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Abstract

This paper applies the causal mediation framework proposed by Kosuke Imai and colleagues

(Imai, Keele, &Tingley, 2010) to educational research by examining the causal mediating

role of early literacy activities in parental education influences on reading performance. The

paper argues that the study of causal mediation is particularly relevant in educational settings

because learning outcomes result from complex interactions involving multiple actors. The

analyses use retrospective longitudinal data from the Progress in International Reading

Literacy Study (PIRLS) 2011. The value of international assessment data for producing

evidence of causation is discussed. The paper aims to contribute to the study of causation

with observational data from educational studies.



3

Causation in educational research

Recent years have seen an increased interest among educationalists in statistical

techniques, such as instrumental variables, regression discontinuity, differences-in-

differences, and propensity score matching to establish causation with observational data

(Kaplan, 2009; Murnane & Willett, 2011; Schlotter, Schwerdt, & Woessmann, 2011). This is

reflected in a number of publications and workshops taking place in North America and

Europe. For the most part, it has been economists who have taken the lead in this area

(Angrist & Pischke, 2009; Schlotter, Schwerdt, & Woessmann, 2011). The proposed

techniques resemble randomized experiments and can be very effective at identifying causal

effects (e.g., instrumental variables and regression discontinuity), provided that certain

stringent assumptions are met. However, they represent one view of causation, even within

the econometrics field. And critics argue that the absence of explicit theoretical models and

focus on treatment effects provides merely a black-box approach to causation that is not

helpful for understanding the mechanisms at work for causal effects (Heckman, 2008). For

example, a regression discontinuity approach based on exogenous maximum class size

policies is able to show that class size has a negative effect on academic achievement

(Angrist & Lavy, 1999), but cannot explain why and how it is that class size reductions

promote academic achievement.

Arguably, the identification of causal effects is of little use for educationalists if the

causal mechanisms are not well understood. This is particularly relevant in educational

settings because causal effects arise from complex family and institutional processes that

involve interactions between a number of actors (e.g., students, parents, teachers, principals,

governments) and contexts (e.g., home, pre-school, school, neighbourhood). The design of

educational interventions informed by causal evidence requires a careful consideration of

these processes. Since atheoretical applications of econometric techniques cannot capture the
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complex mechanisms and interactions governing causal effects, their contribution to

educational policy and theory is limited (Kaplan, 2009; Murnane & Willett, 2011). In fact, it

is debatable that any causation evidence can be established without an understanding of the

mechanisms at work.

Other techniques, such as mediation analysis, seem more appropriate for identifying

the mechanisms underlying observed relationships (Baron & Kenny, 1986; MacKinnon,

2008). Mediation analysis reveals these mechanisms by evaluating the role of mediating

variables (i.e., indirect effects) in treatment effects. However, it is not clear that mediation

results can be interpreted in causal terms (Imai, Keele, & Tingley, 2010; Muthén, 2011;

VanderWeele & Vansteelandt, 2009). Recently, researchers have been working towards the

development of a causal framework for mediation analysis (Muthén, 2011; Imai, Keele,

Tingley, & Yamamoto, 2011; Imai & Yamamoto, 2013). And already causal mediation

techniques have been implemented in the R software (Tingley, Yamamoto, Keele, & Imai,

2013). This paper illustrates an application of causal mediation analysis with international

assessment data.

Causation and international assessments

International assessments of student achievement like the Programme for

International Student Assessment (PISA), Trends in International Mathematics and Science

Study (TIMSS), and Progress in International Reading Literacy Study (PIRLS) have played

an important role in educational research and policy (e.g., Baird, et al., 2011; Grek, 2009).

But researchers have also recognised the design and theoretical limitations of these studies

for providing evidence of causation ([citation removed for blind review]; Gustafsson, 2013;

Leung & van de Vijver, 2008).

On the one hand, different sources of bias in cross-sectional designs prevent

researchers from interpreting associations as causal effects (Gustafsson, 2013). For example,
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observed negative associations between parental involvement and academic achievement in

PIRLS and PISA ([citation removed for blind review]) are probably not an indication that

parental involvement produces lower achievement but rather that parents react to lower

achievement with greater involvement (i.e., endogeneity or reverse causality bias). Similarly,

reported negative associations between academic achievement and time spent on homework

likely reflect endogeneity bias, since parents and teachers tend to assign more homework to

students with lower achievement (Gustafsson, 2013). Additionally, studies are affected by

omitted variable bias, that is, unobserved variables that explain observed associations.

On the other hand, the lack of theoretical foundations in the research programme of

international assessments limits the possibilities for studying causal mechanisms. For

example, the extended use of indicators based on a small number of items, poorly grounded

in theory, and not equally valid across cultures, such as family socioeconomic status (SES) or

school climate, limits the possibility of determining the causal mechanisms behind

relationships (Artelt, 2005; [citation removed for blind review]; Hopfenbeck & Maul, 2011).

Attempts to investigate causal effects and causal mechanisms

Some studies have tried to overcome these limitations by using statistical techniques

and study designs that resemble randomized experiments to produce evidence of causal

effects. For example, using trend data from different international assessments and a

differences-in-differences design, Hanushek and Wößmann (2006) studied the effect of

school tracking on academic achievement. In another study, Wößmann and West (2006) used

data from TIMSS and instrumental variables techniques to evaluate the effect of class size on

student performance. Also, using data from PIRLS and regression discontinuity models,

Martin, Mullis, and Foy (2011) analysed the effect of years of schooling on reading

performance. And, Dronkers and Avram (2009) used PISA data and propensity score
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matching to compare private-dependent schools and public schools whilst adjusting for their

intake selectivity.

