+ iThenticate Page 1 of 15 - Cover Page

I1JLT2172901741725000.pdf

€ Universitas Mercu Buana Yogyakarta

Document Details

Submission ID

trn:oid:::13990:109757382

Submission Date

Aug 27, 2025, 9:51 AM GMT+7

Download Date

Aug 27, 2025, 9:55 AM GMT+7

File Name

IJLT2172901741725000.pdf

File Size

346.6 KB

 iThenticate  Page 1 of 15 - Cover Page

11 Pages

Submission ID  trn:oid:::13990:109757382

4,870 Words

25,805 Characters

Submission ID  trn:oid:::13990:109757382



+ iThenticate Page 2 of 15 - Integrity Overview

7% Overall Similarity

The combined total of all matches, including overlapping sources, for each database.

Filtered from the Report
» Bibliography

» Small Matches (less than 12 words)

Exclusions
» 6 Excluded Matches

Custom Section Exclusions

{titlesCount} Section Titles, {keywordsCount} Keywords

Section title No. of Section Starters
Section Starters

Funding  Financial disclosure

Submission ID  trn:oid:::13990:109757382

Funding Acknowledgements = Funding statement = Funding Source

"Funding" 6
Funding sources
Match Groups Top Sources
. 17 Not Cited or Quoted 6% 4% @ Internetsources
Matches with neither in-text citation nor quotation marks 4% B2 Publications
93) 3 Missing Quotations 1% 4% 2 Submitted works (Student Papers)

Matches that are still very similar to source material

= 0 Missing Citation 0%
Matches that have quotation marks, but no in-text citation

“

0 Cited and Quoted 0%
Matches with in-text citation present, but no quotation marks

Integrity Flags
0 Integrity Flags for Review

Our system's algorithms look deeply at a document for any inconsistencies that

No suspicious text manipulations found. would set it apart from a normal submission. If we notice something strange, we flag
it for you to review.

A Flag is not necessarily an indicator of a problem. However, we'd recommend you
focus your attention there for further review.

+ iThenticate Page 2 of 15 - Integrity Overview

Submission ID  trn:oid:::13990:109757382



+ iThenticate Page 3 of 15 - Integrity Overview

Match Groups Top Sources
. 17 Not Cited or Quoted 6% 4% @ Internetsources
Matches with neither in-text citation nor quotation marks 4% B2 Publications

93) 3 Missing Quotations 1% 4% 2 Submitted works (Student Papers)

Matches that are still very similar to source material

= 0 Missing Citation 0%
Matches that have quotation marks, but no in-text citation

“

0 Cited and Quoted 0%
Matches with in-text citation present, but no quotation marks

Top Sources

The sources with the highest number of matches within the submission. Overlapping sources will not be displayed.

o Internet

www.mdpi.com <1%
Internet

hdl.handle.net <1%
Publication

Yang, Jennifer. "Beyond the Sum: A Network Analysis of Adverse Childhood Experi... <1%
Internet

https.omb.report <1%
o Submitted works

Universiti Teknologi Malaysia on 2024-12-22 <1%
° Publication

Yahua Cheng, Jie Zhang, Hong Li, Richard Anderson, Fengjiao Ding, Kim Nguyen-J... <1%
Internet

www.cogn-iq.org <1%
° Publication

Choi, Seohyeon. "Toward the Fair and Valid Use of Curriculum-Based Measureme... <1%
° Internet

www.degruyter.com <1%
c Publication

Oddny Judith Solheim, Atle Skaftun. "The problem of semantic openness and con... <1%

