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I ntroduction

Not much is known about the determinants of edanagjuality in South Africa.
Numerous studies have reported that poor and fuatlyr disadvantaged
communities continue to receive schooling that appéo be inferior in quality.
The government has achieved a more equitablelisivn of school expenditure
and teachers, but the increased resources allot¢atexthools in previously
disadvantaged communities have not induced the céageimprovement in
education outcomes. We know that despite post{agdrteforms, predominantly
white schools still outperform others. A-aggregadad university endorsements
remain concentrated in richer and predominantiytevbchools, while failures are

still considerably higher in predominantly blackeols and in poorer schools.

Generally the education data sets available infSafrica do not have sufficient
depth to probe the reasons behind the continued pedormance of these
previously disadvantaged schools. Traditionallyadsdts contained variables that
captured the impact of socio-economic factors, usses and infrastructure, but
included no or little information on vital dimens® such as classroom pedagogy
and school management. The rich collection of otesa instruction and school
management variables in the Western Cape Primdrgdb&upil Progress survey
2003 allows researchers to explore the contributddnthese dimensions to

advancing and constraining improvements in theityuad schooling.

This report gives an overview of this survey, dgcthe findings of the survey
and describe the potential impact of the findings éducation policy in the
Western Cape. For the sake of the logical flowhef &rgument and to keep the

document brief, aspects of the analysis that a® ilmportant or more technical



are only mentioned briefly in the main text and ntheovered more

comprehensively in the appendices.

The data

The Grade 6 survey of primary schools in the Wes@@ape was undertaken by

Joint Education Trust (JET) and the Western Capecaibn Department
(WCED) towards the end of 2003. The Pupil Progressject (PPP) survey
consists of several modules:

A numeracy and literacy test for pupils in one intact class in each school
in the sample.

The survey also gathered data on the householdnegtances and home
life of individual pupils.

The management module includes detailed school level data on inter alia
the curriculum plan and coverage, assessment amdirig materials. In
each school, field workers interviewed the printipthe head of
department and a teacher. For a selection of \agathe survey asked the
same question to several of the respondents, afpvei rudimentary
consistency check to gauge the reliability of tyearted information.

The management module is complemented layassroom observation
module. Teaching practices in both Maths and Languages wéserved

and recorded by trained fieldworkers with a backgibin education.

The survey was supplemented with two additionzh daurces:

Address information was used to link individuals garticular Census
enumerator areas via Geographic Information Sygi@ns) to provide
additional data on the socio-economic profile o thdividual pupil’s
neighbourhood. Census data from 1996 were empldemiuse the 2001
Census is not available on enumerator area leveltduconfidentiality
concerns. Although admittedly a crude approximatidhe Census
averages for the enumerator area gives an indicabib the socio-
economic position of the pupil's neighbourhood ttegipears to be

meaningful.



* Where deemed useful, variables from théestern Cape Education
Department data set (e.g. language composition, school fees, former
department, poverty of the school community) wetddea to the survey
data set.

An initial sample of 90 schools was selected todpresentative of the four Cape
Town Metropolitan EMDCs and the Overberg EMDC ie 8tudy, within strata
defined by three criteria: former department, laaggl of instruction, and three
performance categories. Performance was measufativeeto expectations.
Expectations were predicted using a simple prodoctiunction and then
compared to results from an earlier WCED literang aumeracy test at Grade 3
level. The sample was devised to be representatisehools, not of pupils in the
EMDCs covered in the survey. The same number pfipwas tested in schools
of different sizes, thus implicitly assigning aruafjweight to schools of different

sizes.

Despite prudent research design, there were a rnuaibgroblems in the final
data sets:

» Due to problems experienced in the field, some $aangchools or their
replacement schools could not be tested. Three otchefused to
participate in the survey and in six other schdeiging of pupils could
not be concluded in time. Replacements were ofterpassible due to the
encroaching end of year examination period. Thikiced the sample of
schools with pupil test scores to 81.

* On the individual level, we do not have Census emator area
information for 1394 of the total 2678 pupils (ethbecause no address
was given or otherwise because the given addradd oot be identified
and matched to a Census enumerator area). Theswvatisns are
discarded in regression analysis, leaving only 1&84e initial sample of
2678 pupils.

 There are some missing values due to non-respamsthe school

management module. Missing values are consideraigper in the



classroom observation module where variables wepaiied from a free-

format fieldworker observation of classroom pragsic

Analysis shows no evidence of bias resulting fresifdg nine schools from our
sample due to missing test scores, even thouglpdhfermance of the schools
that were dropped were somewhat better than averagiee Grade 3 tests earlier
conducted by the WCED (see Appendix E.)

For descriptive analysis all available observatiomsre used, resulting in
fluctuating samples. The same strategy was follow#ld multivariate analyses,
but here the average sample size was consideraligr Ibecause the resulting
sample is one for which allariables in the model are available. Sample dizes
the regression analysis mostly ranged between d%arschools, due to missing
values on some variables included in the regressidhis could also introduce
bias. The impact of this reduction is considered\ppendix E, which provides
strong evidence that non-response and missing valdid not introduce
significant bias in terms of representivity of soleo The further analysis will

consequently be regarded as representative of kscimathe five EMDCs covered.

The survey appears to be reasonably reliable, mdugions from the analysis of
this survey are broadly in agreement with findimgshe empirical literature. It

was possible to gauge the reliability of the repdrvariables by checking the
consistency of those survey questions that weredask several of the school
representatives interviewed. Although there aresroftontradictions in the

answers given by different respondents, the vagaldppear to be capture
something of value. Contrary to initial expectatip many observed variables
proved to be more important in our regression aislgas predictors of pupil

performance than the reported variables. The sugm€e of the reported

variables is encouraging, although this is of ceurg no means proof of their
reliability.



Theoretical approach

The analysis uses a production function approacpoast of departure. The
model tests whether the performance of pupilsleged to the conventional list of
educational inputs, including family inputs, peputs, school inputs, the pupil’s
individual characteristics, including innate aliliand proficiency in the language

of instruction.

The application of this production function approaim education has been
criticized because a production function assumearlyl distinguishable inputs
and optimal efficiency in the translation of inputs outputs. In the education
process, it is often difficult to disentangle diffat inputs. For instance, in the
Western Cape poverty is substantially higher am&hgsa-speakers, making it
difficult to detect the separate influences of semtonomic circumstances and
proficiency in the language of instruction. Desptteese shortcomings, the
education production function approach has becostaradard tool for analysing

the effect of different factors on education outesm

In our analysis here the focus here falls on idgnt the school and classroom
level factors. There is little controversy abowt tmportant impact of poverty on
schooling outcomes, but much uncertainty about libst way to reduce its
impact. Based on theoretical considerations, theméwork below was

constructed to reflect the most prominent poterntlassroom and school level
influences on learning. Due to the cumulative retfrthe school quality variable
available here (literacy and numeracy test scooesnitact classes of grade 6
pupils), the data are expected to be more sutedléntifying relationships

between school quality and school management teamelen school quality and

the observed classroom practices for their mostregear of schooling.

