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Abstract

An educational production function approach to analysing the relative impact of
different resources on education that uses straightforward OLS regression can give an
indication of possible relationships between variables, but is often obscured by school
selection issues and omitted variable bias. This paper utilizes a three-step approach to
estimating an educational production function in an attempt to create a clearer picture
of the current state of education in South Africa while addressing some of these
methodological issues. The methodology used parallels the concepts used in fixed-
effects panel data analysis. It is a fixed effects analysis that differences firstly across
schools, and secondly across subject scores, rather than across time, to remove some
unobservables. School fixed-effects analysis enables us to control for the effects of
school selection by parents and teachers while student fixed-effects allow us control for
all pupil, family and school characteristics that are subject-invariant, including to some
extent intrinsic ability. We find that many important variables that impact on school

achievement are subject to significant bias if a straightforward OLS regression is run.

! This paper is based on a thesis submitted in partial fulfillment of an MPhil Economics at the
University of Oxford. | would like to thank Geeta Kingdon who supervised this thesis and provided
immensely helpful input, feedback and suggestions.



1. Introduction

Improving the quality of education is an important consideration for policymakers in both the
developed and developing world. The quality of education received by individuals in a country plays
an integral role in the future growth and prosperity of that society?. In addition, education is seen as a
fundamental human right and it is acknowledged as a merit good. While education is often prioritised
in terms of fiscal spending by many governments, increased expenditure does not necessarily translate
into improved outcomes unless it is channelled to resources that have a real impact on education.
Studies of the determinants of educational achievement therefore can play an important role in
highlighting the school inputs that have a significant impact on achievement and thereby inform policy

and expenditure decisions.

The need to better understand the impact of educational inputs on achievement is especially relevant to
South Africa. The South African government spends on average 41% of its provincial budgets on
education; a relatively high proportion by international standards. However, South African students
have performed abysmally in international comparative tests. Examples of poor performance in the past
include: the lowest average mathematics and science scores out of 46 countries that wrote the TIMSS
test, the lowest numeracy scores among twelve African countries that were part of the MLA
(Monitoring Learning Achievement) study, and a mediocre performance in the SACMEQ survey which
tested pupils from 14 Southern African countries. This is despite the fact that expenditure per pupil in
South Africa was much higher than many of the countries that surpassed it in academic performance.
In addition, as a consequence of Apartheid, South African schools are characterised by a high level of
inequality in terms of resources and achievement. The level of variation therefore makes South Africa

an interesting study for an investigation on the impact of inputs on achievement.

The primary methodology used to study the relationship between educational inputs and achievement
has been the estimation of an educational production function. Analogous to production theory, an
educational production function is an equation specified to show the relationship between various
inputs and a dependant variable output, usually student achievement measured by test scores.
Although, there exists an abundance of research on educational production functions, the literature has
been mired in controversy stemming from i) the contradictory results obtained and ii) the
methodological problems implicit in such estimation. While contradictory results may, to some extent,
simply reflect the fact that inputs have differing effects based on the context of the society in which
they are used, it is important to pay careful attention to addressing methodological problems in

estimation.

2 Hanushek and Kimko (2000) show that there is a relationship between increases in test scores and
increases in GDP.



This paper utilizes a three-step approach to estimating an educational production function in an attempt
to create a clearer picture of the current state of education in South Africa while reducing the level of
endogeneity present in the specified equations. By means of education production function analyses,
relationships between inputs into the schooling system including household, school and teacher
characteristics, and the output based on test scores are examined. However, this study attempts to
reduce omitted variable bias by estimating school and student fixed-effects regressions. School fixed-
effects analysis enables us to control for the effects of school selection by parents and teachers. As the
dataset used is fairly comprehensive, we are also able to match each student’s scores to the
characteristics of the teacher that instructs them in each subject, and are thereby able to control for all
pupil, family and school characteristics that are subject-invariant, including to some extent, their
intrinsic ability, by means of student fixed-effect analyses.

Though various researchers have attempted education production function studies in South Africa,
many studies utilize a straightforward OLS specification. This paper contributes to the literature in
terms of methodology in that an explicit attempt is made to reduce the endogeneity caused by school-
and pupil-level unobservables by means of school and student fixed-effects analyses. Use of a purpose-
designed education dataset allows for the inclusion of multiple explanatory variables and provides
detailed household and school-level data, in contrast to many South African studies, which utilize
household survey data. Furthermore, this study illustrates some of the pitfalls of straightforward OLS

estimation.

We find that many of the results from the OLS regression change considerably once school and student
fixed effect regressions are taken into account. This indicates that problems of endogeneity in OLS
estimates should be taken very seriously. However, the study also highlights the fact that once various
observed and unobserved variables are accounted for, many pupil background variables and teacher
characteristics still make a marked difference to student achievement.

The paper is laid out as follows: Section 2 discusses some relevant literature. Section 3 discuses the

data and methodology used. Section 4 discusses results and Section 5 concludes.

2. Literature review

A very wide variety of educational production functions studies exist both in the developed and
developing world to address the question of whether resources matter for educational achievement, and

which resources in particular, are important. While the outcomes of these studies have been very



mixed?®, there is some evidence that educational inputs matter for developing countries.” This suggests
studying the relationship between inputs and resources and achievement is likely to be important for a

developing country such as South Africa.

However, a key criticism of such studies is that these estimations are often replete with problems of
endogeneity, omitted variable bias, sample selection and measurement errors. As a result, numerous
studies have been attempted addressing these methodological issues. This discussion is focused on the
key methodological concern that the omission of certain important variables bias coefficients in
ordinary OLS regressions, when unobserved characteristics that affect school achievement are related
to observed characteristics. Two key examples of it is the omission of a variable that captures a
student’s intrinsic ability, and the omission of variables that capture school selection and parental
motivation. The variation in student achievement based on their intrinsic capabilities cannot always
be controlled for. While some studies have used 1Q tests or refinements of such tests to control for
innate ability (Kingdon 1996, Glewwe and Jacoby 1994), these are often not available and it is not
always clear whether these tests are completely independent of the student’s environment and
education. When data at two points in time are available, innate ability and other fixed effects such as
student motivation can be controlled for by differencing across time, and some studies have utilized
panel data to get better estimates of determinants of achievement controlling for these variables
(Angrist and Lavy (2001), Rivkin, Hanushek and Kain (2005)). This methodology goes far in
addressing some of these problems, but would still not address some of the endogeneity issues if the
factors that are assumed to be fixed, such as ability or motivation, change over time. The impact of
school resources on educational outcomes could be over- or under-estimated where it is actually
conflated with omitted variables such as unobserved parental tastes for education. One technique to
combat this has been to use make efforts to measure the typically unobserved or unmeasured variables
or to include proxy variables. Another method has been to use instrumental variable (1) techniques
instead of OLS. However, it is often difficult to find credible instruments that are uncorrelated with the
error term, but are correlated with the endogenous variable, and if the wrong instrument is chosen,
weak instrumentation can create further problems® Other issues include sample selection bias® and

measurement error.

While these concerns have resulted in a move towards using natural or randomised experimentation to
bypass many of these issues and to provide objective results, natural experiments are difficult to find,

and randomised experimentation is often infeasible or unethical, and has its own technical drawbacks.

® See, for example Hanushek (1986, 1995, 1996, 2003) who contends that resource differences do not
have an impact on educational achievement, though there is “somewhat stronger support for these
resource policies’ in developing countries.

* Heyneman and Loxley (1982, 1983), Greenwald, Hedges and Laine (1994, 1996), Kremer (1995),
Fuller and Clark (1994)

® Bound, Jaeger and Baker (1993)

® Some studies have dealt with this by using sample selection correction methods such as the Heckman-Lee method. However, in
cross-sectional data it is often difficult to find convincing exclusion restrictions, that is, variables that determine choice of school
type but do not influence conditional achievement levels.



Thus, non-experimental production function analysis remains vital to the progression of education

research.

Several studies have estimated non-experimental educational production functions using South African
data. While this work has produced certain valuable insights into the impact of education in South
Africa, specifically in highlighting relationships between parental education’ and class-teacher ratios®
and educational achievement, this work has, in the past, been somewhat limited by the paucity of
available data. Most early studies relied primarily on household survey data, supplemented by national
school surveys. Later studies utilised matriculation or school-leaving examinations as a measure of
student achievement and a variety of studies have combined the matriculation achievement dataset with
other datasets to create standard OLS educational production functions for South Africa (Crouch and
Magoboane 1998, Van der Berg and Burger 2002, Van der Berg 2005). One of the limitations of this
data, is the high level of aggregation and the lack of pupil-level data. In recent years, however, a spate
of international standardized tests on random samples of South African school pupils contain an
abundance of relevant data that was previously unavailable to researchers in South Africa such as the
Third International Maths and Science Survey (TIMSS) and SACMEQ. The surveys that accompany
these tests often contain key information on the schools, teachers and pupils, which allows important
controls to be put in place. As a result increasingly sophisticated, detailed production function analysis
is now being made possible. Both VVan der Berg (2005) and Gustaffson (2005) have attempted to utilize
the SACMEQ data for analysis. Test scores are regressed on a measure of socio-economic status (SES)
of the pupils, pupil characteristics, school inputs and processes using a Hierarchical Linear Model
(HLM) to deal with the sample design and nested data.

