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Abstract 

This study investigates the presence and magnitude of local item dependence (LID) in the IELTS 

Academic Listening module through the application of the Rasch Testlet Model (RTM). While the 

unidimensional Rasch Model (RM) assumes item independence, the RTM accounts for shared 

variance among items nested within common testlets. Using data from forty listening items 

organized into four testlets, the study compares the fit and reliability indices of the RM and RTM. 

The findings indicate that although all items fit the Rasch Model based on infit and outfit statistics, 

notable testlet effects emerged, particularly in Testlets 1 and 2. The RTM exhibited superior model 

fit indices (lower -2LL, AIC, CAIC, and BIC values) compared to the RM, suggesting that 

accounting for LID yields a more accurate representation of the data. However, the magnitude of 

LID in the listening module was considerably smaller than in the reading module, likely due to the 

transient nature of listening input, which limits excessive engagement with text and item 

interdependence. These results underscore the importance of addressing testlet effects in high-

stakes listening assessments to enhance measurement precision and construct validity. 

Keywords: IELTS listening, local item dependence, Rasch Testlet Model, Testlet effect, 

test validation 
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1. Introduction 

Listening comprehension is broadly acknowledged as one of the most cognitively challenging 

components of second language (L2) proficiency evaluation, necessitating the swift integration of 

bottom-up decoding techniques with top-down interpretative approaches under time limitations 

(Buck, 2001; Field, 2008; Goh & Vandergrift, 2022 ). In high-pressure standardized tests like the 

International English Language Testing System (IELTS), the listening component is essential for 

assessing candidates’ receptive abilities. Nonetheless, the accuracy of the conclusions made from 

these tests relies not only on the representativeness of the content but also on the test's psychometric 

features, especially the premise of local item independence (Bond & Fox, 2015; Hambleton et al., 

1991). 

In test design, local item dependence manifests when there are correlations among responses 

to items that exceed what would be anticipated based on the assessed latent ability (Sireci et al., 

1991; Yen, 1984, 1993). A frequent origin of LID is the use of testlets. The testlet refers to as 

collections of items linked to a common stimulus, like an audio clip in listening assessments or a text 

excerpt in comprehension evaluations (Bradlow et al., 1999; Wainer & Kiely, 1987; Wainer & Lewis, 

1990). The IELTS Academic Listening section, for instance, includes 40 questions structured 

around four distinct audio clips. Although this framework improves credibility and contextual 

consistency, it also brings forth possible item interrelatedness (IELTS, n.d.; British Council, n.d.; 

Cambridge English, n.d.). 

The Rasch Model posits that each item independently contributes to the assessment of the 

latent trait (Bond & Fox, 2015; Wright et al, 1994). The presence of LID can lead to biased 

parameter estimates, distorted item fit statistics, and artificially inflated reliability (Hambleton et 

al., 1991; Marais & Andrich, 2008; Thissen et al., 1989). Consequently, investigators have suggested 

advanced models, like the Rasch Testlet Model, to address within-testlet dependencies by 

incorporating testlet-specific random effects (DeMars, 2006; Wainer et al., 2007Wang & Wilson, 

2005). These models distinguish the actual latent trait variance from the residual variance resulting 

from common stimuli, providing more precise estimates of individual ability and item difficulty 

(Baghaei & Aryadoust, 2014; Rijmen, 2009). 

The topic of testlet effects has garnered more attention in recent years, especially in the 

realms of large-scale language assessment and global evaluation settings (e.g., PISA, TOEFL, and 

Cambridge English tests). Research indicates that neglecting LID may result in an inflated 

perception of reliability and skewed conclusions regarding item difficulty or discrimination 

(DeMars, 2006; Sireci et al., 1991; Wainer & Wang, 2001). In contrast, utilizing RTM or bifactor 

models typically leads to enhanced model fit indices—such as reduced deviance, AIC, BIC, and 

CAIC values—suggesting that incorporating testlet structure more accurately represents the 

underlying data (Lim, 2024; Rijmen, 2009; Wainer et al., 2007). 
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Although testlet effects have been thoroughly researched in reading comprehension, there 

has been less exploration of their influence on listening evaluations, where the stimuli are fleeting 

and not visually available (Baghaei & Aryadoust, 2014; Bradlow et al., 1999). Real-time responses 

are given to listening test items as recordings are played, which might constrain extensive cognitive 

interaction among items and consequently lessen the extent of LID. Nevertheless, studies indicate 

that even small testlet effects can impact score accuracy and the validity of the test (Marais & 

Andrich, 2008; Wang & Wilson, 2005; Zhu et al., 2019). In situations such as IELTS, where scores 

affect academic placements and career prospects, grasping and modeling these relationships is 

crucial for maintaining fairness and construct validity (Weir & O’Sullivan, 2011). 