TABLE 2: Framework of classroom and school level influences

Domain Level Construct Variable Questionsin survey

Instructional| External Pacing OTL Coverage

* Management interviews: Is coverage
monitored?
» Interview with teacher: Are teachers

required to submit plans to
management?
* Interview with teacher: Is coverage



monitored?

Year plan: Teacher has clear and
detailed plan with details on topics,
dates and assessment points (cf.
teacher not having a plan)

Does the teacher have his/her own

copy of the curriculum document(s)?

Sequence
OTL

Coherence

Does the school distribute textbook
to individual pupils to keep?
Does the school have systems
recovering textbooks?

%)

for

Internal | Pacing OTL

Coverage

Does the teacher use any curriculu
document for his or her planning?
Does the teacher use the RNCS
curriculum document for planning?
Assessment frequency: How often
does assessment occur?

m

Sequence
pedagogy

Coherence

Presence of textbooks: Are children

given opportunities to engage with
textbooks, in or outside the
classroom?

Evaluation

Feedback

Feedback on assessment: To what

extent does the teacher gi
feedback on assessment tasks?

ve

Regulative Values

Expectation

D

Does the school exhibit a sense of
purpose towards teaching and
learning during the day?

Does the school have a policy for
promoting the cognitive values
embodied in the official curriculum
(i.e. does it set high expectations fqg
academic achievement)?

Does the principal make reference
setting high academic expectationg

Time

Time on
task

Does the principal have a master fi
so that he/she can identify where
each teacher should be at any time
How much time is allocated to
maths/language in grade 67?

=

to

@

The empirical literature on school quality in Soulfrica is weak on casual

factors relating to classroom instruction and stmeanagement mainly because

up to now local data sets have not contained muébrmation about these

factors. This report exploits the richness of tH#2 Western Cape Primary

School Pupil Progress survey to learn more abaiirtipact of different factors

concerning classroom

instruction and school

managém This

richness

potentially allows us to move beyond the proxy ofinier department to

investigate the factors that explain the differeniceschools performance.



Methodology for estimating model

Our empirical analysis investigates determinantguatlity in both numeracy and
literacy. In each of these cases, we estimate timasels: one on the individual
level, one on the school level and a last modedrimarating the nested structure
of the schooling with hierarchical linear modelinthe school level model is
most important because it allows us to compareviilae of different school

inputs, thus providing some guidance for prioriiia in education spending and
policy making. This is also where most of the viace is located (between

schools rather than within schools).

It is difficult to find variables to accurately negsent the different influences
specified by an education production function. lelestion of appropriate
variables, we encounter a common problem that inédion on pupil ability is

often not available in surveys. This may bias dogits of variables that may be

correlated with ability.

Another problem is that surveys usually provideoinfation at a point in time,
while test scores measure learning that has beemmadated over time. The
implicit assumption is then that currently observedhool management,
classroom practices and family circumstances areeleded to their past levels.
School management variables are generally more-sf@mging than classroom
circumstances and practices and are thus expeztg@lt stronger results with

the cumulative school quality variables.

Furthermore, covariance and the clustering of oladiems can complicate
statistical analysis. Due to the enduring influel€ehistorical factors, there is
evidence of such patterns in our data. Schools ftersame former department
often hzavde similar characteristics also in otfempects (e.g. socio-economic
status, management or even classroom practices)arAgllustration of the
clustering, Figure 1 below shows a box-and-whisk@d of numeracy tests
scores by former department. The mean numeratysteses for ex-CED, ex-
HOR and ex-DET schools are 67.0, 30.7 and 19.&oéisely.



FIGURE 1: Box-and-whisker s plots of average mathematics
test scores by former department
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The detected clustering can complicate statistinalysis by making it difficult to

distinguish separate influences on the educationgss because important school
and classroom influences are highly correlated wite another and also with key
variables such as poverty, language group and partteent. Variable values

that are highly polarized across clusters may teagpurious regressions. To deal
with these statistical problems associated witlsteling, we check the robustness
of our models by also estimating it for only ex-H@Bhools separately. (There
are too few schools in the other two ex-departngeotips to allow estimation as

a separate sample).

The models reported are the product of an iteragiiraination process. Due to
the extremely high correlation of the school mamagyet and classroom variables
with former department and the overpowering infeef the latter variable in

regression analysis, ex-department is initiallylested from the model to focus
on the mechanisms through which advantage andege/iwork. The richness of
the management and classroom variables in thissgateeduces the likelihood of
serious omitted variable bias. Once an acceptalléeirhad been identified, it

was subjected to repeated testing to ensure $yahilid the model was also re-
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estimated limiting the sample to contain only ex{H®chools. All regressions

show robust standards errors.

Findings

Statistical modelling of the factors influencinghsol performance was done at
three levels. For each of numeracy and literacy tesults, an analysis was
conducted at the school level and at the individiexal, and a hierarchical linear

model dealing with both the school and individeaddl was fitted.

School level numeracy model (Appendix A):

The results for the numeracy test scores confingirfigs in the international and

local literature regarding the contribution of smeiconomic status and teaching

resources to school effectiveness. It also allosveesinsight into classroom and
school management variables that are associatédeffégctiveness. The models
predict that, all other things equal:

» Schools that use teacher attendance registers haile an average test
numeracy score that is 7 marksggher than schools with no or unutilised
attendance registers. The significance of this aldei demonstrates the
importance of teachers and school discipline.

» Schools that monitor the coverage of submittedhiegcplans are likely to
have an average numeracy tests score that is 7srhagker than the test
scores of schools that do not monitor teaching ldimis variable may also
measure effective school management. The box-anskeds plot below
shows the dramatic difference in the numeracy sestes for schools that
monitor coverage of teaching plans and those whoaddmean of 46 versus
28).

* Where a school had a system for recovering texthoibks adds an average 7
marksto the test score. This variable is likely to megasboth management
competence and the availability of textbooks.

* There is a significant impact of a teacher who repaising the RNCS
curriculum document for planning, which increaskd humeracy test score
by 4 marks This document has more detailed information alseguencing of

topics, which is vital for teaching mathematics.ingsthe RNCS does not
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have a significant relationship to measures of gament competence and is
not significant in the literacy model, providingnse support for a narrower
and more specific interpretation of this resuls #ignificance appears to
indicate that effective guidance can consideralohprove the quality of

teaching and learning.

FIGURE 2: Box-and-whisker s plots of average mathematics
test scores by monitoring of cover age of submitted teacher plans
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In a regression using only the ex-HOR schools asstimple, the coefficients of
all variables remain significant and of a compagabize, apart from teacher
submission of teaching plans that is no longer iBg@mt. This remarkable
stability in the results indicate that these resalpply not only to schools as a
whole, but also specifically to the ex-HOR schodi®e R-squareds reported
indicate that the model explains a very large pripo of the overall variation,
89%, which stays relatively high (82%) even aftenission of the poverty

variable.

School level literacy model (Appendix A):
The literacy model also shows that poverty conssrégarning. The pupil teacher
ratio and the average teacher qualification vaeigbtterpreted as representing

teacher quality) are not significant, but are regdias standard controls.
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The models predict that, all other things equal:

Systems for recovering textbooks have a large (Bkshaand significant
impact on the test scores, if all other factorsehbgen considered. The box-
and-whiskers plot in Figure 3 below depicts thgéadifference in test score
for schools with systems to recover textbooks &wdé without (means 70 vs.
55). As mentioned with the discussion of the numenasult, this variable
may capture both the availability of textbooks andmpetent school
management.