However, a drawback of many recent studies on educational production functions in South Africa is
that methods to deal with endogeneity and omitted variable bias are not taken into account. This paper
contributes to the literature in terms of methodology in that an explicit attempt is made to reduce the
endogeneity caused by school-and pupil-level unobservables by means of school and student fixed-

effects analyses.
3. The data and model
The dataset used in this study is the TIMSS 2003 International Database. 48 countries including South

Africa participated in this study at 8" grade level. The database includes student achievement data in

mathematics and science, as well as data on individual student backgrounds, teachers and schools.’

" LLam 1999; Case and Deaton 1999

& Case and Deaton 1999

® The tests covered four content domains in mathematics, namely algebra, measurement, geometry and data, as well as five in
science, namely life science, chemistry, physics, earth science and environmental science. Furthermore, it tested four cognitive
domains in mathematics: knowing facts and procedures, using concepts, solving routine problems and reasoning. In science, the
cognitive domains tested were factual knowledge, conceptual understanding, and reasoning and analysis



Four main background questionnaires were used in addition to the student tests. The School
Questionnaire asked school principals or headmasters for information about the school in the context of
the teaching and learning of mathematics and science. The Teacher Questionnaire was administered to
the mathematics and science teacher of each class being tested, with a parallel format for each. The
Student Questionnaire addressed the student’s home background and the resources that they had access
to for learning.’® Thus, the dataset provides a wealth of information that aids in providing an insight
into some of the characteristics of the students we are examining, as well as their background, and the

type of characteristics that their schools and teachers exhibit.

The South African subset of the TIMSS 2003 survey is relatively large. 8952 students from 255 schools
across the country were tested. The selection is explicitly stratified by province over 9 provinces. The
testing was conducted in October, which is close to the end of the academic year in South Africa. Thus
the students would have benefited from the instruction of the teacher that completed the survey for
almost the entire academic year before completing the TIMSS test. As the pupils, their schools and
their teachers were assigned unique identity numbers, it was possible to accurately merge the different

datasets to create an inclusive dataset for the analysis.

4. The Model

Studies that estimated educational production functions have often been criticised for the inherent
endogeneity and omitted variable bias. A method that has been used to deal with the problem of
omitted variables and endogeneity in education production functions with some success, is the use of
fixed effect analysis with panel data. This allows one to control for the unobservable fixed factors such
as latent ability or family values across time, thereby reducing the extent of bias. It also allows for an
analysis of the impact on achievement of changes in variables that vary over time, such as teacher
characteristics. However, since many education datasets are cross-sectional, this is not always a
possible solution, and alternate methods need to evolve to reduce endogeneity. Given the lack of
availability of suitable data on education in South Africa, there was not much scope for panel-data
analysis at the time of writing this paper. However, using the same concepts found in panel-data
analysis, a similar methodology is utilized in this paper to deal with the problem of endogeneity. This
method has been used to investigate the impact of teacher pay and other teacher characteristics on

student achievement by Kingdon (2006).

The method parallels the concepts used in fixed-effects panel data analysis. It is a fixed effects analysis
that differences firstly across schools, and secondly across subject scores, rather than across time, to

remove some unobservables.

% A Curriculum Questionnaire was also administered, but was targeted at curriculum experts in the
various countries, and thus does not impact on this single-country study.



We want to estimate the following equation

Y =Po P+ fos + fat + p+S+ 7

The dependent variable y represents standardized achievement. Since the raw mathematics and science
marks may have different distributions it is necessary to standardize achievement to allow for a direct
comparison in the fixed effects regressions. In this sample the Epanechkinov kernel densities show that
the distributions of the two subjects are different. Thus, in order to allow for direct comparisons across
subjects, a transformation of the achievement mark in each subject was undertaken in order to create a
mean of zero and a standard deviation of one, for both distributions. The kernel densities of the original

mathematics and science scores, as well as the transformed achievement scores are shown in Figure 1.

The estimated model includes vectors of each of the pupil-level, school-level and teacher-level
variables, along with the unobserved components. The vector of pupil level variables includes
individual characteristics such as age, language and gender, measures to indicate the socio-economic
status of the household, parental education, and additional factors that may proxy for some of the
unobserved variables such as the level of parental interest in and support for education being proxied

for by the number of books in the household and possession of a desk.

The vector of school level variables s, covers the type of schooling community, which allows for the
impact of peer effects and the parental influence on the school, schooling resource shortages, and other

variables such as total enrolment.

Furthermore, the vector of teacher-level variables cover teachers age, education, individual
characteristics such as gender, and other variables to deal with their perception of factors such as job

satisfaction and the school environment.

Finally, there are dummy variables to account for geographical differences. These control for the size
of the community that the school is located in as well as the province. Differences in provincial
achievement may be apparent due to provincial education policies, and different cultural attitudes and
socioeconomic characteristics of the general population across provinces. It is expected that
achievement may vary over rural and urban settings, and although the dataset does not have a rural-
urban variable, it allows a breakdown in terms of the size of the community the school is located in,
and thereby isolates the level of urbanization to some degree. The full list of variables used in the

study, along with their descriptive statistics is reproduced in Table 4.

a) OLS regression

The first part of the analysis utilizes a straightforward OLS analysis of the key equation to analyse the

partial effects of different variables without controlling for possible endogeneity problems. The main

problem with this specification is that the unobserved characteristics that form part of the error term are



likely to be correlated with the observed variables. An example of this could be that p includes the
unobserved parental motivation which may be correlated with the level of school resources at the
school attended by their children, as more motivated parents may choose to send their children to
schools with good resources. As a result, the coefficients on school resource could be biased upwards..
Thus, if this equation were estimated using straightforward, pooled OLS, the estimates would be biased
and inconsistent. However, OLS estimates still provide an overall view of some of the key
relationships in this system and illustrate partial correlations. As this is the type of specification used in
the literature on educational production functions in South Africa, it also allows some comparability

with past studies.

b) School fixed effects

The sample at hand is large and contains students from a variety of schools. Evidence from other
studies such as Van der Berg (2005) suggest that the intraclass correlation coefficient in South Africa is
quite high, and that a substantial amount of the variation in academic achievement lies between schools
rather than within schools. However, it is informative to find out what determines achievement within
schools too, by running a school fixed-effects regression. By doing this we circumvent the problem of
the choice of school made by both parents and teachers. Thus we completely remove between-school

sorting of students. This is similar to the strategy used by Woesman and West (2002).

A school fixed-effects analysis uses within-school transformation, while controlling for certain
variables. Thus, the transformation measures the deviation from the mean within a school. The school-
level observables and unobservables are now removed from the equation. Thus the bias from the
inclusion of & in the error term is removed. Components of p and 1 that are constant across schools are

also removed.

The school fixed effects regression works as follows:

Let i represent each student identity number and let m be the school identity number. In order to
simplify the exposition, we assume there is a vector of unobserved characteristics c, that is constant for
students within-schools, and that all other unobservable variables are included in the error term, and we

collapse the various explanatory variables into a single vector x, labelled Xim= {Xim1, Xim2,---» Ximk}-

Yim= Xim B + cm + U in 1)

The achievement of student i in school m is the result of the vector of observed characteristics,

unobserved characteristics that are constant within schools, and the error term.

The cp, are likely to be correlated with some of the X, as mentioned previously. If this equation is
estimated using straightforward pooled OLS, the estimates would be biased and inconsistent as the

error (Cn + Uim), is correlated with the explanatory variables.



In order to remove the unobservable ¢, a fixed effects transformation, known as within transformation
is used™. The main idea is to transform the equations to remove the unobservable factor ¢, thereby
removing the potential for bias. A fixed effect analysis is suitable for this type of data in contrast to
using random effects as it allows the unobserved explanatory variables to be correlated with the error

term.

The method for the transformation used for the school fixed effects equation is averaging the equation

across pupils within each school to get

Ym = Xm B+ Cm +Un 3)

Where Yo = M 3Vim, Xm = M2 Xim and vn = M Ui

Subtracting equation (3) from equation (1) leaves
Yim —Ym = (Xim - Xm)ﬁ + (Uim “Um )

This can be rewritten as

V'im =X+ u'im

The de-meaning of the original equation has removed the school specific unobserved effect c.,. Now
the parameters of the equation can be estimated using pooled OLS. However, it should be noted that
the bias resulting from the inclusion of the omitted variables that are not constant within schools is not

resolved.

¢) Student fixed-effects

Finally, another step to reducing the endogeneity of inputs on outputs is to control for the fixed effects
of individuals, and thereby isolate the impact of factors that affect the student across different subjects.
This is done by utilizing a within-student fixed-effects regression. An analogous transformation to the
school fixed-effects transformation is used, averaging across the two subjects for each student rather
than across students within a school. Thus the observable as well as unobservable parental and subject-
invariant individual fixed effects c; are removed from the equation. The resulting regression focuses on
the impact on achievement of teacher characteristics and other characteristics that differ between

subjects.

