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Title: No Matthew effects and stable SES gaps in math and language achievement growth

throughout schooling: Evidence from Germany

Abstract: The extent to which achievement gaps become wider or narrower over the course
of schooling is a topic that is widely discussed, both publicly and in educational research. This
study examines whether absolute achievement (in language and math skills) and social origin
gaps grow throughout the school career. To investigate the achievement growth of three German
student cohorts (N = 14,273) at different stages of their school career (primary school; lower
secondary school; and upper secondary school), I use multilevel models to estimate the effects of
prior achievement and social origin on achievement growth. The results consistently suggest a
negative association between prior achievement and subsequent growth: hence, initially low-
performing students have higher achievement gains than initially high-performing students.
Additionally, I find that social origin gaps remain stable over time. However, when controlling

for initial achievement, slightly growing socioeconomic status gaps can be observed.

1 Introduction

Mathematics skills and language skills are important predictors of school and later career success
(Artelt et al., 2013; Ritchie and Bates, 2013). Inequalities in these skills can have long-lasting
consequences and impact crucial school and school-to-work transitions (Linberg et al., 2019;
Heckman, 2006). Differences in achievement and achievement growth have therefore been
extensively examined. In the sociological literature, this topic is often addressed in relation to
social inequality (von Hippel et al., 2018) or inequality-reinforcing mechanisms (DiPrete and
Eirich, 2006; Stanovich, 1986; Baumert et al., 2012). Several studies show that, even before
entering school, there are marked differences in achievement between children that are strongly
influenced by social origin (Heckman, 2006; Skopek and Passaretta, 2021). Whether these
inequalities increase or decrease over the course of schooling is therefore a central question in the

sociology of education (von Hippel et al., 2018). As a result, researchers often investigate the



effect of prior achievement on subsequent achievement and its interrelations with social origin

(Dumont and Ready, 2020; Ready, 2013).

Two methodological approaches dominate the research to examine inequalities in achievement
over time. The relative approach examines positions in a distribution (e.g. ranking in an
achievement distribution) in order to draw conclusions about rank order stability between
individuals and social groups over time, or about the relative distance between groups in a
distribution (Skopek and Passaretta, 2021; Jerrim and Vignoles, 2013). The absolute approach
examines achievement differences (e.g. gaps in proficiency) between individuals, groups, and
points in time. Thus, the focus of this method is on quantifying the extent to which achievement
growth over time (for example: do children improve their academic skills in school and, if so,
how much?) can be detected, and how large absolute achievement gaps between individuals and
groups are (Ready, 2013).

Possible mechanisms for differential achievement development depending on prior
achievement and socioeconomic status (SES) are referred to as Matthew effects, cumulative
advantages, compensation effects, or ceiling and catch-up effects (DiPrete and Eirich, 2006;
Stanovich, 1986; McCall et al., 2006; Baumert et al., 2012; Merton, 1968). To identify such
mechanisms empirically, it is useful to apply the absolute approach, which allows for quantifying
growth in achievement over time (e.g. language proficiency). A direct identification of the
relationship between prior achievement, SES, and achievement growth is therefore feasible.

Previous research on absolute achievement gains has yielded mixed evidence regarding the
extent to which prior achievement is beneficial for achievement development (e.g. Pfost et al.,
2014; Dumont and Ready, 2020; Ready, 2013). In most cases, research from the German context
tends to point to zero effects or negative effects between prior achievement and achievement
growth (Baumert et al., 2012; Neuendorf et al., 2020). However, some studies also indicate a
positive association between prior achievement and achievement growth (Pfost et al., 2012;
Murayama et al., 2013). The state of research concerning whether SES achievement gaps widen
during schooling is also mixed (von Hippel et al., 2018; Dumont and Ready, 2020; for Germany,

see Skopek and Passaretta, 2021). Earlier studies often report growing SES gaps (e.g. McCall et
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al., 2006), while more recent studies mainly report stable SES gaps (e.g. von Hippel and Hamrock,
2019). One reason for this difference could be that recent studies use more appropriate test scores
with scaling based on item response theory (IRT) (von Hippel and Hamrock, 2019). Recent
studies from Germany on relative achievement differences using IRT-based test scores suggest
stable relative SES gaps (Skopek and Passaretta, 2021; Passaretta et al., 2022). However, for
Germany, studies on the development of absolute SES differences based on nationally

representative data are scarce.

Germany is renowned for its highly stratified and socially selective school system
(Allmendinger, 1989) characterized by early ability tracking, which occurs at the age of 10 or 12.
(Early) ability tracking in particular is often seen as a reason for widening SES and achievement
inequalities (Esser and Relikowski, 2015). Therefore, in the German context, it is especially
interesting to investigate the extent to which development in absolute achievement growth varies
across institutional settings — primary school; (tracked) lower secondary school; and upper
secondary academic education — as it is conceivable that the impact of inequality-generating
mechanisms might differ over the school career (Neuendorf et al., 2020).

Several limitations can be identified in the existing research regarding absolute achievement
development in Germany. First, previous studies have often focused on achievement development
in early childhood, for example in kindergarten or elementary school (Neumann et al., 2014;
Ditton and Kriisken, 2009; Baumert et al., 2012; Pfost et al., 2012; Schneider, 2013; Fleckenstein
et al., 2019). Second, most studies examine achievement gaps for relatively short observation
periods (e.g. two school years; Lehmann et al., 2001; Becker et al., 2006; Bos and Scharenberg,
2010). Third, many studies use samples from single federal states, rather than nationally
representative samples (Murayama et al., 2013; Schnabel et al., 2002; Neuendorf et al., 2020).

This paper aims to contribute to, and extend, the existing body of research by examining
absolute achievement gaps in the domains of mathematics and language skills, measured by IRT-
based test scores, as a function of prior achievement and social background across different
periods (each spanning four years) throughout the entire school career — elementary school

(Grades 14, ages 6—10); lower secondary school (Grades 5-9, ages 11-14); and upper secondary
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school (Grades 9-12, ages 15-18) — using nationally representative large-scale data from the
National Educational Panel Study (NEPS) in Germany (Blossfeld and RoB8bach, 2019). I address
two questions in this paper. First, do the achievement gaps between low-performing and high-
performing students grow over time? Second, do social inequalities in academic achievement

increase over time?

In the next sections, I briefly explain my theoretical considerations and discuss the state of
research. Afterward, I present the data and the statistical methods used before reporting the results.

Finally, I discuss the results in the context of the current state of research.

2 Theoretical Considerations and Previous Research

In their seminal work, DiPrete and Eirich (2006) distinguish two types of cumulative advantage
processes that are frequently examined in sociology: strict (path-dependent) cumulative
advantages and status-dependent cumulative advantage processes. Path-dependent cumulative
advantages are processes in which prior achievement has a positive causal effect on subsequent
achievement growth. In contrast, status-dependent cumulative advantages imply processes by
which belonging to a certain status group influences subsequent growth. In this paper, I am
interested in both strict and status-dependent cumulative advantages. Even though these
mechanisms have been distinguished in theory, they are evidently interrelated, as there is a strong
link between achievement and social origin.

We can distinguish three possible connections between initial achievement and subsequent
growth (Dumont and Ready, 2020; Pfost et al., 2014), as illustrated in Figure 1: first, initial
achievement has a positive influence on achievement growth (a, cumulative advantage); second,
initial achievement and achievement growth are unrelated (b, constant development); and third,

initial achievement has a negative influence on achievement growth (c, compensation effects).

Figure 1: Possible achievement growth curves by achievement quartiles at the first measurement

point



— Figure 1 about here —

Source: Author’s depiction.

The first relationship (a) is discussed using many different keywords, such as cumulative
advantages, virtuous cycles, success breeds success, Matthew effects, or learning begets learning
(Merton, 1968; DiPrete and Eirich, 2006; Cunha and Heckman, 2007). A cumulative advantage
effect assumes that initially high-scoring students achieve stronger growth than initially low-
scoring students. Concerning reading development, Stanovich (1986) postulates such a
cumulative advantage when he describes the Matthew effect of reading: students who are initially
better at reading improve faster than poor readers because reading promotes vocabulary
knowledge, vocabulary knowledge promotes reading comprehension, and reading comprehension
promotes reading skills. The gap between better-performing and weaker-performing students
therefore widens over time. Since mathematical skills are also built on cumulative knowledge,
such path-dependent cumulative advantages may also be expected for this domain (Neuendorf et
al., 2020). In their model of skills formation, Cunha and Heckmen (2007, p. 35) also assume that,
regardless of the specific domain, “skills beget skills”.

In contrast, in the case of compensation effects (c), the literature assumes that the initial gap
will narrow over time (Dumont and Ready, 2020; Pfost et al., 2014), be it through ceiling effects
or through lack of support for very good pupils in the school system. Ceiling effects can occur,
for example when students reach a performance plateau because they have reached proficiency in
a domain or because certain more advanced topics are not covered in class (Baumert et al., 2012).
This could lead to students who have not yet reached this plateau compensating for their lag. On
the other hand, compensation effects could also occur because teachers might not provide targeted
support to particularly good students. There is evidence that teachers base their instruction on an
imaginary average student rather than on the actual level of the class (Archambault et al., 1993).
This could result in good students benefiting less from instruction, for example because they have
already mastered the material, and in previously weaker students being able to compensate for

previous poor performance.



The third possible relationship — a constant rate of development (b) — emphasizes the
importance of reducing inequalities before entering the school system, as inequalities remain
relatively constant thereafter. It is often argued that differences between pupils usually emerge
very early in life and then remain constant (Heckman, 2006). This developmental pattern could
occur, for example, if all children were to reach an individual achievement plateau very early in
the life-course (Baumert et al., 2012). However, an individual performance plateau established so
early in the life-course (before the age of six) seems unlikely, given the empirically observed
growth rates in language and mathematics skills (Bloom et al., 2008). A constant rate of
development could also occur if individual cumulative advantages were consciously or
unconsciously dampened, for example by the school system, by the curriculum, or by the teachers.

