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Abstract Summer break study designs are used in educational research to disentan-
gle school from non-school contributions to social performance gaps. The summer
breaks provide a natural experimental setting that allows for the measurement of
learning progress when school is not in session, which can help to capture the un-
folding of social disparities in learning that are the result of non-school influences.
Seasonal comparative research has a longer tradition in the U.S. than in Europe,
where it is only at its beginning. As such, summer setback studies in Europe lack
a common methodological framework, impairing the possibility to draw lines across
studies because they differ in their inherent focus on social inequality in learning
progress. This paper calls for greater consideration of the parameterization of “un-
conditional” or “conditional” learning progress in European seasonal comparative
research. Different approaches to the modelling of learning progress answer different
research questions. Based on real data and constructed examples, this paper outlines
in an intuitive fashion the different dynamics in inequality that may be simultane-
ously present in the survey data and distinctly revealed depending on whether one
or the other modeling strategy of learning progress is chosen. An awareness of the
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parameterization of learning progress is crucial for an accurate interpretation of the
findings and their international comparison.

Keywords Seasonal comparative research · Summer gap · Social disparities

Mehrdeutigkeit Sozialer Disparitäten in Europäischen Sommerloch-
Studien: Wie methodische Entscheidungen Resultate zu Ungleichheiten
in Lernverläufen beeinflussen

Zusammenfassung Sommerlochstudien werden in der erziehungswissenschaftli-
chen Forschung zur Separation der Beiträge ausserschulischer und schulischer Fakto-
ren im Rahmen sozialschichtabhängiger Lernverläufe verwendet. Die Sommerferien
bieten ein Experiment ähnliches Setting, welches es erlaubt, sozialschichtabhängige
Lernzuwächse, respektive, Lernverluste über einen längeren schulfreien Zeitraum
zu messen. Sozialschichtabhängige Divergenzen in den Lernleistungen über diesen
Zeitraum, werden auf ausserschulische Faktoren zurückgeführt. Sommerlochstudien
haben eine längere Tradition in den USA im Vergleich zu Europa, wo Untersuchun-
gen zu Ferieneffekten noch weniger verbreitet sind. Die Europäische Forschung zu
Ferieneffekten kennt dementsprechend auch keinen gemeinsamen methodologischen
Rahmen, was die Vergleichbarkeit der Ergebnisse zu vorgefundenen sozialen Dis-
paritäten erschwert, wenn nicht gar verunmöglicht. Dieser Artikel sensibilisiert für
Unterschiede in der Ergebnisinterpretation nach methodischem Zugang. Je nachdem
ob sozialschichtabhängiger Lernzuwachs „konditional“ oder „unkonditional“ para-
metrisiert wird, wird eine unterschiedliche Forschungsfrage beantwortet. Basierend
auf einer kürzlich durchgeführten Sommerlochstudie sowie zwei konstruierten Bei-
spielen, versucht dieser Artikel auf intuitive Art und Weise zu zeigen, inwiefern
unterschiedliche methodische Zugänge unterschiedliche Dynamiken sozialer Dispa-
ritäten fokussieren, welche simultan in den Daten präsent sein können. Kenntnisse
der methodischen Divergenzen sind unumgänglich für eine akkurate Interpretation
der Ergebnisse und deren internationalem Vergleich.

Schlüsselwörter Sommerloch · Ferieneffekte · Soziale Disparitäten

1 Background

The part played by family and schooling in perpetuating educational stratification
is at the heart of sociologically founded educational research. Through standardized
educational testing, the schools’ accountability for their students’ performance de-
velopment has come increasingly into public focus (Wiliam 2010), providing also
the empirical basis to trace social inequality in performance development. Social
performance gaps have been shown to widen as students progress through school
(e.g., Cameron et al. 2015; Caro et al. 2009; Helbling et al. 2019). Yet, separating
school from non-school influences on student learning is a complex issue. Learning
progress that occurs throughout schooling reflects the effects of attending school as
well as the many other developmental influences of the contexts in which students
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interact (Bloom et al. 2008, p. 296). Students of different social backgrounds start
school with differing levels of initial knowledge and spend their leisure time in
different contexts, formed by their familial environments, neighborhoods, and peer-
groups, which are all influential to their learning progress and the development of as-
sets conducive to learning in school (e.g., Ainsworth 2002; Boudon 1974; Bourdieu
1971; Bradley and Corwyn 2002; Lee and Burkam 2002; Jencks and Mayer 1990;
Sirin 2005). Though school rewards and recognitions may create institutionalized
mechanisms that operate in socially selective ways (e.g., Bourdieu 1985; Bourdieu
and Passeron 1977; Caro et al. 2009) and teachers may be disproportionately ef-
fective based on their student composition (e.g., van Ewijk and Sleegers 2010),
the empirically observed social divide in students’ performance development (e.g.,
Cameron et al. 2015; Caro et al. 2009; Helbling et al. 2019), may also (or even
primarily) be explained by extracurricular influences. In this vein, and in contrast to
views of schools as drivers of social inequality, schools have also been considered
“great equalizers,” preventing the even greater widening of social performance gaps
that perhaps would occur in the absence of schooling (Downey et al. 2004). Empir-
ical results pinpointing schools as either equalizers or drivers of inequality derive
from distinct strands of research. The strand of seasonal comparative research com-
pares social stratification in learning that occurs during the time when school is not
in session (summer breaks) to stratification in learning that occurs when school is
in session. From this strand, scholars have portrayed schools as balancing inequali-
ties. From the strand of research on school compositional effects, which investigates
the effects of stratification across schools and teaching practices, schools have been
portrayed as a source of inequality (Dumont and Ready 2019). To a certain extent,
the conflicting views of these scholarly strands on the role of schools in educational
inequality can be explained by the different counterfactual frameworks in which
these research strands operate. Seasonal comparative research asks, “what would
inequality look like if children were exposed to more or less schooling?”. Research
on effects of school composition asks, “what would inequality look like if children
were exposed to identical schools?” (Dumont and Ready 2019, p. 3; Jennings et al.
2015). Hence, though touching on the same subject, the point of reference of schol-
ars in these research strands inevitably differs. This paper sets out to address social
disparities in the framework of seasonal comparative research, particularly shedding
light on ambiguities in findings in the European context.