Monitoring of the coverage of submitted teachengla also significant and
has an estimated impact of increasing test scyredbut 4 marks

The set of three dummy variables measuring thdahibiy of the year plan
and its level of detail has a sizable and significafluence on test scores.
The size of the coefficient increases with the lledfedetail provided, and a
detailed year plan is associated with a gain ofmash as_14 mark& the
literacy score.

In addition, the linking of everyday and curricullkkmowledge has an impact

of increasing the average test literacy test resfla school by 13 marks

FIGURE 3: Box-and-whisker s plots of average literacy test scores comparing

schools with and without systemsfor recovering textbooks

100
I

80

Literacy Test - Average Index
60

40

20




13

To investigate the impact of historical factors;[@XT and ex-HOR indicators
were added to the model in turn. Neither of the éwalepartment indicators were
significant, indicating that the model is capturagroportion of the mechanisms
through which historical factors are working. Thi®ves a step beyond earlier
education production function work in South Afriday illuminating the

mechanisms that directly impact on the quality edrhing rather than only the

proximate cause, former department.

The R-squared shows that the regression explaitxs @2he overall variance in
literacy test results. When the poverty variablaiispped from the sample the
explanatory power remains high (74%), possiblyipbytdue the high degree of

association between the explanatory variables amdrpy.

Comparing school level literacy and numeracy madels

While the models differ starkly at the level of tmeluded variables, there is
remarkable agreement between them at the levehefcategories. Variables
relating to the categories of poverty, school reses, school management,

curriculum coverage and textbooks and teachingtipescare significant.

Poverty appears to have a stronger influence oneragy than on literacy test
scores. In a simple model with only poverty as joted, its coefficient is larger in

the case of the numeracy model (86) than for teealcy model (67), and a larger
part of overall variance (76 versus 63%) is exm@édirfor numeracy than for
literacy. The poor appear to be more constrainethey school circumstances in

terms of becoming numerate than becoming literate.

It is noteworthy that the hours devoted to languagg mathematics education are
not significantly related to the numeracy and &t test scores and have not
been significant in any of the regressions estithdiging the testing process. Its
poor performance could be due to misreporting dterr@atively, could be

interpreted as evidence that it is not the numlbdroars invested that matter, but

rather how those hours are spent.
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Individual level model
The main predictors of individual performance famreracy and literacy scores
are socio-economic circumstances:
» For both literacy and numeracy, the poverty of @hea surrounding the
school was a significant predictor
» For numeracy, the poverty of the area from whiah plpil comes had a
small, but detectable additional impact on learning
* Pupils from a more educated neighbourhood wereigisgtito perform
better. This could also be interpreted as a proxiytife education level of
parents.
* Pupils from larger households were expected tooperfworse at both
numeracy and literacy.
» Pupils from households with a higher ratio of defmrs were likely to

score lower on the numeracy tests.

There are a few interesting differences betweemtimeeracy and literacy models:

* The literacy model includes more detailed variabtes the pupil’'s
understanding of and exposure to the languagestiiction.

» Females do significantly better than males (abauiabks) on literacy, but
males perform about 1 mark better on numeracy,oadih this latter
difference is not significant.

* The teacher quality variable is a significant pcéati of numeracy, but not

literacy test scores.

Other results include that:
* Overage children perform notably worse in bothstest
* Frequent reading and homework make a difference.
* Language is clearly important. Pupils scored caarsidly higher when the
language of the test or the language of instructicas their home
language. If it was not their home language, exposo the language of

instruction improved the likelihood of a high scarethe literacy test.
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The lower proportion of variance explained (R-sgdafor numeracy model is
0.65 and 0.47 for the literacy model) comparedhe $chool models can be
attributed to limited variables available for thedividual level model and the
importance of unmeasured ability, which explaincmindividual variation. The
only school input variables considered here arehaquality and teacher-pupil

ratios.

Hierarchical Linear Modelling

The breakdown of the variance components showstlileaintraclass-correlation
rho, the proportion of overall variance that arif®sn variance in performance
between schools, is high at 0.44 for the numeray exceedingly high at 0.72
for the literacy test scores. The Kenya SACMEQepart (SACMEQ 2005: Ch.8,
p.14) quotes Willms and Somers (2001) that thisevabnged from 19% to 41%
for mathematics achievement for Grade 3 and 5 pupill3 Latin American
countries, whilst Rumberger & Palardy (2003: 14)are a value of 25 % to lie in
the normal range. Compared to the magnitudes floeetsets of international
studies on reading scores covering almost 50 cesntBouth Africa has by far
the highest recorded values. The SACMEQ 2002 rHoevaf 0.70 for South
Africa’s reading scores is even exceeded by thims#d This confirms that

inequality in performance between schools in Séitlta is exceedingly high.

Hierarchical linear models (HLM) combine the indival and school level
models to investigate both between school and witithool variation in test
results. In our analysis a two-level hierarchizaé&r model is used. Information
about school level is used to predict the slopes imtercept parameters of
variables at individual level. For instance, ipisssible to allow for the impact of
the school’s poverty status as well as that ofitldévidual’s simultaneously. As
starting point for the hierarchical model, the pecgats from the individual and

school level models are used.

The hierarchical linear models shown in the tableéAppendix C are similar to

their school and individual level counterparts diésd in the previous sections.
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Although coefficients differ considerably, they atdl in the same range. Almost
half the variance in test scores between schoaisbeaexplained by the HLM

models but far less of the individual variance

Both the numeracy and the literacy HLM models idelia school level random
effect on the intercept and on homework. This iathis that returns to homework
are dependent on the school — in fact, extremely&able 3 shows that moving
from the bottom to the top end of the effort sqakarting to do homework more
than three times a week when a pupil previousheneid homework) is expected
to earn this pupil just more than seven additianafks in the literacy test. It is
telling that the model predicts that the same pogilld see a comparable rise in
marks (5 marks) if he or she continues to do nodwonk at all, but moves to a
more upmarket neighbourhood aattend a wealthier school. High effort has
almost twice the payoff in richer schools (almo8trfharks) compared to poorer
schools (7 marks), pointing to the limitations ooper schools in assisting pupils

to escape their socio-economic circumstances.

TABLE 3: Expected literacy score of pupil by effort level,
endowment of school and household income
Attending poor er schools L ow effort High effort
Pupil from poor household 43.6 50.7
Pupil from rich household 46.8 53.9
Attendingricher schools L ow effort High effort
Pupil from poor household 45.4 58.0
Pupil from rich household 48.7 61.2
Conclusion

The data set enables researchers to look insidmiscand classrooms to identify
characteristics and practices associated with t@ffeschools. The regressions
indicate that one can often identify effective salBowithout having to enter the
classrooms. Effective schools are characterisetubgtional teacher monitoring
and management systems. The report finds thatvidiéahility of textbooks is an
essential minimum. Curriculum coverage is vital fensuring quality of

education. Most importantly, the data set allowseagchers to statistically start
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disentangling the causes that lie behind the ladiferences in performance of

pupils in schools from different former departments

The analysis also shows that individuals are séveanstrained by their socio-
economic background. To a large extent income a&udyigphy remain the most
important determinants of the education a youngttgédrican will receive. The

expected returns from moving from the bottom totthe of the scale in terms of
effort invested in homework only marginally outwesgthe joint impact of

moving to a more affluent neighbourhood and hawngess to a well-resourced
school in this Western Cape sample. Combined \ighmassive proportion of the
total variance in performance that is between sishaather than between
individuals in South Africa compared to other dey@hg countries, this makes a

very strong case for further work on improving penfiance in weak schools.
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Appendix A: School Level Model

For the numeracy test scores, we report our medéhble X below. The model
includes variables representing the average poverthe area surrounding the

school, school resources, school management atimbteks.