From a variety of studies, we know that a higher SES is associated with higher academic
achievement. This association can already be observed very early in life (Heckman, 2006; Kulic
et al., 2019). The literature proposes several mechanisms to explain why there might be a status-
dependent cumulative advantage for high SES children over low SES children: higher parental
involvement (Marks et al., 2006); better homework assistance (Pfeffer, 2008); class-specific
socialization processes (Nash, 2003); higher economic resources and human capital (Bernardi,
2014); and efforts by high SES families to avoid downward mobility (Lucas, 2001). International
studies have revealed that the achievement gap between social groups either widens over time
(McCall et al., 2006; Dumont and Ready, 2020) or remains largely constant (Skopek and
Passaretta, 2021; von Hippel et al., 2018). The differences in research findings could be caused
by using different test scales (von Hippel and Hamrock, 2019). They could also be caused by
researchers choosing different statistical models to answer different questions (e.g. conditioning
vs non-conditioning on prior achievement in achievement growth studies) (Ready, 2013; Kelly
and Ye, 2017). By conditioning on prior achievement, we are able to examine the extent to which
students from different backgrounds develop given the same initial achievement. However, in
analyses without conditioning on initial achievement, we can ask how the differences between the
mean high SES and low SES children develop over time. In addition to the different

epistemological aims of these approaches, the following methodological differences must also be
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noted. Taking prior achievement into account may lead to an overestimation of SES effects, for
example due to measurement error in achievement measures (Passaretta et al., 2020; Jerrim and
Vignoles, 2013). However, not taking this association into account may lead to underestimating
SES effects (Baumert et al., 2012; Ditton and Kriisken, 2009).

If path-dependent cumulative advantages are present, achievement gaps by SES at the
beginning of schooling could also lead to widening SES gaps even if no status-dependent
cumulative advantages influence this process. On the other hand, path-dependent compensation
effects might mask status-dependent cumulative advantages (e.g. if constant SES gaps are
observed: Baumert et al., 2012; Ditton and Kriisken, 2009). To separate such path-dependent
processes from status-dependent processes, both processes need to be analyzed simultaneously
(Baumert et al., 2012).

Theoretically, it is also conceivable that SES gaps might be reduced over time through targeted
interventions such as early childhood education, free childcare, reduced educational costs for low
SES families, education vouchers, or special tutoring programs (Kelly and Ye, 2017). However,
although it is theoretically possible to reduce SES gaps, it must be noted that (unlike SES gaps
that are either constant or growing), there is hardly any empirical evidence of this happening.

Table 1 shows the state of research on the influence of prior achievement and/or SES on
achievement growth in Germany. Studies have only been included if they longitudinally examined
differences in academic achievement in language skills (vocabulary or reading) or mathematics
skills in connection with prior achievement and/or SES. The state of research on path-dependent
and status-dependent cumulative advantages is not conclusive for Germany. However, the
findings indicate small compensation effects rather than cumulative advantages. No study depicts
decreasing status-dependent SES effects. Rather, the evidence points to constant or slightly
widening SES gaps. From the state of research, it appears that these results are very similar for

the domains of mathematics and language skills.

— Table 1 about here —



Based on the state of research and the theoretical considerations presented above, I hypothesize

the following relationship between prior achievement and achievement growth.

Hypothesis 1: Initially low-performing students experience higher achievement growth than

initially high-performing students (compensation effects).

As indicated above, status-dependent cumulative advantages could be masked by path-
dependent cumulative effects. A negative relationship between initial achievement and
subsequent growth could counteract any positive SES effects. Which of the two cumulative
advantage effects is stronger (e.g. whether we observe constant or increasing SES effects) must
be tested empirically. In line with the current state of research, after controlling for the path-
dependent process (negative initial achievement growth association), it can be assumed that
positive SES effects will occur (Baumert et al., 2012; Ditton and Kriisken, 2009; Dumont and

Ready, 2020).

Hypothesis 2: High SES students experience higher achievement growth than low SES

students (controlling for prior achievement).

In the German context!, with its early ability tracking and highly stratified secondary school
tracks, the effects described above are expected to vary across different institutional settings —
primary school; (tracked) lower secondary school; and upper secondary academic education. As
stated above, I assume a negative relationship between prior achievement and achievement
growth. This relationship could vary between different institutional settings, as previous research
points to decreasing learning rates over the school career (Bloom et al., 2008). The older students
get, the closer they get to their learning plateau. Accordingly, compensation effects caused by
learning plateaus are more likely to emerge in secondary school than in primary school. However,
ability tracking in secondary school — which results in students with higher initial achievement

being more likely to attend school tracks with more challenging curricula (Esser and Relikowski,
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2015) — could have a counteracting effect, widening achievement gaps by prior achievement and
reducing the assumed compensation effects for these students. Although the expected
compensation effects may be reduced by ability tracking, I still expect them to be higher than in
primary school because the children are older. Since students in academic upper secondary
schools are a performance-selective group of the student body, who are aiming for the highest
school leaving qualification and who are already relatively old (aged 15-16), I assume that
compensation effects caused by learning plateaus should hardly appear during this phase of
schooling. Following the argumentation of learning plateaus as a reason for compensation effects,

I expect compensation effects to be most pronounced in lower secondary school.

Hypothesis 3: Compensation effects should be most evident in lower secondary school.

As noted above, it can be assumed that achievement growth rates decrease over the course of
schooling (Bloom et al., 2008). Because high SES students enter school with an achievement
advantage, these students should reach learning plateaus earlier than low SES students?.
Therefore, the positive association between SES and achievement growth — controlled for path-
dependent cumulative advantage processes — should decrease across institutional settings. This
decrease could be counteracted by the selective student group in upper secondary grammar
schools and by higher growth rates for students following the most demanding secondary school
tracks, in which high SES students are overrepresented (Esser and Relikowski, 2015; Murayama
et al., 2013). For Germany, the state of research on absolute SES gaps after tracking is scarce.
However, based on the state of research on relative SES gaps, I assume that the positive SES

effects should be most evident in primary school (Skopek and Passaretta, 2021).

Hypothesis 4: The positive association between SES and achievement growth should be most

pronounced in primary school (controlling for prior achievement).



3

Data, Measures, and Statistical Procedure

4.1 Data and Sample

In this paper, I use data from three starting cohorts (SCs) from Germany’s NEPS: SC2, SC3, and
SC4°. The NEPS is a multi-cohort study that monitors respondents throughout their educational
career and surveys them at regular annual intervals. In addition to the students, the parents are
also interviewed. For this study, I use data from cohorts that were interviewed for the first time in
kindergarten (SC2), at the beginning of lower secondary school (SC3), and at the end of lower
secondary school (SC4). The target population for these surveys consisted of all pupils attending
Grade 1 during the school year 2012/13 (SC2) and all pupils attending either Grade 5 (SC3) or
Grade 9 (SC4) at secondary school in the school year 2010/11. The samples were drawn from the
target population using stratified sampling (for further information on the sampling procedure,
see ABmann et al., 2011). For SC2, I use data from 2012—16, the years the children attended
primary school (Grades 1—4). For SC3, I use data from 2010-15, the years the children attended
lower secondary school (Grades 5-9). For SC4, I use data from 2010-14, the years the children
attended upper secondary school (Grades 9-12). Since the academic track is the only one that
goes up to Grade 12, and since the children who did not pursue the academic track were not tested
after leaving school, I have only included the children from grammar schools (Gymnasium) in the
sample of this final cohort.

For my analytical sample, I focus on children with no special needs who participated in at least
the first or last wave of the survey, and who remained at the same school during the observation
period. This sample restriction is imposed because children who changed schools did not have
their achievement individually tested (ABmann et al., 2011). Therefore, pupils from the federal
states of Brandenburg, Berlin, and Mecklenburg-Vorpommern were excluded from the SC3
sample because, in those states, students transition to lower secondary school after Grade 6 and
are thus considered school changers in NEPS from Grade 7 onward, so competency scores are not
available for them. The resulting analytical sample includes 14,273 students in total for

mathematics (Nprimary school = 6,866, Nlowcr secondary school — 3,461, Nuppcr secondary school — 3,946) and
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14,123 students in total for language skills (Nprimary school = 6,865; Niower secondary school = 3,350 Nupper

secondary school — 3,908)

4.2 Measures

I use the students’ scores in mathematics and language skills as outcomes in this paper. Individual
achievement growth was constructed by subtracting the score achieved in the previous
achievement test (SC2: Grade 1; SC3: Grade 5; SC4: Grade 9) from the score achieved in the
following test (SC2: Grade 4 [for language skills Grade 3]; SC3: Grade 9; SC4: Grade 12).

The achievement tests in NEPS are designed to observe changes in achievement from a life-
course perspective. The mathematics tests measure content (e.g. quantity; change and
relationships; space; and shape) and cognitive components (e.g. modeling; mathematical problem
solving) (Neumann et al., 2013). The reading skill tests measure cognitive requirements (e.g.
finding information; drawing conclusions; reflecting on the text) for different text types and
functions (e.g. literature; instructions; advertising; information; and commentary) (Gehrer et al.,
2013). Since weighted likelihood estimates (WLE) scores are only available for the reading
achievement of SC2 from Grade 4 on, I use the WLE scores of receptive vocabulary achievement
from Grade 1 and Grade 3 for SC2. NEPS uses a test based on picture selection tasks (a modified
version of the Peabody Picture Vocabulary Test) to measure receptive vocabulary (Fischer and
Durda, 2020), which “comprises all words a person recognizes and comprehends when heard”
(Berendes et al., 2013, p. 36).

The achievement measurements in NEPS are either based on an anchor group or on an anchor
item design for successive measurement points (Pohl and Carstensen, 2012; Fischer et al., 2016).
I use WLE scores provided by NEPS, which are suitable for longitudinal comparisons (Fischer et
al., 2016). The WLE estimates are based on IRT models, and their reliability can be considered
as good (see Table B1 in the Supporting Online Material [SOM]). Von Hippel and Hamrock
(2019) show that test scores based on IRT scaling models are preferable to test scores based on
other scales (e.g. number-right or Thurstone scales) when examining achievement gaps. These

achievement scores are comparable inter-individually and intra-individually within a student
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cohort, but not between cohorts. Further details on the achievement tests are provided in Chapter
B of the SOM.