Gustafsson (2013) has proposed an analytical approach consisting of data aggregation

and longitudinal analysis to remove endogeneity bias and omitted variable bias (see also Van

Damme, Liu, Vanhee, & Pustjens, 2010). He has illustrated this approach with TIMSS data

by analyzing effects of class size and time spent on homework on academic achievement.

Gustafsson (2013) argues that endogeneity bias (e.g., the influence of student performance on

time spent of homework) is solved by aggregating data at the country level, because the

mechanisms causing reverse causality at the student level need not be present at the higher

levels of observation. And omitted variable bias (e.g., class size is related to unobserved

quality of teaching) is removed by analysing changes over time in country-level aggregated

variables, that is, by removing countries' fixed effects. Analyses at the country level,

however, typically rely on very small samples and might be affected by aggregation bias and

ecological fallacy.

Researchers have also worked towards improving the theoretical foundations of

international assessments and thereby the possibilities for identifying causal mechanisms. For

example, [citation removed for blind review] used PISA and PIRLS data to develop cultural,

social, and economic capital constructs well-grounded in theory and evaluate their cross-

cultural validity. Studies have also evaluated the validity and cross-cultural generalisability of

students' motivation (Artelt, 2005) and approaches to learning (Marsh, Hau, Artelt, Baumert,

& Peschar, 2006) constructs. These studies provide benchmarks for investigating the

mechanisms governing observed associations with the data. But due to the large-scale nature

of international assessments, it is in general difficult to comprehensively evaluate

psychological and sociological constructs. Similarly, it is costly to include and collect

information on variables unrelated to academic achievement in conceptual frameworks,
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which sometimes make useful instrumental variables for capturing exogenous variation in

treatment effects.

Also, in a recent study with PISA data, [citation removed for blind review] applied

concepts from educational effectiveness research to international assessment studies. The

effectiveness concept measures performance in relative terms, that is, by taking into account

non-malleable factors for educational systems such as SES at the different levels (i.e.,

student, school, and country) and prior academic achievement. [citation removed for blind

review] produced indicators of effectiveness performance at the education system level using

PISA trend data (2000-2009). This approach offers a new classification of education systems

based on effectiveness rather than on absolute performance and equips educational

policymakers with a complementary view of the performance of education systems that lays

the foundation for the study of policies, structures, and effectiveness-enhancing factors.

Comparison with randomized and longitudinal designs

Researchers have also argued that international assessments can provide more

credible evidence of causation than randomized experiments or longitudinal studies (Kaplan,

2009; Schneider, Carnoy, Kilpatrick, Schmidt & Shavelson, 2007). Different study designs

have advantages and disadvantages for establishing causation and there is no gold standard.

For example, random assignment to treatment and control conditions in randomized

experiments yields evidence of causal effects, but randomized experiments suffer from the

same problems as international assessments for producing evidence of causal mechanisms,

because the mediating variable is not randomized, only the treatment is. Also, international

assessments typically yield higher external validity than randomized experiments and

longitudinal studies based on small samples and affected by attrition. And since causal

evidence is always local, international assessments contribute very rich evidence from a

variety of contexts, educational systems, and nations. Instead, it is not clear that the
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mechanisms and effects observed in randomized and longitudinal studies replicate more

broadly, beyond their local context (Deaton, 2010). In particular, selection bias and small

sample sizes in randomized experiments cast doubts on the external validity of results.

Further, research questions not possible to investigate with an experiment for ethical reasons

can be addressed with international assessment data. For example, with appropriate

techniques (e.g., propensity score matching) it possible to compare performance of students

in private and public schools controlling for the socio-economic characteristics of the student

intake without actually having to assign students to different type of schools (Dronkers &

Avram, 2009).

Longitudinal studies typically produce stronger evidence of causation than

international assessment, because they allow us to control for prior academic achievement

and examine changes in outcomes and treatments. However, international assessments are

equally effective for evaluating the effect of time-invariant treatments (Wunsch, Russo, &

Mouchart, 2010). Also, prospective longitudinal data is not always essential to identify the

causal order of events. Sometimes retrospective responses or ordinary logic reveals the causal

order of events even with cross-sectional designs. This study provides a useful example.

Purpose and contribution

This study explores the value of the causal mediation framework (Imai, Keele,

Tingley, & Yamamoto, 2011; Imai & Yamamoto, 2013; Muthén, 2011) for investigating

causal mechanisms in educational research using observational data. Causal mediation is

illustrated using PIRLS 2011 data to examine the causal mediating role of early literacy

activities in parental educational influences on reading performance. Causal mediation has

already been applied in political science and psychology research (Imai, Keele, Tingley, &

Yamamoto, 2011; Imai & Yamamoto, 2013; Muthén, 2011). This study extends causal

mediation analysis to educational research.
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The study design includes retrospective responses from parents on early literacy

activities, before the child entered school, and information on parental education and reading

performance when the student was in the fourth grade of school. It is assumed that early

literacy activities precede reading performance in chronological order and that parental

education is relatively time-invariant during this period (i.e., right before the child entered

school and the fourth grade) and precedes early literacy activities. Thus, the longitudinal

design with retrospective data complies with mediation assumptions (Kraemer, Stice, Kazdin,

Offord, & Kupfer, 2001) that the treatment (i.e., parental education) precedes the mediator

(i.e., early literacy activities), and the mediator precedes the outcome (i.e., reading

performance). The retrospective longitudinal design provides an example that research

questions of a longitudinal nature can be addressed with the cross-sectional data of

international assessments. But certainly, a number of caveats and limitations should be kept

in mind, for example, biases arising from making judgements about the past in the present.