This transformation is beneficial in that it removes a large amount of the sample selection and
endogeneity problems associated with omitted background variables. p is removed from the equation
and thus the bias it causes is removed. Therefore, a student’s subject-invariant innate ability is
controlled for. The results are thus more reliable than the OLS or school fixed-effects regressions and

are likely to highlight the change in the coefficients of variables that are affected by omitted variable

1 This model is adapted from Woolridge (2002)



bias in the OLS regression. One of the problems with this specification is that although it allows us to
examine the impact of teacher effects and the effects of factors that vary across subjects, it prevents a
characterisation of the impact of other variables such as school facilities, or parental attributes on
student achievement. Furthermore, t remains in the error term. If it is correlated to t, we have not

completely removed the bias.

Differencing across subjects can be suitable for fixed effects analysis of achievement, and provide a
mechanism similar to the use of time varying panel data. Individual level factors such as innate ability
and parental stimulation are generally constant for students across subjects. A potential criticism that
may be levelled against this type of analysis may be that different variables have varying levels of
importance and impact on differently on diverse subjects. This may be true, but the justification in this
case is that while there is likely to be unobservable differences between the factors that impact on
subjects with different implicit cognitive processes such as comparing Art with Mathematics, Science
and Mathematics are based on very similar foundations so this is unlikely to hold. Furthermore,
differencing across similar subjects with different teachers at a single point in time rather than over the
space of a year or more, reduces disturbances that may be caused by changes in individual student

circumstances.

Limitations of the model

There are some caveats to take into account in this study. Firstly, there are no controls for cumulative
effects on education. Previous teachers may have a significant impact on the student’s foundations in a
subject, and not controlling for this could potentially bias results. Secondly, the possibility remains,

that teacher level unobservables may bias coefficients on observed teacher variables.

As the variety of variables that are used as controls in this study is relatively large in comparison to the
variables available for many previous studies in South Africa the multiple controls should reduce the
number of omitted variables and thereby reduce potential bias. However, some of the variables such as
the various different school resource variables are highly collinear and cannot all be included in the
interests of maintaining a parsimonious selection. A notable omission for a study focused on South
Africa, a country where race-based factors were intrinsically intertwined with many policy decisions, is
the lack of a variable to denote race. However, given the constraints of this dataset, this is not possible.
Although some studies have created variables that are meant to show the racial categorisation of the
school under the apartheid government by using different criterion such as the schools with the top
10% of SES being considered schools that were previously white or Indian?, we felt that this would be
an overtly broad generalization that may obfuscate analysis. Given that alternate sources suggest that
school choice is increasingly determined by social class rather than purely by race, we hope that the

omission of race does not endanger the conclusions to a great extent. Furthermore, schools that were

12 Gustaffson (2005), Van der Berg (2005)
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previously classified as DET*? schools potentially have a high correlation with certain included
variables, such as a majority of students being from economically disadvantaged backgrounds, and the

majority of students in the school not speaking the language of the test at home.

The problem of sample selection bias is commonly discussed in educational production function
literature. Non-enrolment at school can create a selection bias. However, this problem is abstracted
from in this study as it is specifically focused on students in grade 8, a grade in which school

attendance is compulsory.

The dataset used is clustered on two levels. The students are clustered within schools and achievement
scores across subjects are clustered by student. However, it is likely that this violates the assumption
that disturbances are independent, as the grouped structure is likely to lead to disturbances that are
correlated within groups (Moulton 1990). This could lead to standard errors that are biased downwards,
and could lead to spurious findings of significance. In order to correct for this, robust t values are

estimated using the student as the unit of clustering.

5. Estimation

Firstly, a level ordinary least squares (OLS) regression is run to show the partial correlation between
variables. Standardized achievement is regressed on a variety of independent variables that can roughly
be divided into 4 categories: individual and background variables, school-level variables, teacher-level
variables and geographical variables. The second regression again estimates the educational production
function described, but allows for school fixed effects. The intuition behind this specification, as
outlined earlier, lies primarily in the effects of school choice. The third regression is predominantly
focused on the impact that teacher characteristics and other resources that vary across subjects have on
achievement by controlling for individual student fixed-effects. By implication, we control for school
fixed effects in this regression. Thus, there is a clearer depiction of the ways in which the standardized
variation in achievement across subjects is dependent on different variables and this specification has

the added benefit of controlling for subject-invariant pupil-level unobservables such as innate ability.

In order to facilitate comparability across the three specifications the discussion is divided into three
main sections. The first part of the analysis focuses on the variables that are in the OLS regression, but
do not appear in the school or student fixed-effects regressions. These variables are predominantly
variables that are school level or geographical variables. The second part analyses variables that appear
in both the OLS and the school fixed effects regression but not in the student fixed effects regression,
ie. individual background variables. The third part of the analysis focuses on variables that appear in all
three regressions. These are predominantly teacher-level variables and variables that differ across

subjects. The results across the three specifications are presented in Table 5.

B3 DET implies schools that were previously created to teach African students.
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5.1. OLS regression

In terms of the OLS regression, the results are for the most part, in line with the results reported by
other studies using OLS analysis on South African education data. The OLS results on their own,
however, cannot be taken as definitive because of the inherent endogeneity in this specification.
Although it is informative to analyse the results of the regression to give an indication of possible
relationships and partial correlations it is important to bear in mind that the more plausible results are

those in the school and student fixed-effects regressions.

Geographical Variables:

The TIMSS study sampled a diverse range of students over various types of communities, stratified
over all nine South African provinces. In order to control for the possible impact of these geographical
differences on student achievement, dummy variables were included in the OLS regression to represent
a) the different sized communities in which schools were situated were included to control for rural-
urban effects and b) provincial difference. The regression suggests that that smaller communities are at
a greater disadvantage. In addition, there are inter-provincial difference between the students in terms
of various identifying characteristics, as well as the average and distribution of their achievement. The
distribution of mathematics and science scores across the nine provinces is shown in Figure 2. One
province that seems to stand out in terms of having a distribution with a higher median than the others
is the Western Cape. Students from Gauteng, the Northern Cape and the Western Cape have a level of
achievement that is significantly above the remaining provinces, with the Western Cape showing the
highest advantage. Possible reasons for this dominance include having inherited good provincial
educational institutions, and having a wealthier and more education population than the other
provinces. As this effect is over and above the controls for school resources, parental education and
peer effects among others, it is thus most likely to be related to differences in provincial
administration.** The coefficients on the provincial dummy variables are extremely large and suggest

that there are substantial inter-provincial differences.

School level variables:

The TIMSS database attempts to provide a wide range of school level questions, with a significant

focus on resources. However, the data on resources and shortages are based on reports made by the

! There may be some historical intuition behind these results. With an exception of the Northern Cape,
the provinces that outperformed the baseline province all inherited institutional structures from a
former provincial education departments, and did not merge with another homeland education
department. The Western Cape inherited many of the institutional structures from the former Cape
Province education department, which focused primarily on the education of white students and thus
was of a relatively high standard. It, unlike the most other provinces did not experience any significant
merger with any other education department. The poorest performing provinces relative to the base
province were Limpopo and Mpumalanga. These provinces form a stark contrast to those discussed
above. They were all the result of a merger of at least two disparate education departments and
incorporated departments from former homelands, with inferior institutional mechanisms.

12



principal of each school, without an independent survey of these resources. As it is likely that there
may be principals who have different standards and benchmarks, some of the reporting about perceived
resource shortages may be relative to the principal’s own standards, which may affect comparability
across schools. The total enrolment in sampled schools ranged from small schools with as few pupils as
68, to large schools with over 2000 pupils. Regression results show that larger schools are associated

with higher student achievement.

The socio-economic status (SES) of the majority of the students at a particular school could impact on
an individual’s achievement in addition to the impact that their household wealth has for several
reasons. Peer effects may matter. Furthermore, the relationship between the SES of the majority of the
students and school quality as perceived by parents could create school selection issues. As a school
level variable there is a measure that categorizes the percentage of economically disadvantaged
students in the school. Over 87% of the schools had over half the pupils coming from economically
disadvantaged backgrounds. Fewer than 3% of schools had less than a tenth of their students from
economically disadvantaged backgrounds. The relationship between the proportion of economically
disadvantaged children in the school and achievement seems strong. Despite the fact that the regression
equation has several measures controlling for household wealth there is a definite school-level effect.
Schools with over 25% of their students from disadvantaged background have a lower level of
achievement than schools with fewer students from disadvantaged backgrounds. Schools with over

50% of their students from disadvantaged backgrounds have an even higher disadvantage.