To construct the social origin indicator, I use the highest International Socio-Economic Index
of Occupational Status (ISEI) of the parents (Ganzeboom and Treiman, 1996)*. This scale ranges
from 10 to 90. I have divided it into three equally broad groups: low SES (10-36); middle SES
(37-63); and high SES (64-90). Achievement studies often subdivide social background into three
groups (e.g. Skopek and Passaretta, 2021)°. Information about the parents’ occupations was taken
from the survey filled in by the parents. If no such information appeared in the parents’ interview,
information from the children’s interview was used. Students were attributed a migration
background if they belonged to the 1st—3.5th migrant generation in Germany. I include this
variable in my models because minority students have lower achievement gains than majority
students (McCall et al., 2006; Relikowski et al., 2015). Furthermore, I include a dummy variable
indicating student gender in my analyses because previous research has indicated that boys make
higher gains in mathematics and that girls make higher gains in reading (Ehrtmann and Wolter,
2018). As additional controls, I include age at first measurement and the distance between first

and last measurement in months in the models.

4.3 Analytical Strategy

There are different statistical approaches to estimate the association between prior achievement
and subsequent achievement. On the one hand, the status attainment model (Equation 1) regresses
the test score of measurement point # on that of measurement point ¢-7; on the other, the regressor
variable model (Equation 2) regresses the subsequent growth between two measurement points
(G) on the prior achievement. As various authors have shown, the two models are “algebraically
equivalent” (Kelly and Ye, 2017 p. 357). Only the reference point of the effect of y; differs. In the
status attainment model, any non-zero association between prior achievement and subsequent
growth is represented by a deviation of 1, while in the regressor variable models (Equation 2) this
is represented by a deviation of 0 (Allison, 1990; Kelly and Ye, 2017). This relationship between

the two models becomes clear when Y, is subtracted from Model 1 on both sides (Equation 3)°,
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where
y are the regression coefficients;

Y:is the achievement score at the last measurement;
Y.11s the achievement score at the first measurement;
X is a vector for all the individual-level model variables, including SES; and

r 1s the error term.

Since the regressor variable model (Equation 2) provides a direct estimator of the effect of prior
achievement on growth, I estimate this model to answer the first research question about the
relationship between prior achievement and subsequent growth. The regressor variable model
examines achievement growth as a linear function of a student’s initial achievement score. If the
parameter 1 is above 0, this can be interpreted as a cumulative advantage; if the parameter is
below 0, this is read as a compensation effect (Baumert et al., 2012; Pfost et al., 2014; DiPrete
and Eirich, 2006).
Because of the nested data structure — students (i) are nested in schools (j) — I estimate the
regressor variable model (see Equation 2) as a multilevel mixed model (see Equation 4)%. I expect
the achievement to differ between schools, which is why I include random intercepts at the school
level (u0j). Furthermore, because curricula and achievement differences vary between federal
states (Naumann et al., 2010), I include federal states dummy variables in my model (Zij). For
data protection reasons, the effects of the federal states are not subsequently displayed.

To answer the second research question concerning the relationship between achievement and

social inequalities, different approaches are used in the literature (Dumont and Ready, 2020;
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Ready, 2013). One approach considers prior achievement as an explanatory variable in the
analyses (regressor variable model, as in Equation 4) and attempts to assess the extent to which
students from different social backgrounds develop given the same baseline achievement. Another
approach does not include prior achievement as an explanatory variable in the analyses (as in
Equation 5) and attempts to assess the extent to which students from different social backgrounds
differ in their achievement growth. This model is referred to in the literature as a change-score
model (Allison, 1990). These approaches highlight different comparisons (conditional [Equation
4] and unconditional [Equation 5] on prior achievement) and thus attempt to answer different
questions (Dumont and Ready, 2020; Ready, 2013). In order to obtain a comprehensive idea of
the relationship between SES and inequalities in achievement growth, both approaches are
relevant (Baumert et al., 2012). Therefore, both regressor variable models and change-score

models for the SES effects are calculated in the following.

Gij = Yty —Y_qy = yoo + u0j + y10 * Ye—15 + yx0 * Xij + yzo * Zij + 1y 4

Gij = Yy — Y15 = yoo + u0j + yxo * Xij + yzo * Zij + 1y (5)

All missing data were replaced by using multiple imputation with chained equations (applying
predictive mean matching using the 10 nearest neighbors), producing 50 complete data sets’. The
descriptive summary statistics of the analytical samples before and after the imputation are
displayed in Tables C1-C4 in Chapter C in the SOM. I used Stata 17 for all data preparations, for
multiple imputation, and for the analysis (Jann, 2004; Jann, 2007). The code can be found in the
Additional Online Material. Prior achievement, age at first measurement, and distance between

measurements were grand mean-centered within each of the imputed data sets.

4 Bivariate Results

For all three cohorts and both domains (mathematics and language skills), we can observe a
negative correlation between prior achievement and subsequent growth (see Table 2). This points

to a compensation effect in the development of achievement!®.
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— Table 2 about here —

Figure 2 shows the average achievement by social origin of the three student cohorts at the
different measurement points. Two things become visible in this graph. First, in each cohort,
achievement is stratified according to social background: the higher the SES, the higher the
achievement. Second, the growth rates are positive and quite similar for all status groups. For a
better interpretation of the achievement gaps between the SES groups, I calculate effect sizes
(Cohen’s delta) between high SES and low SES students for various points in time (see Table 3).
In both domains, the effect sizes in primary and lower secondary school range from .82 to 1.03.
The group differences are substantial and hardly change over time. In upper secondary school,
the effect sizes are smaller (between .22 and .34), which is certainly due to the selective student

body, but also highly stable over time. These results suggest persistent inequalities by SES.

Figure 2: Achievement development over time by social origin, student cohort, and domain: a)

mathematics, b) language skills

— Figure 2_1 about here —

— Figure 2_2 about here —

Source: NEPS SC2(9.0.0), SC3(11.0.1), SC4(12.0.0); based on 50 multiple-imputed data sets,

author’s calculations.

— Table 3 about here —

5 Multilevel Results

Figure 3 shows the regression coefficients (change-score and regressor variable models) of prior
achievement and social origin on achievement growth for mathematics and language skill
achievement (see Chapter C.2 in the SOM for the multilevel regression tables and the discussion

of the effects of the control variables).
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The multilevel models confirm the negative association between prior achievement and
subsequent growth. In all three cohorts and for both domains, the parameter for this relationship
is negative and statistically significant. The higher the prior achievement, the lower the subsequent
growth. This result is in line with Hypothesis 1: there are compensation effects in achievement
development. However, Hypothesis 3 is not supported by the results. Apart from the language
skills in SC2, the compensation effects seem very similar across institutional settings.

The results of the change-score models show small significant SES effects in primary school
and no substantial positive SES effects in secondary school. However, the results of the regressor
variable models show significant positive effects of SES on achievement growth when controlling
for prior achievement in all three institutional settings. These results are in line with Hypothesis
2.

In line with Hypothesis 4, the SES gaps in both domains — both when prior achievement is
controlled for, and when it is not — diverge most in terms of magnitude in primary school.
However, the SES gaps also increase in lower and upper secondary school once prior achievement

is controlled for. Overall, the SES effects can be classified as rather small.

Figure 3: Prior achievement and SES coefficients on achievement growth (with 95% CI), by

domain and student cohort

— Figure 3 about here —
Note: Change-score model (based on Equation 5; unconditional on prior achievement). Regressor
variable model (based on Equation 4; conditional on prior achievement). Full estimation results
displayed in Tables C5 and C6 in the SOM.
Source: NEPS SC2(9.0.0), SC3(11.0.1), SC4(12.0.0); based on 50 multiple-imputed data sets,

author’s calculations.

Robustness Checks

I conducted a series of robustness checks, which are described and presented in detail in Chapter

D in the SOM. First, I used a sample consisting only of students for whom the dependent variable
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did not need to be imputed (WoDV). Second, I estimated models in which an intelligence test
score was additionally included as a control variable (+Reasoning). Third, I used a sample in
which only the central 60% of the first achievement measure was included to mitigate possible
bias due to ceiling effects or sensitivity of the competence assessments in the extreme ranges

(Central 60).!! The results were virtually identical to those reported in the main analysis.

Regression to the mean effects induced by measurement error pose a threat to my conclusions
of prior achievement and SES effects. Conditioning on the first achievement measure containing
measurement error (very good students can only get worse in subsequent measures, and very bad
students can only get better) might lead to underestimating the effects of prior achievement and
overestimating the SES effects. Thus, both the reported compensation effects and the positive SES
effects could be the result of statistical artifacts. I ran several models to mitigate the possible
effects of measurement error. First, I used the achievement rank instead of the absolute
achievement of the first measurement time point (Achievement rank). Second, I used the
achievement rank as an instrument for achievement in a two-stage model (IV). Third, I regressed
the mean achievement of the first two measurements on the achievement growth between the
second and third measurement (only for cohorts with three measurement time points [Mean
achievement]). Fourth, I calculated other model specifications, such as fixed effect growth curve
models with an interaction between time and SES and time and prior achievement (only for
cohorts with three measurement time points [FE]). Figure 4 summarizes the results of these
robustness checks. None of these models led to substantially different conclusions from those
presented above. However, as expected, the effects of SES and prior achievement of the
robustness check models tended to be closer to zero than in the models presented above.

All results for SC3 presented in the paper were based on models that did not consider the
school track. However, even when the school track was included in the models for SC3
(Murayama et al., 2013), the results did not change substantially (see, for example, Tables C5 and
C6 in the SOM). It is interesting to note that there were hardly any substantial differences between

the tracks in the models that do not take initial achievement into account. However, once initial
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achievement was controlled for, students following the academic track experienced considerably

higher achievement growth than students on the other tracks.

Figure 4: Robustness checks: prior achievement and SES coefficients (high SES vs low SES) on
achievement growth (with 95% CI), by domain, student cohort, and estimation model

— Figure 4_1 about here —

— Figure 4_2 about here —
Note: Regressor variable approach models only. Full estimation results displayed in Chapter D in
the SOM. Mean achievement models and fixed effect models estimated only for cohorts with
three measurement time points.
Source: NEPS SC2(9.0.0), SC3(11.0.1), SC4(12.0.0); based on 50 multiple-imputed data sets,

author’s calculations.