The results confirm findings in the internationabldocal literature regarding the
contribution of socio-economic status and teachirgsources to school
effectiveness. It also allows some insight intasstaom and school management
variables that are associated with effectivenebs. Mmodels predict that, all other
things equal, schools that use teacher attendauisters will have an average
test numeracy score that is seven marks higherdtlaools with no or unutilised
attendance registers. The significance of this abdei demonstrates the

importance of teachers and school discipline.

Schools that monitor the coverage of submittedhieacplans are likely to have
an average numeracy tests score that is seven imgtier than the test scores of
schools that do not monitor teaching plans. Thidabée may also measure

effective school management.

The models also include a variable indicating weethr not the school had a
system for recovering textbooks. This adds an @eseven marks to the test
score. This variable is likely to measure both ng@maent competence and the

availability of textbooks.

There is also evidence of a significant impacth& teacher reporting that he or
she used the RNCS curriculum document for plannifige estimated average
impact was an increased four marks on the numetesly score. The RCNS
curriculum document has more detailed informatibow sequencing of topics,
which is vital for teaching mathematics. The RNCS8iable has no significant
relationship with ex-department or with key managetncompetence measures
like section 21 status or availability of a magterfo identify where a teacher
should during the school day. It also has no sigguiice relationship with micro

or macro-pacing variables or with the teacher'syed training. Furthermore it is



interesting to note that the variable is not sigaifit when included in the model

for literacy tests scores.

As argued before, there is evidence that suggkatsttie influence of historical
effects may still be so strong that it is problemdbd include these different
schools in one regression. To examine this hypatheg compare the coefficient
of this model (for the full sample) with a regressiusing only the ex-HOR
schools as the sample. The coefficients of allades remain significant and of a
comparable size, apart from teacher submissioeaxting plans that now has a

p-value of 0.14.

To investigate the impact of historical factors;@ET and ex-HOR indicators
were added to both numeracy models. The ex-HORanak is significant when
added to the model, but the ex-DET indicator isgignificant.

The R-squareds reported provide an indication ef phoportion of the total
variation that is explained by these models. The mmodels explain a very large
proportion of the overall variation, 89%, whichydaelatively high (82%) even
after the omission of the poverty variable (a pmeaonon which is partly due to
covariance presumably). Due to missing values réigeessions include only 58
schools respectively of the 81 schools for which have test scores. All
coefficients remain significant when the two obsgians with the highest score

and the two observations with the lowest scoreehneinated.

TABLE x: School level modelsfor numeracy test scores
. M odel with

Category Variable RCNS
Poverty of area Average poverty of school area -48.15
surrounding the school gep y (7.60)
School resour ces Teacher quality: Average teacher qualifications (g'gg)
School resour ces Pupil-teacher ratio ('g'fg)
2277 Was the teacher attendance register filled in onldye 6.75
of the visit? (3.31)

Pacing OTL Does the teacher use the RNCS curriculum documennt 3.90
for planning? (2.00)

Pacing OTL Interview with teacher: Are teachers required to stibm 5.99
plans to management? (2.51)




Pacing OTL Management interview: Is coverage of submitted 6.55
teaching plans monitored? (1.71)
Sequence OTL Does the school have systems for recovering textbooks? (i'g;)
Constant 20.50
(28.62)
R-squared 0.89
Number of observations 58

In agreement with previous research, the literaogleh shows that poverty can
constrain learning. The pupil teacher ratio and d@tierage teacher qualification
variable (interpreted as representing teacher tyliadre not significant, but are
retained in the model because they are viewed asdatd controls in the

literature.

As was the case in the numeracy model, systemsefmvering textbooks are
found to have a large (6 marks) and significant aotpon the test scores.
However, the interpretation of the variable is ctiogted because it measures
textbook availability on an institutional level, sib may capture general
effectiveness and efficiency in addition to textb@vailability. The monitoring

of the coverage of submitted teacher plans is algmificant for both the

numeracy and the literacy models. Its estimatedachmpn test scores is an

increase of about 4 marks.

The set of three dummy variables measuring theadubiy of the year plan and
its level of detail has a sizable and significantiuence on test scores. As

expected, the size of the coefficient increasek thi¢ level of detail provided.

In addition, there is also a classroom variable g@ws up as significant in the
literacy model. The linking of everyday and curfiou knowledge has an impact
of increasing the average test literacy test resnfita school by thirteen marks.
The variable was recoded to become binary so thraiw differentiates between
classrooms where some attempt was made to linky@agrknowledge and

curriculum knowledge versus classrooms where nb attempt was made or the

attempt used irrelevant or misleading examples.



To investigate the impact of historical factors;2&T and ex-HOR indicators
were added to the model in turn. Neither of the éxalepartment indicators were
significant, indicating that the model is capturmgroportion of the mechanisms
through which historical factors are working. Thi®ves a step beyond earlier
education production function work in South Afriday illuminating the

mechanisms that directly impact on the quality edrhing rather than only the

proximate cause, former department.

The comparison of the full model coefficients withe ex-HOR sample

coefficients is problematic because there was mianee in the HOR sample for
the binary year plan variable comparing no yean piathe presence of a detailed
year plan. None of the schools in the HOR samptedetailed year plans. It is
thus impossible to estimate a coefficient for trasiable in the restricted sample,

but dropping the variable makes the comparisonasiiiée.

The R-squared shows that the regression explaitis @2he overall variance in
literacy test results. When the poverty variabl@rspped from the sample the
explanatory power remains high (74%), possiblyipbytdue the high degree of
association between the explanatory variables andrfy. Due to missing values
in the model’'s variables, the regression includ2dbthe sample of 81 schools.

The results appear to be robust to outliers.

TABLE x: School level modelsfor literacy test scores

Category Variable Coefficient
Poverty of area 4212
surrounding the Poverty of community surrounding school (10 '37)
school '
School resources | teacher quality: Average teacher qualifications (g 'ér’:')
School resources | i teacher ratio ('g 22%
” Linking school and everyday knowledge: Does the teafdt least to & 12.72

limited extent) appropriately link everyday knowdgdand curriculum @ 67)

knowledge? '
Pacing OTL No year plan available vs. rudimentary year plarilavie (;g%
Pacing OTL : : : . 8.98

No year plan available vs. basic year plan availéddées and topics) (3.43)
Pacing OTL No year plan available vs. detailed year plan abkila (133492(;
Pacing OTL Management interviews: Is coverage monitored? (‘21'28)
Sequence OTL Does the school have systems for recovering textbooks? 5.90




| (2.23)
Constant 128.74
(39.00)
R-squared 0.82
Number of observations 52

Comparison between the numeracy and literacy maslglsoblematic because it
requires an assumption of similarity of the testimgtruments, the model
selection processes and the samples of the two Imobee samples of the two
models are rarely the same (as is clear from tmebeu of observations) due to

missing values of the variables in the model.

