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Abstract— Testlets, groups of test items that share the common input, are widely used in language testing. However, there lies a problem of Local Item 
Dependence (LID) which may result in adverse consequences for test score perception. This study analyzed the reading comprehension section of an 
English multiple-choice test to determine whether, and to what extent, testlet effects are inherent by using Testlet Response Theory (TRT). The data was 
gathered from 1653 non-English majors taking that final test at a university in Vietnam. The comparison of item difficulty and discrimination between 
Testlet Response model and Item Response Theory (IRT) model was made to illustrate the testlet effects. The paper, therefore, demonstrated how these 
models can be utilized into the test development process so that test developers can choose the best-fitting model and minimize inaccuracies of ability 
estimation. 

Index Terms— Correlation matrix, Item discrimination, Item difficulty, Item response theory, Reading comprehension test, Testlet, Testlet response 
theory. 
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1 INTRODUCTION
Language tests are often known to consist of items with 

contents and traits intertwined. Especially when it comes to 
reading comprehension, there may be several related ques-
tions under a reading passage, which requires multiple skills 
to get through. Literature has recorded them as “item bun-
dles” [1], [2], or “context-dependent item sets” [3], [4], [5], or 
“testlets” [6], among which the term “testlets” is mostly used 
by linguists and psychologists. Its utilization in educational 
assessment can be justified in two ways. First, students are 
taken on a tour of the text in which all of its different ele-
ments contribute to information decoding. Furthermore, item 
sets are beneficial in promoting higher levels of thinking such 
as analysis and synthesis than single items [7]. 

In spite of the above-mentioned engaging characteristics, 
educationalists need to take into consideration several strin-
gent psychometric problems. The violation of local indepen-
dence assumption, committed by the use of similar item 
types, shared subskills and passages, might lead to correlated 
responses to items within the same teslet. Therefore, what 
cannot be avoided is biased parameter estimation and test-
equating errors [8]. A study by Thissen, Steinberg and Moon-
ey [9] pointed out that such item correlation may affect test 
validity and result in Standard Error of Measurement (SEM). 
Chen and Thissen’s [10] simulated data revealed that with 
LID, parameter estimates may differ from the case with local-
ly independent data. Yen [11] also illustrated the effects of 
LID on students’ trait measurement and biased Item Charac-
teristic Curves (ICC), or in other words, on the test evalua-
tion. 

A lot of research has been done to build up compensation 
models for LID’s deleterious effects. One of the most preva-
lent approaches to testlet models is the application of Multi-
dimensional Item Response Theory (MIRT). Testlet Response 

Theory (TRT) models of Wainer, Bradlow and Wang [12] and 
Bifactor models of Gibbons and Hedeker [13] are both MIRT-
oriented. Glas, Wainer and Bradlow’s [14] study indicated 
that when there is a significant interrelation among test items, 
the IRT standard errors in estimating item difficulty and dis-
crimination are greater than those of TRT. Drescher [15] also 
proved that regarding ability estimation, RMSE (Root Mean 
Square Error) of dichotomous IRT models is at a higher level. 
A research by Li, Bolt and Fu [16], moreover, showcased the 
equivalence between Bifactor and TRT models. This implies 
that in case of item covariation, Bifactor and TRT models 
stand out as a better choice than IRT. 

In Vietnam, although testlets have long been embedded in 
all kinds of tests, they have yet to be of research interest, let 
alone TRT models. For all these reasons, it is vital that testlet 
effects be taken to a deeper level concerning test validity. The 
paper aims at investigating such effects on validating a Read-
ing Comprehension test with TRT models as a measurement 
of item difficulty and discrimination. 

2 LITERATURE REVIEW 
2.1 Testlet 

In 1987, Wainer and Kiely introduced the concept of testlet, 
“a group of items related to a single content area that is de-
veloped as a unit and contains a fixed number of predeter-
mined paths that an examinee may follow”([6], p. 190). The 
classification of testlets is often based on item grouping. The 
first category entails items that have the same stimulus such 
as a reading comprehension test with an aggregation of items 
accompanying each passage. The second type refers to item 
sets that cover the same content area (e.g. subtests). Testlets 
have been extensively used in large-scale assessment, espe-
cially in the form of multiple-choice (MC) items. Some advan-
tages of MC items can be listed as:  

(i) Objectiveness: there is no worry about rater bias thanks 
to fixed answers [17] 
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(ii) Compared to constructed response items, MC items 
permit wide sampling and broad coverage of the content do-
main.  