The South African education system allows substantial power to school governing bodies. Among
other rights, the governing body is given the freedom to determine school fees and to hire additional
teachers. Thus, one would expect higher achievement from children in schools with high levels of
parental involvement, and lower achievement where there is poor parental support. Surprisingly, the
results show that where parental support for the school is low, students perform higher on average.
However, one needs to bear in mind that the index of parental support is based on a series of questions
answered by the school principal, and as such is not a completely objective measure and is subject to

some measurement problems.

In many developing country studies, school physical resources are found to be an important
determinant of educational achievement.’® Indices to measure shortages in four types of schooling
resources were included as regressors. These categories included shortages in materials for instruction,
buildings, heating and electricity, and teaching staff. While all the indices are negatively related to
achievement, the relationships are not statistically significant. An exception is the index to measure the

shortages in electricity and heating which exhibits a significant negative impact on achievement.

A second category of indicators describing the level of school resources was disaggregated further by

subject. Whether a school had difficulty in filling teacher vacancies in a particular subject was not

5 Glewwe (2002).
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found to be significantly related to achievement. An index of the availability of school resources by
subject was also found to be insignificant. However, again, these measures are not completely objective
but are subjective as they are reported by the school principal. Furthermore, even if the measures were
completely accurate the results are marred by the fact the coefficients are likely to be biased if these
variables are correlated with unobserved factors that influence achievement such as parental

motivation.

5.2. School fixed effects

The second regression estimates the educational production function described, but allows for fixed
effects within schools. The intuition behind this specification lies primarily in the effects of school
choice. In South Africa, school choice is not strictly determined by residential zoning, and because of a
system of differential fees at schools, there is often a correlation between unobserved parental
characteristics, such as parental motivation, and school quality. This could lead to between-school
sorting of students, and the result in selection bias. By running a fixed effects regression the impact of
home background and teacher variables are isolated within schools and this reduces the impact of
school selection on the analysis. Although explanatory power is significantly reduced as school
resources and school-level variables are differenced out, the results from the fixed effects regression

are far stronger than the OLS regression.

Individual-level variables:

Student age in this sample has a very wide variation in comparison to norm in many other countries.
The approximate age of a student at the end of Grade 8 should ideally be between 13 and 14 years.
However, the survey results show a distribution of ages up to 19 years. This is unsurprising due to the
documented high level of repeating and late entries into the schooling system that are often prevalent in
South African schools.”® The regression results show a significant relationship between age and
achievement. If age is included as a continuous variable there is simply a negative coefficient.
However, to disaggregate the effects of age further dummy variables were created for different age
categories. The results show that compared to underage students, being the correct age for the grade,
either thirteen or fourteen, has a positive but insignificant effect. However there is a highly significant
negative coefficient if a student is older than the correct age for their grade. This negative relationship
appears to increase with age, with a far poorer performance on average if the student is eighteen or
older. Since low achievers are more likely to repeat grades, causality seems to run from low
achievement to a higher age for grade. This result holds for both the level and the school fixed effects
regression. The coefficients of the age dummies are among the largest in terms of magnitude, and the

size of the coefficient increases when school fixed effects are estimated.

%8 An in-depth study of a particular school in Cape Town, ‘The Gugulethu School survey’ contained retrospective educational
histories from 603 students enrolled at the high school. It showed that in a particular school, 2/3 of students would have repeated
at least one grade by the end of their secondary education. At least 1/3 of the students would have repeated more than 2 grades.
Repeaters may be more likely to exhibit low levels of achievement. (Anderson et al 1999, 2001 cited in Anderson, Case and Lam
(2001)).
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Both the level OLS and the school fixed effects regression suggest evidence of a gender bias as males
are shown to have a slight advantage in terms of achievement in these subjects. While girls have often
been shown to achieve better in these types of regressions, the fact that the test is based on mathematics
and science might have some effect. Furthermore, a larger household size is associated with a lower
score in both regressions.

A student’s level of education is likely to be linked to the availability of resources for education found
in a student’s home, and this dataset contains various measures that can be used to proxy for these
resources. A particularly relevant example of resources available lies in a series of questions that
indicate the number of books present in the pupil’s home and possession of a desk. The number of
books gives an indication of the educational and social environment in the students home. Having a
greater number of books in the house may be indicative of a more academically oriented environment
at home which might lead to higher achievement. The data shows that 43% of the respondents had less
than 10 books at home, and 75% had less than 25 books at home. Thus the overall picture is of a
population in which the majority of students are not exposed to a large amount of reading materials at
home, and thus are perhaps not brought up in a very educationally stimulating environment. The OLS
regression results suggest that this may be problematic as having over 25 books in the household is
linked with an increase in student achievement, and having over 100 books has an even greater impact.
It is possible that this result reflects school selection due to unobserved parental characteristics that are
also related to achievement, such as parental interest in education. This hypothesis is tested by
comparing the OLS result with that of the school fixed effects regression, which controls for school
selection. The removal of school choice has an interesting result in terms of the impact of books on a
student’s performance. The number of books in the house now shows no systematic relationship to the
level of pupil achievement, even if there are over 100 books. This shows that once some unobserved
parental factor that is correlated with school choice and the number of books is removed, the actual
level of books in the household is now immaterial. This shows the effect that school choice may have
in biasing variables if a straightforward OLS regression is used. Possession of a desk in the house could
indicate the provision a comfortable studying environment, and also suggests some parental interest in

their child’s schooling. This, however, proves to be insignificant in both the regressions.

Although the data contained absolutely no clear measure of family income the questionnaire did
include questions that covered household possessions. From this it was possible to construct two
indices to measure household wealth. An amenities index was constructed from the data with a point
being given for having electricity, running water and water-flushed toilets. Nearly 60% of students in
the sample were from homes that lacked at least one of the above utilities, while 12% of the students
were recorded as having none of these utilities. It is expected that basic services included in this index
should have an influence on student achievement. Electricity would allow a student to study more
effectively during the evenings, and better sanitation would prevent a reduction in productivity due to

repeated ill health. Furthermore, less time would be spent in unproductive ways, such as collecting
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water or firewood. The amenities index of the home has a significant effect in both the OLS regression
and the school fixed effects regression, with an increase in basic utilities in a student’s home leading to
an improvement in the score, as expected. Another index targeted at controlling for wealth at a higher
level was constructed by assigning weighted values to seven different household possessions including
a television, fridge and computer. While the distribution is quite varied, 15% of the population has all
items indicated in their home. The sample therefore contains students from both ends of the socio-
economic scale and includes a variety from those that lack basic sanitation and electricity to those that
come from homes containing varied electronic household appliances. The wealth index based on
household possessions shows no relationship to achievement in either regression. However, a missing
value in the index of household possessions is significantly negative in the school fixed effects
regression. This is possibly as students that do not have many of the items listed in comparison to their
classmates are more likely to avoid answering the question out of embarrassment. Possession of a car
too proves to be insignificant in the OLS regression. However, it has a strangely significant negative
coefficient in the school fixed effect regression. It therefore seems that income level matters for
educational achievement where basic services are concerned, but does not matter at the upper end of
the wealth distribution. This can be construed as a positive result for policymakers as there is greater

potential for equality in terms of educational opportunities beyond a certain threshold of wealth.

Language is shown to be an important factor determining achievement in both the level and school
fixed effects regressions. Students that come from families in which the language of the test is never
spoken are at a significant disadvantage relative to those that sometimes speak the language of the test.
Furthermore, students from families in which the language of the test is the first language or is spoken
almost exclusively tend to have a higher level of achievement. South Africa has eleven national
languages, and an even greater number of languages spoken within households. However, the tests
were administered in only two languages, English and Afrikaans and were not administered in any
African languages. Thus, there may be some racial dynamics behind this result as well. The magnitude

of the coefficients on race are large relative to others in the regression.

Parental education can be expected to exert some influence on student achievement, through various
channels including genetic endowment of ability, the capacity to supervise a child’s homework and
school choice, among others. In South Africa the fact that the parents of students that would be 13 or
older in 2002 are likely to themselves have been the product of apartheid educational institutions
suggests that there would be a variety of parental education levels, and furthermore, differing levels of
quality. Thus although parental education can be categorized by the highest level of education attained,
there is no way to measure the impact of the quality of that education, which is something of a
drawback. While 22% of students are not aware of the highest level of education completed by their
mother, the remainder of the students form part of a distribution that is decidedly skewed towards
lower levels of education. A larger number of students are unaware of their father’s level of education.
The regressions exhibit some interesting results in terms of the impact of parental education. The level

of maternal education is shown to be important for academic achievement, with a mother that
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completed Std 7 adding significantly to the student’s achievement, and significant impacts from
mothers that completed a diploma or university education. An unexpected feature, however, lies in the
magnitudes of the coefficients. The results suggest that the impact of having a mother that completed
Std 7 is higher than that of a mother that completed secondary school. This seems contrary to
expectations, and does not seem to be a result of outliers or measurement error. A possible explanation
is that the Std 7 coefficient is being biased upwards by an omitted variable that is correlated with it. A
plausible example could be a mother who has not completed high school may be less likely to enter the
workforce than a mother with more marketable qualifications and thus is more likely to be based at
home, and this effect may increase student achievement. However, without information on employment
this hypothesis is not possible to test. Another interesting observation is that the coefficient on a
‘mother that has attained a diploma’ has a higher point estimate than that of a ‘mother with university
education’. In the school fixed effects regression, an added change is that the impact of a ‘mother with
Std 7 education’ now shows an even greater coefficient than in the level regression, as well as showing
a higher value than the coefficient on a ‘mother with university education’. This is possibly due to the

same type of omitted variable problem described earlier.

