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Abstract
Background: Item position effects have been a common concern in large-scale
assessments as changing the order of items in booklets may have an undesired effect
on test performance. If every test taker would be affected by the effect in the very
same way, comparisons between groups of individuals would still be valid. However,
research has shown that in addition to a general fixed effect of item positions, the
extent of the effect varies considerably across individuals. These individual differences
are referred to as persistence. Test takers with a high level of persistence are able to
keep up their performance better throughout the test administration, whereas those
with a lower level of persistence show a larger decline in their test performance.
Methods: The present study applied a multilevel extended item response theory
(IRT) framework and used the data from the PISA 2006 science, 2009 reading, and 2012
mathematics assessments. The first objective of this study is to provide a systematic
investigation of item position effects across the three PISA domains, partially replicating the previous studies on PISA 2006 and 2009. Second, this study aims to gain a better understanding of the nature of individual differences in position effects by relating
them to student characteristics. Gender, socio-economic status, language spoken at
home, and three motivational scales (enjoyment of doing the subject being assessed,
effort thermometer, perseverance) were used as person covariates for persistence.
Results: This study replicated and extended the results found in previous studies. An
overall negative item cluster position effect and significant individual differences in
this effect were found in all the countries in the three PISA domains. Furthermore, the
most frequently observed effect of person covariates on persistence is gender, with
girls keeping up their performance better than boys. Other predictors showed little or
inconsistent effects on persistence.
Conclusions: Our study demonstrated inter-individual differences as well as group
differences in item position effects, which may threaten the comparability between
persons and groups. The consequences and implications of item position effects and
persistence for the interpretation of PISA results are discussed.
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Introduction
In large-scale assessments, items are often presented in different positions within a test
using a booklet design. However, changes in the presentation order of items can have
unintended effects on item characteristics and hence on test takers’ performance (Leary
and Dorans 1985). That is, when presented at the end of a test, an item may become
less or more difficult than when presented at the beginning of the test, resulting in an
increase or a decrease in the performance during testing, respectively. Under such circumstances, the responses to test items are not solely dependent on the latent trait(s)
of interest, but also on context factors that may be construct-irrelevant (Messick 1995).
This violates the assumption of local independence of the item response theory (IRT)
models that are commonly used to analyze assessment data, and would bias the item and
person parameter estimates, invalidating the interpretation of individuals’ test results
(AERA, APA, and NCME 2014).
A number of studies have investigated the effect of item positions in different content
domains using distinct methodological approaches. Two types of position effects have
been reported. On the one hand, a positive item position effect (i.e., an item becomes
less difficult when administered in the later position of a test) can occur because of a
learning or practice effect when test takers become more acquainted with the test material, format, and the kind of tasks asked. Kingston and Dorans (1984) compared mean
differences in the IRT difficulty parameters of the Graduate Record Examination (GRE)
test items and found a large and consistent practice effect for item types of analysis of
explanations and logical diagrams. Verguts and De Boeck (2000) developed a dynamic
Rasch model and showed a learning effect in a computer-administered intelligence test.
Schweizer et al. (2009) used confirmatory factor analysis and reported a position dimension that might represent learning for the Advanced Progressive Matrices (APM) items.
On the other hand, a negative item position (i.e., an item becomes more difficult when
administered in the later position) has been reported more frequently. Kingston and
Dorans (1984) found a moderate increase in item difficulties for items of reading comprehension in the same GRE test. Hohensinn et al. (2008) found a small negative item
position effect in a 4th grade math test by means of the linear logistic test model. Meyers
et al. (2009) compared the field-testing and operational testing of standardized tests of
reading and mathematics, and showed that Rasch item difficulty increased with changes
in item positions. Hartig and Buchholz (2012) employed a multilevel IRT model and
reported a significant negative item position effect in 10 selected countries in the Programme of International Student Achievement (PISA) 2006 science assessment. Debeer
et al. (2014) used the same approach and found a negative position effect in all countries
in the PISA 2009 reading assessment. This negative effect has been commonly attributed
to fatigue or declining motivation of test takers during testing. Weirich et al. (2016) demonstrated that position effects were only partially due to changes in test-taking effort and
did not vanish when the (decline in) test-taking effort was controlled for. Other context
factors may also contribute to position effects, such as testing time and speed, as was
the case for the Trends in International Mathematics and Science Study (TIMSS) 2003
(Mullis et al. 2004).
If every test taker would be affected by these effects in the very same way, ignoring
position effects would still lead to fair comparisons. However, if the strength of item
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position effects varies across persons, then the unadjusted test scores may lead to
biased ability parameter estimates. In fact, recent research shows that in addition to a
general effect of item positions, there can be substantial individual differences regarding this effect (Debeer and Janssen 2013; Schweizer et al. 2009, 2011; Verguts and De
Boeck 2000). Wise et al. (1989) found that the variation in performance associated with
item positions was more related to the ability of examinees than to the characteristics
of items, and the effect was more pronounced for lower ability examinees. Significant
individual differences regarding position effects were also found in the PISA 2006 science and 2009 reading assessments, with more variation in lower performing countries
(Debeer et al. 2014; Hartig and Buchholz 2012). Weirich et al. (2016) further found that
position effects can be moderated by the decline in test-taking effort. Given the more
frequently observed negative position effect in large-scale assessments, the term “persistence” is used to refer to these individual differences, describing test takers’ capability of
keeping up their performance during testing sessions (Hartig and Buchholz 2012). Low
individual persistence indicates a decline in test performance, while high persistence
means a maintained or even increased performance level during testing.