(iii) Consistency in marking and wide sampling promote 
test reliability and validity. 

(iv) Simple scoring and efficient administering  
Particularly, the assortment of MC items (i.e. testlets) helps 

measure different aspects of the cognitive activities. It incor-
porates a richer context into connected item sets, which 
makes test design and practice more flexible and effective. A 
wide range of learning outcomes, in this way, can be assessed 
through the interpretation of a single passage. According to 
DeMars [7], testlets, after all, bring authenticity to the test. 

2.2 Local Item Dependence (LID) 
One of the two crucial assumptions of IRT is Local Inde-

pendence. If the test items are locally independent, students’ 
responses to each item are not statistically related. However, 
testlets bring about complications into the theory and practice 
of educational measurement. Responses to items within a 
testlet have a tendency to be interrelated even after control-
ling for latent ability, which violates the assumption of condi-
tional independence. Previous work by Thissen et al. [9] and 
Wainer [18] confirmed the latency of Local Item Dependence 
(LID) within testlets. Ferrara et al. [19], [20] and Yen [11] also 
found evidence for LID in reading comprehension tests. This-
sen, Steinberg and Money [9] demonstrated that the item in-
terconnection yielded assessment bias and wrong estimation 
of SEM. Using simulated data, Chen and Thissen [10] realized 
the difference in parameter estimates when comparing with 
the case of locally dependent data. A study by Yen [11] then 
pinpointed the negative effects of LID on students’ construct 
evaluation and biased ICC, which leads to inaccurate estima-
tion of the model’s parameter. Other research [21], [22] corro-
borated the theory with the misinterpretation of parameter 
estimates when LID is neglected. 

2.3 IRT Models 
The preliminary ideas of IRT models were presented by 

Thustone [23], followed by Lord [24] with a notion of Item 
Characteristic Curves (ICC). In 1968, Birnbaum [25] applied 
logistic models for IRT, which were then built up by Lord and 
Novick [26], and then Bock and Aitkin [27]. Meanwhile, they 
developed some approaches to paramater estimation. One of 
the salient features of IRT is how it relates each examinee’s 
latent traits to item parameter (i.e. item difficulty and discrim-
ination) through his/her response to each question in the test 
[28], [29], [30]. Therefore, in IRT, ability parameters estimated 
are not test dependent and item parameters are sample inde-
pendent [31]. 

In order to apply IRT, the following three assumptions 
need to be met: 

- Unidimensionality: each test item measures a single la-
tent trait. 

- Monotonicity: the probability of each student’s correct re-
sponse will increase when his/her ability increases. 

- Local independence: such probability is not affected by 
other examinees as well as the student’s response to other 

items. IRT logistic model is presented as: 

( ) ( )( )1 | , , 1 expij j i i i j iP X a b a bθ θ= = + − −  (1) 

in which, ( )exp  is exponential function with base e ; 
( )1 | , ,ij j i iP X a bθ=  denotes the probability of student j’s cor-

rect response to item i; jθ  is student j’s ability; ia  is item dis-
crimination and ib  is its difficulty. According to Baker [30] 
and Hasmy [32], item discrimination and item difficulty can 
be classified respectively as in Tables 1 and 2: 

Table 1 
LABELS FOR ITEM DISCRIMINATION 

Very High: 1.7ia ≥  
High: 1.35 1.7ia≤ <  
Moderate: 0.65 1.35ia≤ <  
Low: 0.35 0.65ia≤ <  
Very Low: 0.35ia <  

Table 2 
LABELS FOR ITEM DIFFICULTY 

Very Hard: 2ib ≥  
Hard: 0.5 2ib≤ <  
Medium: 0.5 0.5ib− ≤ <  
Easy: 2 0.5ib− ≤ < −  
Very Easy: 2ib < −  
Besides, IRT models can be expressed by normal ogive 

function with the use of integral Gaussian function. 

