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METHODOLOGICAL STUDIES
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Educational Achievement Using Linked Swedish
Administrative Data
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ABSTRACT
While the family is a critical determinant of educational achievement,
methodological difficulties and the availability of data limit estima-
tion of the family contribution in school effectiveness models. This
study uses multilevel modeling to estimate the proportion of vari-
ation in student educational achievement between families, family-
level intraclass correlation coefficients, and specific family structure
effects (family size, birth order, birth spacing, sibling sex ratio). We
use cross-classified random effects to account for school and neigh-
borhood variation. We analyze Swedish administrative education
records linked with birth records for four academic cohorts of stu-
dents, with siblings identified from a wider pool of 21 cohorts. We
show that almost half of the variation in student achievement
described as “between students” in traditional school effectiveness
studies would be better described as variation “between families,”
suggesting effectiveness research might give greater consideration
to family-based interventions in tandem with existing student- and
school-based approaches to raising low achievement.
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Introduction

When studying the factors associated with student educational achievement, it is
important to model the different contexts in which children are educated and raised,
such as schools, families, and neighborhoods. Early school effectiveness research natur-
ally focused on the influence of schools (Goldstein, 2011; Teddlie & Reynolds, 2000).
Typical studies would fit two-level multilevel models (i.e., hierarchical linear, mixed-
effects or random effects models; Bryk & Raudenbush, 2002; Goldstein, 2011; Snijders &
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Bosker, 2012) to partition the variation in achievement into variation between schools
and variation between students (Aitkin & Longford, 1986; Goldstein, 1997; Raudenbush
& Willms, 1995). Studies using these approaches often refer to the between-school vari-
ation in achievement as that part “explained by schools” or “attributable to schools”;
however, we avoid such language here due to the risk of implying causal effects, the lim-
itations to causal interpretations are explained further in Section “Model Assumptions”.

Many extensions to school effectiveness models have been developed, including modi-
fications to study additional sources of variation in student achievement. These include
three-level models to account for the location of schools within school districts or other
geographic regions (Gandhi et al., 2018), teachers (Nye et al., 2004), and academic
cohorts within schools (Willms & Raudenbush, 1989), and cross-classified models to
account for the neighborhoods within which students reside (Garner & Raudenbush,
1991; Leckie, 2009; Raudenbush, 1993). The family is another important source of vari-
ation in student achievement and potential level at which effectiveness researchers might
intervene to raise student achievement.

Educational effectiveness studies attempting to quantify the effects of an intervention
may adjust for family characteristics such as household socioeconomic status or parent
education measures. However, the measures available are limited by the data collection,
and these may not encapsulate all relevant factors, particularly for more complex inter-
ventions or interventions with more diverse outcomes. Modeling the between-family
variation captures a broad holistic conceptualization of family variation, but as for
schools, this should not be interpreted as all the variation “explained” by families.

Including between-family effects in the modeling can be combined with specific fam-
ily-level measures such as family structure or socioeconomic status to quantify the pro-
portion of between-family variation accounted for by observed family characteristics.
Further, where interventions are targeted directly at the family level, such as conditional
cash transfers (Berg et al., 2013), one can directly ascertain the degree to which this
reduces variability between-families. This is especially important when family-level inter-
ventions are related to school contexts, such as improving teacher-parent communica-
tion (Kraft & Dougherty, 2013), since isolating the between-family vs. between school/
classroom effects allows a clearer insight into in which domain the intervention is oper-
ating. Where interventions directly overlap between clusters, such as those aimed at
schools and families, a multilevel approach can simultaneously accommodate multiple
types of clusters and the characteristics of each of these clusters (Kelcey et al., 2020;
Stallasch et al., 2021). Finally, modeling the between-family variation also acknowledges
family-level residual clustering; this is important when the aim is to make inferences
about family-level interventions and characteristics as these would otherwise be esti-
mated with spurious precision (Type I errors of inference).

Though studies commonly adjust for observed family characteristics such as socioeco-
nomic status on achievement or the proportion of variance in achievement that is
between families, there are few which have been able to simultaneously study the role of
school and families in their analyses (Downey & Condron, 2016). A notable exception is
Rasbash et al. (2010), who study the relative importance of families as a source of vari-
ation in student end-of-compulsory-schooling General Certificate of Secondary
Education (GCSE; age 16) examination scores in England in 2007. However, they were
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only able to identify twin families: students were assumed to be twins if they shared the
same date of birth and postal address; they were not able to identify other family types.
Thus, their reported finding that 40% of the variation in student progress during sec-
ondary schooling lies between families might be considered as an “upper bound” as to
the importance of families in their study. The current paper aims to estimate the role of
families in models of student achievement and school effectiveness using richer Swedish
data, which allows a broader identification of families. We analyze administrative data
on four consecutive academic cohorts (2006–2009) of secondary school students in
Sweden as they reach the end of compulsory schooling (age 16). The data include infor-
mation on student achievement, schools attended, and neighborhoods of domicile. The
data also report the genetic relations between students allowing us to identify not just
twin families but families comprised of full and half-siblings. We carry out three sets of
analyses on these data. First, we apply a restricted definition of families as twin pairs
similar to Rasbash et al. (2010). Second, we apply the broader definition of families
made possible by the current data. We then contrast these two sets of results to demon-
strate how decisions regarding the definition and operationalization of families in school
effectiveness models can lead to substantively very different conclusions as to the rela-
tive importance of families in modeling student achievement. We also present school-,
family-, and neighborhood-level intraclass correlations coefficients (ICCs) to facilitate
comparisons to studies reporting correlation-based approaches and inform statistical
power calculations for experiments, especially those that randomize families. Third, we
explore the associations between student achievement and four measures of family
structure: family size, birth order, birth spacing, and sibling sex composition.

Background: Literature and Conceptual Framework for Understanding
Family Effects on Student Achievement

Conceptual Framework for Evaluating the Effect of Clustering on Student
Achievement

There has been a move to introduce market forces in education to induce competition
between schools to improve student outcomes in many countries. In Sweden, this process
began in the 1990s, including decentralizing school finance, a voucher system to enable par-
ental choice, and funding private schools (Bj€orklund et al., 2003). In response to these policy
changes, there is a demand to understand how attempts at increasing overall student
achievement have also driven inequality of opportunity. Therefore, it is of increasing policy
relevance to model the variation in achievement associated with the characteristics and
groupings of each child, including the variation in achievement that lies between families
(B€ohlmark & Holmlund, 2011; Holmlund et al., 2014; Skolverket, 2018).

Drivers of variation in achievement between children may stem from early differences
in genetic endowments and the characteristics of pre-natal and neo-natal environments
(Bj€orklund & J€antti, 2012). As children develop, the characteristics of early home envi-
ronments, including the resources available through measures such as household
income, will continue to impact their future achievement through mechanisms such as
the number of books in the home (Bj€orklund et al., 2003). The capacity of parents to
support a child’s education will, in turn, be related to their own education and softer
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measures such as their motivation and commitment to education manifested through
actions such as time spent reading to children (Holmlund et al., 2014). Aspects of
household composition also contribute to variation in achievement, including the num-
ber and age profile of siblings who may provide academic support or the presence of
older household members such as grandparents who may provide childcare (Skolverket,
2018). Wider environments such as the neighborhoods in which a child lives may dir-
ectly influence cognition or sleep through pollution and noise, or provide access to add-
itional educational resources such as libraries and green spaces (Lindahl, 2011). Schools
directly affect achievement through resources and teacher quality, in addition to exogen-
ous characteristics such as the ability of peers (B€ohlmark & Holmlund, 2011).