Bearing these caveats in mind, it is worth notihgttwhile the models differ
starkly at the level of the included variables, réhés remarkable agreement
between them at the level of the categories. Visatelating to the categories of
poverty, school resources, school management, calurn coverage and
textbooks and teaching practices are significanis hoteworthy that the hours
devoted to language and mathematics educationoaiggnificantly related to the
numeracy and literacy test scores and have not bggficant in any of the
regressions estimated during the testing procdss.i§ a reported variable, so its
poor performance in the analysis could be due ®raporting. Alternatively, it
could be interpreted as evidence that it is notrlmmber of hours invested that

matter, but rather how those hours are spent.




Appendix B: Individual level model

The model selection process on the individual leved similar to the school level
process. The table below lists the variables abki)asorted according to broader
categories. Although the model selection processinslar to the school level

process, it is less complicated because the d&gtehas fewer variables available
for inclusion and the estimation should also notalesensitive because of the

considerably larger sample.

The table below shows the models for the numeradyliteracy scores of pupils.
The main predictors of individual performance arei@-economic circumstances.
In the case of literacy, only the poverty of theaasurrounding the school matters.
For numeracy, the poverty of the area surroundinggsichool mattered, but the
poverty of area from which the pupil comes had alkrbut detectable additional
impact on learning. Other socio-economic indicsatalso played a role. Pupils
from a more educated neighbourhood were prediate@erform better. This
variable could also be interpreted as an approximaif the education level of
the individual's parents. The model shows thatilgsupelonging to larger
households were expected to perform worse at botheracy and literacy and
pupils belonging to households with higher ratiodefpendents were likely to

score lower on the numeracy tests.

There are a few interesting differences betweemtimeeracy and literacy models.
For instance, the literacy model includes more ibetavariables on the pupil’s
understanding of and exposure to the language stfuiction. The positive
coefficient of male gender for numeracy and negasign on literacy is notable.
As was the case with the school level models, daeher quality variable is a
significant predictor of numeracy, but not literadgst scores. Although
comparisons of the numeracy and literacy modelsremes defensible than it was
on the school level, it remains difficult to inteep these differences across the
models because we do not know much about the caiitigr of the instruments

used for testing.



Overage children perform notably worse in bothstesThe models show that
frequent reading and homework make a differenceguage is clearly important.
Pupils scored considerably higher when the lango&djee test or the language of
instruction was their home language. If the languafgthe test or instruction was
not their home language, exposure to the languégestiuction improved their

likelihood of a high score on the literacy test.

TABLE X: Individual level model for
numeracy and literacy test scores
Model for M odel for
numer acy literacy test
Category Variable test scores scores
Individual . 1.64 -5.06
?

inputs | 'S Pupil male’ (0.92) (1.12)

Is pupil overage? "5.48 -8.00

pup ge: (1.05) (1.47)

2.68 2.06

Frequency of homework done (0.54) (0.71)

. 3.13 3.55

Frequency of reading at home (0.49) (0.58)
. -68.81 -45.92

Peer inputs | Average poverty of school area (3.69) (4.32)
Average poverty in area around pupil’'s home ((())olg)

Family -0.95 -0.69
inputs Number of household members (0.22) (0.29)
Dependency ratio (016127)

Percentage of adults matriculated in area aroynd 11.03 5.77

pupil’'s home (2.18) (3.45)

Language | Is the language of the test the home language|of = 2.02
proficiency | the pupil? (1.24)

. : 8.23

Is language of instruction your home languagg? (3.97)

Frequency of use of language of instruction if 2.65

not home language (1.58)

How often do you watch TV or listen to the radio 1.74

in the language of instruction? (0.80)

School o T 5.03 -2.80
inputs Teacher quality: Teacher qualifications (1.44) (1.93)

. . -0.45 -0.56

Pupil-teacher ratio (0.07) (0.08)
Constant 3.84 125.47
(0.18) (4.29)

R-squared 0.65 0.47
Number of observations 980 944

The numeracy and literacy regressions include 980 %14 pupils respectively
(out of a possible 1394 for which we have both sestres and enumerator area
information). The R-squared for the numeracy maslél65 and it is 0.47 for the

literacy model. The lower proportion of variancepkmned (cf. school models)



can be attributed to the paucity of variables usedhe individual level model.
The only school input variables considered hereteaeher quality and teacher-

pupil ratios.



Appendix C: Hierarchical Linear Modéelling

As indicated earlier, hierarchical linear modeld i) combine the individual

and school level models to investigate both betwsshool and within school

variation in test results. In our analysis a tweelehierarchical linear model is
used, with the Level 1 observations at the indigidlevel and the Level Il

observations at the school level (which here algerlaps with the classroom
level). Hierarchical linear models avoid aggregat# school level by modelling
variation on the individual level and prevent uredimation of the error terms by
taking account of the nested/grouped structuréefidividual data. Information

about higher levels (classroom and school) is useg@redict the slopes and
intercept parameters of variables at lower (indmal)l levels. For instance, it is
possible to allow for the impact of the school'syguy status as well as that of
the individual’'s simultaneously. As starting pofaot the hierarchical model, the
predictors from the individual and school level ralsdare used. In all cases
where random effects are excluded, it was due gartkignificance of variation

between schools in the particular equation.

The hierarchical linear models summarised in Tableelow are similar to their
counterparts described in the previous sectionhodlgh coefficients differ

considerably, they are still in the same range.

TABLE X: Hierarchical linear models
for numeracy and literacy test scores
Model for Model for
. numer a literacy test
Category | Variable Hlidond e
Fixed effects:
Individual , " 1.54 -4.24
inputs Is the pupil male? (0.92) (1.32)
) -6.09 -9.66
Is the pupil overage? (0.91) (1.49)
3.49 3.38
Frequency of homework done* (0.66) (0.95)
) 3.26 4.06
Frequency of reading at home (0.47) (0.56)
Peer and _ _ -0.09 -0.16
family Average poverty in area around pupil’'s home (0.04) (0.05)
inputs




Language | Is the language of the test the home languageeof th 5.50
proficiency | pupil? (2.00)
Is the language of instruction the home languageef 3.75
pupil? (1.53)
16.15 42.86
Constant* (2.60) (3.84)

Variance decomposition:

Number of observations ggls%z%?llss 48 s;f}gﬁ’f 994
Between school variance as proportion of totalarare 44% 72%
Explained variance on school level 44% 47%
Explained variance on individual level 24% 14%

* In the case of the literacy scores, the modelihed level 2 random effects on the intercept deddpefficients of the
homework and male indicators. The effective homévemefficient is calculated by adding the coeffitieeported here to
the significant slope effect (-4.05) times the eliéince between the particular school's poverty xnded the school
poverty index grand mean. The numeracy model iredlud level 2 random effect on the intercept andhiiaework
ﬁl%?fef:ic'li%r:.full HLM output for both models is appenido this report.

