invariance in the 33 

Pearson English Test Academic (PTE Academic) reading alongside other sections of the test. In 34 

another study, Horne (2007) found inconsistent gender effects in several computer-based 35 

language tests including reading, while Gallagher, Bridgeman, and Cahalan (2002) reported 36 

lower test performance amongst females. Although the findings have yielded mixed results, they 37 

highlight the need for further investigation of the role of gender in measurement invariance in 38 

reading assessments–an issue that has not been adequately addressed in ICT-based reading 39 

assessment research (Sawaki, 2001).  40 

In the present study, a confirmatory factor analysis (CFA), a special case of structural 41 

equation modeling (SEM), is used to investigate measurement invariance in the computer-based 42 

PTE Academic reading across gender and the Information and Communication Technology 43 

Development Index (IDI), which is an indicator published by the United Nations International 44 

Telecommunication Union (2017) based on universally agreed upon ICT measures. Our research 45 
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objective is to investigate whether measurement invariance is supported across IDI and gender 46 

groups at the construct definition level, factor-loading level, intercept level, and residual level of 47 

the test. This analysis has implications for the validity of the uses and interpretations of PTE 48 

Academic test scores. Notably, as a fundamental validity requirement in language tests, the 49 

measurement instrument should not function differentially across any covariates (Borsboom, 50 

2006). Supporting measurement invariance across gender and IDI would testify to assessment 51 

equity and indicate if any observed differences in test performance between different groups are 52 

due to genuine differences in test takers’ ability levels rather than the differential functionality of 53 

the PTE Academic reading for the groups. In this case, the test scores can be interpreted as 54 

reliable indicators of test takers’ language ability and the reading test itself as a precise and fair 55 

measurement instrument for assessing reading ability.  56 

Measurement Invariance in Reading Assessment  57 

In recent decades, a number of scholars have investigated measurement invariance in reading 58 

assessment across gender, socioeconomic status, first language, age, and culture, mainly using 59 

item response theory (IRT) as the investigation instrument. As IRT can only address item-level 60 

measurement invariance (Schular et al., 2014), scalar and structural invariance were overlooked 61 

in these studies. For example, Farrington, Lonigan, Phillips, Farver, and McDowell (2015) found 62 

violations of measurement invariance across mother tongue, race, and ethnicity in two reading 63 

tests in the USA. Similarly, Abbott (2007) reported violations of measurement invariance across 64 

mother tongues in the Canadian Language Benchmarks Assessment (CLBA) Form 1 – Stage II 65 

reading assessment. Abbott stressed the dearth of invariance research on test takers’ language 66 

groups in dichotomously scored reading tests. A number of other factors have been investigated 67 

in measurement invariance research in reading assessment, including language background 68 

(Roever, 2007; Ryan & Bachman, 1992; Sasaki, 1991; Vista, Care, Griffin, 2014), academic 69 

background (Tae, 2004), gender (Ryan & Bachman, 1992; Koo, Becker, & Kim 2014), reading 70 

strategies (Scerbina, 2012), ethnicity (Koo et al., 2014), and country of citizenship (Sandilands, 71 

Oliveri, Zumbo, & Ercikan, 2013). However, as most of these studies were conducted on 72 

traditional paper-and-pencil reading papers, computerized reading assessments remain 73 

underrepresented and the investigation of their measurement invariance is underresearched in the 74 

available literature.    75 
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Information and Communication Technology (ICT) 76 

The past decade has seen rapid growth in the development of computer-mediated assessment and 77 

the teaching/learning of language skills such as reading (Chen, 2016; Huang, 2016; Tseng, Yeh& 78 

Yang, 2015) and listening (Ward, Escalante, Al Bayyari, & Solorio, 2007, Wei & Zheng, 2017). 79 