Discussion and Conclusion

The aim of this study has been to examine the relationship between prior achievement, SES
differences, and achievement growth within the German school system. To this end, I have
examined the absolute achievement development in language skills and mathematics of three
student cohorts in different institutional contexts (primary school; lower secondary school; and
upper secondary school), using large-scale data from different NEPS cohorts. Following previous
research, | have used regressor variable (conditioning on prior achievement) and change-score
(no conditioning on prior achievement) models to identify cumulative advantage effects.

The first research question sought to determine whether path-dependent cumulative
advantages in achievement development can be detected and, if so, the extent to which they vary
across different institutional contexts. I have been able to show a negative relationship between
prior achievement and subsequent growth in each of the three student cohorts for both domains.
Compensation effects are evident in the German school system. Initially lower-scoring students

make higher gains than initially higher-scoring students. These results support Hypothesis 1.
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Nevertheless, it is worth noting that there are already substantial differences in achievement at the
beginning of a child’s school career (Heckman, 2006; Linberg et al., 2019). Although the gap
reduces slightly over the course of schooling, substantial differences remain. Hypothesis 3, which
assumed that compensation effects mainly appear in lower secondary school, could not be
confirmed. The compensation effects were relatively similar in all institutional settings. The only
exception was the lower compensation effect in language skills in primary school. These smaller
effects could be because receptive vocabulary was examined for this period rather than reading
skills, which were examined during the other periods. Previous studies have demonstrated
compensation effects in absolute achievement gaps for shorter study periods of one to two school
years during the school career or in selected federal states (see Table 1). This study has contributed
to the state of research by demonstrating compensation effects using nationally representative data
for each four-year study period in each institutional context in the domains of language skills and
mathematics skills, controlling for possible effect bias due to measurement error in test scores.

There might be different reasons for these compensation effects. On the one hand, learning
plateaus could lead to previously good students performing less strongly (Baumert et al., 2012).
The compensation effects could also be caused by teachers supporting lower-performing students
more than higher-performing students, or aligning their instruction with an imaginary average
student (Archambault et al., 1993), thus not supporting high-performing students to the fullest
extent possible. The aforementioned reasons could not be examined in the present study, so further
research is needed to investigate why these compensation effects occur.

This article’s second research question pertained to status-dependent cumulative advantages
over the course of schooling. Bivariate results indicated that the SES gap remained largely stable
during the period under review. The results of the change-score models supported the bivariate
finding that the SES gaps remain constant over time. As soon as I considered the negative
association between prior achievement and subsequent growth (regressor variable models), small
positive SES effects emerged. These results support Hypothesis 2. Furthermore, the results of the
regressor variable models support Hypothesis 4: the strength of SES effects is greatest in primary

school and decreases across institutional settings (once prior achievement has been controlled
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for). Positive SES effects under the control of prior achievement are not equivalent to status-
dependent cumulative advantages. If the gap between the different status groups were to widen,
we would be able to see this in simple descriptive graphs, but this does not happen.

These results help understand why constant SES gaps can be observed. If low SES and high
SES students had the same level of prior achievement, the SES gaps would grow. However, since
prior achievement is socially stratified, high SES students are more affected by the compensation
effects of prior achievement. Thus, the SES gaps do not grow, but they do not decrease either,
since high SES students can partially compensate for the negative effect of prior achievement.
The results of the regressor variable models are in line with previous research, which has found
positive SES effects under the control of prior achievement using data from selected federal states
(e.g. Ditton and Kriisken, 2009; Baumert et al., 2012). The results of this study nevertheless go
beyond previous research in demonstrating these effects during a longer study period for
nationally representative student cohorts. The results from the change-score models — that
absolute SES gaps remain largely constant or only increase slightly in primary school — support
prior research on relative SES gaps, which has shown that much SES achievement inequality
arises before school enrollment and remains constant thereafter (for the United States, see von
Hippel et al., 2018; for Germany, see Skopek and Passaretta, 2021; for the United Kingdom, see
Jerrim and Vignoles, 2013).

An answer to the question of why we observe growing SES gaps once prior achievement has
been taken into account is beyond the scope of this paper and should be addressed in future
research. Referring to previous studies, high SES parents may be more involved in their children's
school activities; they may be more supportive of their children's homework; or they may use
more economic resources to buy more learning materials for their children and provide a more
engaging learning environment (Marks et al., 2006; Pfeffer, 2008; Bernardi, 2014).

As the German school system is characterized by high selectivity and early ability tracking,
we might question how far the reported relationships between prior achievement, SES, and
achievement growth can be generalized beyond the German context. The reported effects are in

many cases similar across institutional contexts (primary school, lower secondary school, and
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upper secondary school). Accordingly, the differences between the institutional settings are
smaller than theoretically expected, which might indicate that these results can also be generalized
beyond Germany. This interpretation is also supported by the fact that the reported negative prior
achievement growth association, the constant SES gaps (unconditional on prior achievement), and
the growing SES gaps (conditional on prior achievement) are in line with international study
results (e.g. Dumont and Ready, 2020; McCall et al., 2006; Ready, 2013; Jerrim and Vignoles,
2013). Nevertheless, statements about international generalizability based on one-country studies
are difficult, and a conclusive judgment on this question requires further internationally
comparative research.

Although I have computed a series of robustness checks in support of my conclusions, I cannot
rule out bias due to measurement error. Accordingly, my results should be interpreted as
overestimating the reported SES effects and underestimating the effects of prior achievement
(Passaretta et al., 2022). However, the results of the robustness tests suggest that the bias should
be relatively small, so I assume my substantive conclusions are robust.

A limitation of this study is that I only have achievement data covering a period of four years
for individual students. While this is a longer period than has been dealt with in many previous
studies, it also means that, while I can study a specific period of schooling for each cohort, I
cannot investigate the entire school career of individual children. However, this limitation should
be resolved in a few years when the children of SC2 leave the school system.

In summary, the gap in language and mathematics achievement between initially high-scoring
and low-scoring students does not grow in the German school system. Low-achieving students
are able to narrow the initial gap in achievement, but substantial differences remain. Furthermore,
there are no status-dependent cumulative advantages for high SES students compared to low SES
students, and the achievement gap does not widen based on social background. Nevertheless,
inequality processes by SES are evident: given the same initial performance, high SES students

show greater achievement gains than low SES students.

21



Notes

. For a brief overview of the German school system, see Chapter A in the Supporting Online Material (SOM).

. It could be argued that there are different SES learning plateaus as a result of differential learning environments. To test for such a
relationship, models with interactions between prior achievement and SES were run in addition to those shown below. As in the study
by Passaretta et al. (2022), which also uses NEPS data, the interaction effects are not statistically significant, and the main effects are

hardly affected by the inclusion of these interactions (see Figure C3 in the SOM).

. This paper uses data from the NEPS (see Blossfeld and RoBbach, 2019). The NEPS is carried out by the Leibniz Institute for

Educational Trajectories (LIfBi, Germany) in cooperation with a nationwide network (NEPS Network, 2020; 2021; 2021a).

. In studies of achievement differences by SES, various indicators are used to measure SES (ISEI; social class; parental education;
income; free school lunch eligibility). Since I also rely on the children's information about their parents as not many parents
participated in the survey, I decided to use the ISEI as an indicator instead of education because, in some cohorts, the children were
not surveyed about their parents' education until several years after the last competency measurement I used, and some cohorts were
assessed using a different scale than for their parents. Analyses using parental education as the SES indicator are hardly different from

those using the ISEI (see Figure C4 in the SOM).

. Although such categorization has been common in previous studies, the choice of the number of categories always remains arbitrary.
However, analyses using the continuous ISEI (z-standardized) show very similar results to those using the categorical variable (see

Figure C5 in the SOM).

. In this model, a linear relationship between prior achievement and subsequent growth is assumed. However, it is also conceivable that
this relationship is not linear and that it deviates from the linear relationship, especially at the edges of the prior achievement
distribution. Additional analyses using a quartic relationship (see Figures C6 and C7 in the SOM) show no clear deviation from the
linear relationship. In the peripheral areas — where, however, there are also few data points — there are minor deviations from the linear
trend such that the linear trend slightly underestimates the relationship in these areas. Thus, the coefficients presented below are

considered conservative estimates.

. To study growing inequality between groups, one could also examine whether the overall variance within the population increases
over time. I cannot follow this strategy because the variance of the WLE estimates was kept constant by design at all measurement

points.

. In addition to the mixed models that predominate in sociology, other statistical models can be used to account for the clustered data
structure (McNeish et al., 2017), such as population average models computed using generalized estimating equations (GEE). Figure
C8 in the SOM shows the results of the mixed models and of the GEE models. The choice of statistical approach has no effect on the

estimation results.

. Achievement growth was imputed by applying the just-another-variable approach. I included the following auxiliary variables in the
imputation models alongside the model variables: the sampling strata; student weight; school weight; mathematics and reading

achievement scores from different grades; the reasoning score; outside school reading time; parental education; school composition
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measures (share of minority students, mean achievement, share of high SES students); and (for SC3 and SC4) the grades in

mathematics and in German and the idealistic job aspirations (ISEI).

10. A graphical illustration of the distribution of the two variables and their interrelation is shown in Figure C1 (multiple-imputed data)

and in Figure C2 (complete cases) in the SOM.