Recent empirical studies have utilized RTM to explore testlet effects in both L1 and L2 

environments. For instance, DeMars (2006) showed that considering testlet variance in reading 

comprehension assessments lowered reliability estimates to more accurate levels. Baghaei and 

Aryadoust (2014) discovered that the RTM offered a superior fit compared to the conventional 

Rasch model for evaluating local dependence resulting from shared stimuli in language assessment. 

Likewise, Lim (2024) stressed that LID ought to be regularly assessed in validation research of 

testlet-based evaluations. In a different effort, Baghaei et al. (2025) examined testlet effects in the 

PIRLS and ePIRLS 2016 assessment, showing that model fit indices consistently supported the 

Rasch testlet model rather than the unidimensional model. These results lead to the conclusion that 

overlooking testlet structure might mask essential elements of measurement error and validity 

evidence. 

Under the IELTS framework, earlier studies have primarily concentrated on the reading 

module, uncovering significant testlet effects and notable local dependencies between items 

associated with the same passage (Aryadoust & Zhang, 2016). Conversely, the listening module has 

gained minimal focus, even though it shares a similar framework and comparable psychometric 

principles. Considering that the auditory modality presents distinct cognitive and perceptual 

difficulties—like memory demand and restricted chances for stimulus review (Field, 2008; Goh & 

Vandergrift, 2022 )—it is reasonable to assume that the level of LID in listening varies both 

qualitatively and quantitatively from that in reading. 

The present study therefore aims to examine the extent of testlet effects in the IELTS 

Academic Listening module and to compare the model fit and reliability indices between the 

unidimensional Rasch Model and the Rasch Testlet Model. Specifically, it addresses the following 

research questions: 

1. To what extent does the IELTS Academic Listening module exhibit testlet effects? 

2. Does the Rasch Testlet Model (when LID is accounted for) fit significantly better than the 

unidimensional Rasch Model (when LID is ignored) in the IELTS Listening section? 

Through empirical comparisons of the fit statistics and reliability estimates from each model, 

this research aids in the psychometric validation of IELTS Listening and offers evidence-based 

insights for enhancing score interpretation. It also broadens the literature on LID in language 
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testing by demonstrating how the RTM can be utilized in auditory comprehension assessment—an 

aspect that is still underexamined despite its importance to communicative competence in academic 

and professional settings. 

 

2. Literature Review 

Listening comprehension is widely conceptualized as a complex, time-bound process that 

requires rapid coordination of bottom-up decoding (e.g., phonological processing, segmentation, 

lexical access) and top-down meaning construction (e.g., inferencing, schematic knowledge, 

pragmatic interpretation), often under conditions of limited control over input (Buck, 2001; Field, 

2008; Goh & Vandergrift, 2022 ). In high-stakes standardized tests, listening section is typically 

operationalized through short to medium-length audio segments followed by items that target 

comprehension. These design aim to approximate real-world listening demands; however, they also 

introduce measurement challenges tied to transient input, memory load, and the structured 

bundling of items around shared stimuli (Buck, 2001; Field, 2008; Goh & Vandergrift, 2022). 

In the field of language testing validity, defining what a test measures and interpreting its 

scores require support from various types of evidence. This includes evidence related to 

psychometric functioning, cognitive processing, and consequences of use (AERA, APA, & NCME, 

2014; Chapelle et al., 2008; Kane, 2006, 2013; Weir, 2005). For listening assessments, a recurring 

concern is whether scores represent listening ability as intended, rather than method effects 

introduced by test design features such as item clustering, item formats, or shared passage 

properties. This concern becomes especially salient in assessments like IELTS, where listening 

scores have material implications for educational and professional opportunities (Kane, 2013; Weir 

& O’Sullivan, 2011).  

