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INTRODUCTION

International large-scale assessments (ILSAs), such as the Organisation for Economic Co-
operation and Development (OECD)'s Programme for International Student Assessment
(PISA), aim to collect information about the cognitive skills of students around the world. For
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Key insights

* This paper addresses the issue of potential bias that may impact estimates of
socio-economic achievement gaps using PISA data.

 Estimates of socio-economic achievement gaps using the PISA data for Germany
do not seem to be particularly robust.

* It is likely that ignoring the potential bias in the German PISA data is likely to
lead to underestimation of differences in achievement between parental education
groups.

more than 20years they have had considerable influence on education policy and interna-
tional education debates (Breakspear, 2012; Hopkins et al., 2008).

These studies do not only measure students’ cognitive skills, but also administer back-
ground questionnaires. As a result, ILSAs have also been widely used to analyse the asso-
ciation between different background variables and student achievement across countries
and over time (e.g. Davoli & Entorf, 2018; OECD, 2019). The influence of family background
on educational achievement has been widely researched by academic economists, educa-
tionalists and sociologists (e.g. Davis-Kean, 2005; Guryan et al., 2008; Ludeke et al., 2021;
Pishghadam & Zabihi, 2011; Yeung et al., 2002) as well as its potential mediating role be-
tween social origin and destination (e.g. Breen & Jonsson, 2005). This includes a substantial
body of work investigating how such intergenerational patterns vary across countries, using
data from PISA.

However, when conducting cross-national comparisons of educational inequality, one
must be aware of the limitations with the data available. As early as the 1940s, research
started to engage with the ‘total survey error’ (TSE) framework. This aims to evaluate the
‘usefulness’ and ‘meaningfulness’ of sample survey-based research (such as ILSAs) by
comprehensively considering various sources of error and bias (Groves & Lyberg, 2010).
Total survey error includes issues surrounding how well the sample reflects the underlying
population of interest, encompassing survey non-response, missing data (amongst respon-
dents) and coverage, as well as sampling error. It also captures errors that are due to the
actions of respondents (e.g. inaccurate reporting, misunderstanding), the survey instrument
or data processing (e.g. data entry)—see Biemer (2010) for details. All these issues could,
in turn, impact estimates of socio-economic achievement gaps and how they differ across
countries (Billiet & Matsuo, 2012).

This paper uses the TSE framework to highlight how such different sources of bias may
impact estimates of socio-economic achievement gaps when using ILSAs such as PISA. In
doing so, we focus on six factors: (i) school and student non-response; (ii) non-coverage of
the target population; (iii) item non-response to information on socio-economic background;
(iv) measurement error in the socio-economic background variable(s); (v) the derivation of
PISA scores; and (vi) processing of the data to fit an international framework. Whereas pre-
vious research has investigated several of these aspects of ILSAs in isolation (e.g. Heine
et al., 2017; Rutkowski, 2011; Rutkowski & Rutkowski, 2013), few studies have provided a
comprehensive review of them all. This paper adds this to an existing literature via a case
study of the PISA 2012 data from Germany, providing a comprehensive review of possible
errors that may affect socio-economic group comparisons in international studies. We thus
aim to foster greater awareness and understanding of potential sources of bias when using
such data to investigate socio-economic inequality in educational achievement.
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TOTAL SURVEY ERROR AND SOCIO-ECONOMIC
GROUP COMPARISONS

This paper is situated in the total survey error framework, which gauges the quality of sam-
ple survey data (Schnepf, 2018). Total survey error has been defined in different ways,
and multiple typologies now exist. Our analysis is guided by the description of Groves and
Lyburg (2010, p. 850), who note:

Inherent in the term total survey error is attention to the entire set of survey
design components that identify the population, describe the sample, access re-
sponding units among the sample, operationalise constructs that are the target
of the measurement, obtain responses to the measurements, and summarise
the data for estimating some stated population parameter.