11. For a discussion of possible ceiling effects in the test scores used, see Chapter D.1 in the SOM.
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Table 1: Previous research from Germany on prior achievement and/or SES on achievement growth

Study Data N Grades Domain Methods PA > AG SES > AG Notes

Lehmann et al. (2001) LAU (Hamburg) 11,849 5-6 Mathematics Bivariate statistics Compensation effects -

Schnabel et al. (2002)  BLJU (NRW and 1,755 7-10 Mathematics RVR Compensation effects* Positive SES effects
Berlin)

Becker et al. (2006) TIMMS (West 1,864 7-8 Mathematics Latent change Matthew effects - Only two measurement
German students, models points; cautious
excluding students interpretation of the
attending positive correlation
Gesamtschule) between intercept and

slope

Ditton and Kriisken KOALA-S (Bavaria 1,247 2-4 Mathematics and Bivariate statistics Compensation effectsin ~ Positive SES effects

(2009) and Saxony) reading and RVR mathematics and in both domains

reading*

Bos and Scharenberg KESS (Hamburg) 8,774 (Grades 5-6) 5-6 Mathematics and Multilevel RVR Compensation effectsin ~ Positive SES effects

(2010) 5,951 (Grades 7-8) 7-8 reading mathematics and in both domains

reading*

Baumert et al. (2012) ELEMENT (Berlin) 3,167 4-6 Mathematics and LGC Compensation effects in Positive SES effects ~ Cumulative advantage in

reading reading; constant in both domains mathematics for students
development in with high cognitive
mathematics abilities

Pfost et al. (2012) BiKS (Bavaria and 1,124 34 Reading LGC Matthew effects -

Hesse)

Murayama et al. PALMA (Bavaria) 3,530 5-10 Mathematics LGC Matthew effects Stable SES Zero correlation between

(2013) differences intercept and slope once

controlled for school track

Schneider (2013) BiKS (Bavaria and 2,379 34 Vocabulary and Multilevel RVR Compensation effects* Positive SES effects
Hesse) mathematics in both domains

Fleckenstein et al. A longitudinal 590 1-4 Mathematics LGC Compensation effects Stable SES 51.7% of the sample are

(2019) immersion study differences immersion students
(Hamburg and
Schleswig-Holstein)

Neuendorf et al. BiKS (Bavaria and 1,010 5-9 Mathematics and LGC Compensation effects in ~ — Strong compensation

(2020)

Hesse, lower
secondary students
attending the
Gymnasium)

reading

both domains

between Grades 5 and 6;
relatively constant
thereafter




Skopek and Passaretta ~ NEPS (SC1, SC2, 16,512 Infancy-9 Mathematics, Linear regression - Relative SES gaps Absolute achievement
(2021) SC3) vocabulary, models mainly open before measures: increase in SES
combining the reading schooling; slight gaps in math (primary
different cohorts increase over the school) and a slight
using an accelerated course of primary increase in reading (lower
longitudinal design; school and secondary school)
national secondary school
representative
sample
Freund et al. (2021) NEPS (SC4) 15,012 9-12+3 Mathematics and LGC Compensation effects - Negative intercept—slope
(students tested in years reading correlation;
mathematics and up to 61% missing values
reading in Grade 9); in test scores (m =30
national imputations)
representative
sample
Passaretta et al. NEPS (SC2) 420 Kindergarten—  Vocabulary RVR (using IV to - Positive SES effects ~ Relative achievement
(2022) 3 account for (stable SES measures; zero effects

measurement error)

differences using IV
approach)

using IV approach might
be due to the low number
of cases

Note: LGC = latent growth curves, RVR = regressor variable regressions (later achievement regressed on prior achievement), CS = change scores in
achievement, AG = achievement growth, PA = prior achievement, NRW = North Rhine—Westphalia. * In the regression model (status attainment model), the
coefficient of prior achievement on subsequent achievement was below 1.



Table 2: Correlation between prior achievement and achievement growth (between the first and last measurement time points)

SC2 SC3 SC4
Domain
Mathematics -0.44 -0.37 -0.48
Language skills  -0.13 -0.54 -0.66

Source: NEPS SC2(9.0.0), SC3(11.0.1), SC4(12.0.0); based on 50 multiple-imputed data sets, author’s calculations.



Table 3: Effects sizes (Cohen’s delta) in achievement gaps between high and low SES students at selected time points

SC2 SC2 SC3 SC3 SC4 SC4
Grade 1 Grade 3/4 Grade 5 Grade 9 Grade 9 Grade 12
Domain
Mathematics 0.89 1.00 0.95 1.00 0.29 0.30
Language skills  0.98 1.03 0.88 0.82 0.23 0.34

Source: NEPS SC2(9.0.0), SC3(11.0.1), SC4(12.0.0); based on 50 multiple-imputed data sets, author’s calculations.
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Figure 1: Possible achievement growth curves by achievement quartiles at first measurement point

Source: Author’s depiction.
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Figure 2: Achievement development over time by social origin, student cohort, and domain: a) mathematics, b) language skills

Source: NEPS SC2(9.0.0), SC3(11.0.1), SC4(12.0.0); based on 50 multiple-imputed data sets, author’s calculations.
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Source: NEPS SC2(9.0.0), SC3(11.0.1), SC4(12.0.0); based on 50 multiple-imputed data sets, author’s calculations.
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A The German School System

In comparison to other school systems, the German system is one of the most strat-
ified (Bol etal., 2014). Usually, children start school at the age of six or seven,
then attend primary school for four years. After primary school, the transition to
the (mostly) tripartite secondary school system takes place. The three secondary
tracks differ in terms of their requirements, length of school attendance, and attain-
able qualifications (Esser and Relikowski, 2015). First, the Hauptschule (the basic
requirements secondary school) is the track with the lowest requirements, where a
school leaving certificate is obtained at the end of Grade 9. Second, the Realschule
(the extended requirements secondary school) has higher requirements and prepares
its graduates for more demanding vocational training. At these schools, students re-
ceive their qualification at the end of Grade 10. Finally, the Gymnasium (grammar
school) is the most demanding school track. With a degree (Abitur) acquired from
this school after Grade 12, graduates are entitled to attend universities. Children
from socially disadvantaged families are underrepresented in the most demanding
track, even when controlling for academic ability (Neugebauer et al., 2013).

The 16 federal states are responsible for the organization of the school curricula.
For this reason, some state school systems differ from those described above. For ex-
ample, the duration of primary school may vary (in some states, primary school may
last for six instead of four years), or there may be Gesamtschulen (comprehensive
schools) or Schulen mit mehreren Bildungsgingen (secondary schools with several
tracks) instead of Hauptschulen and Realschulen. In these lower secondary schools,
there is no school tracking between schools but rather within schools. Access to
the academic track also varies between the federal states in terms of how strongly
school performance, teacher assessment, or parental will influence the transfer deci-

sion (Esser and Relikowski, 2015; Neugebauer et al., 2013).



B Achievement tests in the NEPS

B.1 Details on the achievement test

The achievement measurements (mathematics and language) in the NEPS are based
on either an anchor-group or anchor-item design for successive measurement points
(Pohl and Carstensen, 2012; Fischer etal., 2016). Since memory effects were ex-
pected for the competence tests in reading, an anchor-group design was used for the
linking procedure of the competence scores onto a common scale. Since no mem-
ory effects were expected for the competence tests in mathematics, an anchor-item
design was used for the linking procedure (Fischer et al., 2016).

To avoid memory effects due to the use of the same items over several waves,
an anchor-group design was used for reading achievement. For this purpose, an
‘independent link sample’, which is not part of the actual study but comes from the
same population as the respective starting cohort, was drawn. The competency tests
of two consecutive waves were presented to this group at one point in time (Fischer
etal., 2016: pp. 4, 10-11). Since the two tests have no items in common in the study
group, they are each scaled independently. In the link sample, which processed
both tests at the same time, all items of the two tests are scaled simultaneously
(concurrently). This provides information about the item difficulty of the two tests
and allows the determination of a correction parameter for the item difficulty of the
items of the later test of the study group (for the exact procedure, see Fischer et al.,
2016). The test scores of the study group in each wave were scaled independently
for each grade level (Pohl and Carstensen, 2012). Then, the two test scores were
linked by a linear transformation of the parameters of the second test, with the test
scores of the first wave forming the reference scale (Fischer et al., 2016: p. 7).

Since no memory effects were expected for the mathematics achievement measure-
ment, an anchor-item design was used. For this purpose, selected items that were
used in the previously administered tests were reused in the subsequent tests. These
common items were used to link the two tests on the basis of a common scale after

checking certain preconditions (unidimensionality and measurement invariance). In



addition, a correction term was considered to keep the item difficulties of the items
included in both tests constant. Finally, the tests were linked using a linear trans-
formation of the item parameter of the second test, by mean/mean-linking applying
Rasch models (for the exact procedure, see Fischer et al., 2016).

Following the linking procedure, weighted mazimum likelihood estimates (WLE
estimators) were estimated (Pohl and Carstensen, 2012: p. 7). These WLE estima-
tors represent point estimates for “the most likely competence score for each single
person given the item responses of that person” (Pohl and Carstensen, 2012: p. 9).
In this study, the uncorrected WLE estimators are used. These estimators allow
examining skill development over time, “since differences in WLE scores can be in-
terpreted as developmental trajectories across measurement points” (Fischer et al.,
2016: p. 13). Hence, these WLE scores are suitable for longitudinal comparisons

(e. g. Schnittjer etal., 2020; van de Ham et al., 2018; Fischer et al., 2017).

B.2 Test reliability

Table B1: Test reliability estimates of IRT scaled tests (WLE) by cohorts and wave

Competence Domain ~ Cohort Wave Grade WLE reliability Source

Mathematics SC2 3 1 0.739 Schnittjer and Fischer, 2018
Mathematics SC2 4 2 0.787 Schnittjer and Gerken, 2018
Mathematics SC2 6 4 0.727 Schnittjer et al., 2020
Mathematics SC3 1 5 0.778 Duchhardt and Gerdes, 2012
Mathematics SC3 3 7 0.721 Schnittjer and Gerken, 2017
Mathematics SC3 5 9 0.812 van de Ham et al., 2018
Mathematics SC4 1 9 0.794 Duchhardt and Gerdes, 2013
Mathematics SC4 7 12 0.766 Fischer et al., 2017
Receptive Vocabulary SC2 3 1 0.87 Fischer and Durda, 2020
Receptive Vocabulary SC2 5 3 0.84 Fischer and Durda, 2020
Reading SC3 1 5 0.767 Pohl et al., 2012

Reading SC3 3 7 0.791 Krannich et al., 2017
Reading SC3 6 9 0.787 Scharl et al., 2017

Reading SC4 2 9 0.749 Haberkorn et al., 2012
Reading SC4 7 12 0.795 Gnambs et al., 2017
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Figure C1: Association between prior achievement and subsequent achievement growth
Note: Dotted line = linear prediction based on regression from achievement growth on achievement score. Source:

Source: NEPS SC2 (9.0.0), SC3 (11.0.1), SC4(12.0.0). Based on 50 pooled multiple-imputed datasets, author’s calcu-
lations.
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Figure C2: Association between prior achievement and subsequent achievement growth
Note: Dotted line = linear prediction based on regression from achievement growth on achievement score. Source:
Source: NEPS SC2 (9.0.0), SC3 (11.0.1), SC4(12.0.0). Based on complete cases only, author’s calculations.
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C.2.1 Interpretation of the control variables

With respect to gender, the following effects emerge. In the models in which prior achievement is
not taken into account (change score models), there are no gender differences in achievement growth
for both domains in lower and upper secondary school. In elementary school, there are no significant
differences in language skills for mathematics, but there is a significant advantage for girls. When
controlling for prior achievement (regressor-variable models), the expected differences between the
genders are found - especially in the secondary school cohorts - boys achieve significantly higher
gains in mathematics and girls in language skills. In primary school, no gender differences are found
in math achievement growth and small advantages for boys in vocabulary growth. These differences
between the institutional settings could be due to gender roles becoming more pronounced with
increasing age or due to the fact that especially in the higher grades of the lower secondary school
and in the upper secondary school, courses in German and mathematics with different levels of
requirements can be chosen.