Computerization of reading assessment presents a set of new challenges to test developers. From 80 

the vantage point of measurement invariance, test designers have to investigate whether 81 

traditionally recognized causes for violating invariance such as gender are a concern in 82 

computer-mediated assessments. More importantly, there is a need to understand technology-83 

related causes of measurement invariance among test-taking populations. In high-stakes 84 

assessments, such causes are investigated by surveying test takers or examining test takers’ 85 

backgrounds such as countries of origin.  86 

The Information Society Report: Volume 1 (2017) provides a measurement of countries’ 87 

position on the Information and Communication Technology (ICT) scale. This report enables us 88 

to understand the potential position of test takers’ ICT competency based on their country of 89 

citizenship. The ICT development index (IDI) is an overall number that ranks countries based on 90 

their ICT position. It is derived from three sub-indices: (i) the Access Sub-Index (ASI), which 91 

looks at the ICT readiness and accessibility of the country based on five areas of infrastructure, 92 

namely fixed telephone subscriptions, mobile cellular telephone subscriptions, international 93 

Internet bandwidth per Internet user, households with a computer, and households with Internet 94 

access); (ii) the Use Sub-Index (USI), which captures ICT usage and its intensity by looking at 95 

three indicators, namely individuals using the Internet, fixed broadband subscriptions, and 96 

mobile broadband subscriptions; and (iii) the Skills Sub-Index (SSI), a proxy indicator of the 97 

skill level of ICT that is based on the country’s education level, mean years of schooling, gross 98 

secondary enrolment, and gross tertiary enrolment.  99 

One of the main advantages of IDI is that it is an index of ICT access generated by the 100 

United Nations International Telecommunication Union (2017). Previous research supports a 101 

relationship between access to ICT technologies and educational achievement (Pedró, 2007). 102 

Reviewing the findings of the Programme for International Student Assessment (PISA) in 2009, 103 

Trucano (2010, para. 7) concluded that “even accounting for a student’s socio-economic status, 104 

there is a significant correlation between computer use at home and educational performance, a 105 
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correlation that does not appear for computer use at school.” The striking finding of this study is 106 

that even using ICT during leisure time results in an advantage in educational performance. As 107 

Trucano stated, “substantial gains in educational performance are correlated with the frequency 108 

of computer use at home. This is even more striking in view of the mostly leisure or 109 

entertainment-oriented nature of computer activities performed by students at home” (para. 7). 110 

This is consistent with other studies. For example, Wainer, Vieira, and Melguizo (2015) found a 111 

strong correlation between owning computers and test performance and a relatively weaker yet 112 

still significant relationship between Internet access and higher test scores. Similarly, Siddiq, 113 

Gochyyev, and Wilson (2017) reported positive relationships between ICT literacy and several 114 

factors including educational aspiration. One distinctive feature of Siddiq et al.’s study was the 115 

provision of evidence for measurement invariance by using IRT modeling prior to the 116 

investigation of their research questions. A more recent report published by the Organization for 117 

Economic Co-operation and Development (OECD, 2015), however, disagrees to some extent 118 

with the 2009 PISA report in 2009, stating that mere access to ICT might not lead to an 119 

advantage in educational development.  120 

Methods 121 

Data Source 122 

The data source, drawn from a larger population of test takers, comprised item-level test scores 123 

of 800 international test candidates from 49 countries (mean = 16 candidates per country) who 124 

took the PTE Academic test in 2016 (nfemale = 287 (35.9%); nmale = 513 (64.1%)). These test 125 

takers were aged between 17 and 50 (Mage = 27.57; SDage = 5.29) and there were no statistically 126 

significant differences between the average age of females (Mage = 27.78; SDage = 5.12) and 127 

males (Mage = 27.45; SDage = 5.38) (t(774)=0.835, p = 0.294). The country with the highest 128 

number of test takers was India (n = 470), followed by Nepal (n = 65), Pakistan (n = 53), China 129 

(n = 41), Viet Nam and Bangladesh (n = 16 each), Turkey (n = 14), and the Philippines and 130 

Malaysia (n = 12 each). There were 21 countries each represented by one candidate including 131 

Australia, Cyprus, Czech Republic, Eritrea, Israel, Spain, Thailand, Yemen, and Zambia.  132 

IDI indices were retrieved from the website of the United Nations International 133 