A natural approach to studying the importance of families in studies of student and school
achievement is to specify a model which includes as many of these family-level characteris-
tics as possible (as well as measures of the child, their environments, and schools). However,
sound interpretation of the conditional estimates requires (i) a more nuanced selection of
the measures to include or omit; (ii) a recognition of the effect of the many characteristics
that are not (or cannot) be measured; and (iii) the assumptions of how these characteristics
interact. This paper provides an important starting point for this type of analysis by provid-
ing estimates of the overall importance of family units in modeling variance in student
achievement. Therefore, our primary focus is on estimating and partitioning variance at the
family level rather than causal attribution of a family effect per se.

Evaluating How Family Units Are Associated With Student Achievement

Though school effects are of principal interest in school effectiveness research, the
importance of other social contexts such as the neighborhoods in which students live
are increasingly being recognized. We propose that family effects, typically argued to
represent a combination of genetic and family environmental factors, should also be
accounted for by school effectiveness researchers. While researchers frequently adjust
for specific family characteristics such as socioeconomic status in their models (e.g.,
Leckie & Goldstein, 2009), this approach does not lead to a measure of the unexplained
variation in the outcome, which is common to all siblings in a family regardless of the
underlying factors causing the differences. Estimating the overall proportion of variance
that is between families may provide useful evidence for triallists and policymakers in
understanding how to raise achievement. By extending standard school effectiveness
models to include a family random effect as well as the usual school random effect, we
can attempt to quantify the relative importance of families as a general source of vari-
ation in student achievement (Rasbash et al., 2010).

An early approach for identifying the importance of families was to simply estimate
correlations between children within a family (Hauser & Featherman, 1976), and there-
fore typically the same school and neighborhood, and then contrast these with estimated
correlations between unrelated children from the same school or neighborhood. For
example, Solon et al. (2000) use the US Panel Study of Income Dynamics to compare
individuals in terms of years of schooling. They find a sibling correlation of 0.5 (same
family and same neighborhood) and a neighbor correlation of 0.2 (different families,
but same neighborhood) and attribute the difference between these correlations to the
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family: families account for 30% of the variation in years of schooling. This approach
can be extended when the sibling type (full sibling, half-sibling, twin) is known, allowing
one to identify how the sibling correlation strengthens as a function of genetic related-
ness (Koeppen-Schomerus et al., 2003). This approach can also be reformulated as a
multilevel model, with a random effect for each set of siblings within the same family
with the same type of genetic relatedness (Guo & Wang, 2002; Lindahl, 2011;
Mazumder, 2008; Nicoletti & Rabe, 2013), though these are restrictive in terms of
accounting for other contexts and estimating the overall family effect. One can use a
more conventional definition of family within a multilevel model to identify an overall
family effect (Bu, 2014), and Rabe-Hesketh et al. (2008) extend this approach to explore
broader definitions of family, modeling siblings as nested within “immediate families”
and within “wider families” and thereby allowing for correlated outcomes
between cousins.

Evaluating How Family Variables Are Associated With Student Achievement

Having established the relative importance of families as a general source of variation
in student achievement, attention might then shift to exploring how specific family
characteristics account for the within- and between-family variation in student
achievement. These include socioeconomic status (e.g., the number of books in the
household, parental education, occupation, or income), demographic factors (e.g.,
mother’s age at birth), and social factors (e.g., marital status or whether both parents
are living in the household) (Bj€orklund et al., 2010; Bredtmann & Smith, 2018;
Eriksson et al., 2016). In this study, we focus on family characteristics relating to the
structure of the family. We focus on four aspects of family structure available in our
Swedish administrative data: family size, birth order, birth spacing, and sibling sex
composition.

Family size is hypothesized to operate on student achievement in several ways. The
“resource dilution model” (Blake, 1981) describes how diminishing resources are shared
across increasing numbers of children in larger families, leading to a tradeoff between
the quantity of children and quality of child outcomes. The “confluence model” (Zajonc
& Bargh, 1980) describes how patterns of socialization, and consequently cognitive
development, are negatively influenced by increasing family size. Family size is also
related to other demographic processes, including increasing postponement of childbear-
ing and consequently smaller families associated with higher levels of education among
mothers and better outcomes for children (Joshi, 2002; Kneale & Joshi, 2008). Empirical
studies have tended to show a negative association between family size and educational
achievement (Dundas et al., 2014; Iacovou, 2008; Kuo & Hauser, 1997).

Birth order operates as an individual-level family structure variable (as opposed to
family-level structure variables, which apply equally across the whole sibship). Birth
order can provide an indicator of the context of the individual child within the family
and has been hypothesized to signal differences in the range and type of resources that
may be allocated (Booth & Kee, 2009). Birth order may also indicate potential individual
characteristics, as hypothesized in optimal stopping theory, where parents may stop hav-
ing children after a difficult child (Lundberg & Svaleryd, 2017). In researching birth
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order effects, early empirical studies simply compared individuals with differing birth
orders across families, confounding within- and between-family effects of birth order on
the studied outcomes. This is problematic since children of higher birth orders are, on
average, from larger and worse-off families in terms of unobserved characteristics associ-
ated with individual outcomes. This was formalized as the “admixture” hypothesis (Page
& Grandon, 1979) and is contrasted with the confluence and resource dilution models
(Sandberg & Rafail, 2014). Studies that successfully differentiate the within- and
between-family effects of birth order show the within effect to be smaller, but still nega-
tive (Booth & Kee, 2009; Iacovou, 2008)or no longer significant at all (Rodgers et al.,
2000; Wichman et al., 2006). Such approaches have rarely been applied to the Swedish
data, an exception being Lindquist et al. (2016), who use this approach for modeling
entrepreneurship, contrasting outcomes for firstborn children with other birth orders.

Birth spacing is typically characterized by age differences between sibling pairs (as this
is the unit for comparison through correlation) rather than the spacing across all sib-
lings within a family. The mechanisms through which birth spacing influences educa-
tional achievement overlap with those discussed for family size. Zajonc (1976) suggests
that wider birth spacing leads to less resource dilution. Alternatively, there may also be
positive complementarities associated with closer birth spacing, such as greater econo-
mies of scale (Buckles & Munnich, 2012; Pettersson-Lidbom & Skogman Thoursie,
2009; Zajonc, 1976) and lower opportunity costs for mothers (e.g., less time out of the
labor market).

Sibling sex composition is typically concerned with the family proportion of male sib-
lings or the presence of a male sibling within the sibship. Empirical studies for student
achievement have found positive effects of having male siblings on girls’ educational
achievement (Bound et al., 1986; Butcher & Case, 1994). In addition, families with a
male child are more likely to consider saving for all their children’s college education;
thus, having a male sibling increases the chances of a female getting financial support
for further education (Powell & Steelman, 1989). However, this mechanism has likely
declined in salience in recent decades with the shift to greater gender equality.

Data

We analyze Swedish student administrative data on four academic cohorts of children
who finished compulsory schooling (age 16) in Sweden between 2006 and 2009. The
sample consists of 357,459 students nested in 1,298 secondary schools, 5,998 neighbor-
hoods (defined at the small area market statistics level), and 301,090 families (defined
below), of which 53,754 families have more than one child in the dataset between 2006
and 2009. Table 1 reports descriptive statistics for this sample.