The observational data makes it possible to conduct research that would not be

ethically permissible with an experimental design (e.g., assign children to families that

promote early literacy activities and to families that do not). The national representative data

yields significant external validity and international comparative mediation evidence in an

area where most published studies use data from countries in North America or Europe.

PIRLS includes data from a great variety of educational systems, socioeconomic contexts,

and cultures, such as Indonesia, Colombia, Morocco, Botswana, Germany, and the United

States. With that, it contributes more democratic evidence to the knowledge base of the

causal mechanisms underlying parental education influences on student performance.

Causal mediation framework

The causal mediation framework was introduced and implemented in the R

programming language by Kosuke Imai and colleagues (Imai, Keele, & Tingley, 2010; Imai,
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Keele, Tingley, & Yamamoto, 2010, see also Pearl, 2001 and 2012). Methodologically,

causal mediation analysis bridges traditional mediation analysis (Baron & Kenny, 1986;

MacKinnon, 2008) with the potential outcomes framework (Holland, 1986; Rubin, 1974) to

establish benchmarks for interpreting mediation results in causal terms.

The potential outcomes framework

The potential outcomes framework is used to formalize the concept of causation

(Holland, 1986; Rubin, 1974). The framework consists of three elements, the treatment, T,

the unit, i, and the potential outcome, Yi(t). Here, the outcome is reading performance (Y), the

unit of interest (i) is the student, and the treatment (T) is parental education. Consider, for

simplicity, T=1 represents assignment to a family where parents have attained university

education levels and T=0, the control condition, assignment to a family with no university

degrees. Under this framework each student has two potential outcomes, one is academic

achievement resulting from the treatment, Yi(1), and the other is academic achievement in the

control condition, Yi(0). The difference between both outcomes, Yi(1) – Yi(0), is the individual

treatment or causal effect.

In practice, it is not possible to observe both outcomes for the same student, i. Even in

a randomized experiment if the student was assigned to a family with university degrees (i.e.,

the treatment), the outcome under the treatment, Yi(1), is observed, and if the student was

assigned to a family with no university degrees (i.e., control group), the outcome under the

control condition, Yi(0), is observed, but never both of them. The observed outcome is

Yi=Yi(Ti) for every student, i. But there is always a counterfactual, or an unobserved

condition, for example, the academic achievement in a family with no university degrees for

a student who was assigned to the treatment condition.

While it is not possible to obtain causal evidence at the individual level,

randomization allows researchers to produce evidence of average treatment effect (ATE),
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E[Yi(1)-Yi(0)]. Also, if certain assumptions are met, econometric techniques such as,

instrumental variables and regression discontinuity can attain some level of ATE. Traditional

mediation analysis, however, has evolved apart from this framework.

Traditional mediation analysis

In traditional mediation analysis (Baron & Kenny, 1986; MacKinnon, 2008) a

mediating variable is used to explain the association between a treatment and an outcome

variable. Mediation analysis is conducted in three steps. First the outcome is regressed on the

treatment, second the mediator is regressed on the treatment, and third the outcome is

regressed on the treatment and the mediator. In order to claim mediation, the treatment should

precede and be significantly related to the outcome and the mediator in the first two

regressions. In the third regression the treatment and the mediator precede the outcome, the

mediator is significantly related to the outcome, and the effect of the treatment has reduced or

disappeared compared to the first regression. Indirect or mediation effects are captured by

this reduction. Direct effects are treatment effects in the third regression. Figure 1 depicts the

analytical model.

Figure 1. Mediation model
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The mediator in the relationship between parental education and reading performance

is early literacy activities. Following mediation conditions, it is assumed that early literacy

activities precede reading performance and parental education precedes early literacy

activities. Parental education is significantly related to reading performance and early literacy

activities, and parental education effects on reading performance reduce once early literacy

activities are included in the model.

Causal mediation analysis

The potential outcomes framework can be extended to define causal mediation effects

(Imai, Keele, Tingley, & Yamamoto, 2011). Mi is used to denote the observed mediator (i.e.,

the level of early literacy activities) given the treatment Ti, (i.e., the level of parental

education). The mediator has two potential outcomes for each student, Mi(1) and Mi(0), the

level of early literacy activities for parents with and without university education,

respectively. But only one outcome is observed, that is, Mi=Mi(Ti). For example, if the

parents completed university Mi(1) is observed but not Mi(0).