Telecommunication Union (2017; https://www.itu.int/en/mediacentre/Pages/2017-PR29.aspx), 134 

and ranged between 0.96 (Eritrea) and 8.8 (South Korea). Since the IDI indices of Iraq and 135 
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Yemen were not available, the seven candidates (0.9%) from these countries were excluded from 136 

analysis. The IDI quartiles of the countries constituted quartile1 (participants from 30 countries), 137 

quartile2 (participants from 93 countries), quartile3 (participants from 104 countries), and 138 

quartile4 (participants from 566 countries). The mean age and its standard deviation were similar 139 

across the IDI quartiles (quartile1: M = 28.517, SD = 8.1268; quartile2: M = 28.054, SD = 5.68; 140 

quartile3: M = 27.93, SD = 4.95; quartile4: M = 27.40; SD = 5.09) and one-way ANOVA 141 

showed no significant differences between them (F(3, 765)=0.895, p=0.443).  142 

The Reading Test 143 

The PTE Academic reading test is a subsection of the computerized PTE Academic, a 144 

three-hour test comprising speaking and writing (77–93 minutes), reading (32–41 minutes), and 145 

listening (45–57 minutes) (Pearson, 2019a). The test is offered up to 365 days annually and is 146 

administered on individual computers at more than 250 designated test centers worldwide 147 

(Pearson, 2019a). For participants, the test is high-stakes because test scores are typically used 148 

for visa purposes or university applications. Pearson (2019b) provides further information 149 

concerning how PET Academic compares with other large-scale tests in terms of administration, 150 

format, scale, and language skills tested.  151 

The PTE Academic reading test used in this study comprises 10 test items with 10 reading 152 

passages of different lengths. There were two item formats in the test: multiple choice questions 153 

and re-ordering questions. Eight (80%) of the test items used in the current study were 154 

polytomous and scored using a categorical rating scale, while two items were dichotomous with 155 

a binary rating scale (correct/incorrect). The overall mean index of the reading test scores was 156 

16.67 (SD = 5.83) and the mean scores for females and males were 16.35 (SD = 5.55) and 16.84 157 

(SD = 5.98), respectively. An independent-samples t-test was conducted to compare raw reading 158 

scores of males and females, which did not show any significant difference between the genders 159 

(t(774)=-1.103, p = 0.128). In addition, the mean indices of the reading test scores of quartiles 1, 160 

2, 3, and 4 were 15.7586 (SD = 6.96), 16.16 (SD = 5.34), 17.55 (SD = 6.25), and 16.62 (SD = 161 

5.76), respectively. A one-way ANOVA was conducted to compare raw reading scores of IDI 162 

quartiles, which showed no significant differences between the IDI quartile groups 163 

(F(3,765)=1.236, p = 0.296).  164 

Data Analysis  165 
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CFA model fitting. First, a one-factor CFA was fitted to the data using AMOS, Version 166 

231 (Arbuckle, 2014). We adopted the guidelines proposed by Muthén and Kaplan (1985, 1992) 167 

to choose a suitable correlation matrix for parameter estimation (i.e., Pearson vs Polychoric). 168 

According to Muthén and Kaplan (1985, 1992), polychoric correlations should be used when the 169 

univariate distributions of ordinal items are asymmetric with excessively large kurtosis or 170 

skewness indices. If both indices are less than two in absolute value (<|2|), then Pearson 171 

correlation is recommended. Because the data used in the present study have no significant 172 

deviations from normality (see Table 1 below), we opted to use the Pearson correlation matrix 173 

for model fitting and parameter estimation (Muthén & Kaplan, 1985, 1992). We further chose 174 

the maximum likelihood method of parameter estimation, which is used when data are normally 175 

distributed (see below). Each test item was loaded on the latent factor named Reading Ability, 176 

and the factor loading coefficient of item 1 was fixed at 1 for parameter estimation (see Figure 177 

1). The error terms of items 1 and 2, as well as those of items 9 and 10, were covaried for 178 

optimal fit. According to Duncan, Duncan, and Strychker (2006, p. 339), in CFA- and SEM-179 

based analyses “covariances for each variable […] are allowed to covary, and are included 180 

mainly to improve the goodness of fit of the model.” Content-wise, items 1 and 2 are banked 181 

choice items with partial credits and evaluate test takers’ lexicogrammatical ability in reading, 182 

whereas items 9 and 10 are multiple-choice questions with dichotomous scales and assess 183 

readers’ ability to identify the main idea of the text and author’s attitude.  184 