This has led us to identify six issues that may affect estimates of socio-economic achievement
gaps. We do not claim that this completely captures all aspects of total survey error in all ILSAs,
but that these represent six key sources of bias that may impact the results.

Coverage of the (target) population

Within any sample-based study the target population must be defined. Although this may
seem ftrivial at first, it can have important implications for investigations of socio-economic
inequalities. For instance, in some countries not all students at a given age are enrolled
in school, potentially meaning under-representation of disadvantaged and lower achieving
groups (Education Datalab, 2017). Moreover, it is often the case that some groups within
the target population are excluded owing to pre-defined reasons such as accessibility or
feasibility—most notably students with special educational needs (Jerrim, 2021; Anders
et al., 2020). This then has the potential to impact socio-economic group comparisons. This
becomes even more complex in cross-national comparative research, given that exclusion
rates (including of SEN pupils) differ drastically between countries (LeRoy et al., 2019).

Survey (unit) non-response

In large, cross-national studies of students, non-response can occur at the school level and
the student level. If such non-response occurred completely at random, socio-economic
group comparisons would not be biased. Yet this is unlikely to hold. For instance, Heine
et al. (2017) showed that non-participation in PISA in Germany is related to family back-
ground and prior achievement at both the student- and school-levels. Thus, if disadvantaged
pupils disproportionately drop out of the sample, this may lead to biased estimates of socio-
economic comparisons.

Item non-response

Item non-response refers to survey units (e.g. students, parents or schools) that participated
in the study, but who did not answer a particular question. This can bias results if survey
units with particular characteristics choose not to answer specific questions (Rubin, 1976).
Previous research has found this to be a problem for measures of socio-economic status
in large-scale international assessments. For instance, Caro and Cortés (2012) found that
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students missing socio-economic status data differed systematically from those with com-
plete data, potentially biasing socio-economic group comparisons.

Constructing and operationalising a comparable group measure

To reliably compare socio-economic differences across countries, it is vital that the pri-
mary covariate of interest (family background) carries the same meaning in each nation.
This is, however, a difficult task. Take, for example, the case of parental education—a
key measure of family background. Each country individually decides the organisation
and content of its education system, resulting in different qualifications and knowledge
at graduation. This, in turn, poses a major challenge for cross-national comparisons of
educational qualifications.

Although considerable time and effort have been invested into building international
classifications (such as the International Standard Classification of Education (ISCED);
Organisation for Economic Co-operation and Development, 1999) and developing mea-
sures for use in an international context (e.g. chapter 16 in OECD, 2014) this only partially re-
solves issues of cross-national comparability. National qualifications are often misclassified
within the ISCED framework, as they do not easily fit into such international classification
schema (Schneider & Kogan, 2008). This has been further complicated by extensive recod-
ing of the ISCED schema across different versions. Previous research by Rutkowski and
Rutkowski (2013) has also shown how there is poor cross-national comparability for other
socio-economic background measures, such as the PISA Economic, Social and Cultural
Status index.

Measurement error in socio-economic background

Measures of socio-economic background face further challenges when participants act as
proxy respondents. This is common in some ILSAs such as PISA, where students provide
information about their parents. Misreporting of parental characteristics (e.g. education lev-
els) hence becomes a problem which, in turn, introduces bias into group comparisons. For
instance, when students are used as proxies for their parents their answers are generally
less accurate, with previous cross-national research illustrating how this may lead to under-
estimation of parental education achievement gaps across countries (Jerrim & Micklewright,
2014).

Socio-economic measures and the construction of ILSA test scores

International large-scale assessmentss only have limited time available to test students.
They thus employ a rotated test design, meaning that each student only gets asked a subset
of questions. This results in large amounts of missing test-item data by design. In order to
estimate the achievement of sub-groups (e.g. average test scores of students from socio-
economically advantaged and disadvantaged backgrounds), a complex statistical meth-
odology (known as ‘conditioning’) is used. In reality, this is essentially a form of multiple
imputation. Specifically, students’ answers to the administered test questions, along with
their responses to the background questionnaire (including their socio-economic status),
are used to estimate student achievement (Mislevy et al., 1992; von Davier et al., 2009).
Importantly, this means that measures of socio-economic status (such as parental educa-
tion) have a direct influence on the construction of ILSA test scores. Previous research has
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shown how measurement error in background variables (such as socio-economic status)
can introduce bias into this process (Rutkowski, 2014).