The level of paternal education seems less important and there is no consistent pattern. In the OLS
regression a significant negative effect on achievement is exhibited if the father only completed
primary school, and insignificant effects are exhibited otherwise. The only exceptions are a weakly
significant positive impact of a father who has a certificate, and a highly significant positive impact of
having a father with university education. In the school fixed effects regression paternal education
again shows a negative impact if the father completed Primary school. There is also a weakly
significant negative impact if the father is in possession of a diploma, and in contrast to the OLS
regression, it does not suggest that a certificate or university education effects student achievement.

These results also contrast strongly with those for maternal education

5.3. Student fixed effects

The third regression is predominantly focused on the impact of teacher characteristics on achievement
by controlling both for school fixed effects, as well as individual student fixed effects. Thus, there is a
clearer characterization of the ways in which the standardized variation in achievement across subjects
is dependent on teacher characteristics. Although most of the variables in the specification are teacher
characteristics, other variables that vary across subjects are extra lessons, index of school resources in
the subject, class size and difficulty in filling vacancies in the particular subject. Although, the size of
many coefficients as well as their level of significance seems very similar to that in the school fixed
effect analysis, suggesting that a great part of the unobserved variables are at school level rather than at
an individual level, there are some interesting changes in the coefficients under the new specification.
Specifically, some coefficients change their sign and this illustrates the dangers inherent in estimating

level educational production functions without correcting for omitted variable bias.
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Characteristics that vary across subjects

Pupils that attend extra lessons have a lower level of achievement on average in both the OLS
regression as well as the school fixed regression at a high level of significance. This could be explained
by the fact that pupils that are facing difficulties or are considered weak in a subject are more likely to
be given extra lessons, so there is some reverse causation involved in estimates for this variable. Even
within schools, it seems likely that weaker students are likely to be enrolled for extra lessons, and the
coefficient is significant and negative. However, the student fixed effect result provides an interesting
insight into some of the limitations of OLS analysis of educational production functions. We see that
once individual student characteristics are controlled for, going for extra lessons in a subject is
associated with higher student achievement, and the sign on the coefficient has changed over
completely from negative to positive. This is also at a high level of significance. As this specification
controls for individual ability it shows that for a particular student, going for extra lessons improves
their academic performance. This highlights the potential problems when endogeneity is not

sufficiently controlled for.

Class size in this sample is very varied and ranges from a minimum of 7 to a maximum of 93. In line
with the Case and Deaton study, a negative relationship is found in this OLS regression. However,
unlike the Case and Deaton study which utilized data from pre-1994 sources and convincingly argued
that the African students sampled were subject to limited residential mobility and limited parental
influence on school resources, this study is based on a 2003 dataset which is nearly a decade after the
relaxation and later abolition of laws governing residential and school choice for black South Africans.
Secondly, it includes students from across race groups. Thus similar arguments to that used by Case
and Deaton regarding reduced endogeneity cannot be used. A school fixed effects regression
contradicts the OLS result. Class size now shows a positive but insignificant effect. This could be for
two reasons. Firstly, since the school fixed effects regression would be analysing the variation across
classes within a school it is possible that the low levels of variation in class size that occur within a
school are unlikely to meet the threshold level for it to have a significant impact. An alternative
explanation is that once school selection is accounted for, class size has no impact. This would infer
that the coefficient in class size in the OLS regression was biased due to some unobserved variables, an
example being that more motivated parents might be more likely to choose schools with smaller class
sizes, and given that no variable for parental motivation is included, the correlation between motivated
parents and smaller class size creates a bias in the class size coefficient. A student fixed-effects
regression produces a coefficient that is almost identical to the school fixed effects regression,
suggesting that the unobserved variables that impact on achievement and are correlated with class size

are school-level rather subject-level variables.

Teacher characteristics
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Apart from school-level resources, teacher characteristics could also have an impact on student
achievement. The TIMSS data allows a direct link between teacher and student, and also has
information on the scores from two different subjects and characteristics of the teacher responsible.

This gives a greater variation in teacher data than was previously available in South Africa.

In the OLS regression, teacher gender was not shown to have a significant relationship with student
achievement. Majoring in education of the subject that they teach is not shown to have any impact on
score. The number of years of teaching experience is also insignificant. Controlling for experience,
teacher age seems to matter. Having a young teacher, under the age of 25, seems to be advantageous to
students; this is potentially due to the teacher having recently completed their tertiary training. Having
a teacher above this age seems to be almost uniformly negative in comparison to this base, but
improving with age, with an positive improvement if the teacher is in their fifties. Teachers above the
age of 60, however, are associated with the poorest academic performance. In terms of teacher

education, we see no significant impact of the level of formal education on student achievement.

Teacher variables change very slightly once school fixed effects are accounted for. Experience now has
a positive impact on student achievement. Teacher age shows a significant negative impact on
achievement if the teacher is aged above 25, with a very negative significant result for ages between 50
and 60. Furthermore, teacher education again seems to be completely insignificant. Thus, it seems that

overall, many teacher characteristics do not contribute significantly to student achievement.

However, a student fixed effects regression produces some interesting results. After controlling for all
school and home background variables, teacher experience is shown to have a significant positive
impact on student achievement. After individual student effects are controlled for we see that the
earlier effects of teacher age on achievement remain significant. Interestingly, the impact of teacher
education also changes. Relative to a base of not completing high school, completion of high-school, a
certificate, diploma or university education is associated with higher student performance. The subject
that the teacher majored in, and their gender remains insignificant. Thus, the regression results suggest
that teacher characteristics are in fact important to student achievement. Teacher education is
associated with higher student performance, as is teacher experience. Teacher age also impacts on
student achievement. So contrary to various results that suggest that observable teacher characteristics
play little role in explaining student achievement, the results of these regressions show that in fact,
observable teacher characteristics do play a role in determining student achievement. One of the
problems with using this specification may lie in the fact that there is no way of accounting for
cumulative teaching quality across subjects. Thus if a student has experienced consistently good
teaching in mathematics and consistently bad teaching in science, for example, this would provide an
additionally unobservable input that is not being accounted for. Thus, although we are controlling for
almost all pupil variation, there may still be some unobserved variables that are unaccounted for.

Furthermore, there still remain some unobserved factors such as teacher motivation, which may bias
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the results. However, it is likely, given the multiple controls that the bulk of the impacts on student

achievement are explained.

5.4. Robustness tests

A series of tests were run to check the robustness of the results. In the key regressions the achievement
scores were standardized with a mean of zero and a standard deviation of one in order to minimize the
possibility that different distributions of the marks would impact on the conclusions. However, to test
the robustness of these results the regressions are run again, using the raw actual achievement scores.
The regression results are presented in Table 6. To control for the fact that the mean of achievement in

mathematics and science varies, a subject dummy variable is included.

The results of these regressions are almost identical to those in which achievement score was
standardized, both in terms of the signs on the coefficients and the levels of significance. This suggests
that the key results are robust to the transformation of the achievement variable. There were a few
exceptions however. Whereas the coefficient on the having a ‘high level of resources for this subject’
was previously insignificant with a negative sign for both the school and student fixed effect
regressions, the specification utilizing the raw score shows a positive and significant impact for this
variable for both regressions. Furthermore, two of the teacher education dummy variables lose their
significance. Teacher experience changes from a positive, significant coefficient to a negative,
insignificant coefficient. However, all the other results remain identical, indicating that the core

conclusions are not endangered by the standardization of the achievement scores.

A second test that would assist in confirming the robustness of the results would be to use an
instrumental variables regression, instrumenting for variables of interest such as extra lessons, class
size or teacher qualifications or experience. However, a suitable instrument that was strongly correlated
with a variable of interest, yet uncorrelated with the error term in the achievement equation could not
be found.

Finally, the regressions were run again, using the school as a unit of clustering as opposed to the
student. This allows for correlation of errors within schools, rather than within pupils. The regression
results which are not presented are also in line with those of the key regressions, and confirm the

robustness of the results.

6. Conclusion
An educational production function approach to analysing the relative impact of different resources on
education that uses straightforward OLS regression can give an indication of possible relationships, but

is often obscured by school selection issues and omitted variable bias. This study suggests that this

problem is very real for South African data, and thus should be taken seriously by researchers.

