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Executive Summary 
 
This paper describes the development and testing of a value-added model 
(VAM) of secondary school quality in Uganda. Value-added models are 
commonly used in developed countries for ranking schools, as they account 
for school intake. Ranking schools just on test scores without accounting for 
intake implicitly penalizes schools serving students with a weak primary 
foundation, and flatters schools with high-performing incoming students.  
 
In Uganda, secondary schools are currently ranked according to student 
performance on the Universal Certificate of Education (UCE) exam taken by 
students after 4 years. Controlling for students’ prior attainment (PLE - 
primary leaving exams) explains nearly half  (48%) of the variation in test 
scores at secondary level, and so accounting for this in school performance 
measures has the potential to give a much fairer indication of the quality of 
teaching. 
 
The model works by calculating expected UCE scores (based on PLE scores), 
and then judging each student on whether they exceeded or fell short from 
their individual prediction. Schools are then judged on the average 
performance of their students on this ‘value-added’ measure.  
 
The model appears robust to a variety of different strategies for predicting 
scores, and also to the inclusion of contextual variables such as student 
socioeconomic status. 
 
The main weakness of the model seems to the level of consistency when 
classifying good and bad school performance across different years. Whilst 
these results in Uganda are similar to those in other countries, this evidence 
contributes to the argument that the best approach may be to average VA 
scores over around 3 years to improve the fairness of the model. This 
approach would still need to be tested. 
 
Overall though it seems clear that a value-added model for secondary school 
quality in Uganda based on already existing official test score data has real 
potential to provide a low-cost and clearer signal to parents, teachers, schools, 
and policymakers about how much learning is actually happening in different 
schools. 
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1. Introduction 
 
This paper describes the development of a value-added model (VAM) of 
secondary school quality in Uganda. Schools are currently judged on final 
student exam scores, without accounting for the ability of children when they 
entered the school. Students’ primary exam scores explain nearly half (48%) 
of the variation between students in secondary exam scores. Only looking at 
final secondary exam scores therefore penalizes schools whose students start 
with weak results but make strong progress. 
 
Teaching and learning are fundamentally concepts related to the change or 
growth in knowledge and skills, not their absolute level, and it is appropriate 
for schools to be judged on this change that they effect rather than primarily 
on their ability simply to select high potential students. VAMs are based on 
test scores, and so don’t capture everything that parents and other 
stakeholders might care about in relation to school quality. However looking 
at the change or growth in test scores is still an improvement on looking only 
at the level of test scores. 
 
Current results reported by the Uganda National Exams Board (UNEB) rank 
schools by % of candidates in each overall division (aggregated across all 
subjects), and the % of candidates within each subject who receive a 
distinction, credit, or pass. One of the key challenges in developing a VAM is 
reporting results which can be as easily understood by parents as such simple 
measures. 
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2. Information and school performance 
 
Why better information on school quality could improve 
performance 
 
A key assumption of this project is that generating higher quality measures of 
school performance (based on value-added rather than just test scores) can 
help improve school performance. Why might this be so? There are three 
main channels; first, better information can help parents hold schools 
accountable (the bottom-up “short-route” of accountability), either through 
voice or exit (choice). Second, it might help governments hold schools 
accountable (the top-down “long-route” of accountability (World Bank, 
2003)) and provide better targeted support. Third, aside from increased 
accountability it might also help headteachers and teachers themselves 
understand better how to improve. 
 