DATA AND METHODS
Data

We use PISA 2012 data from Germany to illustrate how the aforementioned issues can
impact estimates of academic achievement between parental education groups. This
setting was chosen owing to the rich information available for this country in the PISA
2012 cycle. Specifically, PISA 2012 was the last cycle to administer our measure of inter-
est—highest parental education—in both student and parental questionnaires. Moreover,
we have also accessed a country-specific version of the PISA 2012 data for Germany
(Prenzel et al.,, 2015), which includes more fine-grained responses to the parental
education questions than have been published in the publicly available PISA dataset
(OECD, n.d.)." This allows us to investigate whether the coding of parental education
into the ISCED framework impacted estimates of socio-economic disparities in student
achievement in Germany.

Sampling design in PISA 2012

The target population in PISA is 15-year-olds enrolled in at least grade 7. Consequently,
some 15-year-olds—such as those who are home-schooled, have been permanently ex-
cluded or have repeated many grades—are not covered. Furthermore, countries are allowed
to exclude up to 5% of students/schools from their sample owing to: (1) intellectual disability;
(2) physical disability; (3) non-native students with insufficient language skills within their
first year of arrival; and (4) students who speak languages for which the test is not available.
Countries are also allowed to specify a fifth national specific criteria for excluding certain
schools or students from the sample, including remoteness of geographical regions, certain
language groups owing to political reasons and students with certain special educational
needs (OECD, 2014, chapter 4).

Once the sampling criteria are defined, students are selected into PISA using a two-
stage procedure. Schools are first selected with probability proportional to size and then
students are randomly sampled within schools. Two replacement schools are also drawn
for each sampled school in case they refuse to participate (this is essentially a form of
imputation). See OECD, 2014, chapter 4) and Prenzel et al. (2013, chapter 10) for further
details.

Test design

In ILSAs, students only get asked a fraction of all of the test questions. Specifically, students
get randomly assigned to one of 13 test booklets. Each booklet contains four item clusters,
which each contain multiple questions in one domain. In PISA 2012, there were 13 item clus-
ters. As mathematics was the focus of PISA 2012, seven of the 13 item clusters addressed
mathematics with only three each about science and reading. While each booklet contained
at least one cluster of mathematics items, most booklets only included two of three domains.
Consequently only 40% of the students answered questions in all three domains. The data
for each student is thus mostly missing by design (OECD, 2014, pp. 30, 31).
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Measurement of socio-economic status

While socio-economic background has multiple facets, within this paper we focus on paren-
tal education. This is because parental education is commonly used in secondary analyses
of ILSA (e.g. Martins & Veiga, 2010; Yang-Hansen & Gustafsson, 2016)—as well as the
social stratification literature more generally. The data we have available is also particularly
well suited to studying this socio-economic indicator.

The publicly available PISA 2012 data contains students’ answers about their mother's
and father's education. Using this information, the OECD has derived maternal and pater-
nal ISCED levels. Highest parental education is computed by combining responses across
mothers and fathers. In contrast to the student questionnaire, the parent questionnaire only
asks about education levels equivalent to ISCED level 3A and above. Moreover, the parent
education categories included in the parent and student questionnaires differ, meaning they
cannot be directly compared using the publicly available PISA data.

However, more fine-grained information about parental education is available in the
German national version of the data (available upon request from Prenzel et al., 2015). This
has the major advantage that the same questions and response options were posed to stu-
dents and their parents. Yet the pre-computed highest parental education variable (in ISCED
levels) in the German data does not make use of the more detailed information available.
Rather, it classifies highest parental education into the same (fewer and broader) categories
as the international version. The mapping of the German parental education questions into
the ISCED levels used in PISA is outlined in the PISA technical report for Germany (Mang
etal., 2018, pp. 173-176).