The fit of the CFA model as well as the following multi-group models was assessed using 185 

the guidelines presented by Hu and Bentler (1999), Schermelleh-Engel and Moosbrugger (2003), 186 

and Schumcher and Lomax (2010). We estimated the comparative fit index (CFI) and Tucker-187 

Lewis index (TLI) values, which should be ≥ .90; the normed χ2, which is the value of 188 

χ2 divided by degrees of freedom (optimal value ⩽ 3); and the root mean square error of 189 

approximation (RMSEA) value, which should be < .06 (Hu & Bentler, 1999).  190 

 For multi-group CFA analysis, which compares the model fit and parameters across 191 

different groups, we fitted four models per gender and four models per IDI index (i.e., eight 192 

                                                            
1 The decision to incorporate one latent variable into the model was supported by a unidimensionality analysis using 
the Rasch-Andrich rating scale model, which is reported in Zhu (2018). 
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separate CFA models). The methodology used to generate the models and compare their fits was 193 

the same for gender and IDI index models as follows: 194 

1) Configural invariance model, which is an unconstrained model requiring the same factor 195 

structure in terms of number of latent factors and items across groups (see Figure 1). 196 

2) Metric invariance model, which requires equivalent factor loadings (beta coefficients) 197 

across groups. 198 

3) Scalar invariance model, which requires metric as well as intercept invariance across 199 

groups. 200 

4) Structural invariance model, which requires scalar and residual invariance across groups. 201 

According to Brunet, Sabiston, Chaiton, Low, Contreras, Barnett, and O’Loughlin (2014, 202 

p. 3), “This is a ‘strict’ test of invariance and is akin to testing invariance of the reliability 203 

associated with the items if the latent factor variances are equal.”  204 

Measurement invariance. CFA-based measurement invariance analysis consisted of four 205 

stages: i) examining construct equivalence or configural invariance, which demands equity in the 206 

number of factors and items per groups (Maes, Klimstra, Van den Noortgate, & Goossens, 207 

2015); ii) investigating metric invariance (i.e., weak factorial invariance) or the degree to which 208 

factor loadings are equivalent across groups (Schuler, Musekamp, Bengel, Nolte, Osborne, & 209 

Faller, 2014); iii) establishing scalar invariance (i.e., strong factorial invariance), which refers to 210 

the equivalence of intercepts and factor loadings across groups (Millsap & Meredith, 2007); and 211 

iv) comparing mean scores of the observed variables (test items), (partial) structural invariance, 212 

which assumes scalar invariance and identical relationships between factors across groups, must 213 

hold (Sass, 2011). Previous research has shown that in many instances, achieving full invariance 214 

is not possible, since some parameters such as intercepts are often inequivalent across groups, 215 

resulting in partial invariance (Byrne, Shavelson, & Muthen, 1989; Millsap & Kwok, 2004) 216 

Invariance of each model was established by the Δχ2 (delta chi-squared) value, which 217 

compares the fit of a more constrained model relative to that of a less constrained model. When 218 

comparing two nested models, a non-significant result in the Δχ2 difference test shows that the 219 

two models do not differ in their fit, indicating that the more restricted model fits neither better 220 

nor worse than the unrestricted model, and thus measurement invariance can be assumed at that 221 

level. On the other hand, “[e]vidence of noninvariance is claimed if this χ2 difference value [i.e., 222 
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Δχ2] is statistically significant” (Byrne, 2010, p. 221). For example, in comparing the configural 223 

model (unconstrained) with the metric model (a constrained model nested in the configural 224 

model), if Δχ2 was not significant (p > 0.05), then measurement invariance could be claimed for 225 

the metric model. Despite the usefulness of Δχ2, it is sensitive to sample size (Byrne, 2010). As a 226 

result, it is recommended to examine changes in the normed fit index (ΔNFI) and ΔTLI for 227 

further evidence of measurement invariance (Cheung & Rensvold, 2002). According to Meade, 228 