Our measure of student achievement is based on national tests taken at the end of
compulsory schooling across a wide range of subjects. A score of 0, 10, 15, or 20 is
awarded for each subject. Scores are then summed across the student’s best 16 subjects
to produce a total achievement score (0–320 points). We cannot adjust for the number
of subjects (capped at 16) or different subject choices; however, we note that such aver-
ages are commonly used to proxy achievement in academic research and policy evalu-
ation (Department for Education, 2019; Goldstein, 1997).
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We define families to be children with the same biological mother. Thus, siblings in
our families include not just twins but full siblings and maternal half-siblings, based on
the assumption that children are most likely to remain with their mother should their
parents separate. Among our sample, 44% of children are from one-child families, 32%
from two-child families, and 21% from larger families (three or more children). This
compares with OECD estimates of 39%, 46%, and 15% for Sweden using data from
2015 (OECD, 2016). We note that Sweden’s demographics are comparable to other
countries, with figures of 44%, 40%, and 16% for the UK, 42%, 36%, and 22% for the
US, and 45%, 39%, and 16% for all OECD countries. Likewise, while school systems dif-
fer between countries, those of Sweden, the UK, and the US are broadly comparable,

Table 1. Descriptive statistics for child and family characteristics.
Student (n¼ 357,459)

Child-level continuous variables Mean SD

Student achievement (standardized)a 0.293 0.979
Age within year in months (centered on July) 0.759 3.344

Child-level categorical variables Count Percent

Female 174,240 48.7
Immigrant status: Swedish (no recent immigration history) 340,156 95.2
Immigrant status: 1st generation (child born outside Nordic countries) 12,639 3.6
Immigrant status: 2nd generation (at least 1 parent born outside Nordic countries) 4,610 1.3
Cohort: finish compulsory schooling in 2006 92,880 26.0
Cohort: finish compulsory schooling in 2007 91,182 25.5
Cohort: finish compulsory schooling in 2008 89,072 24.9
Cohort: finish compulsory schooling in 2009 84,325 23.6

Family structure variables (N ¼ child) Count Percent

Birth order: 1st born child 150,693 42.2
Birth order: 2nd born child 127,618 35.7
Birth order: 3rd born child 55,468 15.5
Birth order: 4th born child 16,569 4.6
Birth order: 5th born child 4,650 1.3
Birth order: 6th (or more) born child 2,461 0.7
Family size: Children from a 1-child family 22,531 6.3
Family size: Children from a 2-child family 157,876 44.2
Family size: Children from a 3-child family 114,471 32.0
Family size: Children from a 4-child family 41,161 11.5
Family size: Children from a 5-child family 13,261 3.7
Family size: Children from a 6 (or more) child family 8,159 2.3
Birth spacing: Child from family with zero spacing 25,006 7.0
Birth spacing: Child from close-spaced family (1–24months) 46,002 12.9
Birth spacing: Child from wide-spaced family (>24months) 286,451 80.1
Child from mixed-gender sibships 222,132 62.1

Family (n¼ 301,980)

Family structure variables (N ¼ families) Count Percent

Family size: Number of 1 child families 22,531 7.5
Family size: Number of 2 child families 135,846 45.0
Family size: Number of 3 child families 94,488 31.3
Family size: Number of 4 child families 32,754 10.8
Family size: Number of 5 child families 10,312 3.4
Family size: Number of 6 (or more) child families 6,049 3.4
Birth spacing: Number of families with zero spacing 23,780 7.9
Birth spacing: Number of families with close spacing (1–24months) 33,117 11.0
Birth spacing: Number of families with wide spacing (>24months) 245,083 81.1
Number of families with mixed-gender sibships 184,116 61.0

Note. aStudent achievement is standardized to have zero mean and variance of one.
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with similar scores on the equality of opportunity (the index of student economic,
social, and cultural status) calculated using PISA data (Benito et al., 2014).

Having defined the families in the data, we then derive the four measures of family
structure from the sample data: family size, birth order, birth spacing, and sibling sex
composition. These family-level measures are defined using not just the four analysis
cohorts (2006–2009) but additionally 17 earlier cohorts (1988–2005). We do this to cap-
ture as accurately as possible the family structure relevant to the analysis cohorts.

Family size refers to the number of children per family, including maternal half-
siblings. This is an important control for identifying the effect of birth order (since birth
order is constrained by family size) to the extent that some studies estimate birth order
regressions separately for each family size (e.g., Black et al., 2011). However, we estimate
a single model with both birth order and family size entered as covariates for simplicity.
Both family size and birth order can be entered as continuous variables (e.g., Kanazawa,
2012) and interpreted as linear effects. However, we specify both family size and birth
order as categorical variables ranging from first/one child categories to sixth/six child
categories as the highest category to allow for potential non-linearity of effects. We note
that it would be possible to include interactions between family size and birth order to
explore non-additivity of effects (Wichman et al., 2006), but we do not pursue this here
for simplicity.

Birth order refers to the order a child is born accounting for siblings across all 21
cohorts of data (1988–2009). We allow ties in ranking, and so, for example, a pair of
firstborn twins would both be assigned a birth order of one, and a subsequent sibling
would be assigned a birth order of three. Birth order is also entered as a categorical
variable, where we specify firstborn children as the reference category.

Birth spacing is defined as the difference between the first and last birth date within
the family. We do not enter this into our models as a continuous measure because there
is a discontinuity between families with zero spacing (singleton, twin, or triplet only
families) and nine months (families with siblings from multiple pregnancies).
Furthermore, the effect beyond nine months is likely to be non-linear. Instead, we fol-
low Powell and Steelman (1993) in using 2 years as the threshold between “close” and
“wide” spacing. We thus have a three-category measure of family spacing, with zero
spacing as the reference category, spacing of 2 years or less (but greater than zero), and
spacing of more than 2 years.

Sibling sex composition is operationalized as a dichotomous variable for mixed-gender
families compared with single-sex families (Bu, 2014).

We observe several other student-level characteristics, including gender, date of birth,
and immigration history. We use the date of birth to construct each student’s “age within
an academic year.” We measure this variable in months and center it on the middle of the
academic year. . Immigration history distinguishes children as first-generation immigrants
(child born outside Nordic countries), second-generation immigrants (one or both parents
born outside Nordic countries), or Swedish (no recent immigration history).

A particularly important variable not available in these data was student prior achieve-
ment when they entered their secondary schools. Therefore, our models are potentially inad-
equate with respect to adjusting for school differences in the academic composition of
students (Goldstein, 1997), a point that we shall return to in the discussion. Though we
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cannot investigate the impact of omitting this variable in our analyses of the Swedish data, in
our supplementary materials we explore the impact of accounting for prior achievement on
the estimates of between-family variance through exploring data on English students and
recreating models analogous to Rasbash et al. (2010) that do and do not account for prior
achievement.

Methods

In this section, we describe what shall refer to as the “single-cohort twins” approach
and contrast it with the preferred “multiple-cohort siblings” approach. For each
approach, we present four models of student achievement of increasing complexity to
highlight the contribution of schools, families, and person- and family-level
characteristics.

Single-Cohort Twins Approach Models

The “single-cohort twins” approach uses the twins-based definition of family employed
by Rasbash et al. (2010). Let yi j, k, lð Þ denote the achievement of student i (i ¼ 1, . . . ,N)
in school j (j ¼ 1, . . . , J) in family k (k ¼ 1, . . . ,K), and neighborhood l (l ¼ 1, . . . , L).
Let dk denote a dummy variable for whether family k is a twin-family. Note that while
students are separately nested within schools, families, and neighborhoods, the three
contexts are crossed-classified with one another (Leckie, 2013; Stephen W Raudenbush
& Bryk, 2002), for example, not all children from the same neighborhood attend the
same school and vice versa.