The present study
To summarize, previous research employed different methodological approaches to
investigate item position effects in assessments of different natures (e.g., low-/highstakes, summative, or problem-solving). The results were not always consistent, depending on the content domains, item formats, and test administration contexts. Thus, it
would be intriguing to examine the effects of item positions within a consistent methodological framework for assessments with varying content domains but with similar
test administration procedures. Therefore, the first objective of the present study is to
provide a systematic investigation of item position effects in large-scale assessments by
analyzing the three major domains of the PISA 2006, 2009, and 2012 assessments (i.e.,
science, reading, and mathematics, respectively). More specifically, the study investigates (1a) the general effect of item positions, (1b) persistence, and (1c) the correlations
of persistence with ability in the three domains.
The second objective is to gain a better understanding of persistence by providing an
exploratory investigation relating those individual differences to student characteristics.
Until now, relatively little research has explicitly addressed the question why item position effects occur and which personal variables can explain differences in persistence.
The limited findings in the literature suggest that persistence is likely related to the
ability (Wise et al. 1989) and to the test-taking effort (Weirich et al. 2016) of students.
Therefore, this study investigates the relationship of persistence in PISA assessments
with (a) student background characteristics that have been known as stable predictors
of test performance (e.g., gender, socio-economic status, and language spoken at home)
and (b) motivational variables that have been included in the PISA context questionnaires (enjoyment of the subject being assessed, “effort thermometer”, and self-reported
perseverance). With these exploratory analyses, more insights may be obtained into
(2a) which specific subgroups of students are more prone to lower persistence and (2b)
whether the individual variation of the effect is due to individual differences in the general interest of the test subject and/or the test-taking effort.
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We follow the multilevel IRT modeling approach proposed by Hartig and Buchholz
(2012) and Debeer and Janssen (2013). The choice of this approach has three reasons.
Firstly, IRT is the most widely used theoretical framework when it comes to large-scale
assessments (Berezner and Adams 2017). Secondly, using the same modeling approach,
Hartig and Buchholz (2012) studied item position effects in 10 selected countries of the
PISA 2006 science assessment, and Debeer et al. (2014) analyzed all the participating
countries of the PISA 2009 reading assessment. Thus, the current study partly serves as
a replication of the previous two studies, but also extends them by studying all the participating countries and including the third major domain of PISA assessments, mathematics in PISA 2012. Thirdly and more importantly, this multilevel extension of the IRT
model enables a closer examination into the nature of individual differences in item position effects by incorporating explanatory person covariates into the model (see below).

Modeling approach
Within the framework of the generalized linear mixed approach (GLMM) to IRT models (De Boeck and Wilson 2004), the position of an item can be specified as a predictor
to investigate its effect on the probability of success on the item. More specifically, the
original item difficulty parameter in the Rasch model is decomposed into the difficulty
of the item and the effect of presenting the item in different positions. In case of a linear
item position effect, the model reads as:





logit Ypik = 1 = θp − βi + γ + δp kpi − 1 ,
(1)

where Ypik is the response of person p to item i when presented in position k , and θp is
the ability of person p measured given βi , the difficulty of item i when presented at the
first position of the test. kpi is the position of item i that is presented to person p. γ is the
fixed linear effect representing the general effect of item positions across persons, and δp


is the random effect with δp ∼ 0, σδ2 capturing individual deviation from the average γ


for person p, referred to as persistence. Hence, the sum γ + δp denotes the individual
changes in test performance across item positions, in which a positive value indicates an
increase in performance, while a negative value indicates a decrease.
The model in Eq. 1 can be regarded as a generalization of the Rasch model or a logistic
multilevel model with item responses nested within students. As PISA has a hierarchical data structure of students nested within schools, Debeer et al. (2014) extended the
model in Eq. 1 to include the school level, resulting in a three-level model with item
responses nested within students and students nested within schools:

 




logit Yspik = 1 = θs + θps − βi + γ + δs + δps kpi − 1 ,
(2)
in which θs and θps are the between-school part and within-school part for ability,
respectively. A similar decomposition holds for the persistence parameters δs and δps.
The advantage of the extended model lies in the possibility of investigating whether the
substantial variance in persistence is located at the school level or the individual level.
It has been shown that variations of persistence between schools were rather small, on
average 10% across countries in the PISA 2009 reading assessment (Debeer et al. 2014).
However, in order to keep the statistical analyses aligned with the stratified sampling
procedure of PISA and to filter out as much as possible “external” context factors (e.g.,
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Table 1 Numbers of countries and students participating in the three PISA assessments,
of which the major domains and numbers of items were included in the current study
PISA