A more systematic framework for thinking about the role of information in 
school quality is provided by (Pritchett, 2015), in an elaboration and extension 
of the accountability framework developed by (World Bank, 2003). In this 
framework there are four actors, four relationships of accountability between 
these actors, and four components to each relationship. To achieve good 
learning outcomes, the hypothesis is that each of these relationships of 
accountability must be coherent for learning. This means that firstly, within 
each relationship, each of the four elements must be coherent with each other. 
For example within the Politics relationship, the delegation, finance, 
information, and accountability must all be orientated towards learning as a 
goal.  Secondly, each individual component of the accountability relationships 
must be coherent.  For example for the delegation component, what is being 
delegated to each actor must be consistent and focused on learning.  Thirdly, 
the relationships must be coherent with each other across each of the 
components.  For example, Politics and the Compact must be coherent in 
terms of delegation, finance, information and motivation.  
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Table 1: Education System Accountability Diagnostic Framework 

4 Design Elements 
of Accountability 
Relationships 
 

 
4 Principal (P) – Agent (A) Relationships 

 
 

Politics: 
 

Citizens (P)  
 
 

to the State (A) 

 
Compact: 

 
The State (P)  

 
 

to Schools 
(A)  

 
Management: 

 
Schools (P)  

 
 

to Teachers 
(A) 

 
Client 

power: 
 

Parents & 
Children (P)  

 
to Schools & 
Teachers (A) 

 

 
Delegation:  
 
From P to A 
 

    

 
Finance: 
 
From P to A  
 

    

 
Information:  
 
From A to P 
 

    

 
Motivation: 
 
How is A’s well-
being contingent on 
performance? 

 

    

 
Source: Adapted from Pritchett (2015) 
 
Applying this framework to the secondary school sector in Uganda, it seems 
clear that the lack of good quality information about school performance is an 
important constraint to better performance, weakening all of the critical 
relationships of accountability. A focus on school quality as measured by 
value-added may also shift the delegation component of the relationships, 
shifting the focus of what is delegated from access targets to access and 
learning targets. What is also apparent from this framing of constraints is that 
relieving a single constraint may or may not be sufficient to improve 
performance depending on whether there other more binding constraints. For 
example, better information alone may not lead to improved performance if 
teachers are still not motivated to improve their performance. 
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Evidence on where information has improved performance in 
practice 
 
There have been a number of experiments providing information to parents 
about school quality, with the hypothesis that better information will 
strengthen the client power relationship of accountability. In Uganda, 
publishing information in newspapers about school budgets led to increased 
enrolment and improved student learning outcomes (Reinikka and Svensson, 
2011) (Björkman, 2007). Similarly (Björkman and Svensson, 2009) found that 
encouraging communities to be more involved in holding health providers to 
account improved health outcomes in Uganda.  
 
Studies in India relying on active parent involvement in school management 
have had more mixed results (Banerjee et al., 2010) (Pandey et al., 2008). By 
contrast an experiment in Pakistan providing information to parents 
increased test scores by 0.10 standard deviations and reduced fees by 18% 
(Andrabi et al., 2008). In another experiment in Uganda, (Barr et al., 2012) 
found that providing information to community school management 
committees was only effective when they also addressed the local collective 
action problem. (Cerdan-Infantes and Filmer, 2015) compare different modes 
of information dissemination to parents in Indonesia, finding that “low-
intensity” modes such as a simple letter or pamphlet have no impact, but 
higher intensity modes such as physical meetings or personalized SMS 
messages did improve parents knowledge. In the US, (Hastings et al., 2007) 
find that providing clearer information on school quality to low-income 
parents leads to them choosing better quality schools for their children. 
(Lieberman et al., 2013) find null results from providing feedback to parents 
on their children’s results, and explain this in the context of a causal chain 
required for information to lead to action, suggesting the chain broke down in 
this case because the information wasn’t entirely new, and was presented such 
that performance did not seem as bad as it was.  
 
(Mizala and Urquiola, 2013) study the effects of being identified as a high 
quality school in Chile (based on an index including both raw test scores and 
value-added measures, as well as other factors), finding no impact after 2 or 4 
years on enrolment, tuition fees, or socioeconomic composition.  
 
In the US experience from a range of states and studies suggests that school 
accountability systems based on test scores and value-added estimates have 
increased test scores (Figlio and Loeb, 2011), though uncertainty remains 
about impacts on teachers and long-term impacts on students. Figlio and 
Loeb also emphasise the importance of careful attention to design and 
monitoring of accountability systems, as there are risks of counterproductive 
results. Similar positive impacts on test scores have been found in the UK 
(Burgess et al., 2013) and the Netherlands, (Koning and Wiel, 2012).  
 