Model 1.1 is a two-level students-within-schools model. The model can be written as

yi ¼ b0 þ b1dk þ sj þ ei, (1.1)

where sj and ei denote the school and student random effects respectively; each assumed
normally distributed with zero means and constant variances, sj � N 0,r2

s

� �
and ei �

N 0,r2
e

� �
respectively.

Model 1.2 is a two-level students-within-families model. The model can be written as

yi ¼ b0 þ b1dk þ f k þ eið Þdk þ ui 1� dkð Þ, (1.2)

where fk and ei denote the family and student random effects for twin-families and ui
denotes the single combined family and individual random effect for singletons. The
random effects are assumed normally distributed with zero means and constant varian-
ces, fk � N 0,r2

f

� �
and ei � N 0,r2

e

� �
and ui � N 0,r2

u

� �
respectively.

Model 1.3 is a three-way school-by-family-by-neighborhood cross-classified model
which incorporates the school and family random effects of the previous two models
and additionally adjusts for neighborhood. The model can be written as

yi ¼ b0 þ b1dk þ sj þ nl þ f k þ eið Þdk þ ui 1� dkð Þ, (1.3)

where nl denote the neighborhood random effects, nl � N 0,r2
n

� �
, and all other terms

are defined as before.
Finally, model 1.4 extends model 1.3 by including additional covariates such as stu-

dent age and gender. The model can be written as
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yi ¼ b0 þ b1dk þ x
0
icþ sj þ nl þ f k þ eið Þdk þ ui 1� dkð Þ, (1.4)

where xi denotes the vector of additional covariates and c the associated vector of
regression coefficients.

Multiple-Cohort Siblings Approach Models

We observe four cohorts of students in the Swedish data and can identify families with
siblings as well as twins. We, therefore, adjust models 1.1, 1.2, 1.3, and 1.4 to account
for the features of our data. We denote the resulting models: 2.1, 2.2, 2.3, and 2.4.
Specifically, we include cohort dummy variables in each of these new models to allow
for any change in average student achievement over time. We also remove the twin
dummy variable from the models to shift the focus to families in general, rather than
just twin-families.

Model 2.1 (c.f., model 1.1), the two-level students-within-schools model, is written as

yi ¼ b0 þ b12007i þ b22008i þ b32009i þ sj þ ei, (2.1)

where 2007i, 2008i and 2009i denote year dummies, with 2006 being the omit-
ted category.

Model 2.2 (c.f., model 1.2), the two-level students-within-families model, is written as

yi ¼ b0 þ b12007i þ b22008i þ b32009i þ f k þ ei, (2.2)

where we now make no distinction between twin-families and other families.
Model 2.3 (c.f., model 1.3) combines the students-within-schools and students-within-

families models and additionally adjusts for neighborhood influences.

yi ¼ b0 þ b12007i þ b22008i þ b32009i þ sj þ nl þ f k þ ei, (2.3)

Model 2.4 (c.f., model 1.4) extends model 2.3 by adding in additional covariates xi:

yi ¼ b0 þ b12007i þ b22008i þ b32009i þ x
0
icþ sj þ nl þ f k þ ei, (2.4)

In addition to the covariates for model 1.4 described above, model 2.4 includes immi-
grant status, family size, birth order, birth spacing, and sibling sex composition.

Estimation

We fit all models using the Markov chain Monte Carlo (MCMC) computational proced-
ure as implemented in the MLwiN software (Browne, 2020; Charlton et al., 2020). We
use MCMC as maximum likelihood estimation proved computationally prohibitive given
the cross-classified nature of the multilevel models combined with the size of the data.
We call MLwiN from within Stata (StataCorp, 2021) using the runmlwin command
(Leckie & Charlton, 2012). Starting values for all parameters are obtained from simpler
models estimated using maximum likelihood estimation (Goldstein, 1986) again in
MLwiN. We specify minimally informative (diffuse, vague, or flat) priors for all parame-
ters. We use the MLwiN default inverse gamma priors for the variance components.
We note that results are somewhat sensitive to the choice of priors, with uniform priors
tending to give slightly larger variance estimates than the default priors. As expected, this
is more pronounced for the family variance component because the family clusters are
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small (Browne & Draper, 2006). We estimate the twins approach models with a burn-in of
50,000 iterations and a monitoring chain of 500,000 iterations, and the siblings approach
models with a burn-in of 500 iterations and a monitoring chain of 5,000 iterations. The
extreme definition of families in the “twin-family” models required the MCMC sampler to
be run for considerably longer than would typically be the case (see Rasbash et al. (2010)
for further discussion). Visual assessments of the parameter chains and standard MCMC
convergence diagnostics suggest that these periods are sufficiently long to generate robust
parameter summaries. The effective sample size for each parameter chain exceeded 250.
Annotated code for the models is provided in the supplementary materials.

When we report the results, we present the means and standard deviations (SDs) of
the parameter chains for each parameter. These quantities are analogous to parameter
estimates and standard errors obtained in frequentist analyses. We use the Bayesian
deviance information criterion (DIC) to compare model fit (Spiegelhalter et al., 2002).
Smaller DIC values are preferable, and a reduction of five or more points between mod-
els is considered substantial (Lunn et al., 2012).

Model Assumptions

Like all regression models, multilevel models make particular assumptions that must be
borne in mind when interpreting the results. Especially relevant to our work, multilevel
models assume the cluster random effects and covariates are independent (e.g., school
effects are independent of control variables such as prior achievement), that the clusters
random effects are independent within each level (e.g., the effect of one school is inde-
pendent of the effect of neighboring schools), and that the cluster random effects are
independent across levels (e.g., school effects are independent of the effects of the neigh-
borhood in which the child lives).

The assumption of independence between cluster random effects and covariates is per-
haps the most important. With respect to school clustering for example, more effective
schools may attract more motivated students; thus, while we might see a large school effect
due to good school practice, some element of this effect will potentially reflect selection of
more motivated students into more effective schools (Castellano et al., 2014; Raudenbush &
Willms, 1995). To the extent to which this is true, the estimated school effects represent a
mix of selection (composition and contextual) as well as causal effects (policy and practice)
of schools. Likewise, families with higher incomes tend to have children with other advan-
tages. The estimated family effects will be composed partly of the causal effects of family
practice, but also factors correlated with household income. In both examples above the
selection is positive, making it likely the cluster effects are overstated, reflecting a confound-
ing of causal cluster effects and selection effects. It is also possible for the selection to run in
the other direction, for example, low-performing schools would typically attract additional
funding, which one would typically expect to be positively correlated with achievement.

The assumption of independence across clusters is also a potential concern. We might
reasonably expect sorting of families into schools and neighborhoods, and this sorting is
likely to have a common direction, i.e., where we define “better” as a propensity for higher
achievement, then “better” families prefer to live in “better” neighborhoods close to “better”
schools. For interpretation, we therefore make statements as to the variation in school means
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versus the variation in neighborhood means, where these means again represent complex
mixtures of selection and causal effects that cannot be separated. With multiple clusters, we
must take care with which covariates to include, and their interpretation. A relevant example
for this study is controlling for prior achievement. When estimating school effects alone, it is
common to control for prior achievement so that we estimate student progress while attend-
ing the school. However, in a model which also includes family clustering, which would
have directly impacted on prior achievement, we could remove some of the family input
which we would have hoped to attribute to the family unit.