Countries

Students

Major domain

Items included

2006

57

397,920

Science

103

2009

65

479,616

Reading

131

2012

68

485,490

Mathematics

109

school discipline, testing climate) that may contribute to individual persistence, the present study adopts the model in Eq. 2, maintaining the school level in the analyses.
Finally, to address the second research objective of exploring possible predictors of
individual persistence, we further extend the previous model to include student characteristics as explanatory person covariates. For example, with a person level covariate Zp,
the model is extended as:

 






logit Yspik = 1 = θs + θps −βi + γ + δs + δps kpi − 1 +γz Zp +γz×position Zp kpi − 1 ,

(3)

where γz is the fixed main effect of predictor Zp on overall performance, and γz×position
is the interaction effect between item positions and the predictor. The interaction effect
captures the effect of predictor Z on individual persistence. Accordingly, δs and δps are
the remaining between-school and within-school variations of persistence that are not
explained by predictor Zp, respectively.
Two assumptions of these models should be noted. First, a linear item position effect
on performance is assumed. Nonlinear functions, such as quadratic and cubic functions
are also possible and have been evaluated in other studies (Debeer and Janssen 2013;
Meyers et al. 2009). However, within the context of PISA assessments, Debeer and Janssen (2013) showed that the model with a random linear position effect provided the best
fit in comparison with other model specifications. Hartig and Buchholz (2012) also calculated the percentages of correct responses in each position in PISA 2006 and found
that they almost perfectly negatively correlated with the varying positions with more
than 87% of the variance being explained by a linear trend. Given that there are only
four possible varying positions in PISA assessments (see “Method” section below), a linear position effect seems to be reasonable and appropriate here. The second assumption
of the models is that the position effect is constant for all items, since the interaction
between item content and item position is not modeled in the current study.

Method
Data

The analyses made use of the published data from the PISA 2006, 2009, and 2012 paperbased assessments. Table 1 gives the overview of the numbers of countries and students
participating in each of the three assessments.
The PISA test items consisted of a mixture of multiple-choice questions and constructed-response questions. Items of the same test domain were compiled into item
clusters, and each test booklet was composed of four such item clusters. A balanced
incomplete block design was employed in PISA so that each item cluster appeared once
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Table 2 Cluster rotation design of PISA 2012
Booklet

Cluster position
1

2

3

4

1/21

PM5

PS3

PM6A/PM6B

PS2

2/22

PS3

PR3

PM7A/PM7B

PR2

3/23

PR3

PM6A/PM6B

PS1

PM3

4/24

PM6A/PM6B

PM7A/PM7B

PR1

PM4

5/25

PM7A/PM7B

PS1

PM1

PM5

6/26

PM1

PM2

PR2

PM6A/PM6B

7/27

PM2

PS2

PM3

PM7A/PM7B

8

PS2

PR2

PM4

PS1

9

PR2

PM3

PM5

PR1

10

PM3

PM4

PS3

PM1

11

PM4

PM5

PR3

PM2

12

PS1

PR1

PM2

PS3

13

PR1

PM1

PS2

PR3

Note PISA 2012 consisted of seven mathematics clusters (PM1–7; major domain), three science clusters (PS1–3), and three
reading clusters (PR1–3). The minor domains are represented in italics. Booklets 1–13 were standard booklets. Booklets
21–27 were easier ones in which two standard mathematics clusters PM6A and PM7A were replaced by two easier ones
PM6B and PM7B, respectively, and the other item clusters remained the same as in the standard booklets. The easier
booklets were offered as an option to lower performing countries

and only once in each of the four possible cluster positions within a test booklet. In addition to the standard 2-h booklets, a special 1-h (UH) booklet, containing about half as
many items as the standard ones, was prepared for schools catering for students with
special needs. As including those students would jeopardize the random allocation
of the balanced test design booklets, data from the UH booklets were excluded in the
analyses.
For each PISA cycle, one of the reading, mathematics, or science subjects is chosen
as the major domain and the other two remaining areas are minor domains. The major
domain is assessed with more items, and each booklet contains at least one item cluster
of the major domain. However, item clusters of the two minor domains are not always
presented simultaneously in one test booklet, so some students, besides clusters of the
major domain, only responded to items in either of the two minor domains. In such a
case, the position effects of the items in minor domains would be considered as betweensubjects, and may be confounded by the differences across groups of students who cause
persistence. Therefore, to ensure more stable and reliable parameter estimates, only
items of the major domains were used in the analyses, as shown in Table 1. The design of
the item cluster rotation is illustrated in Table 2 using the PISA 2012 assessment. PISA
2006 and 2009 had the similar design. More detailed information about the paper-based
assessment and test design can be found in the PISA technical reports (OECD 2009,
2012, 2014b).