20



Many results from the OLS regression are in fact altered substantially by the inclusion of school and
student fixed effect analyses. The number of books in a household is significant in an OLS regression,
but is no longer significant when school fixed-effects are estimated. This suggests that this variable is
likely to be highly correlated with unobserved parental characteristics that determine school choice,
such as a parent being education conscious. Extra lessons are also shown to actually have a negative
impact in an OLS regression, but a positive impact on achievement once student fixed effects are run,
presumably because omitted pupil level variables such as innate ability are now accounted for. While
class size is significant in a straightforward OLS regression, class size also shows no impact within
schools or across different subjects for the same student, which may suggest either that small variation
in class size does not impact on student achievement, or that the negative relationship between class
size and achievement is a result of school selection. Furthermore, many teacher level variables are
found to be highly significant once school and pupil unobservables are removed from the specification.
Although these results are not definitive as some bias remains due to teacher level unobservables, they

highlight some of the major inconsistencies when studies do not take account of endogeneity.

However, this study shows that even once school choice is accounted for, many parental and
background effects make a huge difference to student achievement. Importantly, poverty is related to
lower levels of achievement, maternal education make a difference, and higher ages relative to the
norm for this grade are related to lower achievement (though causality is likely to run from lower
achievement to a higher age). Furthermore, in contrast to some recent studies, observable teacher

characteristics are shown to make a difference to student achievement across specifications.
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Figure 1 (a) The kernel density of the distribution of raw Mathematics and Science scores, and 1 (b)

The distribution of standardised achievement scores for Mathematics, Science and the both
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Figure 2. Achievement in Mathematics and Science by Province
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Table 1. Distribution of highest benchmark reached by South African students in TIMSS survey

International Benchmark reached Mathematics Mathematics Science Science
(Number) (%) (Number) | (%)

None 7888 88.1% 7893 88.2%
Low 605 6.8% 588 6.6%
Intermediate 271 3.0% 297 3.3%
High 143 1.6% 105 1.2%
Advanced 45 0.5% 69 0.8%
Total 8952 100% 8952 100%

Source: Author using TIMSS dataset
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Table 4. Table of variable names and descriptive statistics

Variable Description Mean Std. Dev.
stdachi Standardised achievement 0.000 1.000
thirteen Thirteen years 0.146 0.354
fourteen Fourteen years 0.315 0.465
fifteen Fifteen years 0.221 0.415
sixteen Sixteen years 0.144 0.351
seventeen Seventeen years 0.104 0.305
eighteenor~e Eighteen years or older 0.024 0.152
agemiss Age value missing 0.038 0.190
studgender Gender of student 0.487 0.500
gendermis Gender of student missing 0.013 0.111
housepeople Household size 5.193 2.244
housepeopl~s Household size missing 0.076 0.264
bookfew Less than 25 books at home 0.307 0.461
bookmed Between 25-100 books at home 0.131 0.338
bookmany Over 100 books at home 0.098 0.297
bookmiss Books at home missing 0.047 0.213
povindex_m-~s Amenities index missing 0.069 0.254
povindex_1 Amenities index 1.763 1.120
housepos_m-~s Household possession missing 0.109 0.312
housepos_1 Index of household possessions 239.395 151.640
poscar Possess a car 0.387 0.487
posdesk Possess a desk 0.530 0.499
nolan Never speak language of test at home 0.125 0.330
firstlan Always speak language of test at home 0.286 0.452
misslan Language missing 0.033 0.178
mothered2 Mother completed Primary School 0.144 0.351
mothered3 Mother completed Std 7 0.120 0.325
mothered4 Mother completed Matric (High School) 0.168 0.374
mothered5 Mother obtained Certificate 0.025 0.156
mothered6 Mother obtained Diploma 0.039 0.194
mothered78 Mother obtained University Degree 0.044 0.205
mothered9 Mothers Education missing 0.340 0.474
fathered2 Father completed Primary School 0.105 0.306
fathered3 Father completed Std 7 0.099 0.298
fathered4 Father completed Matric (High School) 0.171 0.377
fathered5 Father obtained Certificate 0.031 0.174
fathered6 Father obtained Diploma 0.041 0.198
fathered78 Father obtained University Degree 0.058 0.233
fathered9 Father Education missing 0.398 0.489
totalenr_m~s Total students enrolled missing 0.173 0.378
totalenr_1 Total students enrolled 638.947 474.730
popecondis2 11-25% of students economically disadvantaged 0.019 0.136
popecondis3 25-50% of students economically disadvantaged 0.064 0.246
popecondis4 Over 50% of students economically disadvantaged 0.761 0.427
popecondis~s Proportion of students econ disad missing 0.132 0.339
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lan2 11-25% of students speak language of test 0.023 0.149
lan3 25-50% of students speak language of test 0.043 0.204
lan4 Over 50% of students speak language of test 0.592 0.492
lan5 Proportion of students speak language missing 0.241 0.428
parsuphi Parental support for the school high 0.106 0.308
parsuplo Parental support for the school low 0.484 0.500
extrales Pupil goes for extra lessons in subject 0.420 0.494
extralesmiss Extra lessons missing 0.094 0.292
fillvac School has difficulty filling teacher vacancies 0.460 0.498
fillvacmiss Difficulty filling vacancies missing 0.135 0.341
reshi Resources for subject at school are high 0.069 0.254
reslo Resources for subject at school are low 0.337 0.473
resmiss Resources for subject at school missing 0.146 0.353
shormat_miss Shortage of materials for instruction missing 0.139 0.345
shormat_1 Shortage of materials for instruction 2.334 1.318
shorbuild_~s Shortage of buildings missing 0.137 0.344
shorbuild_1 Shortage of building 2.201 1.428
shorelec_m-~s Shortage of electricity missing 0.133 0.340
shorelec_1 Shortage of electricity 2.355 1.466
shorteach_~s Shortage of teachers missing 0.137 0.344
shorteach_1 Shortage of teachers 2.157 1.278
majedsubj Teacher majored in education of subject 0.324 0.468
genmis Teacher gender missing 0.130 0.337
male Teacher Gender (1 is male) 0.471 0.499
teage2 Teacher age between 25-30 0.146 0.353
teage3 Teacher age between 30-40 0.470 0.499
teaged Teacher age between 40-50 0.183 0.386
teage5 Teacher age between 50-60 0.032 0.176
teage6 Teacher age over 60 0.002 0.040
teagemiss Teacher age missing 0.135 0.341
teached2 Teacher completed high school 0.023 0.149
teached3 Teacher obtained Certificate 0.027 0.161
teached4 Teacher obtained Diploma 0.546 0.498
teached5 Teacher obtained a Degree 0.178 0.382
teached6 Teacher obtained Post-graduate Degree 0.063 0.244
teachedmiss Teacher education missing 0.162 0.368
exper No of years of teacher experience 8.803 7.244
exper_miss Teacher experience missing 0.163 0.370
metrol Size of community between 3001-15000 0.107 0.310
metro2 Size of community between 15001-50000 0.069 0.254
metro3 Size of community between 50001-100000 0.116 0.321
metro4 Size of community between 100001-500000 0.207 0.405
metro5 Size of community greater than 500000 0.256 0.437
metromis Size of community missing 0.145 0.352
prov2 Free State 0.097 0.296
prov3 Gauteng 0.086 0.281
prov4 Kwazulu Natal 0.182 0.386
prov5 Mpumalanga 0.107 0.310
prové North-West 0.106 0.307
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prov7 Northern Cape 0.097 0.296
prov8 Limpopo 0.128 0.334
prov9 Western Cape 0.091 0.287
Number of observations of all variables 17904
Table 5. Regression Results
(1) (2) (3)
stdachi stdachi stdachi
Student level variables
Age (underage omitted)
Thirteen 0.072 0.015
(1.04) (0.20)
Fourteen 0.062 -0.042
(0.90) (0.59)
Fifteen -0.207 -0.269
(3.01)**xx* (3.80)**~*
Sixteen -0.270 -0.333
(3.90) *** (4.67) ***
Seventeen -0.363 -0.412
(5.18) **x* (5.73) ***
Eighteen or older -0.367 -0.405
(4.83) **x* (5.19) ***
Age missing -0.315 -0.353
(4.07) **x* (4.57) ***
Other Student Characteristics
Gender male 0.040 0.027
(3.27) *x*x* (2.51) ***
Gender missing 0.804 0.427
(8.94) **x* (2.54) ***
People in house -0.022 -0.010
(5.85) **xx* (2.96) ***
-missing -0.232 -0.100
(6.74) **x* (3.24)***
Household Possessions
Books (Less than 10 omitted)
bookfew 0.012 -0.004
(less than 25) (0.83) (0.32)
bookmed 0.073 0.000
(between 25-100) (3.74)**x* (0.02)
bookmany 0.109 0.009
(over 100) (4.63) *** (0.43)
bookmiss -0.057 -0.046
(1.37) (1.28)
Other household possessions
povindex 1 0.143 0.088
(17.83)***  (11.13)***
povindex miss 0.172 0.113
(5.57) x*x* (4.08) ***
housepos_1 0.000 -0.000
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(possession index) (0.38)

housepos_miss
Possess car

Possess desk

-0.029
(1.12)
0.002
(0.11)
0.010
(0.81)

(0.57)
-0.039
(1.66)
-0.037
(2.96) ***
-0.000
(0.01)