+ iThenticate Page 3 of 15 - Integrity Overview

Submission ID  trn:oid:::13990:109757382

Submission ID  trn:oid:::13990:109757382


https://www.mdpi.com/2071-1050/16/22/9853
https://hdl.handle.net/20.500.12799/5680
https://gateway.proquest.com/openurl?res_dat=xri%3Apqm&rft_dat=xri%3Apqdiss%3A31839279&rft_val_fmt=info%3Aofi%2Ffmt%3Akev%3Amtx%3Adissertation&url_ver=Z39.88-2004
http://https.omb.report/icr/201407-1850-005/doc/49239702
https://doi.org/10.1007/s11251-015-9358-5
https://www.cogn-iq.org/advantages-irt-over-ctt.php
https://gateway.proquest.com/openurl?res_dat=xri%3Apqm&rft_dat=xri%3Apqdiss%3A31935441&rft_val_fmt=info%3Aofi%2Ffmt%3Akev%3Amtx%3Adissertation&url_ver=Z39.88-2004
https://www.degruyter.com/view/j/jssi.2014.2.issue-5/JSSI-2014-0437/JSSI-2014-0437.xml?format=INT
https://doi.org/10.1080/09695940903075909

+ iThenticate Page 4 of 15 - Integrity Overview

Submitted works

University of Geneva on 2010-06-08

Internet

diginole.lib.fsu.edu

Internet

nces.ed.gov

° Submitted works

Federal University of Technology on 2024-08-22

o Publication

Christopher D. Nye, Seang-Hwane Joo, Bo Zhang, Stephen Stark. "Advancing and ...

e Publication

de Kok, Caitlin Anne. "Happiness at Work: Are Job Satisfaction, Job Self-Efficacy an...

Internet

jurnal.konselingindonesia.com

a Internet

jurnalpps.uinsby.ac.id

+ iThenticate Page 4 of 15 - Integrity Overview

<1%

<1%

<1%

<1%

<1%

<1%

<1%

<1%

Submission ID  trn:oid:::13990:109757382

Submission ID  trn:oid:::13990:109757382


https://diginole.lib.fsu.edu/islandora/object/fsu:803252/datastream/PDF/view
https://nces.ed.gov/surveys/pirls/overview.asp
https://doi.org/10.1177/1094428119833158
https://gateway.proquest.com/openurl?res_dat=xri%3Apqm&rft_dat=xri%3Apqdiss%3A32053306&rft_val_fmt=info%3Aofi%2Ffmt%3Akev%3Amtx%3Adissertation&url_ver=Z39.88-2004
https://jurnal.konselingindonesia.com/index.php/jkp/article/view/1190
https://jurnalpps.uinsby.ac.id/index.php/jalsat/article/view/383

v/ iThenticof.  T7aBiiaii ISttt BT Fifgher Education SUTYSN DATEIERY" 07
I International Journal of Language Testing https://www.ijlt.ir
“#Vol. 15, No. 2; 2025, October

Three-Parameter Item Response Theory Analysis of the Multiple-Choice
Items in PIRLS 2016

a
Mulyono'*, Rahma Widyana?, Puspa Mirani Kadir®>, Wulida Wahidatul Masruria®, M.
Baihagqi®, Engeline Chelsya Setiawan®
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ARTICLE INFO ABSTRACT
_ _ Progress in International Reading Literacy Study (PIRLS) is an
Article History: international assessment that measures the reading literacy of

Received: February 2025

Accepted: March 2025 fourth-grade students (aged 9-10 years old). PIRLS aims to evaluate

and compare the reading abilities of students across different
countries. It assesses how well students can understand and interpret

KEYWORDS written texts, which is fundamental to their overall educational
3PL IRT development. In this study, psychometric analyses were run on a
Guessing portion of the multiple-choice items of PIRLS 2016 taken by 4%
ICC graders in the USA. The 3PL item response theory model was
IRT - . . e rr .

PIRLS utilized to examine the test. Discrimination, difficulty, and guessing

parameters were estimated along with the fit values, reliability, item
characteristic curves, and item-person map. M2, CFI, TLI, and
RMSE statistics showed that the test is reliable and the model,
overall, fits the data. Item fit statistics outfit and infit showed that
most of the items fit the 3PL model. Findings showed that while all
the items have acceptable discrimination values, two items have
unacceptable guessing parameters. Examination of the ICCs
showed that graphical displays are important, in addition to
numerical values, for examining item quality. Item-person map
showed that items do not target the whole ability scale.