Despite these difficulties in satisfying the model’s assumptions, this analysis remains
important for evaluating interventions. In the present paper, the primary focus is on
estimating and partitioning variance in student achievement at the family level rather
than causal attribution of a family effect per se. That is, our results are descriptive quan-
tification of inequalities between families, schools, and neighborhoods in the education
system, which are of interest in their own right. We view these results as an informative
stepping stone to more ambitious future causal analyses of interventions that might start
to tease apart causal versus selection effects at each level.

Results

We present our results in three parts. Section “Single-Cohort Twins Approach Models
Fitted to the Sweden 2007 Data” describes the estimates from the “single-cohort twins”
approach models (models 1.1–1.4) fitted to the 2007 cohort of Swedish students. Section
“Multiple-Cohort Siblings Approach Models Fitted to the Sweden 2006–2009 Data”
describes the estimates from the four “multiple-cohort siblings” approach models (mod-
els 2.1–2.4) fitted to the 2006–2009 cohorts of Swedish students. Comparing these with
the “single-cohort twins” approach models (models 1.1–1.4) shows the effects of change
in family definition from twin families to families with multiple sibship types. As indi-
cated in Section “Model Assumptions,” our models are associational rather than causal,
providing descriptive estimates of the observed covariate and cluster effects.

Single-Cohort Twins Approach Models Fitted to the Sweden 2007 Data

Table 2 presents results for the single-cohort twins approach models 1.1, 1.2, 1.3, and
1.4 (see Section “Single-Cohort Twins Approach Models”) fitted to the 2007 cohort of
Swedish students. In addition to the usual regression coefficients and estimated variance
components, we report both the total variance (the sum of the estimated variance com-
ponents for students in twin families) and the variance partition coefficients (the pro-
portion of the total variation which is between each level of analysis: students, schools,
families, and neighborhoods).

Model 1.1, the simple students-within-schools model, shows that 9% of the variation
in student achievement (having adjusted for twin status) lies between schools. This fig-
ure is low compared to what we might expect in many other European countries, but is
typical for Nordic countries (OECD, 2014).
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Model 1.2, the simple students-within-families model, shows that 67% of the variation
in twin student achievement lies between families. Thus, differences in achievement
between twin families far outweigh differences in achievement between schools.

Model 1.3, which simultaneously accounts for schools, families, and neighborhoods,
shows that just 8% of the variation in student achievement lies between schools and 4%
between neighborhoods. In contrast, 55% of the variation lies between families, with the
remaining 33% between the students themselves. Thus, the substantial importance of
families persists, even after accounting for school and neighborhood effects. The results
imply that 62% [0.477/(0.477þ 0.289)] of the variation in student achievement which a
standard school effectiveness model would otherwise be described as between students
is better described as variation between families.

Model 1.4, which extends Model 1.3 by adjusting for student age and gender, shows
that adding these two covariates makes little difference to the estimated school, family,
and neighborhood variance components, but slightly reduces the estimate of the student
variance component. This is what we would expect at the school and neighborhood

Table 2. Single-cohort twins approach models fitted to the Sweden 2007 data.

Parameter

Model 1.1 Model 1.2 Model 1.3 Model 1.4

Est. SE Est. SE Est. SE Est. SE

Regression coefficients
Intercept �0.002 (0.009) 0.006� (0.003) �0.003 (0.009) �0.190��� (0.010)
Twin-family 0.071��� (0.021) 0.069� (0.027) 0.062� (0.025) 0.055� (0.025)
Age within year (months) 0.012��� (0.001)
Female 0.369��� (0.006)

Variance components
School 0.083��� (0.004) 0.070��� (0.004) 0.069��� (0.004)
Neighborhood 0.038��� (0.002) 0.039��� (0.002)
Family (twins only) 0.575��� (0.033) 0.477��� (0.030) 0.476��� (0.029)
Student (twins only) 0.290��� (0.013) 0.289��� (0.013) 0.268��� (0.012)
Familyþ Student

(non-twins only)
0.917��� (0.004) 0.812��� (0.004) 0.777��� (0.004)

Student 0.839��� (0.004)
Total 0.922 0.865 0.874 0.852

Variance partition coefficients
(VPCs)a

School 9% 8% 8%
Neighborhood 4% 5%
Family 67% 55% 56%
Student 91% 33% 33% 31%

Model summary
Number of schools 1,152 1,152 1,152
Number of neighborhoods 4,747 4,747
Number of non-singleton

familiesb
970 970 970

Number of students 91,182 91,182 91,182 91,182
Bayesian deviance

information criterion
243,703 249,416 241,026 236,951

Note. All models are fitted by MCMC. The estimates and standard errors are the means and SDs of the parameter chains.
aIn models 1.2, 1.3, and 1.4, VPCs are derived from twin-family estimates of the family and student variance components.
bThere are a total of 90,160 sibships represented in the analysis cohort. These include 970 twin pairs and 89,164 families
where just one sibling is represented. In addition, there are 26 triplet families; however, we do not use these cases to
estimate the twin family effect.�p< 0.05, ��p< 0.01, and ���p< 0.001.
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levels, where there is little variation in average age and proportion of female students
across clusters. The results for student age show that being born in the first month of
the academic year is associated with achievement 0.132 SD [0.012� 11] higher than
being born in the last month of the academic year. The results for student gender show
female students score 0.369 SD higher than male students. This gender gap is consistent
with the large gender gap reported for PISA (Programme for International Student
Assessment) scores for Sweden (OECD, 2014).

Multiple-Cohort Siblings Approach Models Fitted to the Sweden 2006–2009 Data

Table 3 presents results for the “multiple-cohort siblings” approach models 2.1, 2.2, 2.3,
and 2.4 (see Section “Multiple-Cohort Siblings Approach Models”) fitted to the
2006–2009 cohorts of Swedish students. We shall contrast these to the Table 2 results of
“twin-family approach” models 1.1, 1.2, 1.3, and 1.4, which were fitted to the 2007
cohort of Swedish students.

As we would expect, model 2.1, the students-within-schools model, fitted to all four
cohorts of students, shows the relative importance of schools to be effectively the same
(VPC ¼ 9%) as in model 1.1, which was fitted to only the 2007 cohort. Model 2.1
shows a trend of monotonically increasing mean achievement across the four cohorts,
though we cannot say to what extent this might be a genuine increase in achievement
or some other explanation such as increased teaching to the test.

In contrast, model 2.2, the students-within-families model, shows very different
results to model 1.2. In model 2.2, the family variance component accounts for 50% of
the variation in student achievement compared to 67% in model 1.2. This substantial 17
percentage point drop results from the different ways families are defined across the
two models. In model 1.2 (and 1.3 and 1.4), families refer to twin-pair families. In
model 2.2 (and 2.3 and 2.4), families refer to full siblings and maternal half-siblings as
well as twin-pairs. The results suggest that twin families are relatively more different
from one another and their children relatively more alike vis-�a-vis families in general.
This is consistent with identical twins (who make up half of twin families) sharing
100% of their genes and therefore appearing more similar to one another than siblings
from the average family who typically share only 50% of their genes. Thus, how families
are defined and operationalized in school effectiveness models clearly matters.

Model 2.3, which includes school, families, and neighborhood effects, again reveals
that families appear less important when we use our broader definition of families (VPC
¼ 40%) than they did in model 1.3, where families were restricted to twin pairs (VPC
¼ 55%). Thus, now only 45% [0.380/(0.380þ 0.473)] of the variation in student achieve-
ment, which would typically be assigned directly to the students in a simple school
effectiveness model, is better described as between-family variation. This contrasts our
earlier reported value of 62% for model 1.3.