In the original framework potential outcomes depend only on the treatment. In the

causal mediation framework potential outcomes are a function of the treatment and the

mediator, as in mediation analysis. Yi(t,m) is used to denote the potential outcome and

Yi(Ti,Mi(Ti)), the observed outcome given the treatment and the mediator. Mediation

equations in the causal framework are represented by

1111))(,( ii
T

iiiii XTTMTY   ...(1)

2222)( ii
T

iii XTTM   ...(2)

3333))(,( ii
T

iiiiii XMTTMTY   ...(3)
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Total treatment effects are captured by 1̂ , average direct effects (ADE) by 3̂ , and

mediation effects by  ˆˆ
2 or 31

ˆˆ   in traditional mediation analysis. Causal mediation effects

are defined by Yi(t, Mi(1)) – Yi(t, Mi(0)). By holding the treatment constant, indirect effects of

the treatment through the mediator are isolated and all other causal mechanisms are

eliminated. Indirect effects or causal mediation effects capture changes in reading

performance that would occur if early literacy activities change from the value observed in

the control condition (i.e., no university) to the value observed under the treatment condition

(i.e., completed university), while holding the treatment constant. If parental education is

unrelated to early literacy activities, then Mi(1) = Mi(0) and the causal mediation effect is

zero. As before, causal mediation effects at the individual level cannot be identified and the

goal is to estimate average causal mediation effects (ACME), that is, E[Yi(t, Mi(1)) – Yi(t,

Mi(0))]. In order to interpret  ˆˆ
2 as a valid estimate of ACME an additional assumption is

required.

Sequential ignorability assumption

The sequential ignorability assumption consists of two conditions (Imai, Keele,

Tingley, & Yamamoto, 2011): (1) the treatment is randomized and (2) the mediator is

randomized. Two ignorability assumptions are made sequentially. First, that the treatment is

ignorable given observed confounders and second, that the mediator is ignorable given the

treatment and confounders. The first condition is satisfied in randomized experiments.

Empirical analyses of observational data include a number of control variables related to the

treatment and the outcome or employ matching techniques, for example, to try to satisfy this

assumption. The second condition is not warranted even in randomized experiments because

only the treatment is randomized, not the mediator. Analyses control for variables related to

the mediator and the outcome to try to comply with this condition. Control variables are

represented by Xi in Equations 1 to 3.
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In this example, the first assumption implies that students are randomly assigned to

parents with different educational levels. Or that no systematic differences between students

with different parental educational levels exist once confounders are controlled. The second

condition presupposes that different levels of early literacy activities are assigned randomly

to students with the same characteristics and treatment status, that is, the same levels of

parental education. These conditions, especially the ignorability of the mediator, are very

strong and cannot be verified with observational data, since unobserved confounders can

affect the mediator and outcome variables. Sensitivity analysis is employed to evaluate the

sensitivity of results to the existence of such confounders.

Sensitivity analysis

Sensitivity analysis probes the sequential ignorability assumption or evaluates the

validity of findings under potential violation of the sequential ignorability assumption (Imai,

Keele, Tingley, & Yamamoto, 2011). It provides benchmarks for interpreting mediation

results causally. Whenever the assumption is not rejected, estimated mediation effects can be

interpreted as ACME. If mediation results are sensitive, they can change substantially when

the sequential ignorability assumption is violated. The sensitivity parameter,  , measures the

correlation between the error in the mediation model, 2i , and the error in the outcome model,

3i (see Equations 2 and 3). This correlation arises if unobserved confounders affect both

mediator and outcome variables, because these variables are part of the two error terms. The

sequential ignorability assumption implies that  equals zero. Interpretation of  ˆˆ
2 as

ACME assumes that  equals zero. Sensitivity analysis evaluates the extent to which  ˆˆ
2

can be interpreted causally.
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Empirical illustration: Causal mediation of early literacy activities

Literature review

Parental education and family SES are related to student performance in a number of

countries (see for example with PIRLS, [citation removed for blind review]). In part, this

association is explained by the home literacy environment (HLE), that is, the environment the

family provides the child to stimulate precursors of reading and spelling, and linguistic

competencies (e.g., Farkas & Beron, 2004). Early literacy activities such as shared book

reading (e.g., Bradley, Corwyn, Burchinal, McAdoo, & Garcia-Coll, 2001), storytelling (e.g.,

Snow & Dickinson, 1990; Watson, 2002), learning the alphabet, numbers, and letters (e.g.,

Parker, Boak, Griffin, Ripple, & Peay, 1999), playing rhyming games (e.g., Baker, Serpell, &

Sonnenschein, 1995), and access to cognitively stimulating toys and books (e.g., Gottfried,

Fleming, & Gottfried, 1998) are a key element of the home literacy environment that sets the

stage for children’s literacy development. And the possibilities for promoting early literacy

activities within the family are related to the SES and educational levels of parents.

Although there is variability in the quality of the home learning environment both

across and within all SES levels, there is evidence that, in general, children in higher income

homes are more likely to experience a more positive learning environment than children from

low income homes (e.g., Niklas & Schneider, 2010). Children in low SES households have

less exposure to books at home and are less likely to be regularly read to by parents (e.g.,

Evans, 2004). Also, there is evidence that parents with higher educational levels use more

developmentally enhancing activities, interact more verbally with the child, read to the child

more often, and encourage book-sharing (Gustafsson, Yang-Hansen, & Rosén, 2013; Raikes

et al., 2006). Early literacy activities and the learning environment appear to mediate almost

half of the SES gap in reading achievement (Duncan and Brooks-Gunn, 2000; Kiernan &

Mensah, 2011; Myrberg & Rosen, 2009).
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Longitudinal studies in the US suggest that early literacy activities mediate family

SES effects on academic achievement. For example, Guo and Harris (2000) showed that

cognitive stimulation in the home and, to a lesser extent, parenting style and the physical

environment of the home are mediating factors affected by low income and influencing

children' intellectual development. Votruba-Drzal (2006) showed that the quality of home

environment during early and middle childhood explained a portion of the effects of income

on academic skills. Aikens and Barbarin (2008) explained that the relation between SES and

children’s reading competence status is mediated by the HLE, but the HLE did not account

for many of the SES differences in the rate at which children gained reading skills.