1. Introductio

The Progress in International Reading Literacy Study (PIRLYS) is a global assessment
and research initiative aimed at evaluating reading proficiency among fourth-grade students,
along with examining school and teacher practices related to instruction. Conducted every five
years since 2001, PIRLS involves fourth-grade students completing a reading test and a
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questionnaire that explores their attitudes towards reading and their reading behaviors.
Additionally, teachers and school principals are surveyed to collect information about students'
school experiences in developing reading literacy. PIRLS offers valuable benchmark data that
allows countries to compare their students' performance with that of students worldwide. It
enables educators, researchers, and policymakers to explore educational practices in other
systems that could be applied locally, contributing to ongoing efforts to enhance the quality of
education for all students (Mullis & Martin, 2015).

PIRLS 2016 is the fourth assessment in the ongoing series, succeeding those held in
2001, 2006, and 2011. Sixty-one entities, comprising 50 countries, and 11 regions took part in
PIRLS 2016. For countries that have participated in previous assessments since 2001, PIRLS

2006, 2011, and 2016 (Mullis et al., 2017).

The PIRLS 2016 assessment is guided by the PIRLS 2016 Asse
(Mullis & Martin, 2015), which was developed with input from t i
This framework focuses on two primary reading goals: enga
acquiring and using information. It identifies four key readin sion processes:
locating and retrieving explicitly stated information, ard inferences,
interpreting and integrating ideas and information, and : : Itiquing content and
text elements. For PIRLS 2016, a nationally representatifie #fmple g@labout 4,000 students from
150 to 200 schools from each participating cou essec
involved approximately 319,000 students, 3 6,000 teachers, and 12,000
schools across all the countries (Mullis et al.,

1.1 Item Types in PIRLS

Students' reading comprehgiislon is evallated through questions that follow each text,
using two item formats, namely; ale-chggfe (MC) and constructed-response questions.
Each MC question is worth one point, onstructed-response questions are valued at one,
two, or three points, depending on the leve nderstanding required. In PIRLS, MC questions

understanding.
four answer options, only one of which is correct. These

questions are to be developmentally appropriate, with clear and concise wording.
Response option®are also brief to reduce reading difficulty, and incorrect answers are designed
to be plausible but not misleading (Mullis & Martin, 2015).

One of the disadvantages of MC items is that they can be guessed. In this study, the
guessing problem in the MC question of PIRLS 2016 was examined in a small portion of the
test using the 3-parameter logistic item response theory model (3PL IRT, Birnbaum, 1968)
with the USA data. The 3-parameter IRT model is particularly useful in situations where
multiple-choice items are used, and guessing can be a factor. It provides a more nuanced
understanding of item performance and individual ability compared to simpler models like the
1-parameter (Rasch) or 2-parameter IRT models, which do not account for guessing.

110
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2. The 3PL IRT Model

The 3-PL IRT model (Birnbaum, 1968) is a psychometric model used to analyze the
relationship between an individual's latent trait (often referred to as ability or proficiency) and
their performance on test items. This model is commonly applied in educational testing,
psychological assessments, and other fields where the measurement of latent traits is important.
The item response function for the 3PL model is:

1 — ey
1 + exp|—a;(6 — b;)

Pl‘:.{YI; =1 g,ll = Cj T

where P(Xi=1|6) is the probability of a correct response to item i, Ci is the guessing parameter,
ai is the discrimination parameter, bj is the difficulty parameter, and & is the s latent trait
level.

Latent Trait (6) represents the underlying ability or trait of an i
intended to measure. In educational testing, it might represent igfncy in a
subject (Baker & Kim, 2017). The model estimates three parame

the item is better at distinguishing between individua
Difficulty (b) which reflects the level of the latent trgit r 50% chance of answering

from its ability to provide a more nua
function and how individuals' abilities are

2.1.1 Hahdling Guessing Behavior. One of the main advantages of the 3-PL model is
its ability to account for guessing. In multiple-choice tests, especially, even individuals with
low ability have a non-zero chance of answering an item correctly by guessing. The 3-PL model
incorporates this by introducing a "guessing” parameter (ccc), which estimates the probability
of a correct response purely by chance. This makes the model more realistic and accurate in
scenarios where guessing is likely (Hambleton et al., 1991; Korompot et al., 2024).