Figure 1 compares the estimated variance partition coefficients between the previous
single-cohort twins approach models fitted to the Sweden 2007 data (Table 2, models
1.1–1.3) and the current multiple-cohort siblings approach models fitted to the Sweden
2006–2009 data (Table 3, models 2.1–2.3). The figure clearly shows how the proportion
of variance described as laying between families is much larger when using the twin
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Table 3. Multiple-cohort siblings approach models fitted to the Sweden 2006–2009 data.
Model 2.1 Model 2.2 Model 2.3 Model 2.4

Parameter Est. SE Est. SE Est. SE Est. SE

Regression coefficients
Intercept �0.010 (0.009) 0.006 (0.003) �0.002 (0.008) �0.198��� (0.003)

Cohort: 2006 (ref. category)
Cohort: 2007 0.011� (0.004) 0.008 (0.004) 0.005 (0.004) 0.011�� (0.004)
Cohort: 2008 0.047��� (0.004) 0.033��� (0.004) 0.024��� (0.004) 0.040��� (0.004)
Cohort: 2009 0.057��� (0.005) 0.040��� (0.004) 0.028��� (0.004) 0.049��� (0.004)
Age within year (months) 0.012��� (<0.001)
Female 0.372��� (0.003)

Immigrant: Swedish (ref. category)
Immigrant: second generation �0.061��� (0.012)
Immigrant: first generation �0.066��� (0.012)

Family size: 1 child (ref. category)
Family size: 2 child 0.172��� (0.009)
Family size: 3 child 0.131��� (0.009)
Family size: 4 child �0.013 (0.012)
Family size: 5 child �0.146��� (0.015)

�0.281��� (0.019)
Birth order: 1st born (ref. category)
Birth order: 2nd born �0.136��� (0.003)
Birth order: 3rd born �0.156��� (0.005)
Birth order: 4th born �0.130��� (0.003)
Birth order: 5th born �0.118��� (0.015)
Birth order: 6th (or more) born �0.068�� (0.023)

Birth spacing: none (ref. category)
Birth spacing: close (1–24months) �0.013�� (0.005)
Birth spacing: wide (>24months) �0.029��� (0.005)
Mixed sibling sex composition �0.017��� (0.004)

Variance components
School 0.087��� (0.004) 0.064��� (0.003) 0.058��� (0.003)
Neighborhood 0.040��� (0.001) 0.034��� (0.001)
Family 0.485��� (0.003) 0.380��� (0.003) 0.370��� (0.003)
Student 0.880��� (0.002) 0.474��� (0.003) 0.473��� (0.003) 0.432��� (0.003)
Total 0.967 0.959 0.957 0.894

Variance partition coefficients (VPCs)
Secondary school 9% 7% 6%
Neighborhood 4% 4%
Families 50% 40% 41%
Student 91% 50% 49% 48%

Model summary
Number of schools 1,298 1298 1298
Number of neighborhoods 5998 5998
Number of families with >1 sibling
in model

53,754 53,754 53,754

Number of students 357,459 357,459 357,459 357,459
Deviance information criterion 969,813 909,487 892,977 865,088

Note. All models are fitted by MCMC. The estimates and standard errors are the means and SDs of the param-
eter chains.
Birth spacing is categorized using the time between the first and last birth within the family.
Sibling sex composition is estimated for mixed-gender siblings versus a reference category of single-sex families.
Estimation of the family effects is primarily driven by families with more than one sibling in the analysis sample. In this
table, we report the number of families with more than one sibling in the analysis sample (53,754). Of these, there are
52,030 families with two siblings in the analysis sample (of these, 22,030 are from 2 child families, 18,419 from 3 child
families, 7,464 from 4 child families, 2,473 from 5 child families, and 1,644 from 6þ child families), 1,723 families with
three siblings in the analysis (of these 782 are from 3 child families, 470 from 4 child families, 238 from 5 child families,
and 233 from 6þ child families), and just one family with four siblings in the analysis sample (also a four child family).
There are many more family units (248,226) where only one of the siblings is represented in the analysis sample (of
these, 22,531 are from 1 child families, 113,816 from 2 child families, 75,287 from 3 child families, 24,819 from 4 child
families, 7,601 from 5 child families, and 4,172 from 6þ child families).�p< 0.05, ��p< 0.01, and ���p< 0.001.

JOURNAL OF RESEARCH ON EDUCATIONAL EFFECTIVENESS 15



definition of families compared with including fuller sibship types (model 1.2 vs. model
2.2). It follows that when families are included in the school effectiveness model (model
1.3 vs. model 2.3), then a smaller proportion of the between-student variation is
described as laying between families when a more realistic definition of family is used.

Model 2.4 extends model 2.3 by adding not only student age and gender as in model
1.4 but also family immigration status and the four family structure characteristics: fam-
ily size, birth order, birth spacing, and sibling sex composition. The interpretation of
these family characteristics as specific manifestations of the family is distinct from the
interpretation of the broader conceptualization of families represented by the family ran-
dom effects described above.

The family characteristics are interrelated, so we must interpret individual estimates
with this in mind. We see that two and three child families are predicted higher achieve-
ment relative to the reference category of a one-child family (0.172 SD, 0.131 SD), this
positive effect diminishes with each additional child so that families with five or six and
above children have strongly negative point estimates (�0.146 SD, �0.281 SD). Alongside
this, we see that relative to the reference group of firstborns, higher birth orders are all
associated with lower achievement. The birth order coefficients should also be interpreted
relative to the cohort effects; later-born siblings will benefit from the increasing achieve-
ment for each academic cohort, though these effects are small relative to the birth order
effects and only slightly mitigate the negative effects of birth order. Where those births
within a family are closely spaced, we see some evidence for a small negative effect on
achievement (�0.013 SD) relative to the reference group of zero spacing (singleton, twin,
and triplet only families); this penalty is larger for families with wider (>24months) birth
spacing (�0.029 SD). Finally, where families have a mixed sibling sex composition, we see
a reduction in achievement (�0.017 SD) relative to single-sex families.

To aid interpretation of the combined effects of the two most substantively important
family variables—family size and birth order—we present Figure 2 showing the change

Figure 1. Variance partition coefficients for the three series of student achievement models using the
(1) Sweden 2007 data and the twin definition of families (Table 2, models 1.1, 1.2 and 1.3); and (2)
Sweden 2006–2009 data and the fuller definition of families (Table 3, models 2.1, 2.2 and 2.3).

16 R. FRENCH ET AL.



in predicted achievement for each combination of values observed in the data relative to
a one-child family. The figure shows that family size is the dominant family structure
variable associated with achievement, but that within families, there is a substantial pre-
mium associated with being the firstborn. Note that there is no interaction between
these two variables in our model, so the effects of birth order are common across differ-
ent family sizes. Also, in this graph, we hold all other variables constant. We note that
this means that cohort and birth spacing are constrained to remain constant when we
would not expect that assumption to hold as we vary family size. Including these varia-
bles would make the figure too complex to be interpretable; instead, the reader should
be aware that increased spacing with increased family size would reduce predicted
achievement slightly (i.e., subtract 0.013 for close spacing or 0.029 for wider spacing);
the increased likelihood of mixed-sex sibship with increasing family size could subtract
up to a further 0.017 from predictions; and the effect of being in later cohorts with
increasing birth order effect would increase achievement slightly (i.e., add 0.011, 0.040,
or 0.049 for each subsequent cohort).