Method of plausible value computation

As noted above, not all students answer questions in all three core PISA domains. Yet every
student is assigned a mathematics, reading and science score via a complex statistical pro-
cedure. Specifically, background variables (including parental education) are used in com-
bination with the cognitive items to derive student achievement distributions (OECD, 2014).
Five ‘plausible values’ are then computed following five steps:

* First, item difficulties are determined using an item response theory model based on a
common sample (e.g. including subsample of almost all countries in PISA 2012).

¢ Second, information from the background questionnaires is reduced to a smaller set of
variables via a principal components analysis.

¢ Third, student achievement distributions are estimated using a ‘latent regression’ model,
combining students’ responses to the test questions and their background characteristics.

¢ Fourth, ‘plausible values’ are randomly drawn from each student's achievement distribu-
tion. These are ‘imputations’ for unobserved (latent) student achievement (Mislevy, 1991).

¢ Finally, the plausible values are transformed onto the common PISA scale.

In the following section we analyse the impact that including highest parental education in
the plausible value computation has upon estimates of socio-economic achievement gaps
(see section 4.6). As a result, we focus on one specific aspect of the aforementioned pro-
cess. Specifically, we conduct three different versions of the third step:

¢ 0. No background variables are included in the latent regression.
¢ 1. Highest parental education—based on student responses—is included in the latent
regression.
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e 2. Highest parental education—based on parental responses—is included in the latent
regression.

Estimates of the socio-economic achievement gap using these three different approaches
are then compared.

ANALYSIS

All analyses are conducted using the ‘intsvy’ package (Caro & Biecek, 2017) within ‘R’. This
fully accounts for the complex PISA sample and test design.

Coverage of the (target) population

The German target population in PISA 2012 consists of 798,136 fifteen-year-olds. However,
owing to a combination of school exclusions, students being withdrawn from the sample or
being deemed ineligible, the non-coverage rate of this target population was around 2.6%.
Although we do not have direct evidence on the characteristics of these students (owing to
a lack of data) special educational needs (SEN) is one of the key reasons why such exclu-
sions are made. Given that socio-economically disadvantaged students are more likely to
have SEN, it seems likely that those who have been excluded will be disproportionately from
disadvantaged backgrounds.

Nevertheless the non-coverage rate for Germany is smaller than that for other countries.
Indeed, in eight countries (Canada, Denmark, Estonia, Luxemburg, Norway, Sweden, UK
and the USA) it exceeds the maximum 5% limit specified within the PISA technical stan-
dards (yet has still managed to pass to OECD's data adjudication process). This suggests
that, while non-coverage is unlikely to be a major concern in Germany, this may not hold
true elsewhere. Indeed, there is a risk that countries with high levels of exclusions will un-
derrepresent the proportion of students from disadvantaged backgrounds. However, without
further data, it is difficult to know whether this is likely to lead to an upward or downward bias
in estimates of socio-economic achievement gaps.

Survey non-response

In total, 99% of the 233 sampled schools participated in Germany (after replacements were
included)." All three non-participating schools were private schools, which are dispropor-
tionately attended by children from advantaged socio-economic backgrounds (Lohmann
et al., 2009). The final student response rate was 93% (OECD, 2014, p. 185).

Such response rates are comparatively high by international standards. School response
rates vary internationally between 78% in the USA and 100% in several countries, while stu-
dent response rates vary from 81% in Canada to over 99% in Viet Nam. The risk of non-re-
sponse bias affecting socio-economic achievement gaps is hence lower in Germany (owing
to higher overall response rates) than in many other Western countries.