2.1.2 More Detailed Item Information. By estimating three parameters—difficulty,
discrimination, and guessing—the 3-PL model provides a richer analysis of test items. This
helps test developers and psychometricians understand not just how difficult an item is, but
also how well it discriminates between individuals with different levels of ability and how

111
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likely individuals are to guess correctly. This detailed information can be used to improve the
quality and fairness of tests.

2.1.3 Improved Measurement Precision. The model allows for a more precise
measurement of an individual's latent trait (such as ability) across a range of ability levels. By
accounting for guessing and varying discrimination levels, the 3-PL model can produce more
accurate estimates of a person's ability, particularly for individuals at the extremes of the ability
distribution (very high or very low ability).

2.1.4 Item Selection and Test Adaptation. In computer adaptive testing (CAT),
where the test adapts in real time based on the test-taker's performance, the 3-PL model is
particularly useful. It helps in selecting items that are appropriate for the test-taker's ability
level, while also considering the likelihood of guessing and the discriminatio
This leads to more efficient testing, where fewer items are needed t
measurements.

2.1.5 Reducing Bias. By considering the guessing behavio

to the fairness and validity of the test, as it helps ensure that the
rather than random guessing.

2.1.6 Applicability Across Different Tests. Thg P e applied to a wide
range of test types and formats, making it a versatile {| pmetrics. Its flexibility in
s clia@Sc testing situations, from

Multiple-matr ling where a large number of items is distributed in several test booklets
to maximize theMested content without overwhelming individual examinees is used in PIRLS
assessments (see Baghaei & Robitzsch, 2025). The 175 items of PIRLS 2016 were distributed
in 16 different test booklets each containing two tasks or passages with associated items. To
establish a link between the booklets, each passage (and its relevant items) appeared in three
different booklets. This strategy connected all the booklets with some shared items and enabled
joint calibration of all items. The 21 MC items included in Form 1 were used in this analysis.
A total of 272 American 4™ graders had taken test Form 1.

3.2 Analysis and Results
The 3PL IRT model was applied to the 21 MC items of Form 1 of PIRLS 2016. The R
package (R Core Team, 2022) mirt (Chalmers, 2012) was used to estimate the model. In the
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first step, the overall fit of the data to the 3PL model was evaluated using the M2 statistic
(Maydeu-Olivares & Joe, 2005). The M2 statistic was nonsignificant which is a sign that there
is not much difference between the model and the data (M2=179.81, df=168, p=.25, RMSEA=
.01, CF1=.99, TLI=.98). This was also corroborated with high values of CFl and TLI (>.95) and
a low value of RMSEA (<.08). In other words, the model, overall, fits the data.

Table 1 shows the parameters of the 3PL IRT model. ‘@’ is the discrimination parameter
and shows how well item discriminates between high-ability examinees and low-ability
examinees. Larger discrimination indicates steeper item characteristic curve and a sign that the
item has a stronger relationship with the latent trait. It can be compared with item loading in
factor analysis. The discrimination values range from .46 to 2.62. The column rp, shows the

highest a-
17, respectively
ameter does not

discrimination based on both rpp and a-parameter. However, Ite
parameter has a very small rps. Items 13 and 20 with a-parameters
have rpp» values of .37 and .27, respectively. This means
always correspond with a higher item-total correlation.

Under the 1PL and 2PL models, the location ifficultyl parameter ‘b’ shows the
i i ght. Larger values indicate
mptote of the ICC is not zero
and is ‘C’, the definition of item difficulty chadg 3PL, item difficulty is the ability location
where the probability of getting the iten)smmmact is between the value of ‘C’ and 1. The

guessing parameter is the probability @@a g anMem correctly by guessing alone with no

the chances that an examinee afisW gh correctly just by chance is 30%. The ‘¢’
parameter ranges between 0 and 1; val @ler than .35 are considered acceptable (Baker &
Kim, 2017). The difficulty parameters pesrange from —1.89 to .50 and the guessing

squ
1 shows e items acceptable outfit and infit statistics.
Table 1
3PL IRT Item Pgfameters