( )
( ) 2

211 | , ,
2

ta bi j i

ij j i iP X a b e dt
θ

θ
π

− −

−∞
= = ∫  (2) 

In comparison with the former, the latter ICC are slightly 
steeper for the same set of item parameter values. To make up 
for this difference, Birnbaum [34] recommended the multipli-
cation of the exponents in the logistic model by 1.7 to make 
the two models more similar. The nomarl ogive function in 
logistic model will then have the form as follows: 

( ) ( )( )1 | , , 1 exp 1.7P X a b a bij j i i i j iθ θ= = + − −  (3) 

2.4 TRT Models 
In 2005, Wang and Wilson [33] put forward Rasch testlet 

model with the addition of another different dimension for 
testlet effects. Their model can be represented in the function 
below: 

( )
( )

exp

1 exp
i

i

b
P

b

j i jd
jdi

j i jd

θ γ

θ γ

− +
=

+ − +
 (4) 

Later, Wainer et al. [12], [34] extended Rasch model into 
two and three-parameter logistic models by adding discrimi-
nation parameter ai  and guessing parameter ci . When given 
in normal ogive function, their TRT model can be formulated 
as: 

( )( )1 exp 1.7
i i

P a bjd i j i jdθ γ= + − − +  (5) 

where 
i

Pjd  is the probability of item i’s correct response in 

IJSER

http://www.ijser.org/


International Journal of Scientific & Engineering Research, Volume 8, Issue 1, January-2017                                                                                        1222 
ISSN 2229-5518 
 

IJSER © 2017 
http://www.ijser.org  

testlest 
i

d . Without testlet effects (i.e. 0
ijdγ = ), the model 

turns into standard two-parameter IRT model. Testlet-based 
local item dependence manifests itself through the testlet ef-

fect variance 2
jdi

σ . That is, the greater the testlet effect va-

riance of Testlet id is, the higher the degree of associated local 
item dependence is [35], [36]. If the testlet effect variance is 
zero, there is no indication of local dependence within the 
testlet [34]. 

However, some still cast doubt on the relativity and objec-
tiveness of the testlet variance. Glas, Wainer and Bradlow [14] 
reckoned that for simulation studies, the variances below 0.25 
can generally be considered negligibly small. Meanwhile, 
Zhang [37] indicated that in empirical studies of a language 
test, the variance ranges from 0.5 to 2 and higher. Another 
approach by Min and He [38] applied 2χ  tests for each pair 
of test items, which may pose a drawback if there are consi-
derable testlets and items within them. 

Taking the above-mentioned research as guidelines, the 
author adapted testlet models for validating a reading 
comprehension test for non-English majors, which so far 
has not been investigated statistically and appropriately. 

3 OBJECTIVE AND METHODOLOGY 
3.1 Research Objective 

The purpose of the study is to examine testlet effects in-
herent in the English multiple-choice test. Therefore, the 
following questions were addressed for test evaluation: 

- Whether, and to what extent, does Local Item Depen-
dence (LID) exist in the Reading Comprehension (RC) sec-
tion of the test? If so, for what item sets are testlet models 
suitable? 

- How can item difficulty and discrimination be esti-
mated using testlet models? Is there any significant differ-
ence in measurement results when TRT and IRT 2PL mod-
els are used? And what is the better-fitting model? 

3.2 Instruments 
The data for this study was gathered randomly from 1653 

students taking the English final test at a university in Ho Chi 
Minh city, Vietnam. Each correct answer is coded 1; 0 is allo-
cated to the other cases (including incorrect, null or inappro-
priate choices). 

The test consists of three sections, among which Reading 
Comprehension (RC) ranges from item 31 to item 60. Accord-
ing to Wainer and Kielly [6], RC items are better treated as 
testlet data to control the local dependence. When comparing 
Testlet 2PL with IRT and MIRT models for RC test of GSEEE 
(Graduate School Entrance English Exam), Min and He [37] 
reached the same conclusion that Testlet models provide 
more appropriate analyses for RC tests. That justifies why in 
this study, only 30 multiple-choice RC items (items 31-60) 
were investigated for students’ intended abilities. Henceforth, 
these 30 items will be referred to as the test for more conveni-
ence. 

R is a free software used for statistical computing in recent 

research because of its flexibility [39], [40]. The pakage distri-
buted by R can be easily downloaded free of charge at 
http://CRAN.R-project.org. 