Non-response to the background questionnaires

The aforementioned response rates refer to students taking the PISA test. Yet there could be
additional non-response owing to non-completion of the PISA background questionnaires.
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Of the 16 German states, five made the whole student questionnaire mandatory, one
made only parts of it mandatory, while in 10 states the questionnaire was voluntary (and
required parental approval). Response rates differed between states as a result (Prenzel
et al., 2013: 33). Overall, 14% of the German student sample did not complete the back-
ground questionnaire." When combined with the overall student response rate (93%) re-
ported in the section above, almost a fifth (19%) of the originally sampled students did not
complete both the background questionnaire and the PISA test. The response rate to the
parental questionnaire in Germany was much lower (58%).

Figure 1 compares the distribution of highest parental education in PISA 2012 with the
distribution of highest household education in the German socio-economic panel (Socio-
Economic Panel, 2019)—having made the two datasets as comparable as possible." There
are clearly large differences in the distributions. This is most prominent for category 3
(ISCED 3B/C) which is mainly consists of apprenticeships in Germany. In PISA, only 12% of
the students and 11% of the parents indicated that ISCED 3B/C was the highest parental ed-
ucation level. In contrast, the most comparable category in the socio-economic panel forms
37% of the sample, which is broadly consistent with figures from the 2012 German statis-
tical yearbook (Statistisches Bundesamt, 2012, chapter 3). Together, this provides a clear

PISA:
Student's response

Categories parental
education in PISA

6

PISA: 5

Parents' response il ‘31

[ )

[ !

Mo
SOEP data:
Self-report

0.00 0.25 0.50 0.75 1.00

Number in the highest parental education categories

FIGURE 1 The distribution of highest parental education in Germany based on (i) students’ answers in the
PISA data set, (ii) parents’ answers in the PISA data set and (iii) household data in the German socio-economic
panel dataset. Categories: 0=below ISCED 1; 1=ISCED 1; 2=ISCED 2; 3=ISCED 3C, 3B; 4=ISCED 3A, 4;
5=ISCED 5B; 6=ISCED 5A, 6. Sample size students=3936. Sample size parents=2832. The student sample
is based on 3936 students from the German PISA 2012 dataset (with the parental education variable coded

as described in Section 4.3). The parent sample is based on 2832 parental background questionnaires from
the German PISA 2012 dataset (with the parental education variable coded as described in Section 4.3). The
SOEP data sample is displaying highest education in 19,629 households, which were selected according to
the following criteria: (i) person was not interviewed as child or youth of the household; (ii) person was born
between 1952 and 1982; and (iii) one household member lived in a household with at least one child at one
time point. Minor recoding of the SOEP variable ‘pgisced97’ was necessary in order to align it with the highest
parental education in PISA.
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indication that the PISA data for Germany may underrepresent the proportion of German
students from ISCED 3B/C parental education backgrounds.

Constructing and coding of parental education

To compare parental education achievement gaps across countries, an internationally com-
parable measure is needed. In PISA 2012, the ISCED97 schema was used. Specifically,
respondents were asked about their German qualifications, which were then recoded into
this scale, following the procedures outlined in Mang et al. (2018, pp. 173-178).

Processing and coding errors in such situations are known as procedural errors in
the total survey error framework. We believe that two such procedural errors were made
when parental education was converted into ISCED levels in Germany.” First, according
to Mang et al. (2018) the education level of ‘Abgeschlossene Lehre—Abschluss an einer
Handelsschule oder ein vergleichbarer Abschluss im Ausland’ (Completed apprentice-
ship—from a commercial school or a comparable qualification abroad) was planned to be
coded as ISCED level 3B/C in the PISA database. However, this category was actually
not incorporated into the ISCED parental education schema in PISA; those holding this
qualification seem to have been ignored. Second, the education level ‘Abschluss an einer
Fachoberschule / Berufsschule/Berufsf (Graduated from a technical college/vocational
school/vocational school) was—according to Mang et al. (2018)—supposed to be included
within ISCED level 3A/4. However, in the international PISA dataset, it appears that those
holding this qualification were placed into ISCED level 3B/C instead. Importantly, these sus-
pected errors are present in the PISA 2012 public use PISA data files for Germany, down-
loadable from the OECD website.