Also, in the UK Sylva et al., (2008) showed direct and indirect effects of HLE. Even

after taking account of general cognitive ability those with a more favourable HLE had better

outcomes. Using data from the UK Millennium Cohort Study, Kiernan & Mensah (2011)

found positive parenting to mediate the effects of poverty and disadvantage on school

achievement. In Germany, Niklas & Schneider (2013) found that HLE acts as a mediator

between SES and reading and writing precursors.

Most HLE mediation studies have used data from a single developed country. Only a

few studies have investigated the mediating role of HLE across countries (Myrberg & Rosén

2008; Park 2008; Gustafsson, Hansen & Rosén 2013). Park (2008) examined the mediating

role of HLE in 25 countries using PIRLS 2001 data. He found that home literacy

environments mediated the effect of parental education on reading achievement, but the

mediating role of early home literacy activities was weaker than that of parental reading

attitudes and the number of books. HLE mediating effects varied between 20% and 30% for

most countries. The mediating role of early literacy activities was smaller, on average 10%.

In a recent study with PIRLS 2011 data, Gustafsson, Hansen and Rosén (2013) also provide

evidence of partial mediation of HLE by means of structural equation models.
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Data

The data are sourced from PIRLS 2011. PIRLS 2011 is the most recent international

assessment of reading performance (Y) in elementary school, when the study of early literacy

skills seems more relevant. It included 53 education systems in very diverse contexts (e.g.,

Australia, Canada, Colombia, Croatia, Germany, France, Indonesia, Qatar, Kuwait, Sweden,

United Arab Emirates). Parents reported early literacy activities (M) before the child entered

school on a Likert-type scale: how often they read books, tell stories, sing songs, play with

alphabet toys, talk about what you have read, play word games, write letters or words, and

read aloud signs and labels with the child (1=never or almost never, 2= sometimes, 3=often).

Responses to these 8 items were summarised into a single score using a partial credit model

with item response theory (IRT). Parental education (T) is the maximum level of education

of either parent (1=some primary, lower-secondary or no school, 2=finished lower-secondary,

3=finished upper-secondary, 4=finished post-secondary but not university, and 5=finished

university or higher).

Models control for a number of confounders (X), including mother's and father's

occupational status (see [citation removed for blind review] for calculation details ), number

of books at home, number of children books at home, a home possessions index (i.e., a Rasch

score summarizing the possession of 5 items at home: a computer, a study desk, books, an

own room, and internet connection), pre-school education status (i.e., attended pre-school or

not), student's sex (i.e., girls and boys), language the student speaks at home (i.e., language of

the test versus another language), frequency the student speaks the language of the test at

home (i.e., never, sometimes, always), and the parents like reading scale (see Martin &

Mullis [2012] for technical details).
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Analyses

Analyses were conducted in R. Package [citation removed for blind review] was used

for data management ([citation removed for blind review]), package eRm for creating Rasch

scores for the mediator of early literacy activities and the home possessions index (Mair,

Hatzinger, & Maier, 2012), package Amelia to carry out multiple imputation by country using

the expectation-maximization (EM) algorithm (Honaker, King, & Blackwell, 2011), and

package mediation to perform mediation and sensitivity analysis (Tingley, Yamamoto, Keele,

and Imai, 2013). Five imputed datasets were created with Amelia. Analyses, however, were

conducted on a single imputed dataset. The data has a multilevel structured but we conducted

linear regression models because currently the mediation package cannot produce sensitivity

analysis for multilevel models. That is, standard errors are underestimated: imputation

uncertainty and serial correlation within schools are not taken into account.

Results

Figure 2 presents summary results of mediation analysis by education systems. It

depicts three key parameters and corresponding confidence intervals (95%): ACME - the

average causal mediation effects (  ˆˆ
2 ), ADE - the average direct effects ( 3̂ ), and the total

effects of parental education ( 1̂ ). The data underpinning Figure 2 is reported in Table A1

(see Appendix A). ACMEs are significant in 18 education systems out of 50 (e.g., Bulgaria,

Alberta [Canada], Saudi Arabia, Abu Dhabi, Chinese Taipei, Hong Kong, South Africa,

Sweden, Trinidad and Tobago). In general mediation effects are small in comparison to total

effects. In part, this is because the association between parental education and early literacy

activities is not always positive. Table A2 (see Appendix A) records the coefficient of

parental education (PARED) in a regression of early literacy activities (ELA) on PARED

while controlling for confounders (i.e., 2̂ in Equation 2). The coefficient is positive and

statistically significant in 25 education systems, half of the sample exactly.
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In addition to the ACME estimates, Table A1 reports the percentage of the total effect

of parental education mediated by early literacy skills. The maximum percentage is 10% in

Bulgaria and the average percentage in education systems where ACME is significant is

around 4%. In most education systems the total effect of parental education reflects the direct

effect of parental education (see Figure 2). The total effects and direct effects of parental

education are significant in all education systems except for Denmark. On average, the total

effects after controlling for confounders ( 1̂ ) amount to 10% of a standard deviation of the

reading performance (SD= 100 score points).