A foundational assumption of classical and modern measurement models is that item 

responses are conditionally independent given the latent trait (Hambleton et al., 1991). In IRT 

terms, local item dependence occurs when responses to items remain correlated after conditioning 

on ability, often due to shared content, format, strategies, or common stimuli (Thissen et al., 1989; 

Yen, 1984, 1993). LID is not merely a technical nuisance: it can inflate test information, distort 

standard errors, bias item parameter estimates, and generate overly optimistic reliability—

ultimately undermining the validity of interpretations based on total scores (DeMars, 2006; Hagell, 

2026; Marais & Andrich, 2008; Sireci et al., 1991;). 

Empirical and methodological research has shown that LID may remain undetected if 

analysts rely only on conventional item-level fit statistics (e.g., infit/outfit under Rasch), because 

items can appear to fit well even when residual correlations within stimulus-linked clusters are 

present (Marais & Andrich, 2008; Sireci et al., 1991; Yen, 1984). This phenomenon matters 

particularly for testlet-based assessments, where items are intentionally grouped around a shared 

stimulus, making some degree of dependence plausible by design rather than by flaw. 
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The concept of a testlet—a bundle of items linked to a common stimulus—was introduced 

to describe clustered item structures common in educational assessments (Wainer & Kiely, 1987; 

Wainer & Lewis, 1990). Testlets are pervasive in language testing (reading passages, listening 

recordings, and integrated tasks) because they enhance authenticity and sampling of 

communicative contexts. Yet, testlets can also induce shared variance among item responses that is 

not fully attributable to the target ability (Bradlow et al., 1999; Wainer et al., 2007). 

In language tests, testlet effects are often interpreted as reflecting a mixture of (a) stimulus-

specific comprehension difficulty, (b) shared topical knowledge, (c) discourse-level coherence 

effects, and (d) strategy or memory effects that spread across items within the same stimulus (Buck, 

2001; Goh & Vandergrift, 2022 ). From a measurement standpoint, these influences can be 

considered method variance or facet variance that needs to be modeled if it meaningfully changes 

score interpretation or precision (AERA et al., 2014; Kane, 2006).  

The Rasch model is valued in language testing for its focus on fundamental measurement 

and invariant comparisons when model assumptions hold (Bond & Fox, 2015; Wright & Stone, 

1979). Under the Rasch framework, items are assumed to measure a single trait with equal 

discrimination, and responses are expected to be locally independent. When LID is present, two 

broad problems arise: (1) parameter estimates may be biased, and (2) the test may appear more 

reliable than it truly is, because dependent items contribute redundant information (Hambleton et 

al., 1991; Marais & Andrich, 2008; Yen, 1984). Work on Rasch fit has long emphasized that 

acceptable mean-square indices do not guarantee that all assumptions hold, motivating 

complementary diagnostics and alternative model specifications (Smith, 2004; Wright et al, 1994; 

Yen, 1984). 

To address dependence induced by clustered stimuli, researchers have developed testlet-

aware extensions of IRT and Rasch models. Early work in IRT demonstrated that local dependence 

affects estimation and inference and proposed modeling strategies that treat clusters as meaningful 

residual dimensions (Thissen et al., 1989; Yen, 1993). Within the Rasch framework, the Rasch 

Testlet Model extends the unidimensional Rasch model by adding testlet-specific random effects 

(Wang & Wilson, 2005). This approach partitions variance into a general trait component (e.g., 

overall listening ability) and testlet variance capturing residual covariance due to shared stimuli, 

allowing improved parameter recovery and more realistic standard errors when dependence is 

present (DeMars, 2006; Wainer et al., 2007; Wang & Wilson, 2005). 