Item Label a b C Outfit  Infit Iob
1 R11FO1IM 1.73 -0.79 0.29 0.872 0.928 41
2 R11FO2M 0.53 -1.9 0 1.219 1.095 21
3 R11FO3M 1.85 -1.18 0.07 0.78 0.897 45
4 R11F04AM 1.62 -1.34 0.16 0.845 0.921 40
5 R11FO5M 2.33 -0.78 0.4 0.792 0.935 39
6 R11FO6C 0.46 -1.32 0.01 1.189 1.144 17
7 R11F08C 1.65 -0.19 0 0.863 0.886 50
8 R11F10C 1.03 -1.12 0.01 0.981 0.974 37
113
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9 R11F11IM 0.64 0.25 0.21 1.171 1.117
10 R11F13M 0.92 -0.66 0 1.017 1.021
11 R41101C  2.63 -0.46 0.72 0.907 1.032
12 R41102M  0.66 -0.41 0 1.133 1.082
13 R41105M 1.11 -1.03 0 1.006 0.965
14 R41106M 1.69 0.12 0.28 0.988 0.999
15 R41108M 2.16 -1.77 0 0.608 0.876
16 R41109C  1.07 -0.9 0 1.034 0.974
17 R41110M 0.86 0.01 0 1.023 1.019
18 R41112M  1.22 -0.58 0 0.918 0.938
19 R41113C 11 -0.44 0.06 1.003 0.988
20 R41114C 117 0.23 0.32 1.082 1.064
21 R41115C  0.84 0.5 0 1.045

Table 2 shows the S_X2 fit statistics (Orlando & Thissen, 2000) their associated
degrees of freedom, RMSEA, and p-values. Items with s
have a poor fit and are candidates for removal. Table 2 i

fits.

S that iteMrs 1 and 15 have poor

Table 2
S_X2 Item Fit Values

Item Label S X2 df. PX2 p.S X2
1 R11FO1IM 20.86797 0.034
2 R11FO2M 8.376538 0.755
3 R11FO3M 6.562946 0.765
4 R11F04M 9.34403 0.590
5 R11F0O5M 0.622
6 0.833
7 0.967
8 0.985
9 0.362
10 0.681
11 4.900278 9 0 0.842
12 13.81279 13 0.015 0.387
13 16.64506 12 0.037 0.163
14 R41106M  8.052997 12 0 0.780
15 R41108M 13.6554 6 0.068 0.033
16 R41109C 13.63379 12 0.022 0.324
17 R41110M 16.41406 11 0.042 0.126
18 R41112M  10.13756 11 0 0.518
19 R41113C  20.29611 12 0.050 0.061
20 R41114C 1452141 12 0.027 0.268
21 R41115C 4.88534 11 0 0.936
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Figure 1 displays the item characteristic curves for the 21 PIRLS items. The lower ends
of the ICCs indicate the guessing parameters and their slope shows their discrimination. For
example, the lower end of item 5 is very high which shows that this item has a high
discrimination parameter while items 7 and 8 have guessing parameters of zero. The slope of
the 1CCs indicates the item discrimination. Items 6 and 9 have relatively flat which is a sign of
low discrimination while items 2 and 15 are highly discriminating. Item 11 has a relatively flat
ICC but has the highest item discrimination parameter (a=2.62). This item has the highest
guessing parameter as well (c=.72). This means that when an examinee has a 72% probability
of getting an item correct only by chance, the item discrimination does not make much sense.
The advantage of examining ICCs which show the behavior of the items graphically displays
issues which are not easily visible by checking the numerical values.

Figure 1
Item Characteristic Curves
itermn 1 itern 10 iterm 11 itern 12 iterm 13
1.00
075
0.50
0.25
0.00
iterm 14 itermn 15 iterm 16 itermn 17 iterm 18
1.00
0.75
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0.25
0.00
itermn 19 item 2 iterm 20 itern 21 itern 2
1.00
078 /
() —
E 0.50
0.25
0.00
item 4 item 5 item & item 7 item &
1.00
0.75
0.50
0.25
0.00
item 9 - 2 4
1.00
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0.50
0.25
0.00