The breakdown of the variance components showstltleaintraclass-correlation
rho, the proportion of overall variance that arif@sn variance in performance
between schools, is high at 0.44 for the numeray exceedingly high at 0.72
for the literacy test scores. The Kenya SACMEQefart (SACMEQ 2005: Ch.8,
p.14) quotes Willms and Somers (2001) that thisiwalanged from 19.5% to
41.2% for mathematics achievement for Grade 3 anpupils in 13 Latin
American countries, whilst Rumberger & Palardy (2004) report a value of 25
% to be “within the range that Coleman found in b@96 study and the range
found in other recent studies of student achievémsing similar models”. Table
X below shows the range of this magnitude from eéhsets of international
studies, arranged based on the reading scoresh 8&nta has by far the highest
recorded values in the almost 50 countries coverét, Namibia its closest rival
in terms of this measure of the degree to whichuadity occurs between schools.
The SACMEQ 2002 rho value of 0.70 for South Afrgaeading scores is even
exceeded by this dataset, although the value forenacy is considerably lower.
This confirms that inequality in performance betweehools in South Africa is

exceedingly high.



TABLE X: Proportion of intra-class correlation rho (variance at school level) from PIRL S and
SACMEQ | and Il studiesand from thisstudy (arranged by rho for reading scores)

Country / territory Study Rho for Rho for

Reading Maths
score score

Seychelles SACMEQ Il 2002 0.08 0.08

Iceland PIRLS 2001 0.084

Slovenia PIRLS 2001 0.087

Sweden PIRLS 2001 0.087

Norway PIRLS 2001 0.096

Cyprus PIRLS 2001 0.105

Turkey PIRLS 2001 0.132

Germany PIRLS 2001 0.141

Czech Republic PIRLS 2001 0.157

France PIRLS 2001 0.161

Zanzibar SACMEQ | 1995 0.17

Canada (Ontario, Quebec) PIRLS 2001 0.174

England PIRLS 2001 0.179

Scotland PIRLS 2001 0.179

Netherlands PIRLS 2001 0.187

Italy PIRLS 2001 0.198

Latvia PIRLS 2001 0.213

Lithuania PIRLS 2001 0.214

Greece PIRLS 2001 0.221

Hungary PIRLS 2001 0.222

Malawi SACMEQ | 1995 0.24

Slovak Republic PIRLS 2001 0.249

New Zealand PIRLS 2001 0.25

Mauritius SACMEQ | 1995 0.25

Zanzibar SACMEQ Il 2002 0.25 ..

Botswana SACMEQ 11 2002 0.26 0.22

Mauritius SACMEQ 11 2002 0.26 0.25

Zambia SACMEQ | 1995 0.27

Zimbabwe SACMEQ | 1995 0.27

Macedonia PIRLS 2001 0.271 ..

Malawi SACMEQ Il 2002 0.29 0.15

Hong Kong PIRLS 2001 0.295 .

Mozambique SACMEQ 11 2002 0.30 0.21

Zambia SACMEQ Il 2002 0.32 0.22

SACMEQ Total ( across all countries) SACMEQ | 1995 30.3

Kuwait PIRLS 2001 0.334 .

Tanzania SACMEQ Il 2002 0.34 0.26

Bulgaria PIRLS 2001 0.345

Belize PIRLS 2001 0.348

Romania PIRLS 2001 0.351 .

Swaziland SACMEQ Il 2002 0.37 0.26

SACMEQ Total ( across all countries) SACMEQ Il 2002 30. 0.32

Iran PIRLS 2001 0.382 .

Lesotho SACMEQ Il 2002 0.39 0.30

Moldova PIRLS 2001 0.395

Israel PIRLS 2001 0.415

Argentina PIRLS 2001 0.418

Kenya SACMEQ | 1995 0.42

United States PIRLS 2001 0.424

Russian Federation PIRLS 2001 0.447 .

Kenya SACMEQ Il 2002 0.45 0.38
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TABLE X: Proportion of intra-class correlation rho (variance at school level) from PIRL S and
SACMEQ | and Il studiesand from thisstudy (arranged by rho for reading scores)

Country / territory Study Rho for Rho for
Reading Maths
score score
Colombia PIRLS 2001 0.459
Morocco PIRLS 2001 0.554 .
Uganda SACMEQ Il 2002 0.57 0.65
Singapore PIRLS 2001 0.586 ..
Namibia SACMEQ Il 2002 0.60 0.53
Namibia SACMEQ | 1995 0.65 ..
South Africa SACMEQ Il 2002 0.70 0.64
South Africa / Western Cape (this study) Western Gapaary 0.72 0.44
School Pupil Survey
2003

Source: Postlethwaite 2004: Tables 3.6 and 3.7{laadtudy

Table X further shows that almost half the variaimctest scores between schools
can be explained by the HLM models (44% and 47%i, far less of the
individual variance (24% and 14%), which may refldee fact that individual

ability and motivation cannot be captured in theeslied variables.

Both the numeracy and the literacy models in thé/Hhodel in Table X include

a school level (Level 2) random effect on the ioégt and on homework. The
random effects on homework indicate that returnsoimework are dependent on
the school, with the mean slope coefficient that esher double or turn negative
if the effect of one standard deviation change lanrandom effects is added or
subtracted. Table X considers the interaction betwechool and household
poverty and effort. It shows that moving from thettbm to the top end of the
effort scale (the equivalent of starting to do harogk more than three times a
week when you previously never did homework) isestpd to earn you just
more than seven additional marks in the literasy. ti is telling that the model

predicts that the same pupil could see a comparagdn marks (5 marks) if he
or she continues to do no homework at all, but mote a more upmarket
neighbourhood andttend a wealthier school. It is instructive thagh effort has

almost twice the payoff in richer schools (almo8trfharks) compared to poorer
schools (7 marks), pointing to the limitations ooper schools in assisting pupils

to escape their socio-economic circumstances.




TABLE X: Expected literacy score of pupil by effort level,
endowment of school and household income

Attending poor er schools L ow effort High effort
Pupil from poor household 43.6 50.7
Pupil from rich household 46.8 53.9
Attending richer schools L ow effort High effort
Pupil from poor household 45.4 58.0
Pupil from rich household 48.7 61.2

NOTE: Poor and rich households were selected thdme with scores of 10 and

—10 respectively (i.e. 10 percentage points abodeb@low the grand mean of the
index). Poor and rich schools were taken to beethgth a score of 0.25 and -0.20
(above and below the grand mean for the index). effart was equated with a scor
of 1 on the homework frequency question, indicapngils who reported never doing
any homework. High effort was seen as a 4, a stsseciated with doing homework

4 times a week.

18
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Appendix F: Datareliability

The survey appears to be reasonably reliable adusions from the analysis of
this survey is broadly in agreement with findingstlhe empirical literature. A
handful of survey questions were asked to sevdr#he school representatives
interviewed. The repeated observations can be ased consistency check to
gauge the reliability of the data. The table bekhwows how the management, the
head of department and a teacher answered theiaquéfloes the school
distribute textbooks to individual pupils to keep?”

The table below shows how the management, the béatkpartment and a
teacher answered the question “Does the schooibditt textbooks to individual
pupils to keep?”