Johnson, and Braddy (2008), ΔNFI and ΔTLI values less than 0.01 suggest measurement 229 

invariance.    230 

 231 
Figure 1. CFA model for assessing measurement invariance.  232 

 233 
Results 234 

Normality Check and Reliability Analysis 235 

To assess univariate normality, we computed the skewness and kurtosis indices of the test items. 236 

As shown in Table 1, all items met the normal distribution requirements, as defined by skewness 237 
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and kurtosis indices between -2 and +2. We also computed the Mardia’s coefficient to check for 238 

multivariate normality. The coefficient was -4.688 (<|5|), which supports the multivariate 239 

normality of the data (Byrne, 2010). In addition, the overall reliability index measured by 240 

Cronbach’s Alpha was .758, which falls within the high range of internal consistency between .7 241 

and .8 (Thorndike, 1997). The Cronbach’s Alpha values for females and males were .738 and 242 

.768, respectively, and for the four quartile groups were .828 (quartile 1), .740 (quartile 2), .777 243 

(quartile 3), and .750 (quartile 4), suggesting similar internal consistencies for the reading test 244 

across the sub-groups. Appendix 1 provides the bivariate correlations of the test items. Similarly, 245 

Cronbach’s Alpha coefficients for females and males were found to be .738 and .768, 246 

respectively, indicating high internal consistency of the test per gender group.  247 

Table 1 248 
Univariate Normality of the Test Items 249 
 Item  Mean Std. Deviation Skewness Kurtosis 
item1 2.841 1.3382 -0.186 -0.699 
item2 3.163 1.3887 -0.099 -0.464 
item3 0.841 0.8998 0.317 -1.692 
item4 0.618 0.8274 0.812 -1.054 
item5 2.039 0.6785 -0.337 0.099 
item6 2.633 1.0835 -0.432 -0.552 
item7 2.671 1.5260 -0.062 -0.914 
item8 1.329 1.2490 0.584 -0.708 
item9 0.293 0.4552 0.914 -1.168 
item10 0.219 0.4137 1.363 -0.142 

 250 
 251 
Multi-Group CFA Analysis 252 

Table 2 presents the absolute fit statistics of the four measurement invariance models for gender 253 

and the four measurement invariance models for IDI index, which were increasingly more 254 

constrained as we move down the table. For example, the configural models for gender and IDI 255 

index had no constraints, whereas the structural models had the maximum constraints imposed 256 

on them. In both groups, we obtained a significant χ2 (p < 0.05), which is likely due to the sample 257 

size. The other fit indices indicate that all of the models are tenable. For example, the configural 258 

model of gender had TLI = 0.941, CFI = 0.957, RMSEA = 0.027 (0.022 – 0.032), and normed χ2 259 

= 2.129. It should be noted that we are not comparing the fit of the model against rival models at 260 
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this stage. Overall, this analysis provides evidence supporting the fit of the models. The models 261 

were subsequently compared to find the optimal level of constraint.  262 

Table 2 263 
Fit Statistics of Measurement Invariance Models across Gender and IDI  264 

Model χ2 df Normed 
χ2 

TLI CFI RMSEA (low - high) 

Gender invariance models       
Configural model 210.805* 99 2.129 0.941 0.957 0.027 (0.022 - 0.032) 
Metric model 219.211* 117 1.874 0.955 0.961 0.023 (0.019 - 0.028) 
Scalar model 244.555* 137 1.785 0.959 0.959 0.022 (0.018 - 0.027) 
Structural model 245.414* 139 1.766 0.960 0.959 0.022 (0.017 - 0.026) 
IDI invariance models           
Configural model 419.058* 175 2.395 0.882 0.908 0.030 (0.026 - 0.034) 
Metric model 459.881* 211 2.180 0.900 0.906 0.028 (0.024 - 0.031) 
Scalar model 487.139* 251 1.941 0.920 0.911 0.025 (0.021 - 0.028) 
Structural model 491.012* 255 1.926 0.922 0.911 0.025 (0.021 - 0.028) 
Note. p < 0.05.  265 