Explanatory variables

After the cognitive assessment, a contextual questionnaire was administered to collect
information on student characteristics, family background, and their attitudes towards
the subject being assessed, school, and learning experiences. We made use of gender, the
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socio-economic status index, language spoken at home, and three motivational indices
from the PISA contextual questionnaires.
Socio‑economic status (SES)

The PISA index of economic, social, and cultural status (ESCS) was derived from several indices including family wealth (e.g., “In your home, do you have a room of your
own?”), home possessions of cultural and educational resources (e.g., “How many books
are there in your home?”), the highest occupational status of parents, and the highest
educational level of parents. The ESCS scores were obtained as component scores for the
first principal component, with zero being the score of an average OECD student and
one being the standard deviation across equally weighted OECD countries.
Enjoyment and interests

The scale of general enjoyment of and interest in the subject being assessed can be considered as a measure of the domain-specific motivation that depicts a relatively stable
personal trait of the student (Penk et al. 2014). The joy of science (JOYSCIE) in PISA
2006 and the joy of reading index (JOYREAD) in PISA 2009 were constructed through
the scaling of 5 and 11 items measuring students’ enjoyment of science and reading,
respectively. Students’ interest in mathematics (INTMAT) was derived from four items
measuring students’ mathematics interest in PISA 2012. Students were asked to indicate
their levels of agreement with the given statements (e.g., “Reading is one of my favorite
hobbies.”) by choosing one of the four response categories: “strongly disagree”, “disagree”,
“agree”, and “strongly agree”.
Effort thermometer

The effort thermometer can be regarded as a measure of situation-specific motivation
that describes a state of students depending on a specific situation (Baumert and Demmrich 2001; Penk et al. 2014). It was used in PISA 2006 and 2012, and was based on
three 10-point scales collecting the information on students’ motivation when completing the PISA assessment. Students were asked to indicate their effort expenditure (a) in
a situation of high personal importance, (b) during the current PISA assessment, and (c)
if the PISA test marks were to be counted in their school marks. Only (b) the effort spent
during the current PISA assessment (EFFORT-REAL) was used in the present analyses.
Note that the effort thermometer was not available in PISA 2009.
Perseverance (in mathematics)

The perseverance index (PERSEV) was constructed through the scaling of five items
measuring students’ sustained effort in solving a problem (e.g., “I continue working on
tasks until everything is perfect.”). Students were asked to respond by choosing one of
five response categories: “very much like me”, “mostly like me”, “somewhat like me”, “not
much like me”, and “not at all like me”. This newly constructed index was only available in
PISA 2012.
In PISA, the categorical items from the context questionnaires were scaled using
IRT modeling, and the logits for the latent dimensions were transformed to scales with
an OECD average of 0 and a standard deviation of 1 (with equally weighted samples).
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The exact scaling procedure of the above scales can be found in PISA technical reports
(OECD 2009, 2012, 2014b). The covariates used in the current study were in general
uncorrelated or weakly correlated, with the correlations ranging from .004 between SES
and perseverance in mathematics in PISA 2012 to .344 between interest in mathematics
and perseverance in PISA 2012 across countries.
Data analysis1
Data coding

PISA used both dichotomous and partial credit scoring. In order to fit the dichotomous
IRT models in Eqs. 2 and 3, partial credit items were dichotomized by scoring the full
credit as correct (1) and all partial credits as incorrect (0). As a result, 6, 7, and 11 partial
credit items were recoded in PISA 2006 science, 2009 reading, and 2012 mathematics,
respectively. Following the calibration procedures in PISA (OECD 2009, 2012, 2014b),
not-reached items were dropped as not administered, and items with missing responses
were considered as incorrect (0).2
Gender was dummy coded with boys as the reference category. Language spoken at
home was dummy coded with students speaking a different language from the language
of the test as mother tongue as the reference group. Each item cluster can appear in
different positions varying from Position 1 to 4 (Table 2), and within each cluster the
positions of the items were fixed. Thus, the position of items in a test booklet kpi was
represented by the position of the corresponding clusters.
Analysis scheme

Because of the large sample size, the analyses were conducted separately for each country for each of the three PISA assessments. All analyses were conducted using the glmer
function in the R package lme4 (Bates et al. 2015) with a faster estimation procedure
using an argument “nAGQ = 0”.3 The standard errors of estimates were computed using
the default estimation in the glmer function. Although stratification variables can substantially reduce the standard errors of the estimates, they were not included in the computation of the current analyses so as to align with the previous studies whose results the
current study aimed to replicate.
Table 3 gives an overview of the analysis scheme. The model in Eq. 2, with responses
nested within students and students nested within schools, was used to address
Research Question (RQ) 1a of examining the general position effect and 1b of individual persistence in PISA assessments (Model 0). The correlations of the cluster position
effects across domains were calculated to see whether the effects were consistent within

1

Given that in PISA, item fit is checked and badly behaving items are removed from the analysis, and because PISA
tests sufficiently fit the Rasch model (e.g., OECD 2014b), we assume that a more complex model should fit the data at
least equally well. Therefore, the model and item fit are not discussed in the results.

2
3

The impacts of different treatments of missing responses on position effects are discussed in “Limitations” section.