Frequency of using language of test at home
(speak language of test sometimes omitted)

nolan

(never speak)
firstlan
(always speak)
misslan
(missing)

Maternal Education (highest level completed)

-0.281

(15.03) *x**

0.175
(9.68) x*xx*
0.081
(1.32)

-0.271
(15.57) ***
0.065
(3.64)***
0.011
(0.22)

(did not complete primary omitted)

Primary

std 7
Matric
Certificate
Diploma
University

Donodt know

Paternal education

-0.048
(1.95) *
0.095
(3.67) x**
0.006
(0.25)
-0.041
(0.90)
0.162
(4.01) *x**
0.157
(3.74) *x%*
-0.059
(2.54) x*

-0.031
(1.42)
0.121
(5.30) ***
0.023
(0.98)
-0.042
(1.07)
0.139
(4.01) ***
0.096
(2.77) **x
-0.061
(3.01) **x

(did not complete primary omitted

Primary

std 7
Matric
Certificate
Diploma
University

Donodt know

-0.089
(3.23) *x**
0.008
(0.30)
0.002
(0.07)
0.074
(1.74)
0.007
(0.18)
0.156
(4.01) *x**
0.027
(1.09)

School level variables

Total enrolment

0.005
(2.470)*

-0.088
(3.53) ***
-0.001
(0.02)
-0.011
(0.406)
0.041
(1.10)
-0.057
(1.64)*
0.046
(1.36)
-0.001
(0.03)
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Total enrol miss -0.038
(1.20)

Proportion economically disadvantaged at school

(less than 10% omitted)

11-25% 0.219
(3.23) **x*
25-50% -0.533
(8.38) x*x*
over 50% -0.745
(12.08) *x*x*
missing -0.190
(2.51)**

Proportion of second-language pupils at school

(less than 10% omitted)

11-25% 0.398
(7.21) **xx*
25-50% 0.289
(6.96) **x*
over 50% -0.092
(2.95) **x*
missing -0.205
(5.77) **x*

Parental support for school
(medium omitted)

Low 0.010
(2.86)
High 0.071
(0.66)

Shortages experienced by school

Material for instr -0.026

(3.14) xx%
Mat instr miss 0.023
(0.20)
Buildings -0.005
(0.59)
Buildings miss 0.313
(2.99) *x**
Electricity and heat-0.026
(3.03) **x*
Electricity miss -0.316
(3.66) **x*
Teachers -0.007
(0.97)
Teachers miss -0.092
(1.04)

School and pupil variables that wvary by subject

Pupil-level

Extra lessons -0.212
(17.65) ***

Extra les miss -0.268
(11.17) ***

-0.133 0.050
(12.07) ***  (3.13) ***
-0.162 0.024
(7.34)*** (0.50)
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School level

Difficulty filling teacher vacancies

0.004 -0.001 0.002

(0.32) (0.06) (0.09)
Diff fill vac miss

-0.041 -0.047 -0.040

(0.81) (0.58) (0.50)

Index of school resources (medium omitted)

Low -0.009 0.056 0.060
(0.40) (0.96) (1.14)
High 0.013 -0.077 -0.073
(0.44) (1.01) (0.90)
miss -0.072 0.020 0.012
(0.95) (0.22) (0.12)
Classsize -0.003 0.001 0.001
(6.57) %*x* (0.74) (0.90)
classsize miss -0.206 -0.025 -0.017
(7.406) *** (0.65) (0.40)

Teacher-level variables

Major in subj 0.041 -0.008 -0.006
(3.30) *x** (0.63) (0.406)

Gender

(Female omitted)

Male -0.001 -0.002 -0.003
(0.12) (0.12) (0.23)

Missing 0.205 0.048 0.031
(2.19)** (0.49) (0.31)

Experience

Years of exp 0.001 0.003 0.003
(0.99) (1.90)* (1.76)*

exper miss -0.023 0.012 0.015
(0.64) (0.28) (0.36)

Teacher age
(below 25 omitted)

25-30 -0.127 -0.087 -0.089
(3.77)** (2.32)** (2.40) **
30-40 -0.138 -0.083 -0.082
(4.15) *~* (2.22)* (2.22)**
40-50 -0.059 -0.064 -0.059
(1.50) (1.39) (1.30)
50-60 0.049 -0.176 -0.161
(0.88) (2.87) ** (2.61) ***
Over 60 -0.197 -0.041 -0.055
(1.89)* (0.33) (0.39)
Age missing -0.326 -0.034 -0.016
(3.58) x** (0.37) (0.17)

Teacher education- highest level completed
(did not complete highschool omitted)



High school
Certificate
Diploma
Degree
Post-grad

Teacher educ miss

Regional variables

Size of community

-0.219 0.263
(1.78) * (1.69)
-0.269 0.202
(2.22)** (1.32)
-0.164 0.224
(1.40) (1.52)
-0.117 0.264
(0.99) (L.77)*
0.009 0.210
(0.08) (1.41)
-0.037 0.195
(0.64) (1.28)

(less than 3000 omitted)

3001-15000
15001-50000
50001-100000
100000-500000
>500000

missing

0.008
(2.23) **
0.017
(1.90) *
0.146
(5.12) **
0.068
(0.66)
0.065
(0.37)
-0.052
(1.13)

Provincial Variables

(Eastern Cape miss
Free State

Gauteng

KzZN

Mpumalanga
North-West
Northern Cape
Limpopo

Western Cape
Constant
Observations
R-squared

Number of idschool

Number of idstud
Robust t statistic

ing)

0.013

(0.43)

0.192

(5.80) **~*

0.090

(3.48) x*x*

-0.035

(1.21)

0.081

(2.94) **x*

0.382

(11.58) ***

-0.094

(3.51)**xx*

0.405

(11.20) *x**

1.097 -0.021
(6.33) *** (8.42)
17904 17904
0.55 0.64

255
8952

s in parentheses

0.301
(1.94)~*
0.254
(1.67)*
0.261
(1.78)
0.298
(2.02)**
0.245
(1.66)*
0.229
(1.52)

-0.272
(1.64)
17904
0.01
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Table 6. Robustness test- Comparison between Standardised Marks and Raw Marks

OoLS OoLS School fe School fe Student fe Student fe
Std Ach Raw Ach Std Ach Raw Ach Std Ach Raw Ach
Age
Thirteen 0.072 7.818 0.015 1.426
(1.04) (0.98) (0.20) (0.17)
Fourteen 0.062 6.595 -0.042 -5.093
(0.90) (0.84) (0.59) (0.63)
Fifteen -0.207 -24.160 -0.269 -31.232
(3.01)*** (3.05)*** (3.80)*** (3.83)***
Sixteen -0.270 -31.308 -0.333 -38.484
(3.90)*** (3.93)*** (4.67)*** (4.68)***
Seventeen -0.363 -42.001 -0.412 -47.584
(5.18)*** (5.20)*** (5.73)*** (5.75)***
Eighteen or -0.367 -42.492 -0.405 -46.920
more (4.83)*** (4.85)*** (5.19)*** (5.21)***
Age missing -0.315 -36.791 -0.353 -41.157
(4.07)*** (4.13)*** (4.57)*** (4.62)***
Other stud variables
Gender male 0.040 4,558 0.027 3.205
(3.27)*** (3.22)*** (2.561)** (2.54)**
Gender 0.804 91.628 0.427 46.476
missing (8.94)*** (8.78)*** (2.54)** (2.33)**
People in -0.022 -2.464 -0.010 -1.112
house (5.85)*** (5.80)*** (2.96)*** (2.91)***
- missing -0.232 -26.318 -0.100 -11.130
(6.74)*** (6.63)*** (3.24)*** (3.12)***
Books
<25 books 0.012 1.196 -0.004 -0.633
(0.83) (0.72) (0.32) (0.42)
25-100 0.073 8.316 0.000 0.072
(3.74)*** (3.70)*** (0.02) (0.04)
over 100 0.109 12.162 0.009 0.781
(4.63)*** (4.48)*** (0.43) (0.34)
- missing -0.057 -6.531 -0.046 -5.292
(1.37) (1.37) (1.28) (1.29)
Household
variables
Amenities index 0.143 16.699 0.088 10.348
(17.83)*** (18.07)*** (12.13)*** (11.32)***
- missing -0.029 -3.223 -0.039 -4.310
(1.12) (1.07) (1.66) (1.58)
Index of possessions | 0.000 0.003 -0.000 -0.003
(0.38) (0.39) (0.57) (0.52)
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Car 0.002 0.223 -0.037 -4.137
(0.11) (0.14) (2.96)*** (2.88)***
Desk 0.010 1.149 -0.000 0.027
(0.81) (0.79) (0.01) (0.02)
Frequency of
Language
Never speaks test -0.281 -32.315 -0.271 -31.031
language
(15.03)*** (14.97)*** (15.57)*** (15.42)***
Speaks lang 0.175 20.199 0.065 7.771
frequently
(9.68)*** (9.70)*** (3.64)*** (3.81)***
- missing 0.081 9.732 0.011 1.722
(1.32) (1.39) (0.22) (0.29)
Maternal education
Primary -0.048 -5.714 -0.031 -3.739
(1.95)* (2.02)** (1.42) (1.47)
Std 7 0.095 11.046 0.121 14.137
(3.67)*** (3.72)*** (5.30)*** (5.36)***
Matric 0.006 0.636 0.023 2.569
(0.25) (0.21) (0.98) (0.97)
Certificate -0.041 -4.609 -0.042 -4.719
(0.90) (0.88) (1.07) (1.05)
Diploma 0.162 18.857 0.139 16.111
(4.01)*** (4.08)*** (4.01)*** (4.04)***
University 0.157 17.453 0.096 10.528
(3.74)*** (3.62)*** (2.77)*** (2.63)***
- missing -0.059 -6.741 -0.061 -6.956
(2.54)** (2.53)** (3.01)*** (2.95)***
Paternal education
Primary -0.089 -10.402 -0.088 -10.195
(3.23)*** (3.27)*** (3.53)*** (3.54)***
Std 7 0.008 0.910 -0.001 -0.066
(0.30) (0.28) (0.02) (0.02)
Matric 0.002 0.091 -0.011 -1.418
(0.07) (0.03) (0.46) (0.51)
Certificate 0.074 8.378 0.041 4.597
(1.74) (1.70) (1.10) (1.07)
Diploma 0.007 1.021 -0.057 -6.267
(0.18) (0.22) (1.64) (1.57)
University 0.156 17.563 0.046 5.280
(4.02)*** (3.95)*** (1.36) (1.37)
- missing 0.027 3.099 -0.001 -0.018
(1.09) (1.11) (0.03) (0.01)
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School-level