Parallel developments in broader measurement include Bayesian random effects models for 

testlets (Bradlow et al., 1999), multidimensional comparisons that clarify formal relations among 

testlet models and alternative multidimensional specifications (Rijmen, 2009), and graphical 

loglinear model (Nielsen et al., 2025; Nielsen & O’Neill, 2025). In practice, these models frequently 

demonstrate improved global fit (deviance, AIC/BIC/CAIC reductions) when the assessment 

design plausibly induces dependence (DeMars, 2006; Rijmen, 2009; Wainer & Wang, 2001). 
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A central consequence of ignoring LID is inflated reliability: dependent items provide 

overlapping information, causing internal consistency and IRT-based precision indices to overstate 

how accurately a test measures the trait (Haberman, 2008; Marais & Andrich, 2008; Sireci et al., 

1991). When testlet variance is modeled, reliability estimates often decline because redundant 

variance is reattributed from “true score” variance to method/testlet variance (DeMars, 2006; Wang 

& Wilson, 2005). Importantly, such reductions are typically interpreted as corrections that 

strengthen validity by aligning reported precision with the intended construct rather than design 

artifacts (AERA et al., 2014; Kane, 2006). 

Much of the testlet literature in language assessment has focused on reading comprehension, 

where the persistent availability of text can facilitate cross-item strategy use and stimulate stronger 

within-passage dependencies (Aryadoust & Zhang, 2016; DeMars, 2006, Zolfaghari et al., in press). 

In contrast, listening differs in ways that may moderate the magnitude of dependence: input is 

transient, replay is typically not permitted in standardized settings, and memory demands constrain 

prolonged cross-item comparisons (Buck, 2001; Field, 2008; Goh & Vandergrift, 2022). These 

modality differences motivate an empirical question: does testlet dependence in listening exist at 

levels that materially affect model fit and score precision? 

Comparative evidence from large-scale assessments suggests that listening sections often 

show lower inter-item correlations than reading sections, although dependence remains possible 

depending on item density, passage complexity, and item sequencing (Baghaei & Aryadoust, 2014; 

Lim, 2024; Weir & O’Sullivan, 2011). The implication is not that listening is free of LID, but that 

dependence may be smaller in magnitude and more contingent on design factors such as 

information load and question clustering. 

Modern validity theory emphasizes that validation is an argument about score meaning and 

use, supported by evidence across content, internal structure, response processes, relations to other 

variables, and consequences (AERA et al., 2014; Kane, 2006, 2013; Mislevy, 1993). From this 

perspective, testlet modeling contributes primarily to internal-structure evidence and can also affect 

consequential validity insofar as it changes reported precision or fairness in high-stakes decisions. 

Weir’s (2005) evidence-based approach to language test validation similarly underscores the 

need to align test structure with construct theory and cognitive processing, supporting the view that 

psychometric modeling should be interpreted alongside theories of listening. Chapelle et al. (2008) 

further argue that validity arguments for large-scale language tests benefit from integrated evidence 

spanning psychometrics and cognition. 

IELTS Academic Listening is organized into multiple recordings with sets of items per 

recording. While testlet effects have been widely studied in reading, relatively fewer studies have 

directly quantified and interpreted testlet variance in IELTS Listening using Rasch-based testlet 

modeling. Existing language testing research demonstrates that even modest testlet variance can 

improve fit under RTM and can meaningfully adjust reliability and standard errors (Baghaei & 

Aryadoust, 2014; Wainer et al., 2007; Wang & Wilson, 2005). Recent work continues to emphasize 
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regular evaluation of testlet effects as part of validation practice (Lim, 2024), motivating focused 

studies on listening modules specifically. The purpose of this study is to investigate whether a testlet 

effect exists in the IELTS Academic Listening test. Furthermore, the study compares the fit of two 

hypothesized models. 

 

3. Methodology 

3.1. Design and Data 

The research employs a model-comparison approach to explore local item dependence in 

the IELTS Academic Listening module by comparing a unidimensional Rasch model to a Rasch 

testlet model. The test was an original official standard IELTS practice test (British Council, n.d.). 

The test included 40 items scored dichotomously, divided into four listening sections (one for each 

recording), mirroring the operational framework of IELTS Listening.  

 

3.2. Participants and Setting 

A total of 461 test takers participated in the IELTS Academic Listening Test, comprising 297 

(64.4%) females and 164 (35.6%) males. They were selected from language learners of an adult 

language academy in Mashhad Iran. Their proficiency level was between B1 and B2 based on 

Common European Framework of Reference. Test takers needed to get IELTS score for 

immigration streams.  