The distribution of parental education in the German PISA dataset is hence rather dif-
ferent in places than it would have been had these suspected procedural errors not been
made. Specifically, the proportion of parents recorded as holding an ISCED level 3B/C qual-
ification would increase substantially, while the proportion recorded as holding ISCED level
2 would roughly halve.

Figure 2 presents average PISA mathematics scores for each parental education group
before and after we have corrected for these suspected procedural errors. The greatest
difference can be observed for ISCED level 2 (category) where, after correcting for the
suspected procedural errors, average mathematics scores are 29 points lower. In contrast,
average PISA mathematics scores for the ISCED 3B/C group (category 3) are 12 points
higher. Moreover, the estimated parental education achievement gap—as measured by the
difference in mean scores between the ISCED level 5 or 6 and ISCED level 2 and below
groups—is around 30 points higher once the suspected procedural errors have been cor-
rected (a 92-point difference rather than a 62-point difference). Putting this into comparative
perspective, the parental education gap in Germany moves from well below the OECD aver-
age (77 points) to substantially above it once this suspected error has been recoded.

Item non-response

For around a fifth of students, no data on highest parental education is available in Germany
from students—amongst the highest out of any country (the OECD average is just 4%). This
is due to a combination of (i) participants not returning the questionnaire and (ii) participants
skipping the parental education question. Figure 3 illustrates how this differs between par-
ents and students. Far fewer parental background questionnaires were returned, but almost
all that were (98%) provided a response to the parental education question. For students,
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600-

500-
Mode of
computation
Student:
PISA scale
Student:
Corrected scale
400-
3004 .
0 2 4 6

Highest parental education

Mathematics achievement

FIGURE 2 Average PISA mathematics scores by parental education group before and after correcting
for suspected procedural errors. Categories: 0=below ISCED 1; 1=ISCED 1; 2=ISCED 2; 3=ISCED 3C, 3B;
4=ISCED 3A, 4; 5=ISCED 5B; 6=ISCED 5A, 6. Group means were computed using plausible values and
accounting for sample weights.

there is more information available overall (highest parental education is observed for 79%
of the sample), but where information on parental education is missing, this is more likely to
be due to students skipping the question about parental education.

Itis also the case that students/parents who do not respond to the questions about paren-
tal education tend to be academically weaker. For instance, the average PISA mathematics
score of those students who reported information about parental education was 522. This
is around 40-50 points higher (equivalent to an effect size of 0.4—0.5) than their peers who
did not provide such information—owing to them either not completing the specific question
asking about parents’ education or not completing the background questionnaire at all.”
Similar patterns emerge with respect to the parental questionnaire as well. This is a strong
indicator that missing parental education data does not occur at random. Unfortunately,
without further information, it is not possible to establish whether this issue leads to an up-
ward or downward bias in estimated parental education achievement gaps.

Measurement error: Agreement of parents and students

As students and parents both answered questions about parental education, it is possible to
establish the level of agreement in their responses. Table 1 hence presents a cross-tabula-
tion of parent and student reports. Out of the 2658 cases where information is available from
both parties, around half selected the same category. Approximately a fifth of students re-
ported a higher parental education level than their parents, with around a third reporting it to
be lower. Overall, the polychoric correlation is 0.656, with the Kappa statistic (a measure of
inter-rater reliability that takes into account chance agreement) standing at 0.36—indicating
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FIGURE 3 Missing highest parental education data in the student and parent background questionnaire.
The student sample is 5001 with 381 items of non-response and 684 survey non-responses. The parental
sample is 5001 with 53 items of non-response and 2116 survey non-responses. ‘Yes, not returned’ refers to
where the student/parent questionnaire was not completed (survey non-response). ‘Yes, not answered’ is where
the student/parent questionnaire was completed, but the questions about parental education were skipped (item
non-response). ‘No’ refers to where parental education data is available.