Drawing on a resource faucet perspective (Entwisle et al. 2000), the argument
supporting the seasonal comparative scholars’ view on schools as equalizers is that
access to culturally and cognitively demanding resources is less socially stratified
when school is in session compared to when it is not. In other words, when school is
in session, the resource faucet is turned on for all children, but it is unequally turned
on when school is not in session. Particularly during the long summer break, homes
and neighborhoods provide unequal learning opportunities and children engage in
socioeconomically stratified summer activities, which are assumed to underlie their
differential learning progress or learning loss over the summer break (e.g., Burkam
et al. 2004; Fairchild and Noam 2007; Gershenson 2013; Meyer et al. 2017). Apart
from summer activities, more implicitly, the ways parents’ engage with their chil-
dren, parental role-modeling, and the structuring of daily life during the prolonged
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school break is assumed to lead to increased socioeconomic performance gaps at
the start of the next term (Burkam et al. 2004), resulting in ever larger social gaps
throughout the school career. In a longstanding methodological tradition beginning
in the early 20th century (e.g., Patterson and Rensselaer 1925), summer breaks have
been used as a perfect setup in seasonal comparative research disentangling non-
school from school influences on students’ learning progress (Cooper et al. 1996).
As summer breaks provide institutionalized phases in which students are suspended
from all curricular exposure for several weeks, educational assessments before and
after the summer break allow for insights into performance decays and gains over
a period in which the effects of schooling are eliminated by design.

Research on summer break effects on learning progress has a stronger tradition
in the U.S. compared to the more recent research in Europe, where research on
summer learning (losses) is still rather scarce. As Paechter et al. (2015) summarize,
in nearly all U.S. studies, student’s learning (losses) over the summer break depended
on parents’ socioeconomic attributes. Among these, for example, earlier works by
Entwisle and Alexander (1992) and Alexander et al. (2001) showed that low-SES
children in elementary education in Baltimore schools (Beginning School study,
BSS) mainly lost ground in mathematics and reading performance when school was
not in session, and they could trace large parts of the achievement gaps in early high
school back to unequal summer learning (Alexander et al. 2007). In their widely
influential work based on the nationally representative Early Childhood Longitudinal
Study (ECLS, Kindergarten Cohort of 1998–1999), Downey et al. (2004) showed
that disparities in reading and math performance development grew faster during
the summer compared to the rest of the school year. More recent U.S. studies that
re-analyze ECLS and BSS data as well as analyzing new ECLS cohort data (e.g.,
Dumont and Ready 2019; Hippel and Hamrock 2019; Quinn et al. 2016), report
more nuanced results where schools do play a compensatory role but SES-related
inequality in learning rates is smaller than reported by previous studies and not
consistent across grades in elementary education.

European studies are mixed1 regarding the existence of the effects of socioeco-
nomic variables on summer learning. For the UK, Shinwell and Defeyter (2017)
investigated summer learning losses in reading and spelling among low-SES chil-
dren in grades 1–5 from three schools in the North-East of England and West of
Scotland. They found summer learning losses occurred in spelling. Based on the
two-year panel study SCHLAU, which focused on seasonal trends in learning of
students in German schools between grades 5 and 7, Siewert (2013) reports signifi-
cant socioeconomic stratification in mathematical learning over the summer break.
Low-SES students experienced a performance decay whereas high-SES students did
not decrease in performance. Though, depending on how SES was operationalized,
some widening socioeconomic gaps also occurred during the school year. Focusing
on German schools in Berlin, Becker et al. (2008) analyzed pre- and post-summer
break assessments of the study ELEMENT for students transiting from grade 4 to
grade 5. Their findings also suggest widening gaps in reading skills between chil-

1 Here we only summarize the state of research published in either German or English. There probably
exist more summer break studies published in other national languages in the European context.

K



Ambiguity in European seasonal comparative research: how decisions on modelling shape... 675

dren of different migrant status and socioeconomic backgrounds over the summer
break. In contrast, in the project framework of the Jacobs Summer Camps, which
focused on the promotion of German language skills for students with migrant back-
ground during the intervening summer break between grades 3 and 4 (Stanat et al.
2005), results did not reveal any socioeconomic variation in summer setback (Coe-
len and Siewert 2008). In a more recent study in Germany, Meyer et al. (2017)
analyzed summer learning effects in reading comprehension and writing for stu-
dents in grade 2 across two schools of differential income composition. Again, they
found social disparities in summer learning in reading comprehension to occur be-
tween high- and low-income peers: the former gained, the latter stagnated. Paechter
and colleagues (2015) investigated summer learning losses in mathematics, reading,
and spelling for students from Austria in lower secondary education. They only
found summer learning losses in mathematics to vary across the educational back-
ground of the mother; generally, they conclude that the impact of socio-economic
resources is small. Following a sample of kindergarteners throughout first grade in
the Flemish part of Belgium in the SiBO-project, Verachtert et al. (2009) did not
find statistically significant socioeconomic differences in mathematical performance
development during the intervening summer break. Similarly, in a Swedish study on
fifth graders in Stockholm schools, Lindahl (2001) did not find any conclusive ev-
idence for socioeconomic discrepancies in mathematical learning over the summer
break to grade 6.