variables
Total enrolment 0.000 0.005
(2.47)** (2.27)**
- missing -0.038 -5.005
(1.20) (1.38)
Percentage
economically
disadvantaged
10-25% 0.219 27.264
(3.23)*** (3.52)***
25-50% -0.533 -58.711
(8.38)*** (8.09)***
Over 50% -0.745 -84.034
(12.80)*** (12.61)***
- missing -0.190 -20.705
(2.51)** (2.39)**
Percentage of 2™
language students
10-25% 0.398 44.324
(7.21)*** (7.03)***
25-50% 0.289 32.087
(6.96)*** (6.76)***
Over 50% -0.092 -12.199
(2.95)*** (3.42)***
- missing -0.205 -24.507
(5.77)*** (6.00)***
Parental support
High 0.071 7.220
(2.86)*** (2.52)**
Low 0.010 0.877
(0.66) (0.50)
Variables that are
subject specific
Extra lessons -0.212 -24.710 -0.133 -15.704 0.050 4.268
(17.65)*** (17.80)*** (12.07)*** (12.27)*** (3.13)*** (2.27)**
- missing -0.268 -31.234 -0.162 -19.165 0.024 1.431
(12.17)*** (12.30)*** (7.34)*** (7.53)*** (0.50) (0.25)
Diff filling teacher 0.004 -0.111 -0.001 -1.486 0.002 -1.136
vac
(0.32) (0.07) (0.06) (0.49) (0.09) (0.38)
- missing -0.041 -4.571 -0.047 -11.601 -0.040 -10.973
(0.81) (0.75) (0.58) (1.18) (0.50) (1.15)
Resources
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High 0.013 2.914 -0.077 19.425 -0.073 19.818
(0.44) (0.86) (1.01) (2.20)* (0.90) (2.06)**
Low -0.009 -1.416 0.056 7.080 0.060 7.452
(0.40) (0.55) (0.96) (1.04) (1.14) (1.19)
- missing -0.072 -7.424 0.020 6.328 0.012 5.119
(0.95) (0.84) (0.22) (0.58) (0.12) (0.46)
Shortages of
resources
Materials for -0.026 -2.899
instruction
(3.14)*** (3.01)***
- missing 0.023 3.580
(0.20) (0.27)
Buildings -0.005 -0.390
(0.59) (0.40)
- missing 0.313 36.900
(2.99)*** (3.03)***
Electricity -0.026 -2.799
(3.03)*** (2.84)***
- missing -0.316 -36.902
(3.66)*** (3.76)***
Teachers -0.007 -0.722
(0.97) (0.85)
- missing -0.092 -11.825
(1.04) (1.19)
Class size
Class size -0.003 -0.388 0.001 0.037 0.001 0.046
(6.57)*** (6.71)*** (0.74) (0.43) (0.90) (0.55)
- missing -0.206 -23.887 -0.025 -3.057 -0.017 -2.375
(7.46)*** (7.38)*** (0.65) (0.69) (0.46) (0.53)
Teacher level
Variables
Major in educ of 0.041 5.929 -0.008 0.844 -0.006 1.153
subject
(3.30)*** (4.13)*** (0.63) (0.53) (0.46) (0.74)
- missing 0.205 21.931 0.048 1.264 0.031 -0.246
(2.19)** (1.91)* (0.49) (0.11) (0.31) (0.02)
Male -0.001 -1.219 -0.002 -2.657 -0.003 -2.756
(0.13) (0.92) (0.12) (1.71) (0.23) (1.80)*
Teacher age
25-30 -0.127 -15.503 -0.087 -12.011 -0.089 -12.288
(3.77)*** (3.98)*** (2.32)** (2.67)*** (2.40)** (2.78)***
30-40 -0.138 -15.210 -0.083 -8.329 -0.082 -8.329
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(4.15)*** (3.96)*** (2.22)** (1.88)* (2.22)* (1.89)*
40-50 -0.059 -5.546 -0.064 -4.156 -0.059 -3.796
(1.50) (1.22) (1.39) (0.76) (1.30) (0.70)
50-60 0.049 12.296 -0.176 -5.412 -0.161 -3.912
(0.88) (1.95)* (2.87)*** (0.74) (2.61)*** (0.53)
Over 60 -0.197 -42.671 -0.041 -41.960 -0.055 -43.248
(1.89)* (3.76)** (0.33) (2.88)*** (0.39) (2.57)**
- missing -0.326 -35.813 -0.034 -0.774 -0.016 0.769
(3.58)*** (3.19)** (0.37) (0.07) 0.17) (0.07)
Teacher education
High-school -0.219 -23.080 0.263 31.820 0.301 36.173
(1.78)* (1.51) (1.69) (1.72) (1.94)* (1.97)**
Certificate -0.269 -28.845 0.202 22.701 0.254 28.567
(2.22)** (1.92)* (1.32) (1.24) (1.67) (1.58)
Diploma -0.164 -18.015 0.224 22.449 0.261 26.679
(1.40) (1.23) (1.52) (1.28) (1.78)* (1.53)
Degree -0.117 -14.546 0.264 22.366 0.298 26.365
(0.99) (0.99) 1.7n* (1.26) (2.02)** (1.50)
Post-graduate 0.009 0.159 0.210 16.107 0.245 20.106
(0.08) (0.01) (1.42) (0.92) (1.66) (1.14)
- missing -0.037 -7.454 0.195 12.819 0.229 16.708
(0.30) (0.50) (1.28) (0.71) (1.52) (0.93)
Teacher experience
Experience 0.001 -0.019 0.003 -0.046 0.003 -0.072
(0.99) (0.11) (1.90)* (0.22) (1.76)* (0.35)
- missing -0.023 -1.214 0.012 2.943 0.015 3.310
(0.64) (0.29) (0.28) (0.58) (0.36) (0.66)
Size of community
3001-15000 0.065 8.012
(2.23)** (2.39)**
15001-50000 0.068 7.919
(1.90)* (1.93)*
50001-100000 0.146 16.873
(5.12)*** (5.11)***
100001-500000 0.017 1.981
(0.66) (0.68)
>500000 0.008 1.439
(0.37) (0.54)
- missing -0.052 -5.589
(1.13) (1.05)
Province
Free-state 0.013 1.736
(0.43) (0.50)
Gauteng 0.192 22.524
(5.80)*** (5.90)***
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KZN 0.090 9.953
(3.48)*** (3.35)***
Mpumulanga -0.035 -4.216
(1.21) (1.25)
North-West 0.081 9.419
(2.94)*** (2.96)***
Northern Cape 0.382 43.616
(11.58)*** (11.52)***
Limpopo -0.094 -10.121
(3.51)*** (3.27)***
Western Cape 0.405 46.650
(11.20)*** (11.23)***
Mathematics dummy 18.393 19.511 19.243
(19.06)*** (19.97)*** (20.02)**
Constant 1.097 373.560 2.268 497.760 223.781
(6.33)*** (18.04)** (8.42)** (15.66)** (11.37)**
Observations 17904 17904 17904 17904 17904 17904
R-squared 0.55 0.55 0.64 0.63 0.01 0.05
Number of idstud 8952 8952 8952 8952
Number of idschool 255 255

Robust t statistics in parentheses*significant at 10%; **significant at 5%; *** significant at 1%

39