Minority students show significantly lower language skill gains in primary school (in both change
score and regressor-variable models). In lower and upper secondary school, minority students do
not differ significanly in growth rates from majority students. For mathematics skill growth, once
controlled for prior achievement, nor differences between minority and majority in mathematics
skill development are evident in primary school. These differences become apparent in lower and
upper secondary school: majority students have higher mathematics skill growth than minority
students - given the same initial achievement.

For math skills, it is evident that the older the students were when first measured, the smaller
the gains in all three institutional settings. Negative effects are also found in language skills in all
three institutional settings, but these are only significant in primary school and upper secondary
school. The time between measurement points (months between individual measurements) only
has statistically significant positive effects on growth rates in primary school in both mathematic
skills and language skills.

Looking at the random effects (SD(school)) across all models shows that these are statistically
significantly different from 0 and that the school level can thus contribute to the elucidation of

growth differences.
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C.3 Additional multilevel results

SC2: primary school

SC3: lower secondary school

SC4: upper secondary school
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Figure C3: Prior achievement and SES and their interaction coefficients on achievement growth

(with 95% CI), by domain and student cohort

Note: Change score model (based on Equation 5; unconditional on prior achievement). Regressor variable model
(based on Equation 4; conditional on prior achievement). Source: Source: NEPS SC2 (9.0.0), SC3 (11.0.1),
SC4(12.0.0). Based on 50 multiple-imputed datasets, author’s calculations.
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Figure C4: Prior achievement and SES (measured using parental CASMIN) coefficients on
achievement growth (with 95% CI), by domain and student cohort

Note: Change score model (based on Equation 5; unconditional on prior achievement). Regressor variable model
(based on Equation 4; conditional on prior achievement). Low SES = CASMIN (la-c), middle SES = CASMIN

(2a-c) and high SES = CASMIN (3a+3b).

Source: Source: NEPS SC2 (9.0.0), SC3 (11.0.1), SC4(12.0.0). Based on 50 multiple-imputed datasets, author’s

calculations.
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SC2: primary school SC3: lower secondary school SC4: upper secondary school
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Figure C5: Prior achievement and SES (measured using z-standardized ISEI) coeflicients on
achievement growth (with 95% CI), by domain and student cohort

Note: Change score model (based on Equation 5; unconditional on prior achievement). Regressor variable model
(based on Equation 4; conditional on prior achievement). Source: Source: NEPS SC2 (9.0.0), SC3 (11.0.1),
SC4(12.0.0). Based on 50 multiple-imputed datasets, author’s calculations.
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Figure C6: Predective achievement growth (with 95% CI) in math over initial achievement using
linear and quartic growth specifications, by domain and student cohort

Predictive margins (fixed part only) are depicted. For the predictions all other model variables were kept at the
mean. Note: Values rang between higest and lowest observed data points in the data. The area within the verti-
cal lines indicate the central 98% of the observed data points. Source: Source: NEPS SC2 (9.0.0), SC3 (11.0.1),
SC4(12.0.0). Based on 50 multiple-imputed datasets, author’s calculations.
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Figure C7: Predective achievement growth (with 95% CI) in language skills over initial achieve-
ment using linear and quartic growth specifications, by domain and student cohort

Predictive margins (fixed part only) are depicted. For the predictions all other model variables were kept at the

mean. Note: Values rang between higest and lowest observed data points in the data. The area within the verti-
cal lines indicate the central 98% of the observed data points. Source: Source: NEPS SC2 (9.0.0), SC3 (11.0.1),

SC4(12.0.0). Based on 50 multiple-imputed datasets, author’s calculations.
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SC2: primary school SC3: lower secondary school

SC4: upper secondary school
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Figure C8: Prior achievement and SES coefficients on achievement growth (with 95% CI) using
different statistical models to account for the clustering of the data, by domain and student co-

hort

Note: Change score model (based on Equation 5; unconditional on prior achievement). Regressor variable model
(based on Equation 4; conditional on prior achievement). GEE models calculated using a gaussian link function
and exchangable within-cluster correlations (calculated using the xtgee Stata command; schools as clusters).

Source: Source: NEPS SC2 (9.0.0), SC3 (11.0.1), SC4(12.0.0). Based on 50 multiple-imputed datasets, author’s

calculations.
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D Robustness checks

I have conducted a number of robustness checks. In the following subsections, I briefly explain
why I conducted them, briefly describe my procedure, and present the results. As in the paper,
I present the models of the regressor-variable approach and, where appropriate, the change-score
approach. Finally, I have additionally estimated achievement growth using growth curve models
for the cohorts with three achievement scores available (see subsection D.5). Since this represents
a different statistical modeling approach than the one I use my paper, I present these results

separately.

D.1 Ceiling effects and measurement sensitivity

As one can see in Figure D2 — especially in cohorts SC3 and SC4 — there are some very good
students at the first achievement assessment who deteriorate considerably over time. This could be
an indication of ceiling effects or a lack of sensitivity of the achievement assessments in the extreme
ranges. Thus, the question arises whether the reported compensatory effects might be influenced
by the incorrect recording of the growth of the high achievers. To examine this, I grouped the
students into deciles based on their test scores and plotted the proportion of students who made
achievement gains (see Figures D1 and D2).

Following the argument of Kelly and Yu (2017, p. 356), a ceiling effect is present when “students
who "max out" the test at Time 1 have nowhere to go but down”. Accordingly, a large proportion
of high performing students should not be able to improve. This is not evident for the SC2 and SC3
starting cohorts. There, even among the best performing students, an majority can improve over
time. In SC4, for mathematics the majority of students also improve except for the best decile.
For reading, the majority of students also improve except for the top 40 percent. These results
suggest rather that the sensitivity of the tests is lower at the peripheries than that there are strong
ceiling effects (especially for SC2 and SC3). However, it is striking that the proportion of students
with achievement growth is considerably lower in all deciles of SC4 than in the other two cohorts.
I think two reasons may account for this pattern. First, many studies have been able to show that
achievement growth decreases with increasing age. The period examined in SC4 covers the ages
between 15 and 19. Second, this is a selective population with already very good performance
levels in the most demanding school track (Dollmann, 2016; Schneider, 2008). To check whether
the sensitivity of achievement tests affects my results, I estimated models in which I excluded the
part of the sample belonging to the best or worst 20 percent of the first achievement measurement

(see Tables D1 and D2).
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Figure D1: Share of positive achievement growth over time, by achievement decile and student

cohort for mathematics
Source: Source: NEPS SC2 (9.0.0), SC3 (11.0.1), SC4(12.0.0). Based on 50 multiple-imputed datasets, author’s
calculations.
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Figure D2: Share of positive achievement growth over time, by achievement decile and student

cohort for language skills
Source: Source: NEPS SC2 (9.0.0), SC3 (11.0.1), SC4(12.0.0). Based on 50 multiple-imputed datasets, author’s
calculations.
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D.2 Models without cases with imputed achievement growth

Since there is a considerable number of missing values in the dependent variable (see Tables C1
and C2), one could argue that the relationship between prior achievement and subsequent growth
might be biased by the imputed cases. Therefore, I re-estimated the models but without the cases
in which the dependent variable (achievement growth) was imputed. The results are presented in

Table D3 and Table D4.
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D.3 Conditioning on reasoning skills

Some scholars argue that it is necessary to control for intelligence in addition to prior achievement
(Murayama etal., 2013; Stienstra etal., 2020), especially if one is interested in SES effects in
achievement growth (Marks, 2014). In the paper, I have refrained from doing so because for some
cohorts the intelligence measures were not collected until after the first achievement measurement
and thus there could be problems with a causal interpretation. In the models in Table D5 and
Table D6, I have included reasoning skills as an additional explanatory variable. For information

on the intelligence measurements in the NEPS, see Fuf et al., 2016.
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D.4 Measurement error

The negative association between prior achievement and subsequent growth could be driven by
measurement error in prior achievement, which could subsequently lead to a “regression to the
mean” and thus bias SES group effects as well as the effects of prior achievement on subsequent
achievement growth (Allison, 1990; Kelly and Ye, 2017). This problem can be addressed in several
ways. Since we are concerned with biased results due to measurement error in prior achievement,
only regressor variable approach models (which control for prior achievement) are presented.

First, I used the test score rank (divided by number of students) instead of the absolute test
score of the first measurement (Betz, 2013). This is an adequate procedure if one can assume that
the measurement error distorts the absolute test scores but not the ranking within students. These
models are shown in Tables D7 and DS8.

Second, I used the test score rank of the first measurement (divided by 1,000) as an instrument
for the absolute test score of the first measurement (Betz, 2013; Feinstein, 2003). Unfortunately,
there is no achievement score in the data that would be a better instrument such as a mathematics
or reading achievement measurement from a measurement a few days earlier. Therefore, only
the achievement rank is available to me as an — admittedly weak — instrument. In a first
step, I regressed the absolute achievement on the achievement rank at the first measurement time
(see Equation 1). Then I predicted the absolute achievement for each student (i) (based on the
regression results) at the first measurement time (see Equation 2). In a second step, I included
this predicted absolute achievement as a predictor in my multilevel models (see Equation 3). The

results of the second-step regressions are shown in Tables D9 and D10.