Though all of these studies focus on summer break effects in an effort to pin down
the non-school contribution in growing social disparities in academic performance
development, the findings of these studies may not be straightforwardly compared.
There are different aspects in which summer setback studies differ, which could
underlie the ambiguities in findings. The lengths of the summer vacations under
consideration differ (Meyer et al. 2017). Further, there may be subject-specific dif-
ferences. While home environments generally provide more opportunities to practice
language, learning in mathematics is more strongly tied to schooling (Burkam et al.
2004; Cooper et al. 1996). Thus, stronger social stratification in reading compared
to mathematical learning over the summer break has been expected (Becker et al.
2008). Depending on when the pre- and post-assessments are done, different amounts
of instructional time has been included in the timeframe under assessment (Cooper
et al. 1996; Paechter et al. 2015). Also, different ways of operationalizing socioeco-
nomic attributes of students result in incomparability of findings (e.g., Sirin 2005).
Further, researchers have used absolute and relative metrics to report performance
change over the summer, which inherently reflect different perspectives on change;
in addition, the handling of measurement error can alter results (Quinn 2015; Quinn
et al. 2016). Hippel and Hamrock (2019) found results to be sensitive towards the
choice of test score scaling methods and to changes in test forms, i.e. whether the
same test form is used for pre- and post-testing. Moreover, one very crucial point
of divergence in the investigation of social disparities in summer setback effects,
is the choice of the modeling strategy (see Quinn 2015). Researchers analyzing pre-
test and post-test designs are confronted with the choice between a difference score
approach or a regressor variable approach (Allison 1990; van Breukelen 2013; Gas-
tro-Schilo and Grimm 2018). Though some studies remark that the findings may
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potentially diverge based on the statistical method chosen, which is also discussed
as an instance of Lord’s paradox in the quasi-experimental literature (Allison 1990;
Lord 1967), this issue has gained little attention in applied summer setback research,
particularly in the European context, where seasonal comparative research is still
in its infancy (see Meyer et al. 2017; Paechter et al. 2015; Shinwell and Defeyter
2017). Among European summer setback studies, there seems to be no agreement
on methodology. Depending on the method chosen, the magnitude and the direction
of effects can change. In line with earlier works (e.g., Holland and Rubin 1982),
Quinn (2015) argues that rather than pointing to a supposedly paradoxical situa-
tion of contradictory results, the statistical models applied answer different research
questions. Very recently, Dumont and Ready (2019) outlined how differing modeling
strategies of student learning influence our understanding of the role schools play in
educational inequality. They showed that research strands favoring or opposing the
view that schools exacerbate educational stratification differ in their methodological
habits concerning the way learning progress is modelled (Dumont and Ready 2019).
Complementing Dumont and Ready’s (2019) thorough discussion on the differen-
tial model foci of strands of scholars on schools’ part in educational stratification,
which mainly pertains to the U.S. seasonal comparative context, the main aim and
contribution of this paper is to draw attention to the methodological inconsistencies
in European summer setback research and, in particular, to technically illustrate the
distinct dynamics in inequality that may be revealed by the model of choice. This
paper intends to make the technicalities underlying the relevance of the parame-
terization of learning progress for the interpretation of results and for international
comparative purposes accessible to applied social science research in general. To do
so, we, first, outline the models of choice and their distinct ways of parameterizing
learning progress in a simple pre-test post-test setting in formula notation. Then,
we introduce the problem of conflicting results by model choice based on a very
recent summer setback study conducted in Switzerland. Following this and going
more deeply into the technicalities of the generating data structure, we illustrate the
problem more in depth with some easy-to-follow simulated examples and graphs,
where we explore and illustrate the data structure, which produces the ambiguity in
findings depending on model choice.

2 Methodological issues: the choice of model

When we analyze data from pre-test post-test designs in order to recover differences2

in the way different groups change between measurement occasions, the literature
points towards two commonly and interchangeably used methodological strategies:
the difference score approach and the regressor variable approach, also known as the
residualized change or lagged variable model (Allison 1990; van Breukelen 2013;
Gastro-Schilo and Grimm 2018; Quinn 2015).

2 The problem outlined is the same when analysing the effect of a continuous variable on change (Gastro-
Schilo and Grimm 2018).
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2.1 The difference score model

The difference score model [DM] regresses a difference score Y2i � Y1i on a group
indicator Gi (e.g., SES groups). The difference score is the difference between
student i’s post- and pre-test scores Y2i � Y1i . The difference score model can be
depicted as follows:

Y2i � Y1i D InterceptDMi C bDMGi C eDMi

where bDM recovers the effect of the group indicator at issue on change.

2.2 The regressor variable model (residualized change or lagged variable
model)

The regressor variable model [RM] regresses student i’s post-test score Y2i on
a group indicator Gi (e.g., SES groups), while controlling for student i’s pre-test
score Y1i . The regressor variable model may be depicted as follows:

Y2i D InterceptRMi C b1Y1i C bRMGi C eRMi

where bRM recovers the effect of the group indicator at issue on (residualized)
change. Please note that if we set b1 D 1; then the regressor variable model is
equivalent to the difference score model. In reality, this coefficient is usually some-
where between 0 and 1 (see Allison 1990).