The “nAGQ” argument controls the number of points per axis for evaluating adaptive Gauss-Hermite quadrature
approximation to log-likelihood. When nAGQ = 1 (default) indicates Laplace approximation. When nAGQ = 0, the
random effects are not integrated out. The random effects and the fixed-effect coefficients are optimized in the penalized iteratively reweighted least squares step and estimation thus becomes faster (Bates et al. 2015). Doing so will have
an impact on the estimation, but because of the large sample sizes in each country of PISA, the differences between
nAGQ = 0 and nAGQ > 0 will be rather small, if not negligible. In fact, preliminary analyses with both nAGQ = 0 and
nAGQ = 1 for 10 countries showed that the results were quite similar for the two estimation procedures. And because it
was considerably faster, the estimation procedure with nAGQ = 0 was therefore chosen.
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Table 3 Overview of the analysis scheme
Model

2006 science

2009 reading

2012 mathematics

0

No covariates

No covariates

No covariates

1

Gender
SES
Language at home

Gender
SES
Language at home

Gender
SES
Language at home

2

Joy of science

Joy of reading

Mathematics interest

3

Joy of science
Effort

–

Mathematics interest
Effort
Perseverance

countries. The intraclass correlation (ICC) for persistence ICCδ, which gives the proportion of variance located at the school level, was computed for each country. The correlations between ability and persistence (RQ 1c) were examined at the school level ρθs δs and
the student level ρθps δps.
Additionally, using the national mean scores reported by PISA in the corresponding
domains as the country level performance, the correlations were calculated between the
national
and the estimates of cluster position effect γ , variance in persis mean scores

2 , as well as the correlations between ability and persistence between
tence σδs2 + σδps
schools ρθs δs and within-schools ρθps δps , to examine the cluster position effects and persistence at the country level.
Next, student characteristics and motivational scales were added to the model in Eq. 3
as student level predictors. Model 1 addressed the RQ 2a, examining the effects of student background characteristics of gender, SES, and language spoken at home. RQ 2b
was approached in two steps because some test-taking effort-related variables were not
available in all three PISA domains. Model 2 focused on the effects of the general enjoyment of and interest in the subject being assessed as the domain-specific motivation, and
Model 3 further included the effort thermometer as the situation-specific motivation in
PISA 2006 science and 2012 mathematics, and perseverance in 2012 mathematics.
Model parameters

Given the extensive results from different sets of analyses, we focused on the general
2 , and the fixed effects of
item cluster position effect γ , persistence within-schools σδps
student covariates on performance γz . Moreover, the most interesting parameters for the
present study were the interactions between the explaining variables and the item cluster position, γz×position, as they represent the effects of individual person covariates on
persistence.
Since the analyses were conducted for each country separately, the obtained estimates
were not necessarily on the same scale. To enable comparisons across countries, all the
estimateswere standardized using the standard deviation of the ability level within each
country σθ2s + σθ2ps (cf., Debeer et al. 2014). For example, the position effect γ was

standardized into γ ∗ = γ / σθ2s + σθ2ps , presenting the average position effect on performance expressed in the standard deviation of ability within a country. The standard
deviation 
of persistence between-school
 and within-school were standardized into
2
2
∗
∗
σδs = σδs / σθ s + σθ ps and σδps = σδps / σθ2s + σθ2ps , respectively. This resulted in a

Wu et al. Large-scale Assess Educ

(2019) 7:5

Page 10 of 21

2006 Science
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5

−0.30 −0.25 −0.20 −0.15 −0.10 −0.05 0.00
Cluster Position Effect γ*

0

2012 Mathematics
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Frequency

15

Frequency

Frequency

15

0

2009 Reading

20

10

5

−0.30 −0.25 −0.20 −0.15 −0.10 −0.05 0.00
Cluster Position Effect γ*

0

−0.30 −0.25 −0.20 −0.15 −0.10 −0.05 0.00
Cluster Position Effect γ*

Fig. 1 The histograms of cluster position effects γ ∗ of all countries in the three PISA domains. The dotted
lines indicate the value of zero. All effects are significantly different from zero at an alpha level of .05



∗2 . The same standardization was
standardized total variance in persistence σδs∗2 + σδps
also applied to the estimates of person covariates. In this way, the coefficients were
transformed onto a common scale, representing the effect of one cluster position on
performance relative to the standard deviation of the ability level within each country.4

Results
General effects of item cluster positions

The results of Model 0 showed that a significant negative effect of item cluster positions
on overall performance was found in all countries in all three PISA domains. It means
that students’ probability of giving a correct response to an item decreased when the
item was administered toward the end of the test. Figure 1 presents the distributions of
the general cluster position effects relative to the standard deviation of the ability level
within each country, γ ∗, of all countries in the three domains. It can be seen that the
strength of the cluster position effects varied considerably across countries. For instance,
in PISA 2012 mathematics the effects ranged from − .162 in Mexico to − .039 in Vietnam. Note that the effect γ ∗ indicates the effect of one cluster position, and it would
be three times larger if an item is presented at the end of the booklet (i.e., three cluster
positions further). In terms of the probability of correct responses, this could result in a
decrease of .040 in Mexico and .001 in Vietnam for a student with average ability (θ = 0)
when an item of average difficulty (βi = 0) was administered one cluster further. When
the item was placed at the end of the test, the decrease in the success probability would
be rather substantial, varying from .119 in Mexico to .029 in Vietnam.