Yio1 = vw+mYiar+r (1)

where

Y;_1 is the achievement score at the first measurement;

Y;_1p is the rank of the achievement score at the first measurement;
~ are the regression coeflicients;

r is the error term.

Yi1,ea, =% +Yio1r, (2)
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where

Yi-1,,.., is the predicted achievement score at the first measurement for student i based on
regression results from Eq. 1; v are the regression coefficients;

Y,_1g is the rank of the achievement score at the first measurement for student i.

Gij =Yy, =Y Y00 + Uoj + V10Yi—1,es; T YX0XKi5 + +7V20Z45 + Tij (3)

ij

where
G;j is the achievement growth btw. at first and last measurement for student i in school j;
Y}, is the achievement score at the last measurement for student i in school j;
Y;—1,, is the achievement score at the first measurement for student i in school j;
~ are the regression coefficients;
ug; ist the random intercept on the school level;
Yi—1,,.4:; is the predicted achievement score at the first measurement for student i in school j;
X is a vector for all the individual-level model variables;
Z is a vector for the federal states dummies;
r is the error term for student i in school j.
Third, following the approach of Jerrim and Vignoles (2013), I used the mean of the test scores
from the first two measurements to predict growth between the second and third measurements

(only for student cohorts with three measuremnt points). These models are shown in Tables D11

and D12.
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Table D7: Multilevel models predicting achievement growth in mathematics for three student
cohorts (achievement rank as predictor instead of absolute achievement)

Grades 14 Grades 5-9 Grades 9-12
Estimate Estimate Estimate Estimate
Social origin (ref: low SES)
Middle SES (0/1) 0.22%%% 0.07 0.10* 0.05
[0.15,0.20]  [-0.01,0.15]  [0.02,0.18] [-0.04,0.14]
High SES (0/1) 0.40%%* 0.17%% 0.22%%x 0.09
[0.33,047]  [0.08,0.26]  [0.14,0.31] [-0.00,0.18]
Achievement rank ¢t — 1 (c) -0.44%** -0.46%+* -0.41%%* -0.46%**
[-0.47,-0.41] [-0.50,-0.42] [-0.44,-0.37]  [-0.49,-0.43]
Girl (0/1) -0.00 0.15%FF (. 13% L0.27%%
[-0.05,0.05] [-0.21,-0.10] [-0.19,-0.08]  [-0.33,-0.21]
Minority student (0/1) -0.01 -0.08* -0.07 -0.08*
[-0.07,0.04] [-0.15-0.01] [-0.14,0.00]  [-0.15,-0.01]
Age first measure (in months) (c) -0.02%** -0.01* -0.01%** -0.01%**
[-0.03,-0.02] [-0.01,-0.00] [-0.02,-0.00]  [-0.02,-0.01]
Months btw. measurements (c) 0.05%** -0.02 0.02 -0.01
[0.03,0.08]  [-0.08,0.05] [-0.06,0.09] [-0.05,0.02]
School tracks (ref: Academic track)
Basic req. (0/1) -0.54%4%
[-0.68,-0.39]
Basic and extended req. (0/1) -0.42%**
[-0.60,-0.24]
Extended req. (0/1) -0.44%**
[-0.56,-0.33]
Comprehensive (0/1) -0.47H4%
-0.65,-0.29)
Intercept 2.48%** 1.70%%* 1.44%%* 0.66***
[2.33,2.64]  [1.481.92]  [1.18,1.70] [0.46,0.85]
SD(school) 0.18%** 0.17%%* 0.25%%* 0.09%**
[0.15,0.22]  [0.14,0.22]  [0.20,0.30] [0.05,0.15]
SD(school) 0.87#%* 0.80%** 0.80%** 0.80%**
[0.85,0.80]  [0.78,0.82]  [0.78,0.82] [0.78,0.82]
No. of students 6866 3461 3461 3946
No. of schools 374 171 171 137
No. of federal states 16 13 13 16

Note: Regressor-variable models only. 95% confidence intervals in brackets. (c) = Variables are mean centered.
Estimates based on 50 multiple-imputed datasets. Federal state fixed effects included (not shown for data protection

reasons). Source: NEPS SC2 (9.0.0), SC3 (11.0.1), SC4(12.0.0), author’s calculations.
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Table D8: Multilevel models predicting achievement growth in language skills for three student
cohorts (achievement rank as predictor instead of absolute achievement)

Grades 1-3 Grades 5-9 Grades 9-12
Estimate Estimate Estimate Estimate
Social origin (ref: low SES)
Middle SES (0/1) 0.10%%* 0.05 0.08 0.09*
[0.06,0.14]  [-0.04,0.14]  [-0.01,0.17] [0.00,0.17]
High SES (0/1) 0.19%%* 0.09 0.16%* 0.15%%*
[0.14,0.24]  [-0.01,0.18]  [0.06,0.25] [0.07,0.23]
Achievement rank ¢t — 1 (c) -0.13%** -0. 7108 -0.66%** -0.60%**
[-0.15,-0.11] [-0.75,-0.67] [-0.70-0.62]  [-0.63,-0.58]
Girl (0/1) -0.04* 0.09%* 0.10%* 0.06*
[-0.07,-0.00]  [0.03,0.16]  [0.04,0.17] [0.01,0.12]
Minority student (0/1) -0.13%** -0.07 -0.05 -0.04
[0.17,-0.00] [-0.15,0.02]  [-0.13,0.03] [-0.11,0.02]
Age first measure (in months) (c) -0.01** -0.00 -0.01 -0.01%**
-0.01,-0.00] [-0.01,0.00] [-0.01,0.00]  [-0.02,-0.01]
Months btw. measurements (c) 0.02** 0.00 0.01 0.02
[0.00,0.03]  [-0.05,0.06] [-0.06,0.08] [-0.02,0.06]
School tracks (ref: Academic track)
Basic req. (0/1) -0.76%+*
-0.91,-0.61]
Basic and extended req. (0/1) -0.50%***
[-0.69,-0.31]
Extended req. (0/1) -0.43%**
[-0.54,-0.32]
Comprehensive (0/1) -0.39%4*
-0.58,-0.21]
Intercept 1.08%** 1.59%** 1.35%** -0.17
[0.98,1.19]  [1.36,1.83]  [1.05,1.64] [-0.36,0.03]
SD(school) 0.11%%% 0.15%% 0.28%%% 0.11%%
[0.09,0.14]  [0.11,0.21]  [0.22,0.34] [0.08,0.16]
SD(student) 0.58%#* 0.86%** 0.867%** 0.76%%*
[0.56,0.59]  [0.84,0.89]  [0.84,0.89] 0.74,0.78]
No. of students 6865 3350 3350 3908
No. of schools 374 172 172 137
No. of federal states 16 13 13 16

Note: Regressor-variable models only. 95% confidence intervals in brackets. (c) = Variables are mean centered.
Estimates based on 50 multiple-imputed datasets. Federal state fixed effects included (not shown for data protection

reasons). Source: NEPS SC2 (9.0.0), SC3 (11.0.1), SC4(12.0.0), author’s calculations.
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Table D9: Multilevel models predicting achievement growth in mathematics for three student
cohorts (predicted achievement as predictor instead of absolute achievement)

Grades 1-4 Grades 5-9 Grades 9-12
Estimate Estimate Estimate Estimate
Equation 1: DV: Achievement t — 1
Achievement rank ¢t — 1 (c) 0.57 1.16 1.16 0.98
[0.57,058]  [1.151.17]  [1.15,1.17]  [0.97,0.99]
Intercept 1.68 0.10 0.10 1.03
[1.67,1.68]  [0.09,0.11]  [0.09,0.11]  [1.02,1.04]
Equation 2: DV: Achievement growth
Social origin (ref: low SES)
Middle SES (0/1) 0.22%%* 0.07 0.10%* 0.05
0.15,029]  [-0.01,0.15]  [0.02,0.18]  [-0.04,0.14]
High SES (0/1) 0.40%*** 0.17%%* 0.22%** 0.09
[0.33,0.47] [0.08,0.26] [0.14,0.31] [-0.00,0.18]
IV (predicted achievement ¢ — 1) -0.471%%* -0.42%** -0.37%** -0.42%**
[-0.43,-0.38] [-0.45,-0.38] [-0.40,-0.33]  [-0.45,-0.40]
Girl (0/1) -0.00 -0.16%%% -0.14%%% 0,275
[-0.05,0.05] [-0.21,-0.10] [-0.19,-0.08]  [-0.33,-0.21]
Minority student (0/1) -0.01 -0.08* -0.07 -0.08*
[-0.07,0.04] [-0.15-0.01] [-0.14,0.00]  [-0.15,-0.01]
Age first measure (in months) (c) -0.02%** -0.01* -0.01%** -0.07%**
[-0.03,-0.02] [-0.01,-0.00] [-0.02,-0.00]  [-0.02,-0.01]
Months btw. measurements (c) 0.05%** -0.02 0.02 -0.01
[0.03,0.08]  [-0.08,0.05] [-0.06,0.09] [-0.05,0.02]
School tracks (ref: Academic track)
Basic req. (0/1) -0.54%%%
[-0.68,-0.39)
Basic and extended req. (0/1) -0.42%%*
[-0.60,-0.24]
Extended req. (0/1) -0.44%4%
[-0.55,-0.33]
Comprehensive (0/1) -0.47H%%
[-0.65,-0.29)]
Intercept 3. 177K 1.74%%% 1.48%%* 1.09%%*
3.01,3.33]  [1.52,1.97]  [1.22,1.74]  [0.90,1.29)
SD(school) 0.18%F* 0.17%F% 0.25%%% 0.09%*
0.15,0.22]  [0.14,0.22]  [0.20,0.30]  [0.05,0.15]
SD(student) 0.87*** 0.80%** 0.80%** 0.80%**
[0.85,0.89] [0.78,0.82] [0.78,0.82] [0.78,0.82]
No. of students 6866 3461 3461 3946
No. of schools 374 171 171 137
No. of federal states 16 13 13 16