 

3.3. Procedure 

Two measurement models were fitted: the first one was a Unidimensional Rasch Model 

(RM), which assumes local independence and equal item discrimination (Bond & Fox, 2015; 

Wright & Stone, 1979) and the second model was Rasch Testlet Model (RTM), which augments 

the RM by introducing testlet-specific random effects to account for within-testlet residual 

covariance (DeMars, 2006; Rijmen, 2009; Wainer et al., 2007; Wang & Wilson, 2005). 

Both models estimate person ability on a logit scale and item difficulty parameters; the RTM 

additionally estimates variance components for each testlet (Bradlow et al., 1999; Wainer & Kiely, 

1987; Wainer & Lewis, 1990). 

Models were evaluated using marginal maximum likelihood with numerical integration for 

random effects (Adams et al, 2020; Bock & Aitkin, 1981; Rijmen, 2009). Global fit evaluations 

utilized deviance (-2LL) and information criteria (AIC, BIC, CAIC), where reduced values suggest 

superior parsimony-adjusted fit (Burnham & Anderson, 2002; Kass & Raftery, 1995). RM item fit 

was assessed using infit and outfit mean squares (Boone et al, 2014; Smith, 2004; Wright et al, 1994). 

Reliability was defined as the EAP/PV reliability for the overall dimension (Adams et al, 1997; 
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Mislevy, 1993; Warm, 1989). To assess LID magnitudes, we analyzed testlet variance components 

in RTM in relation to the variance of the general factor (DeMars, 2010; Haberman, 2008; Marais 

& Andrich, 2008; Wang & Wilson, 2005; Yen, 1984). 

 

4. Results 

4.1. Descriptive Statistics 

The data of 461 test takers was collected and analyzed using IBM SPSS Statistics (Version 

27). The listening test showed good internal consistency (Cronbach’s α = .87) according to 

Cronbach (1951). The test scores demonstrated a mean of M = 21.56 and a standard deviation of 

SD = 1.26. The mode of the scores was 5.5 and the score range extended from 2.0 to 8.5. 

 

4.2. Item Fit under the Rasch Model 

Models were estimated using the TAM (Test Analysis Moduls) package (Robitzsch et al., 

2022) in the R statistical environment (R Core Team, 2022). All items met conventional infit/outfit 

expectations under the RM, indicating no gross misfit at the item level. Values between 0.5 and 1.5 

considered acceptable (Linacre, 2022).  

Table 1 presents item fit indices for all items, indicating that infit and outfit statistics are 

acceptable under RM.  
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Table 1 

Rasch Model Item Difficulty Parameters and Fit Statistics for the Listening Items  

Item Difficulty SE Outfit Infit 

1 -1.56 .12 .90 .94 

2 -.83 .10 1.02 1.04 

3 .35 .10 1.05 1.04 

4 -2.20 .14 1.16 1.07 

5 -.91 .11 1.15 1.04 

6   .49 .10 .92 0.96 

7  -.42 .10 .98 0.98 

8   .24 .10 1.18 1.11 

9   1.97 .13 1.04 0.99 

10  0.98 .11 .99 1.00 

11 -2.35 .15 .80 0.92 

12 -1.42 .11 .89 0.97 

13 -2.19 .14 .84 0.95 

14 -3.06 .19 1.07 0.99 

15 -.22 .10 .79 0.83 

16 -1.17 .12 .93 0.97 

17 -1.29 .11 .85 0.93 

18 -1.76 .13 .89 0.97 

19 -3.07 .19 .91 0.96 

20 -1.44 .12 .88 0.92 

21 -.97 .11 .94 0.98 

22  .52 .10 .92 0.94 

23 -.17 .10 .93 0.94 

24 -1.57 .12 .90 0.94 

25  .12 .10 .81 0.85 

26 -.24 .11 .89 0.92 

27  .51 .10 1.30 1.23 

28 -.72 .11 .92 0.96 

29  .06 .11 .95 0.96 

30  .85 .11 .98 1.00 

31 -1.87 .13 1.05 1.04 

32  .81 .11 1.01 1.00 

33  1.78 .14 1.47 1.21 

34  .25 .10 1.26 1.18 

35  .08 .10 1.08 1.05 

36 -.34 .10 .94 0.95 

37  .56 .10 1.19 1.08 

38  .11 .10 1.03 1.00 

39 -1.19 .11 .84 0.93 

40 -.41 .10 1.03 1.02 
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4.3. Testlet Variance Components (RTM) 

As noted in Table2, RTM estimates showed non-zero testlet variances, with the general 

listening dimension variance near 0.989 and testlet variances of 0.292 (Testlet 1), 0.478 (Testlet 2), 

0.050 (Testlet 3), and 0.133 (Testlet 4). 