Depending on the author(s), model preferences differ. The difference score has
gotten a bad reputation for its’ susceptibility to increased unreliability when the
component measures are affected by measurement error (see Allison 1990; Gastro-
Schilo and Grimm 2018). Some have also suggested that measurement error in the
pre-test can attenuate discrepancies in results across models (see van Breukelen
2013). Throughout the literature, different suggestions have been made. Becker and
colleagues (2008) favor the regressor variable approach for their pre-test post-test
data because variances between measurement occasions do not change, so effects
estimated by the difference score are not more reliable. Gastro-Schilo and Grimm
(2018) note that if the groups differ in baseline levels in the pre-test, the regressor
variable model is always biased and should be discarded. They suggest conducting
difference score analyses in a latent variable framework, where measurement error
can be controlled for (see Gastro-Schilo and Grimm 2018). Allison (1990) shows
that the findings based on the regressor variable approach are biased when the
difference score model is the true data generating process, where the regressor
variable model, for example, estimates a treatment effect though there is in fact
none. The attempts to establish guidelines as to “when to use which model” have
rested mainly on (untestable) model assumptions and possible reliability adjustments
(Allison 1990; van Breukelen 2013; Gastro-Schilo and Grimm 2018). Van Breukelen
(2013) suggests that for a non-randomized study design, an agreement between the
two methods might offer reassurance about the existence of an effect.
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It is a long-standing tradition in the (quasi-)experimental field of research for
these models to be applied interchangeably with the intention to recover the same
causal effect of some treatment, comparing groups of treated and controls. The
finding that the models can yield different conclusions (in direction, magnitude, and
significance of bDM vs. bRM ) has come to be known as “Lord’s paradox” (Allison
1990). In an example, Lord (1967) showed that the regressor variable approach
favored a treatment effect, whereas the difference score model did not (Lord 1967).
It can be shown mathematically that the models’ estimates are equal (bDM D bRM )
(i) when there are no pre-existing group mean differences in the pre-test scores
Y1 or (ii) when the regression weight b1 is set to 1. This corresponds to a perfect
correlation between pre-test Y1 and post-test Y2 scores, which at the same time is an
implicit assumption of the difference score approach (see Allison 1990; Lord 1967)
(see also the formulas in the supplementary material).

In the field of observational surveys such as for summer setback studies, where
data is not intended to meet experimental standards and the focus is not on causal
effects, the situation of contradictory results across models, described as “paradoxi-
cal,” may also be understood as stemming from the ‘different foci’ of the two models
(see Dumont and Ready 2019; Holland and Rubin 1982; Quinn 2015). We should
note that the two models and their parameterization of conditional or unconditional
learning progress3 can also be written as repeated measures models and hence be
analyzed in a multilevel mixed regression framework (van Breukelen 2013), ex-
tending to analyses that accommodate more than two measurement occasions (e.g.,
Dumont and Ready 2019). Categorizing the European summer setback studies by
their model choices, Verachtert et al. (2009) and Meyer et al. (2017), in line with
the U.S. tradition in seasonal research, used piecewise growth curve modelling.
This comes down to an unconditional modelling of learning progress4, which is
similar to a difference score approach (see Dumont and Ready 2019). Also, Siew-
ert (2013), comparing differences in group means between measurement occasions,
modelled learning progress in an unconditional fashion. On the other hand, Becker
et al. (2008), Lindahl (2001), and Paechter and colleagues (2015) opted for a lagged
variable model approach and parameterized disparities in learning progress from
a conditional angle.

The study outlined in the following section shows a real data example of a summer
setback study, where results diverge in direction across the difference score and the
regressor variable model. The purpose of presenting this study is a demonstration
that such divergence in results does not only occur under some rare and special
circumstances but rather can be encountered in every research setting. Together with
the results reported by Quinn (2015) and Dumont and Ready (2019), it is meant to
provide cumulative evidence that such diverging results also might be rather a rule

3 There may be some confusion as both models can be rewritten mathematically to include some condi-
tioning on the pretest (see Allison 1990). We mainly use this wording in an intuitive fashion to make the
point of interpretative differences in model results clear. Following the formulas as shown in the supple-
mentary materials, conditioning of learning progress (posttest—pretest) on the pretest is further clearly
distinct and distinguishes between the two models (see Werts and Linn 1979), whereas conditioning of
posttest scores on pretest scores is not (see Allison 1990).
4 See footnote 3.
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than an exception. The comparison between the two methodological approaches is
helpful, because most published results report either the one or the other, so that the
difference between the two cannot be assessed by the reader. We explicitly neglect
measurement error in performance estimates, as we want to emphasize the fact that
in descriptive studies models can arrive at incongruent results also in the absence
of measurement error. Our focus in this manuscript is on observed scores rather
than on true scores. One should note, however, that incongruent results across and
within models can also arise from measurement error adjustments (see Quinn 2015).
Further, we do not engage with differences in findings that may occur depending
on whether absolute or relative learning progress is modelled. Because test score
variances may change over time, the picture of inequality dynamics, also depends
on whether and how gaps in learning progress are standardized (for more details,
see Quinn et al. 2016). For the remaining, we work with unstandardized test scores.

3 An empirical example—controversy in findings

3.1 Study outline

This summer break study took place in Switzerland, based on a sample of 37 class-
rooms (Ntotal = 664 students) from the northwestern cantons of Basel-Landschaft and
Aargau, which were assessed in the year of 2018 just before before and just after
their summer breaks. The sample is by no means meant to be representative of the
entire student population. Rather, we have deliberately chosen students from school
districts with particularly long and particularly short summer vacations. Because of
students repeating a grade or leaving the school attendance areas and the exclu-
sion of students with special needs, the final post-test sample size was reduced to
Neffective= 614 students. Otherwise, we were not observing any noteworthy student
drop out between the pre-test and the post-test as the participation in the post-test
was mandatory for all students. Of these, 46% were girls and 54% boys. Two thirds
of the students (66%) reported (Swiss) German as the language spoken at home,
although only half of the sample (50%) had no history of family migration. The vast
majority (93%) reported spending the most time during the summer break with their
parents. Because of regional disparities in the start and length of the summer break,
the pre-test assessment took place 1–3 weeks before the summer break in grade 5
of elementary education. Summer breaks vary between 4–6 weeks. The post-test as-
sessment corresponded to the standardized educational evaluation (Check P6), which
was mandatory for all students in grade 6 in these cantons and took place 4 weeks
after the summer break.5 Grade 6 marks the final grade of elementary education in
Switzerland, when the students are around the age of twelve years. Students’ per-
formance was assessed in the domains of mathematics and language (grammar and
orthography). The standardized paper and pencil tests were developed to reflect the
official school curriculum and included open response, multiple-choice, and mul-
tiple-response items. Additionally, a survey was conducted on individual attributes

5 See https://www.check-dein-wissen.ch/.
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such as the students’ gender and migrant status, their summer vacation activities,
and socioeconomic variables of their familial environment. For more details on the
summer break study see Tomasik and Gämperli (2019).