4

The original parameters are available on request.
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Fig. 2 The scatter plots and the correlations of cluster position effects of all countries across the three PISA
domains

Figure 1 also shows that the cluster position effects were on average smaller in mathematics than those in science and reading. Figure 2 presents the scatter plots and the
correlations of the cluster position effects γ ∗ of all countries across the three domains. It
can be seen that the effects were considerably stable across PISA domains at the country
level, suggesting that countries with a strong position effect in, for example, reading also
tended to have strong effects in science and mathematics.
Persistence

Although numerically small, significant variances of persistence were found in all coun2 .
tries in the three PISA assessments, both between schools σδs2 and within schools σδps
Table 4 gives the mean ICC for persistence across countries in each domain. It shows
that only a small proportion of variance of persistence can be explained by betweenschool differences, with about 6.3%–8.5% on average across countries. The substantial
part of variability in persistence was attributed to individual differences across students.
Table 4 also gives the average correlations between persistence and proficiency at the
school and the student levels across countries. Between schools, positive correlations
between persistence and ability were found, meaning that schools with higher abilities
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Table 4 Mean ICC for persistence, mean correlations of ability and persistence
between schools and within schools, and standard deviations across countries in PISA
assessments
PISA cycle and domain

ρ θs δs (SD)

ICCδ (SD)

2006 science

.079 (.062)

.428 (.620)

2009 reading

.085 (.044)

.427 (.345)

2012 mathematics

.063 (.052)

.225 (.507)

ρ θps δps (SD)
−.203 (.204)

−.132 (.125)

−.189 (.144)

Note ICCδ, the intraclass correlation for persistence; ρθs δs, correlation between persistence and ability at the school level;
ρθps δps, correlation between persistence and ability at the student level

Table 5 Correlations of PISA national mean scores with cluster position effects,
total variance in persistence, and between-school and within-school correlations
between ability and persistence in the three PISA assessments
Estimated parameter

PISA national mean score
2006 science

Cluster position effect γ ∗

2009 reading

2012
mathematics

.695

.340

.680

−.303

−.624

−.507

Between-school correlation ρθs δs

.593

.580

.704

Within-school correlation ρθps δps

.446

.621

.662



∗2
Total variance in persistence σδs∗2 + σδps

Note All correlations are significant at an alpha level of .05

tended to have a higher level of persistence. Moreover, the correlations varied largely
across countries with large standard deviations. It needs to be kept in mind that the variance in persistence between schools was very small. Within schools, on the other hand,
there were negative correlations between persistence and ability, although these correlations were rather weak. This suggests that students with a higher proficiency level
tended to have a slightly lower level of persistence, i.e., having a larger decrease in their
performance. It could be possible that the motivation of higher ability students was high
in the beginning and dropped as the test went along, whereas lower ability students had
a rather low level of motivation to begin with.
Table 5 presents the correlations of the national performance
levelin PISA with the

∗2
∗2 , and the correla∗
cluster position effect γ , the total variance in persistence σδs + σδps
tions between ability and persistence at the school level and at the student level for the
three PISA assessments. The cluster position effects were positively correlated with the
PISA national scores,5 ranging from a medium correlation of .340 in 2009 reading to
stronger ones in 2006 science and 2012 mathematics (.695 and .680, respectively). These
correlations suggest that the negative cluster position effects were more pronounced in
lower performing countries. The negative correlations between the national mean scores
and the total variance in persistence indicate that there was also more variability in

5

The correlation of the PISA country scores with persistence may be confounded, since the PISA scores may be affected
by persistence. However, it is assumed that the effects of persistence on the overall performance level to be very small
relative to the between-country variation in overall performance. In theory, the correlation between country ability level
and persistence could be estimated in a four-level model (responses in students in schools in countries), but this is not
feasible in practice due to the large size of the data set (see “Limitations” section).
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persistence in lower performing countries than in higher performing countries. Furthermore, the within-school correlations between persistence and ability were higher (closer
to zero) in higher performing countries, meaning that persistence was more likely to be
uncorrelated with ability in those countries.
Effects of person covariates
Main effects

Figure 3 presents an overview of the main effects of student predictors on overall performance. These effects essentially replicated the findings reported in PISA result reports
(e.g., OECD 2007, 2010, 2014a). Girls were associated with a higher level of performance
in reading, but a lower proficiency level in science and mathematics. A higher SES,
speaking the same language of the test at home, having interest in the subject, a higher
level of test-taking effort, and a higher level of perseverance (in mathematics) had positive effects on the test performance. It is interesting to note that the sizes of the effect of
speaking the test language at home were generally several times larger than those of the
other predictors, even after controlling for the SES of students. A possible explanation
can be that all the assessments, though different in domain contents, require reading and
comprehension of questions. Consequently, a good mastery of the language of the test
can have a bigger effect on the achievement on the assessments.
Interaction effects

Figure 4 gives an overview of the distributions of the effects of student covariates on
persistence of all countries in the three PISA domains. Overall, the effect sizes were relatively small (below .1) and no clear patterns can be discerned, except for gender. Girls
tended to have a higher level of persistence, meaning that the decrease in performance
related to the item position effect was smaller for girls than for boys. SES and speaking
the test language at home did not show significant effects on persistence in the majority
of the countries. Enjoyment of doing the subject as domain-specific motivation showed
varying effects on persistence across subject domains. Only in PISA 2009, enjoyment of
reading had a positive effect in most countries, in which students who enjoyed reading
tended to have higher persistence than those who did not. This positive relationship was,
however, not observed in 2006 science and 2012 mathematics in most of the countries.
Furthermore, students’ self-reported test-taking effort showed a positive effect on persistence in 2006 science and 2012 mathematics in some but not all participating countries, suggesting that a higher level of test-taking motivation could, to some extent, help
to maintain the test performance levels. Students’ self-reported perseverance did not
show a significant effect on persistence in PISA 2012 mathematics in most countries,
after controlling for the test-taking effort.