Table 2  

Variances and Reliabilities of the General Listening Dimension and Testlet Dimensions 

Dimension Variance Reliability 

G .989 .819 

Testlet 1 .292 .255 

Testlet 2 .478 .291 

Testlet 3 .05 .056 

Testlet 4 .133 .140 

 

The variance of Testlet 2 is roughly half of the general dimension variance, and Testlet 1 is 

about one-third—both non-ignorable and indicative of moderate LID. The pattern is smaller than 

that typically observed in reading comprehension, plausibly due to the transient, acoustic nature of 

listening stimuli that limit prolonged cross-item interactions (cf. Buck, 2001; Field, 2008). 

 

4.4. Model Fit Comparison: RM vs. RTM 

Table 3 shows that the RTM achieved lower deviance (-2LL) and lower information criteria 

than the RM (e.g., -2LL: 18219.72 vs. 18287.55; AIC: 18310 vs. 18370; CAIC: 18541 vs. 18580; BIC: 

18496 vs. 18539), indicating superior global fit when accounting for LID. This aligns with prior 

demonstrations that testlet or bifactor specifications typically improve parsimony-adjusted fit in 

testlet-based assessments (DeMars, 2006; Rijmen, 2009; Wainer et al., 2007; Wainer & Wang, 

2001). 

Table 3 

Information Criteria and Reliability for the RM and RTM for the Listening Test 

 -2LL AIC CAIC BIC Rel. G. No. Para 

Rasch Model 18287.55 18370 18580 18539 .857 41 

Rasch Testlet Model 18219.72 18310 18541 18496 .819 45 

Note: -2LL=deviance, Rel. G. =reliability of the general dimension, No. Para. = number of parameters  

 

4.5. Reliability of the General Dimension 

The reliability for the overall listening dimension fell from .857 (RM) to .819 (RTM) (Table 

3). Such declines are anticipated when modeling residual dependence and indicate a reduction of 

artificially inflated precision under the local independence assumption (DeMars, 2006; Sireci et al., 

1991; Wang & Wilson, 2005). Significantly, the decrease is slight, aligning with the moderate 

variances in testlets noted and the proposed smaller LID in listening compared to reading (Baghaei 

& Aryadoust, 2014; Bradlow et al., 1999). 
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Collectively, the findings suggest that the IELTS Listening module shows significant yet not 

excessively strong testlet effects. Modeling these effects with RTM enhances fit and results in a 

marginally reduced reliability for the general factor—an anticipated trade-off when distinguishing 

trait variance from method (testlet) variance. This fundamentally bolsters more justifiable score 

interpretations and aids in construct validity claims for listening evaluations (AERA et al., 2014; 

Kane, 2006; Weir & O’Sullivan, 2011). 

 

5. Discussion 

The current results verify that the IELTS Academic Listening section shows moderate testlet 

effects and that the Rasch Testlet Model offers a statistically better fit comparing to the 

unidimensional Rasch Model. This validates earlier studies claiming that neglecting local item 

dependence results in exaggerated reliability and skewed parameter estimates (DeMars, 2006; 

Sireci et al., 1991; Wainer & Wang, 2001; Yen, 1984). While each item aligns with the Rasch model, 

the significant variance components seen in the first two testlets indicate the persistence of shared 

stimulus effects, despite item-level fit indices seeming satisfactory—a phenomenon extensively 

documented in testlet literature (Bradlow et al., 1999; Rijmen, 2009; Wainer & Kiely, 1987). 

In contrast to reading comprehension, the lesser degree of LID in listening is due to the 

fleeting, auditory aspect of input: audio is heard a single time and cannot be replayed, limiting 

chances for strategic item comparison (Buck, 2001; Field, 2008; Goh & Vandergrift, 2022). 