Discussion

This paper uses linked Swedish administrative data to answer two related questions: To
what extent do families differ in their average educational achievements (between family
variance), and to what extent do siblings differ in their individual achievements (within
family variance). In doing so, we extend the important methodological and substantive
contributions to this area made by Rasbash et al. (2010). In addition to describing the
general importance of families when modeling achievement, we also describe how four
specific family characteristics that vary within families (birth order) and between families
(family size, birth spacing, sibling sex ratio) are associated with achievement. We

1 child family
2 child family

3 child family

4 child family

5 child family

6 child family

−0.5

−0.4

−0.3

−0.2

−0.1

0.0

0.1

0.2

0.3

P
re

di
ct

ed
 d

iff
er

en
ce

s 
in

 s
ta

nd
ar

di
se

d 
ac

hi
ev

em
en

t
re

la
tiv

e 
to

 1
 c

hi
ld

 fa
m

ily

1 2 3 4 5 6
Birth order

Figure 2. Predicted differences in achievement (SD units) relative to a one-child family by birth order
for each family size using the Sweden 2006–2009 data and the fuller definition of families (Table 3,
model 2.4).
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conclude by discussing how these two findings should be interpreted alongside one
another, some of the limitations of the approaches described, and finally, the implica-
tions of this study for evaluation research.

To What Extent Do Families Differ in Their Average Achievements?

The primary finding of this study is that 45% of the variation in student achievement
typically described as laying between students in a standard school effectiveness model
would be better described as variation laying between families. This is substantially
smaller than the 62% found using the twins family approach of Rasbash et al. (which
typically accounts for only 1% of all families). This reduction likely reflects the stronger
genetic relatedness of identical twins (who form 50% of twin families) versus fraternal
siblings (who form the vast majority of siblings in our study and populations more gen-
erally) and because both identical and fraternal twins likely share more similar environ-
mental experiences within their families, schools, and neighborhoods than
fraternal siblings.

In our models, the family effect captures shared genetic as well as shared environmental
factors, while the child effect represents unshared genetic as well as unshared environmental
factors. Although we did not follow the behavioral genetics approach of additionally estimat-
ing a genetic component of variation (Plomin et al., 2013), such extensions are possible with
multilevel models (Guo & Wang, 2002; Rabe-Hesketh et al., 2008).

To aid the comparison of our primary finding with earlier studies, we follow
Mazumder (2008) and others in calculating correlations in student achievement between
students within the same school, family, or neighborhood (Table 4). Specifically, we use
our model estimates to calculate intraclass correlation coefficients (ICCs) between pairs
of students who share, or do not share, common families, schools, and neighborhoods.
The correlation between two students from different families, who attend different
schools, and live in different neighborhoods is assumed zero. We present both uncondi-
tional and conditional ICCs (based on models 2.3 and 2.4) where the latter are the cor-
relations in student achievement after adjusting for family covariates and so measure
the similarity in achievement which is not accounted for by these covariates. These
ICCs are consistent with sibling correlations from earlier studies for years of schooling

Table 4. Unconditional (Model 2.3) and conditional (Model 2.4) intraclass correlation coefficients for
student achievement among siblings, neighbors, and schools.

Family School Neighborhood

Unconditional
intraclass correlations

(Model 2.3)

Conditional intraclass
correlations
(Model 2.4)

Different family Different school Different neighborhood 0.000 0.000
Different family Different school Same neighborhood 0.042 0.038
Different family Same school Different neighborhood 0.067 0.065
Different family Same school Same neighborhood 0.109 0.103
Same family Different school Different neighborhood 0.397 0.414
Same family Different school Same neighborhood 0.439 0.452
Same family Same school Different neighborhood 0.464 0.479
Same family Same school Same neighborhood 0.506 0.517

Note. The correlation between children from different families, different neighborhoods, and different schools is zero
by assumption.
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(Bj€orklund & J€antti, 2012) and earlier grades (B€ohlmark & Holmlund, 2011; Holmlund
et al., 2014; Skolverket, 2018), showing that students educated in the same schools or
raised in the same neighborhoods show only moderately correlated achievement
(0.042–0.109), while students from the same families (i.e., siblings) are very highly corre-
lated (0.397–0.506). Collectively, these estimated ICCs can be used to inform power cal-
culations for cluster-randomized control trials of family-level interventions.

Our findings, based on data from Sweden for cohorts completing school from 2006
to 2009, have relevance to other countries. Importantly we see that when comparable
model specifications are used, the proportion of between child variation which is better
described as between-family variation remains in line with estimates from the earlier
Rasbash et al. (2010) study using English data despite differences in the country context,
with different school systems and different proportions of between-school variation.

To What Extent Are Family Characteristics Associated With Achievement?

For our primary finding of the importance of families described above, we used a broad con-
ceptualization of families, capturing differences in mean levels of achievement between fami-
lies. In contrast, in this section, we interpret the associations of four specific family structure
characteristics with student achievement. Of the family characteristics explored, family size
and birth order are most important, they are also interdependent, and their effects also need
to be separated from academic cohort effects as well as the factors which influence family
planning decisions. All else equal, two-child families are predicted to have the highest
achievement, but within any given family, the results predict decreasing achievement as indi-
viduals move down the birth order. In other words, there is a substantial premium attached
to being the firstborn within a family. Thus, except for the reference group of one-child fam-
ilies, we see that both increasing family size and increasing birth order is associated with
lower achievement. These results are consistent with the literature (Iacovou, 2008; Kuo &
Hauser, 1997) and are in line with resource dilution theories (Blake, 1981), and if we accept
that increasing family size is a marker of economic hardship, family stress theories too
(Conger et al., 2000).

Interpreting the Broad Conceptualizations of the Family Alongside Specific
Characteristics of the Family

Throughout this study, we distinguish between the broad conceptualization of the family
(between—and within—family variances) and the specific conception of the family using
a limited number of specific family structure characteristics (family size, birth order,
birth spacing, and sibling sex ratio). There is a danger of conflating the interpretation of
the first (the extent to which families differ in mean achievement) with the second (why
families differ in mean achievement). We show that families are an important source of
variation in achievement, we also show that several family characteristics are individu-
ally important; however, our research should not be used to argue that changes to fam-
ily structure would reduce inequalities in achievement. Importantly, adding the specific
family characteristics described above leads to only minor reductions in the estimated
between-family (0.380–0.370 SD) and within-family (0.473–0.432 SD) variance
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components. This means that despite the statistical and practical significance of the fam-
ily variables in our model, there are many other important family characteristics (cur-
rently unobserved) that would better help explain these family differences and which
might then help identify potential family-level interventions to raise student
achievement

We can also use our estimated family-level ICCs to facilitate comparisons with the
applied literature on the effects of conditioning on specific measures on sibling correla-
tions. Our results show that controlling for family structure reduces the sibling correl-
ation of between 2% and 4% depending on the commonality across other groupings.
This is lower than those seen in other studies that control for family structure, albeit for
different outcomes. Bredtmann and Smith (2018), modeling the outcome years of educa-
tion, find that controlling for family structure (number of siblings, mother age, live with
both parents) accounts for 7% of the sibling correlation (12% for completing upper sec-
ondary education and 3% for completing tertiary education). Bj€orklund et al. (2010)
model the long-run income of siblings and are also able to control for family structure
(mother’s age, number of siblings, head of households marital status, family type), which
leads to a reduction in sibling correlation of 5% (0.219 vs. 0.208) for men and 11%
(0.227 vs. 0.202) for females.