 266 

Next, we compared the fit of the models across gender and IDI to determine invariance 267 

measurement (Table 3). For each variable (gender and IDI), it was hypothesized that the 268 

configural model, metric model, scalar model, and structural model were correct. The fit of each 269 

model was then compared against the fit of the model in which it was nested. For example, the 270 

metric model (shown in bold in Table 3) was compared with the configural model; the scalar and 271 

structural models were not comparable with the configural model since they are not immediately 272 

nested within it. Similarly, the scalar model (shown in bold in Table 3) was compared with the 273 

metric model, while the structural model was compared with the scalar model. 274 

As shown in Table 3, the Δχ2 values at each level of comparison were non-significant at p 275 

= 0.05 for gender and IDI, indicating that the more constrained models did not have a 276 

significantly poorer fit than the less constrained ones, and that they were more parsimonious. For 277 

example, the difference between the metric model and configural model across gender was 8.406 278 

and non-significant (Δχ2 = 8.406; Δχ2p = 0.972; ΔNFI = 0.003; ΔTLI = -0.013), which means that 279 

adding more constraints to the configural model and converting it to the metric model did not 280 

result in the deterioration of fit and, therefore, measurement invariance was present at the metric 281 

model level. Similarly, the scalar model for gender did not have a worse fit than the metric 282 

model (Δχ2 = 25.343; Δχ2p = 0.189; ΔNFI = 0.009; ΔTLI = -0.005), and the structural model’s fit 283 

was not poorer than that of the scalar model (Δχ2 = 0.859; Δχ2p = 0.651; ΔNFI = 0.000; ΔTLI = -284 
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0.001). The results of the measurement invariance analyses across IDI groups are interpreted in 285 

the same way.  286 

Table 3 287 
Comparing Measurement Invariance Models across Gender and IDI 288 
Measurement invariance across gender   

Model DF Δχ2 Δχ2
p value ΔNFI ΔTLI 

Assuming the configural model to be correct:   
Metric model 18 8.406 0.972 0.003 -0.013 
Assuming the metric model to be correct:  
Scalar model 20 25.343 0.189 0.009 -0.005 
Assuming scalar model to be correct:  
Structural model 2 0.859 0.651 0.000 -0.001 
 
Measurement invariance across IDI levels     

Model DF Δχ2 Δχ2
p value ΔNFI ΔTLI 

Assuming the configural model to be correct:   
Metric model 36 40.824 0.267 0.014 -0.018 
Assuming the metric model to be correct:  
Scalar model 40 27.258 0.938 0.009 -0.020 
Assuming scalar model to be correct:  
Structural model  4 3.873 0.423 0.001 -0.001 
Note. The models in bold print must be compared only with the model in which they are immediately 289 
nested.  290 
 291 

Discussion 292 

This study investigated measurement invariance of the reading section of the PTE Academic 293 

across gender and IDI. While examining measurement invariance is recognized as a necessary 294 

step in test validation (Borsboom, 2006), there is a dearth of research on computerized reading 295 

tests. As computerization of language tests introduces potential biases such as test takers’ access 296 

to ICT and computer skills, it is crucial for designers to investigate whether these tests function 297 

invariably at different scale levels and across different test-taking populations. Our investigation 298 

showed that the reading section of PTE Academic functioned in an identical way for males and 299 

females and achieved structural invariance across the four IDI quartiles (De Beuckelaer & 300 

Swinnen, 2011). This finding is in line with and extends the previous study of PTE Academic by 301 

Pae et al. (2014), who found gender-based equivalence for the test. Whereas Pae et al. only 302 

compared the χ2 indices of separate models for gender groups, the present study compared 303 

gender at the four aforementioned levels, namely configural, metric, scalar, and structural. The 304 

findings provide evidence that the latent structure of the test does not advantage or disadvantage 305 
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any groups of test takers unfairly and accordingly lend some support to the validity argument of 306 

the test by satisfying measurement equivalence across gender and IDI, which have been regarded 307 

as a cause for concern in fairness research in high-stakes tests.  308 

As test-taking populations change in various ways (e.g., gender balance, first language of 309 

candidates, etc.), the designers of computerized high-stakes tests face new validation challenges 310 

that demand the application of novel and rigorous techniques to establish measurement 311 

invariance across different cohorts. Previous research into reading in high-stakes contexts has 312 

shown that gender is among the variables that test designers must investigate for measurement 313 

invariance (e.g., Koo et al., 2014; Ryan & Bachman, 1992). We found no violation of 314 

measurement invariance across gender, which differentiates this study from previous research 315 