3.2 Measures and analyses

The pre- and post-tests were scaled according to the probabilistic 2 PL Item-Re-
sponse Theory (IRT) model (Wu et al. 2016). Items with low item–total correlations
and items showing bad model fit in view of the expected and observed item char-
acteristic curves were excluded (Wu et al. 2016), so that the EAP reliability of the
tests always exceeded ρ= 0.80. The test forms changed between pre- and post-tests,
which means that the pre- and post-test consisted of different items. Due to previous
calibration, the item parameters (difficulty and discrimination) of all items included
in the tests were known in advance and we could link the students’ scores from the
pre- and post-test onto the same scale using an anchor-item approach (see Kolen
and Brennan 2004). Students’ abilities in math and language performance were es-
timated using weighted likelihood estimation (Warm 1989). These estimates were
then linearly transformed to a scale of mean 600 (SD= 100) for the initial assess-
ments in math and language. In math, the pretest sample mean is 600 (SD= 99) and
the posttest sample mean is 599 (SD= 93). In language the pretest sample mean is
601 (SD= 97) and the posttest sample mean is 611 (SD= 77).

The socioeconomic status of students was operationalized as a composite measure
based on children’s reports on the highest educational level and occupational status
of their parents (ISEI-08; Ganzeboom 2010a, 2010b) and the number of books
available at home. Anything missing from the student’s answers to these items
was multiply imputed by predictive-mean-matching (PMM) (Robitzsch et al. 2016)
with the approach of multiple imputation by chained equations (MICE; see van
Buuren 2012) using the R-package miceadds (Robitzsch et al. 2018). Based on
their socioeconomic status, students were then classified into four groups, which
are given by the 25%-quantiles of this variable. Hence, in the study at hand, the
group indicator included in the analyses consists of four SES groups. The division
into four SES groups allows for a better illustration of the divergent findings by
model-choice given the data at hand than would a more simple division into two
groups. The regressor variable and difference score models were inputted in the
software R. The analyses are based on multiply imputed data and final estimates were
combined via Rubin’s rules (Rubin 1987). Standard errors were further corrected
for clustering due to the survey design, in which we assessed complete classrooms,
using the R package survey (Lumley 2019). The simulations were conducted using
the R-package simstudy (Goldfeld 2019).

3.3 Results

The descriptive results in Table 1 indicate, with a glance at the pre-test scores,
that there are differences in pre-test achievement across SES groups in both math
and language. The higher the SES group, the higher the pre-test scores on average.
Looking at the difference in average scores between pre- and post-test (gap) by

K



Ambiguity in European seasonal comparative research: how decisions on modelling shape... 681

Table 1 Descriptives: scores by SES group

Pretest Posttest Gap

Language

SES [1] 557 580 +23

SES [2] 595 606 +11

SES [3] 610 614 +4

SES [4] 644 643 –1

Math

SES [1] 551 556 +5

SES [2] 591 592 +1

SES [3] 611 601 –10

SES [4] 648 649 +1

N= 163/164 students per SES group
Total N= 654

group, no summer setback is present for lower SES groups in either subject, language
or math. If anything, the results even show that SES groups [1 and 2] (lowest
quartiles), on average, gained in language and math scores between pre- and post-
test, which contrasts with SES groups [3 and 4] (highest quartiles), who gained less
or even experienced some loss. Our descriptive results hence contradict assumptions
of disadvantageous effects of summer breaks for lower SES groups.

Estimating a difference score model [DM] (see Table 2), where individual dif-
ferences in pre-post-test scores are regressed on SES group indicators, produces
results very similar to the descriptive results. Because we have four SES group in-
dicators G, the effect bDM as measured by the difference score model is estimated
in terms of group differences with respect to a reference category. Table 2 presents
the results after running a difference score model, where the lowest SES group [1]
is the reference category for the comparison of effects yielded for the other groups.
In accordance with the descriptive statistics, the results for summer vacation effects
in language suggest that lower SES groups gained in language skills, whereas for

Table 2 Difference score model: effects by SES group

Effect SE Gap

Language—difference score

Intercept—Ref. SES [1] +23* 6 +23

SES [2] –14 9 +9

SES [3] –19* 9 +4

SES [4] –24* 9 –1

Math—difference score

Intercept—Ref. SES [1] +5 6 +5

SES [2] –1 9 +2

SES [3] –14 9 –9

SES [4] –3 8 +2

N= 654
Gap= Intercept (reference group)+ effect of respective SES group
*p<0.05
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Table 3 Regressor variable model: effects by SES group

Effect SE Gap

Language—posttest score

Intercept +322 17 –

Pretest score 0.5 0.03 –

SES [2]a +7 8 SES1+ 7

SES [3]a +9 7 SES1+ 9

SES [4]a +22* 7 SES1+ 22

Math—posttest score

Intercept +179 15 –

Pretest score 0.7* 0.03 –

SES [2]a +9 8 +2

SES [3]a +5 8 –9

SES [4]a +28* 8 +2

N= 654
Gap= SES1 [Intercept+ pretest score * effect]+ effect SES[X]
aRef. SES [1]
* p<0.05

the highest SES group no improvement is evident. The lowest SES group [1] gains
significantly more in language over the summer break compared to the higher SES
groups [3 and 4]. For math, similarly, lower SES groups do not lose skills in math
over the summer break. It is mainly SES group [3] that scores lower in the post-test,
though this decline is not significant in comparison to the small improvement of the
lowest SES group [1] (reference category). All in all, no disadvantage is found for
lower SES groups, rather the opposite if anything: On average, lower SES groups
seem to experience a positive change in scores over the summer vacation.