Comparable modality-specific variations have been noted in PISA, TOEFL, and Cambridge 

evaluations, with listening questions often demonstrating lower inter-item correlations compared 

to reading questions (Baghaei & Aryadoust, 2014; Lim, 2024; Weir & O’Sullivan, 2011). 

Consequently, the current findings build upon previous research by illustrating that, although LID 

is present in IELTS Listening, its effect is quantitatively less significant yet still psychometrically 

relevant. 

Taking testlet variance into consideration, decreased overall reliability from .857 to .819 (see 

Table 3), follows a trend similar to reductions noted in other RTM uses (DeMars, 2006; Wang & 

Wilson, 2005). This reduction shows that the RM’s reliability assessment was falsely elevated 

because of unaccounted dependencies (Haberman, 2008; Marais & Andrich, 2008; Zolfaghari et 

al., in press). The adjustment improves construct validity by making certain that reliability 

represents actual latent variance instead of method variance (AERA et al., 2014; Kane, 2006). In 

practical terms, the decrease of about .04 indicates moderate reliance, not strong enough to 

compromise total-score assessment but considerable enough to require recognition in validation 

records (Mislevy, 1993; Weir & O’Sullivan, 2011). 

From a theoretical perspective, the research emphasizes that testlet design must be clearly 

represented when test items create contextual overlap. This corresponds with multidimensional 

measurement viewpoints where testlet factors indicate "method facets" in a bifactor structure 



 

 

 

                                                                                                 Iranian Journal of Applied Language Studies,  

 

(Gibbons & Hedeker, 1992; Reckase, 2009; Reise, 2012). The RTM therefore connects 

conventional one-dimensional Rasch scaling with more adaptable hierarchical modeling, providing 

interpretive transparency while preserving Rasch’s interval-scale benefits (Adams et al., 1997; 

Embretson & Reise, 2000). 

 

From both pedagogical and operational perspective, the results highlight that characteristics 

of test design—including the quantity of items per recording, cognitive load, and information 

density—can influence the extent of LID (Buck, 2001; Sawaki et al., 2009). Minimizing the 

overcrowding of questions on one listening passage or varying item formats might alleviate reliance 

(Baghaei & Aryadoust, 2014; Boone et al., 2014). Furthermore, with the growth of automated 

delivery, adaptive listening assessments might include RTM-driven scoring to enhance accuracy 

across different testlet formats (Adams et al., 2020; Lim, 2024). 

Aside from IELTS, the research supports the wider claim that the validation of language 

tests must incorporate both cognitive and psychometric data (Chapelle et al., 2008; Weir, 2005). 

Combining RTM results with cognitive listening models (Field, 2008; Goh & Vandergrift, 2022) 

reinforces a cohesive validity argument consistent with Kane’s (2006) interpretive–use framework. 

 

6. Conclusion 

This study offers empirical proof that the IELTS Academic Listening module exhibits 

significant testlet effects, and that employing the Rasch Testlet Model to account for these effects 

results in improved statistical fit and more justifiable reliability estimates compared to a 

unidimensional Rasch model. The findings support prior conclusions that LID, even at low levels, 

can skew reliability and item parameters if not addressed (DeMars, 2006; Sireci et al., 1991; Wainer 

et al., 2007). 

Moreover, these results support the regular assessment of LID in large listening evaluations 

and the inclusion of testlet modeling in both research and practical scoring. Although the overall 

psychometric integrity of the IELTS Listening test is strong, recognizing and addressing LID 

improves clarity and equity. 

Future studies can investigate the issue with bigger and more varied samples, broaden 

modeling to additional language areas (e.g., combined listening–speaking activities), and 

investigate Bayesian or multidimensional RTM alternatives to understand intricate dependency 

trends (Bradlow et al., 1999; Lim, 2024; Rijmen, 2009). Ongoing advancements in this direction will 

enhance the validity argument for IELTS and similar listening evaluations, guaranteeing that the 

reported scores accurately reflect candidates’ listening skills instead of being influenced by specific 

testlet methods (AERA et al., 2014; Kane, 2013). 
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