TABLE 1: Doesthe school distribute textbooks
toindividualsto keep?
Number Head of
of Proportion | Management | Department | Teacher
schools of schools interview interview interview
14 21% Yes Yes Yes
5 7% Yes Yes No
5 7% Yes No Yes
9 13% Yes No No
1 1% No Yes Yes
5 7% No Yes No
7 10% No No Yes
22 32% No No No

Answers given by staff members are contradictory3fb of the 68 school listed
above. In spite of the noise, the variable app&anse capturing something of
value. The average of the three repeated obsengatie positively and

significantly correlated with the observed presenica mathematics textbook.
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Appendix E: Isthere evidence of biasin the survey sample?
Despite prudent research design, there were a rnuaibgroblems in the final
data sets:

» Due to problems experienced in the field, some $=angchools or their
replacement schools could not be tested. Three otchefused to
participate in the survey and in six other schdetging of pupils could
not be concluded in time. Replacements were ofterpassible due to the
encroaching end of year examination period. Thikiced the sample of
schools with pupil test scores to 81.

* On the individual level, we do not have Census emator area
information for 1394 of the total 2678 pupils (ethbecause no address
was given or otherwise because the given addradd oot be identified
and matched to a Census enumerator area). Theswvatisns are
discarded in regression analysis, leaving only 1&8he initial sample of
2678 pupils.

» There are some missing values due to non-respamsthe school
management module. Missing values are consideraigper in the
classroom observation module where variables wepaiied from a free-

format fieldworker observation of classroom pragsic

Analysis shows that there is little evidence ofsbrasulting from losing nine
schools from our sample due to missing test scdies.performance of the nine
schools that were dropped were statistically sona¢wbktter than average on the
Grade 3 tests earlier conducted by the WCED, asatetl by the low statistical
significance of Bartlett's test for equal variande=tween the included and the
excluded groups. However, a chi-square test shoavestatistically similar
distribution (at the 99% level of significance) @s the three sampling categories
of the original sample compared to the 81 schastisimed in sample tested. The

similarity is evident from Table 1.

TABLE 1: Distribution of schoolsin original sample vs. schools for which pupil test dataisavailable
by relative performance, language of instruction and former department
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consider ation

Distribution for schoolsin original sample Distribution for regression under

Afrikaans | English Xhosa Total Afrikaans | English | Xhosa Total

Poor CED 2.2% 2.2% 4.4% 2.3% 2.3% 4.7%
performers

DET 4.4% 4.4% 4.7% 4.7%

HOR 20.0% 3.3% 0.0% 23.3% 20.9% 3.5% 24.49

Total 22.2% 5.6% 44% | 32.2% 23.3% 5.8% 4.7% 33.7%
Moderate | CED 4.4% 7.8% 12.2% 4.7% 7.0% 11.6%
performers

DET 1.1% 3.3% 4.4% 0.0% 1.2% 3.5% 4.7%

HOR 11.1% 5.6% 16.7% 11.6% 5.8% 17.49

Total 15.6% 14.4% 33% | 33.3% 16.3% 14.0% | 35% 33.7%
Good CED 3.3% 2.2% 5.6% 3.5% 2.3% 5.8%
performers

DET 3.3% 3.3% 3.5% 3.5%

HOR 15.6% 10.0% 25.6% 14.0% 9.39 23.39

Total 18.9% 12.2% 33% | 34.4% 17.4% 116% | 35% 32.6%
Total CED 10.0% 12.2% 22.2% 10.5% 11.6% 22.19

DET 1.1% 11.1%| 12.2% 1.2% 11.6% 12.89

HOR 46.7% 18.9% 65.6% 46.5% 18.6% 65.19

All 56.7% 32.2% | 11.1% | 100.0% 57.0% 314% | 11.6% | 100.0%

For descriptive analysis all available observatiomsre used, resulting in
fluctuating samples. The same strategy was followild multivariate analyses,

but here the average sample size was consideraligr Ibecause the resulting

sample is one for which allariables in the model are available. To maximise

sample size for the multivariate analysis, variabth more than 20 missing

values were dropped from the sample.

The larger reduction in sample size for the muiiate analysis could also
introduce bias. Sample sizes for the regressiolysisanostly ranged between 45
and 60 schools, due to missing values on some blasiaincluded in the

regressions. The impact of this reduction is careid by examining the sample
retained in a reasonably robust regression of madlieal test scores. A chi-
squared test showed that the statistical distobutf the 54 schools retained in
the regression was similar across the three sagpéitegories at the 99% level of

significance, whilst analysis of variance betwela initial and resulting sample
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showed a 99.9% probability of equal variances @&f #arlier Grade 3 results,
using Bartlett’s test. Table X compares the praposg of the initial sample to that
of the regression sample under consideration. Alisgly similar distribution is

observed between the two tables across the thneglisg categories.

TABLE X: Distribution of schoolsin original sample vs. schools retained in regression under consideration
by relative performance, language of instruction and former department

Distribution for schoolsin original sample Distribution for regression under
consideration
Afrikaans | English | Xhosa Total Afrikaans | English | Xhosa Total

Poor CED 2.2% 2.2% 4.4% 1.9% 1.9% 3.7%
performers
DET 4.4% 4.4% 7.4% 7.4%
HOR 20.0% 3.3% 0.0%| 23.3% 22.2% 0.0% 22.2%
Total 22.2% 5.6% 44% | 32.2% 24.1% 1.9% 7.4% 33.3%
Moderate | CED 4.4% 7.8% 12.2% 1.9% 7.4% 9.3%
performers
DET 1.1% 3.3% 4.4% 1.9% 1.9%
HOR 11.1% 5.6% 16.7% 9.3% 7.4% 16.79
Total 15.6% 14.4% 33% | 33.3% 11.1% 14.8% | 19% 27.8%
Good CED 3.3% 2.2% 5.6% 5.6% 1.9% 7.4%
performers
DET 3.3% 3.3% 3.7% 3.7%
HOR 15.6% 10.0% 25.6% 14.8% 13.0% 27.8%
Total 18.9% 12.2% 33% | 34.4% 20.4% 14.8% | 3.7% 38.9%
Total CED 10.0% 12.2% 22.2% 9.3% 11.1% 20.49
DET 1.1% 11.1%| 12.2% 13.09 13.0%
HOR 46.7% 18.9% 65.6% 46.3% 20.4% 66.7%
All 56.7% 32.2% | 11.1% | 100.0% 55.6% 315% | 13.0% | 100.0%

Thus, for the particular regression sample undesiceration, non-response and
missing values did not introduce significant biastérms of representivity of
schools. Of course this does not prove that thesddonot be bias present in other
regression samples, but it does provide some contfiothe multivariate analysis
the school level results will consequently be rdgdras representative of schools
in the five EMDCs covered.
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Appendix G: Clustering among obser vations

Statistical analysis can be complicated by thetetusy of observations. The

cross-tabulations in the statistical appendix shioat the influence of historical

factors endures. We find that schools from the stmaer department are often
assigned to the same variable categories. Clustdysis can be used to illustrate
the problem. Using the Euclidean distance as thasaore of dissimilarity, the

observations are partitioned into four non-overiagmroups or types according
to dissimilarities in numeracy and literacy tessulés, school fees and two
variables related to assessment. A cross-tabulatiche resulting school types
shows the considerable overlap between these d@stincbuster types and former
department. For instance we see that school typendists entirely of ex-HOR

schools. Also, 9 of the 10 ex-CED schools are eefias school type 2 and 9 of

the 10 schools defined as school type 2 are ex-CED.