3.3 Methodology 
The RC section consists of 9 reading texts which are 

equivalent to 9 testlets [6]. Firstly, Bartlett’s test was con-
ducted to compare the observed correlation matrix to the 
identity matrix [41]. If the values outside the main diagon-
al are often high (in absolute value), some variables are 
correlated; if most of these values are close to zero, the 
PCA (Principal Component Analysis) is not really useful. 
Under Ho, |R| = 1; if the variables are highly correlated, 
we have |R| ≠ 0. 

The Bartlett's test statistics indicate to what extent we 
deviate from the reference situation |R| = 1. After that, 
TRT 2PL and IRT 2PL models were employed to measure 
item difficulty and discrimination. The package psych 
dealt with investigating LID, and the package sirt was 
used for parameter estimation of TRT and IRT 2PL mod-
els. The comparison of the results helps decide the better-
fitting model for such data. 

4 DATA  ANALYSIS 
4.1 Local Item Dependence 

Based on Wainer and Kielly [6], the RC test was divided 
into 9 testlets associated with 9 common stimuli (i.e. reading 
passages) as follows: 
 - Testlet 1: Items 31-33. 
 - Testlet 2: Items 34-38. 
 - Testlet 3: Items 39-41. 
 - Testlet 4: Items 42-44. 
 - Testlet 5: Items 45-47. 
 - Testlet 6: Items 48-50. 
 - Testlet 7: Items 51-53. 
 - Testlet 8: Items 54-56. 
 - Testlet 9: Items 57-60. 

Bartlett’s Sphericity Test was applied to investigate the ex-
istence of LID in the testlets. 

Table 3 
BARTLETT’S SPHERICITY TEST 

 Chi square Degree of freedom p-value 
Testlet 1 79.318 3 *** 
Testlet 2 118.043 10 *** 
Testlet 3 227.11 3 *** 
Testlet 4 483.259 3 *** 
Testlet 5 27.564 3 *** 
Testlet 6 21.907 3 *** 
Testlet 7 20.556 3 ** 
Testlet 8 136.059 3 *** 
Testlet 9 129.895 6 *** 

*: p-value<0.05 
**: p-value<0.001 

***: p-value<0.0001 
Table 3 shows statistical significance of the Bartlett’s test in 

9 testlets, or put it another way, there is a presence of LID 
among the testlets. Such results reinforce the notions of 
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Wainer and Kiely [6] as well as Min and He [38]. 

4.2 Item Difficulty and Discrimination 
The package sirt of freeware R was exploited to examine 

item difficulty and discrimination in both TRT and IRT 2PL 
models. The results can be found in Table 4: 

Table 4 
ITEM DIFFICULTY & DISCRIMINATION 

OF TRT MODEL 
 TRT 

a b* 
Testlet 1 Item31 0.248 1.96371 

Item32 0.334 1.67964 
Item33 2.896 -0.2842 

Testlet 2 Item34 0.303 2.70627 
Item35 0.349 0.53582 
Item36 0.261 2.88123 
Item37 0.477 1.10273 
Item38 0.655 0.36641 

Testlet 3 Item39 1.505 -1.5176 
Item40 0.634 -1.1577 
Item41 0.839 -2.0799 

Testlet 4 Item42 3.124 0.15973 
Item43 1.297 0.79241 
Item44 0.122 11.9918 

Testlet 5 Item45 0.163 2.63804 
Item46 0.14 3.37857 
Item47 3.667 -0.0693 

Tetslet 6 Item48 0.056 10.9821 
Item49 0.264 -0.4545 
Item50 1.358 0.65243 

Testlet 7 Item51 4.779 -0.023 
Item52 0.025 23.84 
Item53 0.167 -0.976 

Testlet 8 Item54 0.499 0.3006 
Item55 0.516 0.25775 
Item56 0.947 0.25238 

Testlet 9 Item57 0.35 -1.7514 
Item58 2.591 0.85218 
Item59 0.405 1.04444 
Item60 -0.012 -21.083 

In Table 4, the values in Column a represent item dis-
crimination and b* item difficulty. Based on Baker [30] and 
Hasmy [32]’s labels for item difficulty and discrimination 
(as shown in Tables 1 and 2), it can be deduced that: 

- Item difficulty (b*): 2 items are categorized as Very 
Easy; 4 items as Easy, and 9 Medium items, all of which 
add up to 30%. 8 items are ranked as Hard and 7 Very 
Hard, which account for 50% of the test. With 50% of items 
at Hard and above levels, the RC test is supposed to be 
challenging. In particular, at an extremely low level of -
21.083, Item 60 does need revision. The reason may lie in 
the fact that this question could be answered based on 
mere Common Sense. 