TABLE 1 Cross-tabulation of student and parent reports of highest parental education.

Student response

0 1 2 3 4 5 6 Total Missing

Parent response 0 7 1 1 0 2 0 0 1 6

1 1 2 2 1 1 7 1

2 3 0 31 20 14 8 7 83 15

3 1 1 42 83 104 40 14 285 26

4 1 1 69 148 313 131 75 738 57

5 0 0 37 59 150 251 119 616 36

6 1 0 17 9 140 62 689 918 33

Total 14 5 199 319 723 493 905 2658

Missing 26 2 186 147 322 230 365 894

Note: Categories: 0=below ISCED 1; 1=ISCED 1; 2=ISCED 2; 3=ISCED 3C, 3B; 4=ISCED 3A, 4; 5=ISCED 5B; 6=ISCED
5A, 6.
Grey shading refers to the diagonal where parent and student responses agree.

‘moderate’ levels of agreement. The consistency of parent and student reports of parental
education levels is thus modest, at best.

After restricting the sample to participants with valid information on highest parental edu-
cation from both students and parents, the mathematics achievement gap is estimated to be
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89 points using students’ responses. However, the analogous figure using parental reports
is much larger—116 points. This is a substantial difference—approximately a quarter of a
standard deviation. Assuming that parents report their own education level more accurately
than their children, this suggests that the gap in academic achievement between parental
education groups is severely underestimated when using students reports. Note that, when
reporting on socio-economic achievement gaps across countries, the OECD use informa-
tion reported by students rather than by their parents. Student reports are also the primary
source of information about socio-economic background that secondary analysts of PISA
draw upon as well (Jerrim & Micklewright, 2014).

Plausible value computation

As noted in sections 2.6 and 3.5, the derivation of PISA test scores (‘plausible values’) uses
information from the student background questionnaire (including parental education) via a
latent regression model. Here, we investigate how including or excluding different informa-
tion on highest parental education from this model impacts estimates of parental education
gaps in achievement. Specifically, Table 2 illustrates how these vary when three different
latent regression model specifications are used to generate PISA scores:

0. No conditioning.
1. Student reports of highest parental education as the only conditioning variable.
2. Parent reports of highest parental education as the only conditioning variable.

Estimates are reported in terms of effect sizes

The parental education achievement gap is smallest in specification 0, when no condition-
ing is applied. This is as expected, as it is well established in the psychometric literature
that group differences will be attenuated if the variable of interest (highest parental educa-
tion) is not included in the latent regression model (Mislevy, 1991; Wu, 2005). Yet there are
also differences between specifications (1) and (2), suggesting that the results are also
impacted by whose reports of parental education are used in the latent regression model
(students or parents). For instance, focusing on the figures in the right-hand column, the
estimated achievement gap increases from 1.17 to 1.28 standard deviations, depending on
whether parents or student reports are used in the latent regression. In other words, using

TABLE 2 The estimated parental education achievement gap using different conditioning models and
grouping variables.

Grouping variable

Conditioning model Students’ response Parents’ response
0. No conditioning 0.72 1.10
1. Students’ response 0.75 117
2. Parents’ response 0.77 1.28

Note: In the first row, no conditioning was used, i.e. only IRT. In the other two rows, the conditioning model only included a
single variable each: highest parental education (corrected scale) based on the students’ response in the second row and
based on the parents’ response in the third row. Only students who had valid information from both parties were included in the
analysis. The effect size is the mean difference between students whose parents had at least ISCED 5 as highest education
and those with parents with ISCED 2 as highest education and divided by the pooled standard deviation. The classification
between high- and low-educated parents was done based on either the students’ response or parents’ response.
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student rather than parental reports of mothers and fathers’ education level in the latent
regression model may lead to a downward bias in estimated parental education achieve-
ment gaps.