TABLE X: Cluster school typesvs. former department
Cluster school Former department

type CED DET HOR Total
1 0 4 24 28
2 9 0 1 10
3 1 3 6 10
4 0 0 6 6
Total 10 7 37 54

The box-and-whiskers plot below of numeracy testges by former department
shows the polarisation associated with the ex-defnt clusters. The mean
numeracy test scores for ex-CED, ex-HOR and ex-Béibols are 67.0, 30.7 and

19.8 respectively.
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FIGURE X: Box-and-whiskers plots of average mathematics
test scores by former department
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The detected clustering can complicate statiséinalysis in at least two ways:

» It can be difficult to distinguish the separatelushces on the education
process because variables are highly correlatdd avie another and also
with key variables such as poverty, language gengex-department.

» If variable values are not only highly correlateithin the cluster, but also
polarized across clusters, then the combinationaoibus clusters in one

regression can lead to spurious regressions.

To test for the presence of the statistical prokleamsociated with clustering,
additional models are estimated using only ex-H@Rbsels as a sample. There
are not enough schools in the other two ex-departtigrups to allow estimation
as a separate sample. These regressions are defeirethe text but not reported

separately in the tables.
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Appendix H: Theoretical Model

The empirical literature on school quality in Souilfrica is weak on casual

factors relating to classroom instruction and stmeanagement mainly because
up to now local data sets have not contained muébrmation about these
factors. This report exploits the richness of tH#2 Western Cape Primary
School Progress survey to learn more about the ampé different factors

concerning classroom instruction and school managémThis richness

potentially allows us to move beyond the proxy oinier department to

investigate the factors that explain the differeniceschools performance.

The report takes the model proposed by Hanushel{28s a starting point. He
suggested the following specification for an edweaproduction function:
y=pBF +B,P +BS +B,A+pu

where y represents the performance of puat timet

F is family inputs cumulative to timie

P is cumulative peer inputs to tinhe

S represents cumulative school inputs to ttme

A is the pupil'sndividual characteristics, including innate alyilénd

M IS an error term

3sare the coefficients (returns to inputs and charsstics).
Adapting this theoretical model for local conditspnan indicator of the

proficiency in the language of instruction is addedthe original model. The
causal process could thus be expressed as:

y=pF+B,P+[,S+pB,L+[BA+uU

whereL indicates the pupil’s proficiency in the languagfeinstruction

and all other variables are defined as in the presymodel

In the models above the acquisition of educatiomldscribed as a production

function. This application of the production furmeti approach to education is
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often criticized because a production function assu clearly distinguishable
inputs and optimal efficiency in the translation ioputs to outputs. In the
education process, it is often difficult to disergke different inputs. For instance,
in the Western Cape we find that poverty is suklistiy higher among Xhosa-
speakers, which makes it difficult to detect th@asate influences of socio-
economic circumstances and proficiency in the lagguof instruction. If the
school management variables are interpreted agegftly indicators, it could be
argued that this efficiency assumption is no longgplicable. Despite its
shortcomings, the education production functionrapph has become a standard

tool for analysing the effect of different factans education outcomes.

The focus of this report is on examining the cdmittion of school inputs and
processes — and within this group of variablesifipalty the impact of classroom

instruction and school management — on the numexagdyliteracy of pupils.
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Appendix I: Methodology for estimating model

Based on the empirical literature on quality ediscabutcomes in South Africa,
apartheid-era factors (represented by former deygsnt and the predominant
language spoken by the pupils in the school) ade@ddo the list of variables.
Although previous work has not identified gendemasmportant determinant of
education attainment or quality in South Africa,igtincluded in the list as a

standard control.

In the selection of appropriate variables to edkmthe defined model, we
encounter a common problem. Our model requireswieashould control for the
pupil’s ability to understand and learn, but thevey did not measure the ability
of pupils. Information on pupil ability is often havailable in surveys. Excluding
ability from the model can bias all the variableeffizients if one or more of the
variables included in the model are correlated \aliflity. The standard example
is that the income and educational attainment ef gharents will be correlated
with the ability of the pupil, but due to the influce of apartheid, there is not
much reason to suspect a strong correlation of itegrability with the socio-

economic indicators.

Another problem with cross-section data sets ig thaveys usually provide
information on school management, classroom prgticand family
circumstances at a point in time, while the avédazhool quality output variable
that the analysis attempts to explain is oftensa seore that measuring learning
that has been accumulated over time. When usingt-potime estimates to
represent cumulative variables the implicit assuompts then that the current
state is correlated to previous states. This assamjg not unreasonable as many
of these factors are institutional or social andsthforces are slow-changing.
School management variables are presumed to ghnbeamore slow-changing
than the year-to-year classroom circumstances eaadiges and are thus expected

to yield stronger results with the cumulative sdhmpality variables.

The school level model is the result of an item@imination process. Due to the

extremely high correlation of the school managensrd classroom variables
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with former department and the overpowering infeef the latter variable in
regression analysis, ex-department is initiallylested from the model estimation
process to focus on the mechanisms through whicarddge and privilege work.
The richness of the management and classroom \esiabthis data set reduces

the likelihood of serious omitted variable bias.

The model selection process starts with a modélignng one or two variables
from each category. In successive rounds the Mariaith the least significant
relationship with the numeracy and literacy tesires were eliminated and the
model was re-estimated. This process continued afitivariables left in the
model had a significant relationship (p-value lowean 0.1) with the numeracy

or literacy test scores.

To ensure consistency with the specified modek was taken that all categories
were represented in each of the models estimatethinAtategories variables
were ranked according to the significance of thati@nship between the variable

and the numeracy and literacy test results.

A similar process was followed for the selectiontled individual level models,
only the process was simpler. Coefficients are mstable because of the
considerably larger sample. Also, the model salagtirocess is less complicated

because there are fewer candidate variables alailab

After an acceptable model had been identified tinothis process, the model
was subjected to repeated testing to ensure syabline-at-a-time, all the

variables not included in this model were addetheomodel. To investigate the
hypothesis that the regression could be spurioocause it compares schools from
different systems, the model was re-estimated itigpithe sample to contain only

ex-HOD schools.

As there was some evidence of heteroskedasticilly,regressions show
Hubert/White robust standards errors. We also fesstthe impact of outlier

values.



42

The third model combines the individual and scHewél models to look at both
between school and within school variation in tesfults. Here a two-level
hierarchical linear model is used. Hierarchicakéin models are an improvement
on both individual and school level models becatis®y avoid the perils of
aggregation at the school level by modelling vasiabn the individual level and
prevent the underestimation of the error terms bking account of the
nested/grouped structure of the individual datéormation about higher levels,
such as classroom and school, can be used to ptédicslopes and intercept
parameters of variables in lower levels in the nhddeay. individual level). As a
starting point for the hierarchical model, the pceats from the previous two

models (individual and school level) are used.