Limitations

An important limitation of all observational studies modeling family structure characteristics
on student achievement and individual outcomes more generally is that these characteristics
are endogenous. For example, the number of children parents choose to have will correlate
with unobserved family characteristics (confounders or omitted variables) that might influ-
ence student achievement, such as socioeconomic status, parental attitudes to education, and
behaviors that support education. For example, when we interpret our family size estimate,
we may be, on average, comparing more affluent smaller families with less affluent larger
families. In this case, the negative effect of family size partly reflects differences in socioeco-
nomic status by family size. If we were able to control for affluence and other unobserved
confounders, the effect of family size would reduce. Studies that use instrumental variables
for family size, such as twin births as an exogenous shock to family size (Black et al., 2005)
or parents’ preference for male offspring, can potentially get closer to estimating the causal
effects of these influences on student achievement. While recognizing this limitation, our
results are still of value as descriptive modeling of the associations, providing a starting point
for other studies to attempt to estimate causal effects with richer data and, in turn, more
sophisticated methods.

Similarly, the data we analyze does not provide any measure of student prior achieve-
ment and only a limited set of other background characteristics. As a result, the esti-
mated school effects in our model will reflect not just variation in the effectiveness of
these institutions, but also school differences in the prior achievement, demographic,
and socioeconomic status of students when they entered their schools. Thus, our results
likely overstate the true importance of schools as a source of influence on student
achievement, and our models are therefore not value-added models of school effective-
ness (Goldstein, 1997; Leckie & Goldstein, 2009, 2019). However, as discussed in
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Section “Model Assumptions,” where prior achievement is available, it will account for
some of the family effect we wish to estimate, so it should be used with caution as one
may understate the importance of families.

An implicit assumption of our multilevel models is that the estimates for student
characteristics are the same within and between clusters. It is always prudent to estimate
alternative model specifications to explore how well this assumption holds. In a fixed-
effects specification, the clusters are entered as dummy variables, so the predictor effects
are interpreted as purely within-cluster effects. Alternatively, in a between-effects specifi-
cation, we model the relationships between the cluster averages of the data, and so the
predictors are only interpreted as purely between cluster effects. Comparing a specifica-
tion with full controls and a family level cluster (results not shown), we see the esti-
mates for gender and month of birth are almost identical across fixed-effects and
between-effects specifications. In terms of the other covariates, they maintain the same
approximate magnitude, and so we draw qualitatively the same conclusions. We note
that one would expect differences for variables such as birth order as we only have a
subset of the families in the analysis sample.

The statistical methods for including family covariates and between-family variation
in our models could be extended in several directions. Firstly, extending the model spe-
cification of the existing family structural characteristics (e.g., interactions between birth
order and family size, more flexible modeling of birth spacing, and alternative sibling
sex ratio measures). Secondly, to include richer measures of family characteristics (e.g.,
mother’s age, parental education, family income) and exploit upcoming data linkage for
Swedish administrative data to include measures of prior achievement. Thirdly, improv-
ing the aggregated student achievement measure, either by aggregating across common
core subjects or including a principal components model to account for differences in
subject choices. Fourthly, one could relax the assumption of constant variance within
clusters, or even modeling within (and between) family variation (Leckie et al., 2014).

While we have shown that multilevel models naturally extend to account for multiple
sources of clustering simultaneously, it does not follow that researchers should automatic-
ally adjust for every level of clustering they see in their data. For example, while it is essen-
tial for statistical analyses of family-level interventions on student outcomes to account for
family-level clustering to recover the correct standard errors and avoid the risk of making
Type I errors of inference, there is far less need to do so in school- or student-level inter-
ventions where it is schools or students rather than families that are randomly assigned to
the intervention. Abadie et al. (2017) provide detailed guidance on when and when not to
account for clustering, especially in relation to clustered sample designs vs. clustered
experimental designs and level of treatment assignment in interventions.

Implications for School Effectiveness Studies and Family-Level Interventions

The key implication of this study is that families should be included more often in
school effectiveness models; however, the availability of suitable data is critical. Such
data are routinely collected in Sweden, Denmark, Finland, and Norway, both for aca-
demic research and evaluating public policy. Thus, in these contexts, our approach
could easily be adopted by others. Furthermore, rich administrative educational data are
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increasingly becoming available for research and evaluation in several other countries
(Wales, Scotland, Australia, Canada, USA). Confirmatory analysis for these countries
would help refine the message of the importance of families. Finally, linking these
administrative school records and family IDs to richer school or family-based surveys
could provide the measures required to progress this from descriptive analysis to a
more causal framework.

A second key implication of this study is that family clusters should be considered
more often as the level of intervention in educational effectiveness programs and the
family-level ICCs that we report can help inform the power calculations necessary for
their randomized control trials. However, the implementation of educational interven-
tions directed at the family poses several challenges, not least competing with efficiencies
from a historical academic infrastructure of school-based educational interventions.
Access to households to conduct interventions are more limited than for those targeted
at schools and teachers, the extant family-based instrument for interventions of cash
transfers are fairly blunt tools, though perhaps the emergence of more digital innova-
tions and the increase in contact between families and schools during the COVID-19
pandemic may provide new opportunities (Weixler et al., 2020). The additional chal-
lenges in working with families will also affect the extent to which the fidelity of these
family-based interventions can be observed (Vaden-Kiernan et al., 2018). Even within
school-based interventions, there is a persistence in the “grammar of schooling,” inter-
ventions that deviate from these standard approaches to teaching, learning, and know-
ledge tend to be challenging to scale up due to entrenched beliefs, so family-based
interventions will require more than just robust evidence (Sarama et al., 2008).

Family-focused interventions to improve educational outcomes include those empha-
sizing the importance of role-modeling and extra-familial adults, such as the Contract
Family Program in Sweden (Br€annstr€om et al., 2013), and similar mentoring and relief
programs in the United States (Rhodes & DuBois, 2008). Such state-sponsored programs
are rolled out with little thought for rigorous evaluation of the intervention. One large
UK family-focused intervention, “Sure Start,” was supported by extensive data collection.
Though the intervention was primarily clustered by regions, because of the location of
centers (with most evaluations using this higher level geographic cluster), many of the
key services were targeted at families. Despite family-level data being published for a
subset of 2,568 families (Hall et al., 2019), there has not yet been a study that links sib-
lings to estimate the importance of family clustering for an intervention estimated to
have cost £1.8 billion per year ($2.4 billion) at its peak (Cattan et al., 2019).

Interventions that operate through improving the health of children (or parents) can
evaluate the effect on child outcomes beyond health, including educational achievement,
using linkage to administrative data for longer-term follow-up of a trial. Such interven-
tions are often targeted at the family level. For example, interventions to improve paren-
ts’ mental health has the potential to raise childrens’ educational attainment. However,
the challenge of endogeneity may compromise modeling since unobserved characteristics
of the family may be associated with the propensity for mental health issues in children,
with randomization by family cluster (rather than child) likely to be a costly way to
achieve a sufficient sample (Hoagwood et al., 2007). Many other childhood health con-
ditions also present a heavy burden of care or self-management on children and
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families. Though conditions may directly affect just one child per family, the effect on
the educational achievement of the target child may be significant and have spillover
effects for siblings. For example, pediatric (type 1) diabetes, one of the most common
childhood chronic conditions, requires a daily regimen of blood glucose measurements
and self-medication (both at home and in schools). While the occurrence of pediatric
diabetes does have a genetic component (siblings are eight times more likely to be diag-
nosed than a random child), it is assumed to be unrelated to family characteristics that
are known to affect achievement. Conversely, diabetes self-management and the result-
ant blood glucose levels are related to family characteristics and educational achieve-
ment, and so would be amenable to family-level interventions and would benefit from
the inclusion familiy clustrs (as well as observed characteristics of the family) in model-
ing (Souza et al., 2021).
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