CONCLUSIONS AND RECOMMENDATIONS

International large-scale assessments such as PISA have become an important part in na-
tional and international education debates. It is therefore of great importance that the data
underlying ILSAs has a solid foundation. Yet, this is not always guaranteed. Bias can creep
into the data at different points in the collection, coding and analysis process, from sampling
through to the derivation of the PISA scores. This, in turn, may bring into question the robust-
ness of the results.

While there are many studies focusing on one single potentially problematic aspect of
PISA, few have taken a broader, more comprehensive perspective. Most previous studies
hence fail to provide an overarching picture of the various issues that could impact the re-
sults. This paper has started to fill this gap in the literature. Applying the total survey error
framework to the PISA 2012 data from Germany, we document different ways that bias may
be introduced into estimates of socio-economic status achievement gaps.

Six differentissues have been investigated, encompassing coverage rates, survey non-re-
sponse, procedural errors, item non-response, measurement error and the latent regression
underlying the generation of PISA scores. Our analyses show that some—although not all—
of the above can impact measurement of socio-economic achievement gaps. For instance,
a suspected procedural error in converting information gathered on maternal and paternal
education into ISCED levels was found to reduce parental education achievement gaps in
Germany by around 30 PISA test points As a result, many parents were falsely classified
as holding only a low qualification level, when really their education level was higher. The
achievement gap increased from 62 to 92 PISA points (around 0.3 standard deviations). On
the other hand, we find that using student reports of mothers’ and fathers’ education (rather
than parental reports) leads to an underestimation of the parental education achievement
gap in Germany by around 25 test points (0.25 standard deviations). Hence, our overall
conclusion is that estimates of socio-economic achievement gaps using the PISA data for
Germany do not seem to be particularly robust. Although it is not possible to combine all
sources of potential bias to empirically estimate their joint impact, we believe it to be likely
that ignoring them will probably lead to underestimation of differences in achievement be-
tween parental education groups in Germany.

Two key recommendations follow. First, better communication of such issues is needed.
The limitations about the background data collected in PISA should be more thoroughly
investigated and caveats discussed. Second, we believe that many researchers are likely to
stumble across such issues during the course of their study. As a result, they either decide to
use another variable or briefly note it somewhere in their paper. Yet it would be of great com-
munal benefit if this knowledge was shared with other users. One possible way this could be
done is via a log or database on the PISA homepage. Whether these claims are maintained
or verified by the OECD or not, it would be valuable information to other researchers, espe-
cially for countries or variables that they are unfamiliar with.

While this paper aims to show different sources of bias and is set in the framework of total
survey error, we do not claim to look at all potential sources of bias. This study serves as
a comprehensive review and wants to shed light on some infrequently discussed statistical
properties that can potentially influence estimates of socio-economic achievement gaps.
We have also focused upon a single national case study to facilitate in-depth investigation.
It is likely that the influence of the various different aspects investigated will differ in other
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national settings. Nevertheless, we believe that this paper highlights the importance of con-
ducting such investigations and how they can be systematically approached.
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ENDNOTES

" The parental education questions in Germany included more options than the publicly available PISA 2012 data-
set suggests, with Germany's national qualifications condensed to fit the ISCED framework.

" The technical report states 228 schools after replacement for Germany (OECD, 2014: 183). We decided to use
the number of the German report, as it coincides with the number of schools in the data.

i The German report states a return rate of 82%, yet the official and publicly downloadable data contain information
for more cases.

¥ Highest education was calculated for the adults, born between 1952 and 1982, of each household where an adult
had lived in a household with a child at one point. This was done in order to get as close as possible to the sample
of parents who could have had a 15-year-old in 2012. The SOEP variable ‘pgisced97’ was slightly recoded to
match highest parental education in PISA.

¥ These are the conclusions we have reached from comparing parental education variables in the German PISA
dataset with the recoded information on parental education included in the international dataset. Although we
cannot verify this for certain, we believe this to be the most likely explanation.

i The average PISA mathematics score of students who did not complete the student questionnaire (i.e. survey
non-response) was 486. Those who completed the survey, but skipped the questions asking about parental edu-
cation, achieved an average score of 473.
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