(e.g., Zhu, 2018). We can be confident that test scores can be used to accurately rank order 316 

candidates regardless of their gender, and that the test scores of males and females can be 317 

compared to determine which group possesses a higher reading ability.  318 

In choosing IDI for the measurement invariance analysis, we drew inspiration from 319 

previous studies that show strong relationships between ICT access and language and 320 

educational performance (Trucano, 2010; Wainer et al., 2015; Siddiq et al., 2017). Our findings 321 

are in accord with the OECD’s (2015) report, which indicates that, all else being equal, mere 322 

access to computers and the Internet does not necessarily result in a significant advantage in 323 

education and language performance. However, taken at face value, our findings contrast with 324 

those of Trucano (2010), Wainer et al. (2015), and Siddiq et al. (2017); however, it should be 325 

noted that these studies investigated the impact of external variables or differences in the ability 326 

of the participants rather than measurement invariance across different groups.   327 

To our knowledge, the present study is the first to investigate the effect of IDI on 328 

measurement invariance of a computerized high-stakes test of reading. The results provide 329 

supporting evidence for the validity argument of the PTE Academic. There are two caveats 330 

concerning measurement invariance of the PTE Academic reading that are generalizable to other 331 

contexts. First, the findings apropos IDI and gender are population-based and may not be directly 332 

interpretable for individual participants (Borsboom, 2005). This is because the measurement 333 

invariance method adopted in this study (alongside the overwhelming majority of methods in 334 

previous research, with the exception of linear state-space models (Adolf et al., 2014)) are 335 
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between-subject models or nomothetic, even though the data are individual-specific (Borsboom, 336 

2005). An alternative within-subject approach is the idiographic approach, which consists of 337 

advanced quantitative techniques to draw intra-individual inferences (Molenaar, 2004; Molenaar 338 

& Nesselroade, 2009; 2012). In addition, the results showed that the IDI index of the country of 339 

origin does not (dis)advantage the majority of test takers, which is reassuring for test designers as 340 

it is evident that the test does not favor candidates from “affluent” countries who have better 341 

access to ICT. However, no claim is made about the data being representative of the countries 342 

where the test takers originate from, since large-scale English proficiency tests such as the PTE 343 

Academic are taken by a particular cohort who need to produce evidence of sufficient English 344 

language proficiency for immigration or education purposes.  345 

The second caveat of the study is the design of the test interface and the clarity of the 346 

instructions (Williams, 2008, 2013). If the interface design puts candidates with proficient 347 

computer skills at an advantage, while disadvantaging less computer-savvy candidates, the test 348 

scores could be confounded by test takers’ computer skills. Of course, this speculation cannot be 349 

validated in the present study due to the limited data. With the advent of new technologies such 350 

as eye tracking and their application in language education (e.g., Tham, Chau, & Thang, 2019), 351 

one can examine whether there is a significant difference in terms of the ease of navigation 352 

through the system between candidates from high- and low-IDI countries.  353 

Conclusion 354 

With new computer-mediated assessments and pedagogies available (e.g., Li, 2018; Yang & 355 

Qian, 2019), it has become increasingly more important to use assessment instruments that 356 

possess measurement invariance across different groups of users. Our CFA-based analysis 357 

provided evidence that the reading test of the PTE Academic achieved structural invariance 358 

across gender and IDI. Our results suggest that the test possesses the same latent construct for the 359 

different groups of test takers investigated in the study. Accordingly, test takers’ gender and IDI 360 

did not affect their test scores, a finding that provides support for the validity argument and 361 

fairness of the PTE Academic reading.  362 

The design and validation of computerized language tests should consider measurement 363 

invariance in terms of test candidates’ access to and knowledge of ICT. It is also crucial for test 364 

designers to investigate sources of bias identified in traditional paper-and-pencil assessments, 365 
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such as gender. The high-stakes nature of computerized language tests warrant rigorous research 366 

to ascertain that the uses and interpretations of test scores are fair and just.  367 
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