When we estimate a regressor variable model [RM] (see Table 3), where post-
test scores are regressed on the SES group indicators while controlling for pre-
test scores, our results point towards a relative advantage for higher SES groups.
Again, because we have four SES group indicators G, the effect bRM as measured
by the regressor variable model is estimated in terms of group differences with
respect to a reference category. Controlling for pre-test scores, we find that the
highest SES group [4] gained 22 points more in language and 28 points more in
mathematics compared to the lowest SES group [1], which is a significant difference
in improvement to the advantage of the higher SES group.

While the difference score model points towards a relative advantage for the lower
SES groups, the regressor variable model points towards a relative disadvantage for
the lower SES groups. So what do we make of these supposedly contradictory re-
sults, which may be interpreted as an example of Lord’s paradox (Lord 1967)? This
contradiction resolves itself when we see that for non-experimental data the two
models answer different research questions. The parameterization by the difference
score model [effect bDM ] shows the average learning progress by SES groups (in-
dependent of their pre-test levels), while the regressor variable model [effect bRM ]
estimates average differences in learning progress by SES groups between students
who achieved the same pre-test scores (that is, depending on their pre-test levels).
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The difference score model answers the research question: On average, do lower
SES students compared to higher SES students make different progress over the
summer break? The regressor variable model answers the research question: On av-
erage, do lower SES students who achieved the same pre-test scores as higher SES
students make different progress over the summer break? The data structure, which
leads to these supposedly contradictory findings by model approach is explored in
the following section.

Though it goes beyond the scope of this paper to discuss possible explanations of
the counterintuitive effects in our real data example, we add a few tentative expla-
nations here. Why do we find a general gain in skills over the summer, in particular
a gain for lower SES groups? One explanation may lie in the study design and the
preparation for high-stakes testing. Between the pre- and post-test there is some
instruction time included, that is, between the end of the summer vacation and the
post-test. Further, the post-test is a high-stakes test, the pre-test is low-stakes. After
the summer vacation, teachers may provide tailored training in class and wrap-up the
grade 5 school material in preparation for this high-stakes test (see Wiliam 2010; on
the effects of high-stakes testing regimes). Especially lower ability students, which
overlap with students of lower SES, may in total profit from such a wrap-up after
the break. This may lead to the observed (unconditional) advantage for the lower
SES group in learning progress (of course, there may additionally be some ceiling
effects for high achievers present). Yet, comparing low and high SES students who
started in the summer at the same pre-test levels, we, nevertheless, observe a condi-
tional disadvantage for the lower SES students. Why is this? A tentative assumption
explaining these dynamics may be that higher SES parents may expect more and
generally provide more stimulating learning environments during the summer vaca-
tion and in preparation for the high-stakes test. This could explain the observation
that students from higher SES families, who started in the summer at the same pre-
test levels as their lower SES peers, achieve higher post-test scores. All in all, the
models shed light on different dynamics of social disparities in (unconditional vs.
conditional) progress over the summer break, which are simultaneously present and
call for further exploration.

4 Constructed examples: a technical illustration of the problem

In the following, using simulation, we constructed two different examples to il-
lustrate the correlational structure that may be present in the data that can lead to
divergent findings depending on the statistical model chosen. The first scenario (1)
sketches an example in which low SES students lose, on average, more during the
summer break, and yet low SES students starting in the summer at the same pre-
test levels as their higher SES peers experience smaller losses. Hence in example 1,
unconditional disadvantage coincides with conditional advantage for low SES stu-
dents. Intuitively, such a scenario may be present if, in general, lower achieving
students lose more skills during the summer while the group of low SES students
has a higher share of lower achievers. At the same time, the low SES group may
be targeted by specific summer activities to counteract learning losses (e.g., educa-
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tional vouchers for low SES group members), resulting in conditional advantages at
respective pre-test levels through tailored support. The second scenario (2) sketches
an example that mirrors the real data example outlined above, where on average low
SES students gain in skills over the summer vacation, while compared to their peers
of higher SES who started in the summer at the same pre-test levels they gain less.
Here in example 2, unconditional advantage coincides with conditional disadvantage
for low SES students. A tentative explanation for this scenario has been outlined
above.

4.1 Scenario 1: summer loss

Higher total loss for the low SES group with relative advantages at respective pre-
test levels. Simulating test scores, we assume a group of students .N D 1000/ who
achieved on average a mean score of M D 500 .SD D 100/ in the pre-test .Y 1/

prior to their summer vacation. We further assume that in the absence of schooling,
on average, the students experience a loss of 50 points .SD D 50/ in skills over
their vacation. In addition, we assume that there are two equal sized groups (G) of
students (high vs. low SES students, coded 0 and 1) who achieved different mean
score levels in the pre-test. Let’s say the high SES group [1] achieved higher pre-test
levels compared to the low SES [0] group. These differences in pre-test levels to the
disadvantage of the low SES group can be captured by a negative correlation between
the grouping index (G) and the pre-test (Y1) score. We assume this correlation to be
corr[Y1, G]=�0.6, which results in pre-test group differences of about 120 points,
where the low SES group scored on average Y11= 440 compared to the high SES
group scoring on average Y10= 560. In scenario 1, the low SES group loses, on
average, more skills over the summer. To model this, we assumed that there exists
a general positive correlation between the difference score �.Y 2 � Y 1/ and the
pre-test level (Y1), where students scoring higher in the pre-test lose (considerably)
less skill over the vacation; higher pre-test levels coincide with lesser negative
differences �. This trend is captured by a positive corr[�, Y1] ofC0.6. Hence so
far, we have a data structure where the SES groups diverge in pre-test levels and
where loss clearly depends on pre-test levels, such that, on average, the low SES
group loses more over the summer because this group comprises a higher share of
lower achievers. Further, in scenario 1, we assume that over and beyond this general
correlation between loss and pre-test levels, there is some group-specific component
in loss. At respective pre-test levels, the lower SES students lose less compared to
their higher SES peers. This shows in a (minor) negative correlation between the
group (G) and the difference score �.Y 2 � Y 1/, of [�, G]=�0.25I indicating that
though the low SES group loses comparatively more skill, this loss is not as big as
we would expect it to be when focusing solely on the pre-test levels of this group.
Hence all in all we assume a correlational structure for the constructed data whereby
(i) the low and high SES groups achieved different pre-test levels (i.e., the groups
encompass different shares of low vs. high achieving students), and (ii) skill decay
depends on the pre-test levels of students (higher achievers lose less) while at the
same time (iii) the skill decay of low SES students is less than expected given their
pre-test achievement.