4 2 0 2 4

Figure 2 is the item-person map of the test. The figure in the upper part shows the
distribution of the ability parameters and the figure in the lower part shows the locations of the
items. The expectation is that the item locations (red arrows) cover the entire range of the ability
distribution. As Figure 1 shows, the ability parameters range approximately from —2.60 to 1.70.
However, as the lower figure displays, the item parameters range from approximately -2 to .50.
That, the items do not cover the higher range of the ability scale and this test needs some harder
items.
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Figure 2

Item-Person Map
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4. Discussion

s from other studies examining item response theory models in
he application of the 3PL IRT model in this study provided a deeper
ultiple-choice (MC) items used in PIRLS 2016, particularly regarding

align with previous research but also highlight some unique aspects of test design challenges
in large-scale educational assessments.

A relevant study by Atmawinata et al. (in press) analyzed PIRLS 2021 data from
Kazakhstan using a 2PL IRT model, which does not account for the guessing parameter. Their
findings showed that most items had acceptable discrimination values but noted potential item
misfit issues due to item difficulty inconsistencies. Our study expands on their findings by
demonstrating that ignoring the guessing parameter may lead to overestimating item quality,
particularly in multiple-choice formats, where some items may be answered correctly by
chance rather than ability. This underscores the importance of using the 3PL model, especially
in assessments where guessing is a significant factor.
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Similarly, Korompot et al. (2024) conducted an IRT-based gender DIF analysis in the B2 First
Exam’s reading comprehension section. Their study found that some items exhibited higher
guessing parameters for specific subgroups, potentially skewing the assessment results. This
resonates with our study’s observation that two items in PIRLS 2016 had unacceptably high
guessing parameters, which could impact score validity. While their study focused on group
differences, our findings emphasize the broader issue of test reliability and construct validity
when guessing is present.

In contrast, Baghaei and Effatpanah (2024) applied nonparametric IRT to Likert-type
assessments and found that difficulty and discrimination were well-modeled, but traditional
IRT models often underestimated random guessing effects. This further validates our finding
that item characteristic curves (ICCs) offer a clearer depiction of item behavi
pinpointing items where guessing inflates performance metrics. While th
Likert-scale data, the overarching concern regarding guessing distortion ap
test types.

The findings of this study have several important ingplicatj est design,
educational assessment policy, and psychometric research. The id
items suggests that multiple-choice items should be carefu )
actual reading ability rather than random selection of
incorporation of more constructed-response items or t

Is, whic onsistent with Linacre (2023),
Mficulty covers the full ability range. This

who emphasized the importance of ensuring e
| challenging items to ensure higher-

suggests that future versions of PIRLS sig

whereas constructed-response items provide
g reinforce this by showing that some PIRLS

or country-specyfic. Future research could also explore whether Bayesian IRT models (e.g.,
Effatpanah & Baghaei, 2023) provide better item parameter estimates than classical 3PL
approaches. Bayesian methods may reduce parameter uncertainty, particularly in small-sample
scenarios.

As computer-based testing (CBT) becomes more prevalent, it would be interesting to
examine whether TEIs (e.g., interactive reading tasks, adaptive questioning) could help
mitigate guessing effects and provide a more authentic reading assessment. Research on
computer-adaptive testing (CAT) in PIRLS would also be valuable. Given findings from
Korompot et al. (2024) on gender-related DIF, further analysis could explore whether certain
PIRLS MC items exhibit bias towards specific student subgroups (e.g., gender, socioeconomic
status, or language background). Since PIRLS also collects teacher and school questionnaire
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data, future studies could link item-level performance to instructional practices, helping
identify whether certain teaching strategies lead to better test performance.

5. Conclusion

The psychometric analysis of PIRLS 2016 multiple-choice items using the 3PL IRT
model contributes to a better understanding of the test’s validity and reliability. While the test
demonstrates strong overall model fit, the findings suggest that guessing remains a concern and
that item targeting could be improved. Comparisons with similar studies confirm that these
challenges are not unique to PIRLS but are common across large-scale educational
assessments. Addressing these issues—through better item design, diverse question formats,
and new psychometric methodologies—will be critical in enhancing future it s of PIRLS
and similar reading assessments.
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