Note: Regressor-variable models only. 95% confidence intervals in brackets. (c) = Variables are mean centered.
Estimates based on 50 multiple-imputed datasets. Federal state fixed effects included (not shown for data protection
reasons). Source: NEPS SC2 (9.0.0), SC3 (11.0.1), SC4(12.0.0), author’s calculations.
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Table D10: Multilevel models predicting achievement growth in language skills for three student
cohorts (predicted achievement as predictor instead of absolute achievement)

Grades 1-4 Grades 5-9 Grades 9-12
Estimate Estimate Estimate Estimate
Equation 1: DV: Achievement t — 1
Achievement rank t — 1 (c) 0.42 1.30 1.30 0.92
[0.42,043]  [1.29,1.31]  [1.20,1.31]  [0.91,0.93]
Intercept 1.42 0.11 0.11 0.87
[1.41,1.42]  [0.10,0.12]  [0.10,0.12]  [0.86,0.87]
Equation 2: DV: Achievement growth
Social origin (ref: low SES)
Middle SES (0/1) 0.10%** 0.05 0.08 0.09*
[0.05,0.14]  [-0.04,0.14] [-0.01,0.17] [0.00,0.17]
High SES (0/1) 0.19%*** 0.09 0.16** 0.15%**
[0.14,0.24]  [-0.01,0.18]  [0.06,0.25] [0.07,0.23]
IV (predicted achievement t — 1) -0.16%** -0.59%4* -0.55%%% -0.60%**
[0.19,-0.14] [-0.62,-0.56] [-0.58,-0.52]  [-0.63,-0.58]
Girl (0/1) -0.04* 0.09%* 0.10%* 0.06*
[-0.07,-0.00]  [0.03,0.16] [0.04,0.17] [0.01,0.12]
Minority student (0/1) -0.13%** -0.07 -0.05 -0.04
[0.17,-0.09] [-0.15,0.02] [-0.13,0.03]  [-0.11,0.02]
Age first measure (in months) (c) -0.01%* -0.00 -0.01 -0.07%**
[-0.01,-0.00] [-0.01,0.00] [-0.01,0.00]  [-0.02,-0.01]
Months btw. measurements (c) 0.02** 0.00 0.01 0.02
[0.00,0.03]  [-0.05,0.06] [-0.06,0.08] [-0.02,0.06]
School tracks (ref: Academic track)
Basic req. (0/1) -0.76%**
[-0.91,-0.61]
Basic and extended req. (0/1) -0.50%**
[-0.69,-0.31]
Extended req. (0/1) -0.43%4%
[-0.54,-0.32]
Comprehensive (0/1) -0.39%%*
[-0.57,-0.21]
Intercept 1.32%** 1.66%** 1.41%%% 0.36%**
[1.21,1.43]  [1.42,1.90]  [1.11,1.70]  [0.16,0.56]
SD(school) 0119 0.15%%% 0.28%%* 0.11%F%%
0.09,0.14]  [0.11,0.21]  [0.22,0.34]  [0.08,0.16]
SD(student) 0.58%** 0.86*** 0.86%** 0.76%**
[0.56,0.59] [0.84,0.89] [0.84,0.89] [0.74,0.78]
No. of students 6865 3350 3350 3908
No. of schools 374 172 172 137
No. of federal states 16 13 13 16

Note: Regressor-variable models only. 95% confidence intervals in brackets. (c) = Variables are mean centered.
Estimates based on 50 multiple-imputed datasets. Federal state fixed effects included (not shown for data protection
reasons). Source: NEPS SC2 (9.0.0), SC3 (11.0.1), SC4(12.0.0), author’s calculations.
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Table D11: Multilevel models predicting achievement growth in mathematics for three student
cohorts (mean achievement as predictor)

Grades 2-4 Grades 7-9
Estimate Estimate Estimate
Social origin (ref: low SES)
Middle SES (0/1) 0.17%%% 0.03 0.05
[0.10,0.25]  [-0.05,0.12]  [-0.04,0.13]
High SES (0/1) 0.30%%* 0.06 0.10*
[0.22,0.37]  [-0.03,0.15]  [0.01,0.19]
Mean achievement first two measures — -0.31%** -0.327%%* -0.28%***
[-0.34,-0.29] [-0.36,-0.29] [-0.31,-0.25]
Girl (0/1) 0.11%%% -0.06 -0.04
[0.06,0.16]  [-0.12,0.00]  [-0.10,0.02]
Minority student (0/1) -0.02 -0.10%* -0.09*
[-0.07,0.04] [-0.18,-0.03] [-0.16,-0.02]
Months btw. measurements (c) 0.01 0.03 0.03
[-0.03,0.04]  [-0.02,0.07]  [-0.01,0.08|
Age second measure (in months) (c) -0.02%** -0.01%* -0.01%+*
[-0.03,-0.01]  [-0.01,-0.00] [-0.01,-0.00]
School tracks (ref: Academic track)
Basic req. (0/1) -0.31%%*
-0.45,-0.16]
Basic and extended req. (0/1) -0.31%**
[-0.49,-0.14]
Extended req. (0/1) -0.30%**
[-0.41,-0.19]
Comprehensive (0/1) -0.22*
-0.39,-0.05]
Intercept 2. 73¥** 0.96%** 0.78%**
[2.56,2.80]  [0.75,1.18]  [0.56,1.00]
SD(school) 0.17%%* 0.15%%* 0.18%**
[0.14,021]  [0.11,0.20]  [0.14,0.23]
SD(student) 0.87%%* 0,82 0.82%#*
[0.85,0.89]  [0.80,0.84]  [0.80,0.85]
No. of students 6866 3463 3463
No. of schools 374 171 171
No. of federal states 16 13 13

Note: Regressor-variable models only. 95% confidence intervals in brackets. (¢) = Variables
are mean centered. Estimates based on 50 multiple-imputed datasets. Federal state fixed
effects included (not shown for data protection reasons). Source: NEPS SC2 (9.0.0), SC3

(11.0.1), SC4(12.0.0), author’s calculations.
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Table D12: Multilevel models predicting achievement growth in language skills for three student

cohorts (mean acheievment as predictor)

Grades 7-9
Estimate Estimate
Social origin (ref: low SES)
Middle SES (0/1) 0.05 0.09
[-0.05,0.14] [-0.01,0.18]
High SES (0/1) 0.08 0.15%*
[-0.02,0.18] [0.05,0.25]
Mean achievement first two measures  -0.50%** -0.45%**
[-0.54,-0.46] [-0.48,-0.41]
Girl (0/1) -0.01 -0.01
[-0.08,0.06] [-0.08,0.06]
Minority student (0/1) -0.12%* -0.11*
[-0.21,-0.04] [-0.19,-0.02]
Age second measure (in months) (c) 0.00 -0.00
-0.01,0.01] -0.01,0.00]
Months btw. measurements (c) 0.01 0.02
[-0.03,0.06] [-0.03,0.06]
School tracks (ref: Academic track)
Basic req. (0/1) -0.52%%*
-0.67,-0.37]
Basic and extended req. (0/1) -0.38***
[-0.57,-0.20]
Extended req. (0/1) -0.25%**
[-0.35,-0.14]
Comprehensive (0/1) -0.31%4%
[-0.48,-0.14]
Intercept 0.97*** 0.76***
[0.74,1.21] [0.53,1.00]
SD(school) 0.17%%* 0.15%%*
[0.06,0.19] [0.10,0.22]
SD(student) 0.95%#* 0.95%%*
0.92,0.97] [0.93,0.98]
No. of students 3350 3350
No. of schools 172 172
No. of federal states 13 13

Note: Regressor-variable models only. 95% confidence intervals in brackets. (¢) = Variables
are mean centered. Estimates based on 50 multiple-imputed datasets. Federal state fixed
effects included (not shown for data protection reasons). Source: NEPS SC2 (9.0.0), SC3

(11.0.1), SC4(12.0.0), author’s calculations.
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D.5 Growth curve models

To estimate linear growth using growth curve models, at least three measurement time points are
needed (King etal., 2018; Raudenbush and Bryk, 2003). Since three measurement time points
are not available for all three cohorts, I have refrained from estimating growth curve models in
the paper. For cohorts SC2 (only mathematics) and SC3, for which three achievement test score
measurements are available, I was able to estimate growth curve models. I estimated these growth
curve models in a fixed effect framework (Allison, 2009).

I have estimated fixed effect growth curves because these models keep all unobserved individual
factors fixed. Furthermore, with these models it is possible to estimate group differences with a
limited number of additional parameters. Since I am interested in differences in time-constant
group variables (high vs. low performing students at first measurement point and high vs. low
SES), I estimated rather simple models (see Table D13).

I used three SES groups (low, middle, high), the first achievement measure, the time variable
(time since first measurement in years) and interactions between time and SES and time and
achievement is included. Model 1 (M1) contains the interaction between time and SES. Model 2
(M2) contains the interaction between time and prior achievement. Model 3 (M3) contains both
interactions to account for the possible path-dependent cumulative advantage. Based on Model
3, I calculated the predicted effects (Klein, 2014) of SES and prior achievement over the entire
observation period in order to compare these effects with the effects presented in the paper.

In general, these models confirm the results presented in the paper: SES gaps remain largely
constant, once controlled for prior achievement SES gaps grow, and formerly lower performing

students are able to close the gap slightly to high performing students.
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E Data sets and replication material

The datasets used in this study (without federal state information) can be downloaded after signing
a data usage agreement.

NEPS SC2: dx.doi.org/10.5157/NEPS:SC2:9.0.0

NEPS SC3: dx.doi.org/10.5157/NEPS:SC3:11.0.1

NEPS SC4: dx.doi.org/10.5157/NEPS:SC4:12.0.0

The Stata-code for this article is available in the Additional Online Material.

If you want to replicate my results, you need access to the RemoteNEPS environment. All analyses
were run in the RemoteNEPS environment. Before you can access this environment you need to
sign a data usage contract and the RemoteNEPS Supplemental Agreement. https://www.neps-
data.de/Data-Center /Data-Access/RemoteNEPS
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