K



Ambiguity in European seasonal comparative research: how decisions on modelling shape... 685

Fig. 1 Scenario 1: Higher total loss for the low SES group by relative advantages at pretest levels (solid
diagonal line: overall relationship between pretest Y1 and learning progress (Y2– Y1), vertical lines:
average pretest levels (Y1) by SES group (black: high SES, grey: low SES), horizontal lines [unconditional
view]: average learning progress (Y2– Y1) by SES group (black: high SES, grey: low SES), red markers
[conditional view]: learning progress (Y2– Y1) by SES group at specific pretest levels (cross: high SES,
bullet: low SES))

This correlational structure results in opposing inequality dynamics as shown in
Fig. 1. The diagonal solid black line indicates the positive relationship between pre-
test achievement (x-axis) and progress (y-axis), where higher achieving students
experience less skill decay, which is graphically displayed by less negative progress.
The vertical lines indicate the pre-existing differences between SES groups in pre-
test achievement, where low SES students (grey dashed vertical line) achieved, on
average, lower pre-test scores compared to the high SES students (black dashed
vertical line). Because of these pre-existing group differences and the positive re-
lationship between pre-test achievement and progress, the progress of the low-SES
students (grey dashed horizontal line) is, on average, lower compared to the progress
of the high-SES students (black dashed horizontal line). In other words, because
progress is mainly negative, lower SES students lose more skills compared to higher
SES students. However, at respective pretest levels, the average progress of students
of low SES is higher compared to the average progress of the high-SES students
with these respective pretest scores. This is depicted in Fig. 1 by the red markers. As
example, within intervals of ±25 around pretest scores of 400, 500 and 600 points,
low SES students outperform the high SES students. Around pretest scores of 600,
the progress of low and high SES students converges.

Such a correlational structure (see also the supplementary material) leads to the
result that the difference score model shows, as assumed, that the lower SES group
loses about 25 points more on average. Hence unconditionally, the low SES students
are at a relative disadvantage because they comprise more lower achieving students
and lower achieving students lose more skills over the summer. Yet conditionally
they lose less than we may expect given their pre-test levels. Hence the regressor
variable model recovers that at each pre-test level, low SES students do not lose as
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much as one would expect by their pre-test levels; namely, they lose about 17 points
less compared to higher SES peers who started in the summer with the same pre-
test levels.

4.2 Scenario 2: summer gain

Slightly higher gains for the low SES group with relative disadvantages at respective
pre-test levels. Simulating test scores for scenario 2, we again assume a group of
students.N D 1000/ who achieve on average a mean score of M D 500 .SD D
100) in the pre-test (Y1). Again we assume that there are two equal sized and pre-
existing groups of students (G= high vs. low SES students, coded 0 and 1) who
achieve different mean score levels in the pre-test. These differences in pre-test
levels, to the disadvantage of the low SES group, are again captured by a negative
correlation between the grouping index (G) and the pre-test level (Y1) of corr[Y1,
G]=�0.6, which results in pre-test group differences of about 120 points, where
the low SES group scored on average Y11= 440 compared to the high SES group
scoring on average Y10= 560. In contrast to scenario 1, we assume that, on average,
the students experience a minor gain of 20 points .SD D 50) over their vacation.
The low SES group, on average, gains even more than the high SES group. This
shows in a negative correlation between the pre-test (Y1) and the difference score
�(Y2– Y1) of corr[�;Y1]=�0.4. Higher achievers in the pre-test gain less over the
summer, which coincides with the high SES group gaining less than the low SES
group because it has a higher share of higher achievers. However at respective pre-
test levels, scenario 2 assumes that the lower SES students gain less compared to their
higher SES peers. This can be induced by a (minor) positive correlation between the

Fig. 2 Scenario 2: Slight gain for the low SES group by relative disadvantages at pretest levels (solid
diagonal line: overall relationship between pretest Y1 and learning progress (Y2– Y1), vertical lines:
average pretest levels (Y1) by SES group (black: high SES, grey: low SES), horizontal lines [unconditional
view]: average learning progress (Y2– Y1) by SES group (black: high SES, grey: low SES), red markers
[conditional view]: learning progress (Y2– Y1) by SES group at specific pretest levels (cross: high SES,
bullet: low SES))
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group index (G) and the difference score�.Y 2�Y 1/ of corr[�, G]=C0.1I indicating
that the high SES group still gains comparatively more skill than expected, given
their higher achievement in the pre-test. Hence all in all, we assumed a correlational
structure for data construction, whereby (i) the low and high SES groups achieved
different pre-test levels (i.e., the groups encompass different shares of low vs. high
achieving students), and (ii) where skill gain depends on pre-test levels of students
(higher achievers gain less) while at the same time (iii) the skill gain of high SES
students is larger than expected given their pre-test achievement.