Discussion
Item position effects have been repeatedly shown in research with large-scale achievement assessments. Within this paper, a multilevel IRT model and its extensions were
implemented to provide a systematic examination of item position effects in the three
major domains of PISA assessments. The results replicated and extended the findings
reported in the 2006 science (Hartig and Buchholz 2012) and 2009 reading assessments
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(Debeer et al. 2014), and also showed a consistent pattern of a negative position effect
and significant individual differences in the 2012 mathematics assessment. Furthermore,
the analyses were extended to provide an exploratory investigation of possible predictors of individual differences in position effects, which may shed some light on why item
position effects occur and on the nature of individual persistence.
The general negative effects of item cluster positions on performance found in our
study confirm the findings in previous studies on item position effects (e.g., Debeer et al.
2014; Hartig and Buchholz 2012; Kingston and Dorans 1984; Meyers et al. 2009; Weirich
et al. 2016). The effects were stronger in lower performing countries, despite the fact
that some of them were administered easier booklets. On the other hand, it is also possible that the lower performance in those countries was due to their students being more
affected by the cluster position effect. Hence, it is not unlikely that the PISA score differences between lower and higher performing countries could be reduced to some extent
if the item cluster position effects had been taken into account. Moreover, the position
effects were rather stable across the PISA domains at the country level, that is, lower
performing countries with a strong position effect in reading also tended to demonstrate
strong effects in science and mathematics.
The effects due to different item cluster positions as such may not invalidate comparisons between persons if every test taker would be affected by the effects in the very same
way. However, in line with the findings of previous studies (Debeer et al. 2014; Hartig
and Buchholz 2012; Weirich et al. 2016; Wise et al. 1989), we demonstrated that the
strength of the cluster position effects varied considerably across individuals and that
these individual differences were more pronounced in lower performing countries. In
particular, in higher performing countries the correlation between performance level of
students and persistence was close to zero, suggesting the two constructs were practically uncorrelated. However, the negative correlation between persistence and the performance level was much stronger in lower performing countries, suggesting that to
some extent these countries’ lower PISA results may be due to the fact that students with
a higher performance level were not able to sustain their performance levels during the
test session.
When exploring possible predictors of persistence, we only observed a consistent
effect of gender with girls being able to keep up their performance better than boys in
all three domains. Previous research showed that girls are often associated with a higher
level of motivation and effort during low-stakes assessments (Butler and Adams 2007;
Eklöf 2007; Kornhauser et al. 2014). As a negative item position effect can be caused
by a decrease in motivation, our findings may therefore suggest that there are also possible gender differences in how students sustain their motivation during testing. A positive effect of domain-specific motivation (enjoyment of the subject) on persistence was,
however, only found for reading. For science and mathematics, there may be some other
situation-specific motivation-related factors that contribute substantially to individual
persistence.
It needs to be noted that the context questionnaires were administered after the 2-h
cognitive assessments in PISA. The validity and reliability of these self-reported scales
may also be influenced by the decreasing motivation and effort of students at the end
of the long testing sessions. Also, the motivational scales, i.e., enjoyment of the subject,
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test-taking effort and perseverance, were self-reported measures. They may suffer from
students’ incapability of accurately reporting them and from response style bias (Finn
2015), which may to some extent contribute to the inconsistent patterns of the predictors on persistence in some countries in our study. Further examination of the possible
response style bias in students’ responses to the context questions across countries may
be needed. In PISA 2015, a shift from the paper-based assessment to a computer-delivered assessment has been implemented across the vast majority of participating countries. This enables the measure of new and expanded aspects of the domain constructs
(OECD 2017), and also allows to use response time as a measure of test-taking effort to
investigate the effect of motivation on persistence for future studies (e.g., Setzer et al.
2013; Silm et al. 2013; Wise and Kong 2005).
To conclude, although PISA applies a balanced booklet test design, presenting item
clusters in different positions within a booklet can still have an unintended impact on
test performance, and this effect can vary considerably across individuals and across
groups. However, before the question of “how to correct for item position effects” to be
answered, the question of “whether to correct for item position effects” should be dealt
with first. That is, whether item position effects would bias the ability estimation and
pose a threat to the validity of assessments depends on whether the variation in test performance caused by item position effects is considered as construct-irrelevant variance.
PISA defines the construct of interest to be students’ “ability to use their knowledge and
skills to meet real-life challenges” (e.g., OECD 2014b, p. 22). If being able to sustain the
effort and keep solving problems for a duration of two hours is regarded as part of this
competence construct, then effects related to item positions are construct-relevant. On
the other hand, if the intended competence construct focuses on the ability of solving
some distinct problems, the inter-individual differences in position effects as well as
differences between groups may render comparisons between subgroups of test takers
unfair and invalid as they are influenced by the individual and group differences in the
construct-irrelevant effects (Messick 1995). In such a situation, it is important to model
and control for the effects related to item positions using, for example, the presented
IRT models.
Nevertheless, the present study explored item position effects from the perspective
of individual differences, and showed that the negative position effect varied between
genders and between higher- and lower-performing countries. These effects can also be
evaluated from the perspective of item characteristics. It would be interesting for future
studies to investigate the interactions of item format/content with item positions, looking for which types of items are more affected by position effects. In addition, the current study only focused on the PISA assessments. Potential future studies could try to
replicate the findings using other large-scale assessment data, such as TIMSS and the
Progress in International Reading Literacy Study (PIRLS).