Figure 3 presents sensitivity analysis for the ACME with respect to the correlation of

the error terms in the mediation and outcome models, that is, the sensitivity parameter ( 

).The dashed line represents the estimated ACME when the sequential ignorability

assumption is made (i.e.,  =0). This is the ACME reported in Figure 2. The shaded region

indicates confidence intervals (95%) for each value of  . Figure 2 indicated very small

ACMEs. Further, results of Figure 3 indicated that statistically significant ACMEs are very

sensitive to violations of the sequential ignorability assumption. A very small correlation

between the error terms causes the ACME to become zero. In Bulgaria, for example, the

country with the greatest ACME, a correlation smaller than 0.10 causes the ACME to be

zero. The results are therefore quite sensitive to the presence of unobserved confounders

related to early literacy activities and reading performance. For example, family cultural and

economic capital variables not in the dataset could prevent us from interpreting the ACME in

causal terms.

Although not essential for this paper, Table A2 (see Appendix A) reports the direct

effect of ELA on reading performance once the treatment and confounders are controlled

(i.e., 


in Equation 3). The results indicated a direct positive effect of ELA in most education

systems (i.e., 41). That is, despite weak evidence for ELA being the causal mechanism
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explaining parental education effects on reading performance, ELA did relate to reading

performance directly independently of parental education levels.
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Figure 2. Mediation results of parental education effects on reading performance
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Figure 3. Sensitivity analysis for the early literacy activities mechanism
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Discussion

Identifying evidence of causation is a fundamental goal of educational research and

policy. Researchers are interested in the mechanisms whereby students, families, teachers,

and governments influence educational outcomes. Policymakers seek for causal evidence to

demonstrate the effectiveness of interventions in a context where resources are scarce and

interventions can place a great strain on national budgets (e.g., hiring more teachers in order

to reduce class size). The idea of using scientific evidence for claiming causation and

informing policy decisions in education is not new. But in recent years educationalists have

become particularly interested in statistical techniques for determining causal effects with

observational data (e.g., regression discontinuity, propensity score matching, and

instrumental variables). This paper has cautioned against overstated enthusiasm in their

potential for driving the causal quest in educational research. It is argued that these

techniques often oversimplify the reality of education systems involving complex interactions

and multiple actors, because models concentrate on the estimation of treatment effects and

rely strongly on exogenous variation not necessarily informed by theory. And that mediation

techniques adapt better to the complex nature of education settings but until recently could

not be applied under the causal framework. Also, it is argued that observational data from

international assessments can contribute valuable evidence of causation. In light of these

arguments, the paper has presented an application of causal mediation analysis with

international assessment data.

The applied example examined the mediating role of early literacy activities in

parental education effects on reading performance using retrospective responses in the data.

Overall, the results provided weak support for the early literacy activities causal mechanism.

Mediation effects were significant in 18 of the 50 education systems in the sample and the

proportion of parental education effects mediated by early literacy activities was 10% or less.
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Further, mediation effects were very sensitive to departures from the sequential ignorability

assumption. That is, unobserved confounders related to early literacy activities and reading

performance prevent us from interpreting mediation results in causal terms.

The results, however, were not very different from previous studies. For instance,

cultural capital has been found to mediate 15% of family wealth effects on math achievement

in the US (Orr, 2003) and early literacy activities mediated on average 10% of parental

education effects on reading achievement in PIRLS 2001 (Park, 2008). But a direct

comparison with previous studies is not possible due to differences in mediating variables

(e.g., home learning environment, cultural capital), treatment variables (e.g., SES), control

variables, educational outcomes, school stages, country samples, etc. For example, related

studies have also found that parenting (i.e., activities to promote learning, interactions with

the child, family organization and nutrition) mediates 40% of family resources influences in

the UK (Kiernan & Mensah, 2011), that the number of books at home, early literacy

activities, and the early reading abilities mediate on average 50% of parental education

influences in Sweden (Myrberg & Rosé́n, 2009), and that home cognitive stimulation (e.g., 

learning materials, academic stimulation, physical environment) mediates 38% of maternal

education influences in the US (Raviv, Kessenich, & Morrison, 2004).

In accordance with previous studies, the analyses provided support for direct effects

of early literacy activities (Melhuish et al., 2008; Merlo, Bowman, & Barnett, 2007; Niklas &

Schneider, 2013). These effects appeared to be independent of the family socio-economic

background of students and more robust than indirect effects through parental education and

family SES. Unreported analyses also showed that causal mediation of early literacy

activities on family SES effects was very similar to mediation results for parental education.

Parental education was preferred over family SES because the early literacy activities
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mechanism was more direct for parental education than for family SES, which is a broader

concept with no strong theoretical basis.

The analyses have some limitations. One is that retrospective responses on early

literacy activities could be biased by present knowledge. Another is cross-cultural bias in the

early literacy activities scale. Also, a broader concept such as the home learning environment

would have facilitated comparisons with previous studies. But early literacy activities were

preferred because responses were retrospective and consistent with mediation assumptions.