- Item discrimination (a): over 40% (13 items) have Very 
Low discrimination. 6 items (20%) are at Low level. 3 items 
fit in Moderate level. There are 3 questions at High and 5 

Very High levels. With a majority of items (60%) at bad 
discrimination levels, it can be concluded that although 
the test is difficult for examinees’ ability, it fails to distin-
guish between students with higher and lower levels of 
knowledge. Further analysis navigated my concern to 
some test items. Items 48, 52 and 60 should be redesigned 
for greater discriminating power. As mentioned earlier, for 
some items, students do not need to read the text for their 
answers. In other words, they do not really test examinees’ 
reading comprehension abilities. 

In addition, the results expose a contradictory issue in 
psychometrics. The most demanding questions turn out to 
be at the lowest discrimination level. That may result from 
a decent amount of guessing behavior when test-takers 
encounter such questions.  

Table 5 below illustrates mean comparison of item difficul-
ty and discrimination between TRT and IRT models. 

Table 5 
MEAN COMPARISON 

OF ITEM DIFFICULTY & DISCRIMINATION 
 p-value of t-test DIC 

a b* TRT IRT 
Testlet1 0.44032 0.57959 5524.57 5433.5 
Testlet2 0.73283 0.21978 9855.89 9885.91 
Testlet3 0.54432 0.39943 3588.9 3467.02 
Testlet4 0.8084 0.71819 3619.78 3688.33 
Testlet5 0.43326 0.02054 3594.59 6273.4 
Testlet6 0.64621 0.23389 6018.01 6033.34 
Testlet7 0.45121 0.42429 5223.09 6201.24 
Testlet8 0.67538 0.38544 6475.85 6471.01 
Testlet9 0.46444 0.38843 7428.94 7717.67 

The mean comparison acknowledges no considerable dis-
tinction between TRT and IRT models, except for the difficul-
ty level of Testlet 5. Therefore, DIC got involved to measure 
how well the models fit the data. According to Spiegelhaler, 
Best, Carlin and Van der Linde [42], TRT model with smaller 
DIC (Deviance Information Criterion) is regarded as more 
suitable for the dataset. 

5 DISCUSSION AND IMPLICATION 

This study investigated the application of testlet models to 
validate a reading comprehension test. A 30-item excerpt of 
an English multiple-choice test was taken into consideration 
when TRT is the best choice. The results reflect testlet effects 
inherent in a language test as in any kind of assessment, 
which reinforces Wainer and Kiely [6] as well as Min and He 
[38]’s ideas of item correlation. 

Generally, the test is supposed to be tough for the test tak-
ers with 50% of items at difficult level, but have bad discrimi-
nating power (over 60% of items at low level). More often 
than not, high-challenge questions tend to distinguish well 
among student. Nonetheless, there are cases in which difficult 
items have mediocre discrimination, which can be justified by 
guessing parameter. Taken a closer look, Items 34, 36, 45, 46, 
48, 52 and 54 may involve high values of guessing parameter. 
This implies that students’ guesswork, rather than know-
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ledge, may engage in figuring out the answers.  
To accommodate LID, Eckes [35] and Ravand [36] used 

testlet effect variance while Min and He [38] exploited 2χ  test 
for each pair of items in each testlet. As mentioned earlier, 
these two methods still have some disadvantages, i.e. the rela-
tivity of testlet effect variance and the complexity of 2χ tests. 
Therefore, this study’s use of Bartlett’s test for LID examina-
tion is somewhat more practical and convincing. Item para-
meter estimation was conducted using Markov chain Monter 
Carlo (MCMC) methods. DIC utilization is a different ap-
proach to the model suitability from Min and He [38] and 
Eckes [35]. 
Further research will focus on comparing TRT with IRT, 
MIRT and Bifactor models. Besides, contradictory findings on 
difficult items with bad discrimination have prompted an 
application of extended TRT models for proper estimation. 
More qualitative item analyses will also be needed to deter-
mine how well they meet the learning goals and what may 
contribute to students’ reading trouble. 
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