Limitations
Several limitations of this study should be noted. First, because of the large sample size
of the PISA data, the analyses were performed country by country. The estimates were
expressed relative to individual differences in ability within a country to facilitate comparisons between countries. To enable the direct comparison between countries, the
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models used in the study can be further extended to include the country level to analyze all the countries simultaneously. However, the huge total sample size would demand
extensive computing power that far exceeds the capacity of most personal computers.
Second, it needs to be noted that the results in this study can be to some extent influenced by the treatment of missing responses. The current analyses followed the same
procedure as PISA used for item calibration, in which the missing responses on omitted
items were treated as incorrect. All consecutive missing responses (except the first one
in the series) on items at the end of the test were treated as not administered (OECD
2009, 2012, 2014b). However, research (e.g., Debeer et al. 2017; Rose et al. 2010) has
shown that missing responses due to omitted and/or not-reached items hardly occur
randomly and should not be simply ignored or treated as incorrect ad hoc.
On the one hand, when a certain group of students did not reach the end of test due to
lack of motivation, test-taking strategy, time constraint, and so on, treating not-reached
items as not administered may affect the estimation of the item difficulty for items in
the end positions. In order to check the impact of not-reached items on position effects,
we selected three countries in PISA 2012 with high proportions of not-reached items
(Colombia, Peru, and Uruguay), excluded all the students with not-reached responses,
and re-analyzed the data with the reduced samples. The effects (see Table 6 in Appendix) were similar to the ones with the complete sample, which implies that the effects
were not (largely) affected by the students who did not reach the end of the test. Moreover, if not-reached items would be treated as incorrect, position effects would probably
increase due to test takers not reaching the end of the test.
On the other hand, missing responses due to omitted items are shown to be more
associated with test takers’ proficiency and item characteristics. For example, difficult
items (Rose et al. 2010) and open-ended questions (Okumura 2014) were more likely to
be skipped than easier items and multiple-choice questions, respectively. Hence, missing
responses due to omitted items can be informative and should not be ignored. Yet, treating them as incorrect may also lead to biased person and item parameter estimates (e.g.,
Rose et al. 2017). As PISA did, missing responses due to omitted items were treated as
incorrect in the current study. It is possible that the position effects found in our study
were partly due to omitted items in later clusters, as students would skip items because
of fatigue or decreased motivation, and this effect would be stronger for open-ended
questions. But still, countries (e.g., Romania, Shanghai-China, and the Netherlands) with
very low proportions of omitted responses in PISA 2012 also demonstrated a negative
position effect. To see the effect of omitted items, we selected three countries (Albania, Argentina, and Montenegro) in PISA 2012 with high proportions of omitted items,
treated the omitted responses as missing, and dropped them from the analyses. The negative position effects were still found, although less pronounced than the ones when the
omitted responses were considered as incorrect (see Table 7 in Appendix). It suggests
that the observed position effects can be indeed partially (but not completely) due to
the omitted responses in item clusters in the later positions of the assessment. Although
there have been several modeling approaches proposed, modeling missing responses
is beyond the modeling framework of the current study. The effects of missing data on
position effects can be the focus of further research.
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Finally, PISA items were compiled into clusters and presented in one of the four cluster positions within a booklet. Ideally, the local dependence between items of the same
theme (e.g., in reading items) within a cluster should be taken into account. However,
the current study used the positions of the clusters as an approximation of the item positions in the analyses. It is the cluster position effects that were modeled, and hence the
dependence between items within clusters should not affect the cluster position effects.
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Appendix
Comparisons of the effects of different treatments of missing responses

See Tables 6, 7.

Table 6 The average number (n) of not-reached items and comparison of position
effects in PISA 2012 mathematics between the complete sample and the reduced sample
with students with not-reached item responses excluded in three selected countries
Country

n

Complete sample
Cluster

Colombia

5.04

Peru

5.80

Uruguay

4.59

−.138

−.122

−.136

Reduced sample
SE
.007
.008
.009

Cluster
−.107

−.081

−.117

SE
.008
.010
.010

Table 7 The Average number (n) of omitted items and comparison of position effects
in PISA 2012 mathematics between the different treatments of nonresponses due
to omission in three selected countries
Country

Albania
Argentina
Montenegro

n

13.23
9.99
11.37

Omitted as incorrect

Omitted dropped

Cluster

SE

Cluster

SE

−.127

.009

−.065

.009

−.121

.008

−.071

.009

−.142

.008

−.087

.008
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