Another limitation is that models do not take into account the missing data uncertainty and

the multilevel nature of the data. However, the analyses are primarily intended to provide an

illustration of causal mediation and results should be interpreted with caution. And yet

another is that we have not explained the significant cross-national variation of treatment and

mediation effects. Further analyses could examine whether these effects are related to

cultural, social and economic characteristics of countries (e.g., individualism/collectivism,

national income, welfare regime, stratification of school systems). For example, it could be

that early literacy skills matter more in developed countries because developing countries still

have to meet basic needs of children (e.g., nutrition, material resources; Park, 2008).

Further research on causation with international assessments

Educational science can benefit from methodological advances taking places in the

areas of economics, psychology, and political science. The combination of methodological

approaches holds promises for the study of causation. The econometric techniques alone are

limited for addressing causal questions in educational settings. But they can be used in

combination with mediation analysis for explaining causal mechanisms. For example, the

instrumental variables approach can help identify exogenous sources of variation in the

mediators. Together, these approaches can enhance the explanatory power of educational

models.
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Further methodological developments should also consider the presence of multiple

mediators. This is important because the literature often points to different factors and

theories explaining treatment effects. For example, studies on educational inequality suggest

that family SES influences on student performance are mediated by pre-school education,

paternal warmth and responsiveness, physical environment, home literacy environment,

among other factors. And researchers are interested in the relative importance of these

explanations and in evaluating competing theories. Statistical techniques for evaluating the

presence of multiple mediators would therefore strengthen the methodological base for

studying causation.

Despite its limitations, international assessment data offers many opportunities for

addressing causal questions in educational research. A creative study design, guided by

theory and using appropriate statistical techniques can produce very rich and persuasive

evidence of causation. International assessments challenge researchers to find creative ways

to take advantage of the great amount of variability available in the data. For example,

researchers can combine international assessments with national datasets including prior

achievement measures or longitudinal data. Increasingly, researchers can rely on trend data

from international assessments (e.g., 12 years in PISA 2000-2012 and 16 years in TIMSS

1995-2011) to study change in outcomes and the reasons behind it. Researchers should also

be mindful of exogenous sources of variation that create artificial experiments in the data,

such as the introduction of policies between survey cycles (e.g., the establishment of the

European Union) or from primary to secondary schooling (see, for example, school tracking

effects in Hanushek and Wößmann, 2006) as well as rules for promotion, maximum class

sizes (Angrist & Lavy, 1999), and age-of-school entry policies (Martin, Mullis, and Foy,

2011).
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When defining a methodological framework for studying educational outcomes,

educationalists should carefully consider the techniques and theories that adapt best to the

nature of educational settings and the causal questions of relevance in educational research.

Rather than adopting a unique view of causation, educational research can benefit from a

multi-disciplinary approach that combines methods and theories from psychology, sociology,

and economics. The specific statistical techniques are relevant but probably the least

important aspect of a strong research study. More relevant aspects, for example, are that the

study is guided by solid theory, the measures are valid, the sample yields some level of

external validity, the design is appropriate for the research question, and competing

mechanisms can be ruled out.
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Appendix A