This correlational structure results in the opposing inequality dynamics as shown
in Fig. 2. The diagonal solid black line indicates the negative relationship between
pre-test achievement (x-axis) and progress (y-axis), where higher achieving students
experience less progress. The vertical lines indicate the pre-existing differences be-
tween SES groups in pretest achievement, where low SES students (grey dashed
vertical line) achieved, on average, lower pre-test scores compared to the high-
SES students (black dashed vertical line). Because of these pre-existing group dif-
ferences and the negative relationship between pre-test achievement and progress,
the progress of the low-SES students (grey dashed horizontal line) is, on average,
marginally larger compared to the progress of the high-SES students (black dashed
horizontal line). However, at respective pre-test levels, the average progress of stu-
dents of low SES is lower compared to the average progress of the high-SES students.
This is depicted in Fig. 2 by the red markers. As an example, within intervals of
±25 around pretest scores of 400, 500 and 600 points, the low-SES students gain
less compared to the high-SES students.

This correlational structure in the data now leads to the finding that by using the
difference score model, we see that on average the lower SES group gains slightly
more (C10 points). Yet applying a regressor variable model reveals that lower SES
students still gain a fair amount less over the summer at each respective pre-test
level (about �22 points) compared to higher SES peers, who started in the summer
at the same pre-test levels. Note that these effects can also be recovered using the
formulas given in the supplementary material.

5 Discussion and conclusion

Summer break study designs have been widely used in educational research to disen-
tangle school from non-school influences because summer breaks provide a natural
experimental setting that allows for the measurement of learning progress when
school is not in session. In line with others (see Dumont and Ready 2019; Quinn
2015), this paper calls for greater consideration to the modeling strategy (differ-
ence score vs. regressor variable model) used for the analysis of social disparities
in progress over the summer, in particular among European seasonal comparative
scholars who differ in their model preferences. Depending on how learning progress
is modelled, which is as conditional or unconditional progress, the models reveal
different insights into the dynamics in social inequality present in the data (see also
Dumont and Ready 2019; Quinn 2015). Because we usually do not know the un-
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derlying data generating structure, cross-model comparison of effects is prone to
fallacy and premature conclusions.

Though by design the summer break pre- and post-tests may seem to mirror
a natural experiment, the groups analyzed for differential progress over the summer
most often are not randomized; rather, they occurred naturally and achieved different
pre-test levels in the initial test. Because of this, the models can yield supposedly
paradoxical findings, with coefficients differing in magnitude and direction across
models (see Dumont and Ready 2019; Holland and Rubin 1982; Quinn 2015). The
situation of conflicting results across models is known in the (quasi-)experimental
literature as Lord’s paradox (Lord 1967). For survey data and non-causal analyses,
this paradox simply resolves in the differential model foci (Quinn 2015). Drawing
on Quinn (2015) and Dumont and Ready (2019), this paper, by including a recent
summer setback study conducted in Switzerland and some constructed examples,
has illustrated in an intuitive fashion why and when the models reveal different dy-
namics in inequality in the data. The constructed examples showed that, technically,
a correlational structure in the data, whereby there exists a (non-zero) correlation
between the grouping (G) and pre-test (Y1) variable (pre-existing groups), in combi-
nation with the direction and magnitude of the correlation between the pre-test (Y1)
and the difference score � (Y2– Y1) and the correlation between the grouping (G)
and the difference score � (Y2– Y1), determines whether or not the two models (dif-
ference score vs. regressor variable) will yield opposing results. That is, whether
or not the unconditional progress of the groups differs in direction and magnitude
from the conditional progress of the groups (see for more details the formulas in the
supplementary material). In essence, the difference score model explores progress
between pre- and post-test measurements from an unconditional angle. This means
that the model allows a comparison of whether socioeconomically distinct student
groups make different progress over the summer, regardless of whether these groups
started at different initial levels at the beginning of the summer. The regressor
variable model focuses on the data from a conditional angle. In other words, the
regressor or lagged variable model allows for a comparison of whether students of
socioeconomically distinct backgrounds who started in the summer at the same pre-
test levels make differential progress. Whereas in the former we compare average
differences in progress across groups (i.e. across students of different baseline lev-
els), in the latter we focus on differential progress between students of the same
baseline levels across groups. Following Quinn (2015), we argue that the question
of which model to use for the analysis of social disparities in learning progress may
not simply be answerable methodologically but may also need to be considered in
view of the content of the research. Is the research interested in revealing whether so-
cioeconomically distinct student groups make the same progress when school is not
in session, regardless of their prior achievement (unconditional equality)? Or is the
research interested in comparing the progress of students of distinct socioeconomic
backgrounds of similar prior achievement levels (conditional equality)?

Overall, there seems to be no tradition in model choice in the European seasonal
comparative research, which is only at its beginning (Meyer et al. 2017; Paechter
et al. 2015). The European studies often refer in their research body to the U.S.
seasonal studies and to other European findings. Model choice, though, has not
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been taken into consideration when drawing lines between similar and divergent
findings across studies (see Becker et al. 2008; Coelen and Siewert 2008; Lindahl
2001; Meyer et al. 2017; Paechter et al. 2015). Future European seasonal compar-
ative research should be more precise and sensitive towards the (unconditional or
conditional) parameterization of progress modelled in their interpretation and in the
comparison of their findings as there are substantial differences in what they actually
mirror and what their potential implications might be. A thorough examination of
both unconditional and conditional dynamics in inequality may also be fruitful as it
allows researchers to gain a more in-depth understanding of the social disparities in
learning progress in their data.

This paper focused on summer break research, which primarily involves the in-
vestigation of socioeconomically distinct progress between pre- and post-test mea-
surements. Yet the main conclusions are not limited to summer break research.
Sensitivity towards the different perspectives on change (conditional and uncondi-
tional) is relevant for an accurate interpretation of any pre- or post-test research
based on non-randomized survey data. Thus, awareness of the differential foci of
modelling unconditional versus conditional change is of relevance to the field of
social sciences in general.

Supplementary Information The online version of this article (https://doi.org/10.1007/s11618-021-
01009-4) contains supplementary material, which is available to authorized users.
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