Table A1. Causal mediation estimates

Education system % Mediated ACME Direct Total

Andalusia, Spain 0.56 0.06 9.94 * 10.00 *

Abu Dhabi, UAE 5.06 0.77 * 14.50 * 15.27 *

Australia 0.06 0.01 10.69 * 10.70 *

Austria 0.41 0.03 6.52 * 6.55 *

Azerbaijan 0.00 0.00 5.04 * 5.01 *

Belgium (French) 0.96 0.07 * 6.61 * 6.69 *

Botswana 2.88 0.36 * 12.30 * 12.66 *

Bulgaria 10.32 1.10 * 9.57 * 10.66 *

Canada 0.52 0.05 10.04 * 10.09 *

Canada, Alberta 7.54 0.65 * 7.92 * 8.57 *

Canada, Ontario 0.00 0.00 10.63 * 10.45 *

Canada, Quebec 1.01 0.12 10.71 * 10.83 *

Chinese Taipei 3.67 0.42 * 10.60 * 11.02 *

Colombia 0.00 0.00 7.70 * 7.70 *

Croatia 0.00 0.00 6.22 * 6.21 *

Czech Republic 0.00 0.00 5.82 * 5.65 *

Denmark 3.32 0.06 1.47 1.53

Dubai,UAE 2.97 0.60 * 19.33 * 19.93 *

Finland 0.00 0.00 7.79 * 7.75 *

France 0.00 0.00 12.59 * 12.50 *

Georgia 0.34 0.06 13.28 * 13.33 *

Germany 0.00 0.00 6.35 * 6.32 *

Honduras 1.53 0.18 * 11.14 * 11.32 *

Hong Kong SAR 3.21 0.14 3.82 * 3.96 *

Hungary 0.00 0.00 11.55 * 11.29 *

Indonesia 0.09 0.01 13.44 * 13.45 *

Iran, Islamic Rep. of 0.09 0.02 13.34 * 13.35 *

Italy 0.00 0.00 8.31 * 8.26 *

Kuwait 0.07 0.02 18.77 * 18.79 *

Lithuania 0.76 0.06 6.92 * 6.98 *

Malta 5.12 0.70 * 12.42 * 13.12 *

Morocco 0.00 0.00 13.87 * 13.29 *

Netherlands 0.01 0.00 5.28 * 5.29 *

New Zealand 2.51 0.26 * 10.03 * 10.29 *

Northern Ireland 0.00 0.00 6.67 * 6.52 *

Norway 0.00 0.00 3.28 * 3.27 *

Oman 3.67 0.50 * 13.06 * 13.56 *

Poland 0.82 0.12 14.00 * 14.12 *

Portugal 0.03 0.00 4.83 * 4.83 *

Qatar 1.54 0.32 * 20.09 * 20.41 *

Romania 0.93 0.15 15.95 * 16.10 *

Russian Federation 0.55 0.06 9.94 * 10.01 *
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Saudi Arabia 5.41 0.55 * 9.36 * 9.91 *

Singapore 1.92 0.29 * 14.11 * 14.40 *

Slovak Republic 0.00 0.00 7.41 * 7.38 *

South Africa 2.74 0.47 * 16.55 * 17.03 *

Spain 0.00 0.00 6.93 * 6.90 *

Sweden 4.63 0.35 * 7.07 * 7.41 *

Trinidad and Tobago 4.57 0.46 * 9.44 * 9.90 *

United Arab
Emirates 4.10 0.70 * 16.24 * 16.93 *

Notes.

* p < 0.05.

Negative ACMEs where coded as 0.

ACME=Average causal mediation effect;% Mediated = percentage mediated of the

total parental education effect; Direct = direct effect of parental education; Total =

total effect of parental education.
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Table A2. PARED coefficient in ELA model and ELA coefficient in READ model

ELA model READ model

PARED ELA

Education systems Estimate
Std.
Error Estimate

Std.
Error

Andalusia, Spain 0.02 (0.02) 3.32 (0.80) *

Abu Dhabi, UAE 0.07 (0.02) * 10.92 (1.20) *

Australia 0.00 (0.02) 4.44 (0.67) *

Austria 0.02 (0.02) 1.61 (0.70) *

Azerbaijan 0.06 (0.02) * -0.49 (0.80)

Belgium (French) 0.04 (0.02) * 1.76 (0.80) *

Botswana 0.10 (0.02) * 3.77 (0.90) *

Bulgaria 0.28 (0.02) * 3.82 (0.71) *

Canada 0.01 (0.01) 3.95 (0.33) *

Canada, Alberta 0.13 (0.03) * 5.13 (0.81) *

Canada, Ontario -0.05 (0.03) * 3.48 (0.78) *

Canada, Quebec 0.03 (0.03) 3.74 (0.75) *

Chinese Taipei 0.13 (0.02) * 3.26 (0.80) *

Colombia 0.04 (0.02) * -0.05 (0.86)

Croatia 0.00 (0.02) 3.05 (0.71) *

Czech Republic -0.07 (0.02) * 2.39 (0.74) *

Denmark 0.03 (0.02) 1.85 (0.77) *

Dubai,UAE 0.06 (0.02) * 9.54 (0.96) *

Finland -0.02 (0.02) 2.67 (0.84) *

France -0.03 (0.02) 3.24 (0.75) *

Georgia 0.02 (0.02) 2.30 (0.78) *

Germany -0.03 (0.02) 0.93 (0.77)

Honduras 0.09 (0.02) * 2.01 (0.80) *

Hong Kong SAR 0.04 (0.02) * 3.69 (0.86) *

Hungary -0.06 (0.02) * 3.99 (0.76) *

Indonesia 0.09 (0.02) * 0.02 (0.90)
Iran, Islamic Rep.
of 0.04 (0.02) * 0.39 (0.81)

Italy -0.01 (0.02) 3.88 (0.80) *

Kuwait 0.00 (0.02) 4.50 (1.44) *

Lithuania 0.01 (0.02) 4.25 (0.75) *

Malta 0.08 (0.02) * 8.80 (1.15) *

Morocco 0.11 (0.02) * -5.22 (0.71) *

Netherlands 0.00 (0.02) 0.69 (0.70)

New Zealand 0.05 (0.02) * 5.70 (0.75) *

Northern Ireland -0.04 (0.02) 4.36 (0.85) *

Norway 0.00 (0.03) 3.76 (0.87) *

Oman 0.07 (0.01) * 7.33 (0.78) *

Poland 0.01 (0.02) 8.37 (0.78) *

Portugal 0.00 (0.02) 1.13 (0.83)

Qatar 0.06 (0.02) * 5.70 (1.21) *
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Romania 0.21 (0.03) * 0.67 (0.80)

Russian Federation 0.03 (0.03) 2.15 (0.73) *

Saudi Arabia 0.09 (0.01) * 5.94 (1.06) *

Singapore 0.11 (0.02) * 2.57 (0.70) *

Slovak Republic -0.02 (0.02) 1.70 (0.66) *

South Africa 0.08 (0.02) * 5.96 (1.19) *

Spain -0.01 (0.01) 4.96 (0.59) *

Sweden 0.05 (0.02) * 6.88 (0.73) *

Trinidad and
Tobago 0.04 (0.02) * 10.98 (1.01) *

United Arab
Emirates 0.07 (0.01) * 9.70 (0.63) *

* p < 0.05