(de Hoyos et al., 2015) have looked at the effect of giving diagnostic feedback 
to schools in Mexico. They provided detailed breakdowns of standardised test 
results to schools, finding substantial (0.12 standard deviations) impacts on 
test scores.  
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Why value-added estimates are better measures of school quality 
than simple test scores 
 
A common first policy step in publishing information on school effectiveness 
has been to publish average test scores. However rankings of schools based on 
test scores are often little different to rankings based purely on socioeconomic 
status – suggesting that such a measure of school quality might be driven 
more by selection of pupils than the causal impact of schools. In Chile for 
example, 80% of the variation in school test score rank can be explained just 
by socioeconomic status (Mizala et al., 2007). A simple first step to take 
account of this selection is to make an adjustment for the intake of students 
before making any ranking of schools – commonly by applying a variant of 
value-added models.  
 
Stability of value-added estimates and sample size 
 
A key concern in the use of value-added estimates for the ranking of schools is 
the reliability of the estimates for individual schools, which may be of 
particular concern for schools with a small number of students (and therefore 
a small sample size). (Kane and Staiger, 2002) study this problem in the US 
where value-added models have been used extensively in teacher and school 
accountability systems, highlighting several issues with the application of 
value-added measures. First, where measures are used to target incentives at 
the very top and bottom of the distribution, care needs to be taken where 
small schools are found in these groups, which may be more likely to occur 
through sampling variation. Second, annual test scores can be unreliable for 
identifying best practice or fastest improvement at the school level, and care 
needs to be taken in separating signal from noise. They find that a simple 
averaging of test scores across years substantially reduces the sampling 
variation in estimated school effects. 
 
Explaining variation in school quality as measured by value-added 
 
Can school value-added be predicted based on inputs, resources, or other 
observable characteristics? The evidence suggests not. (Hanushek, 2006) 
reviews the evidence from the US and developing countries, finding in both 
cases that only in a small minority of studies and estimates are commonly 
measured indicators of school resourcing correlated with student performance 
– indicators such as spending per pupil, teacher salaries, facilities and 
administration, teacher-pupil ratios, teacher education, and teacher 
experience. A more promising route seems to be the measurement of school 
management. Results from the World Management Survey suggest that 
management practice is correlated with average test scores across schools, 
and with value-added for the one country for which this data is available 
(Bloom et al., 2015).  
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3. Data 
 
The data used here cover a nationally representative sample of 335 secondary 
schools from 36 of Uganda’s 112 districts. As there is presently no centralized 
database of student test scores linking secondary and primary exam results, 
Ark visited schools individually in order to collect this information.  Data was 
captured on both student’s secondary school and primary school official test 
scores.  
 
The sample of schools was stratified across Uganda’s 4 regions and across 
school type (public and private). A total of 36 districts (of 112 districts in 
Uganda) were randomly sampled; 10 from each of the Central, Western, and 
Eastern regions, and 6 from the less populated Northern region. Within each 
district 10 schools were randomly sampled, of which 4 were government 
schools and 6 private schools.  
 
In each school, three instruments were implemented; first, secondary school 
leaving exam scores (Uganda Certificate of Education - UCE) from each 
student who sat exams in 2014, including aggregate score, division, and 
English, Maths, and Science results1. In addition, the corresponding Primary 
Leaving Exam (PLE) scores were collected for each student, along with their 
gender and the year they enrolled in the school.  
 
Second, a short questionnaire was carried out with the school headteacher to 
collect some contextual information about school resources, management, 
and teachers.  
 
Third, a student socioeconomic status survey was carried out of students 
currently in the fourth grade of secondary school (S4). This data is not linked 
to the individual UCE test score results, and instead just gives an indication of 
school-average socioeconomic status.  
 
In addition, for 153 of the schools, data was collected on 2013 UCE scores and 
corresponding PLE scores in order to test the stability of the model over time. 
 

                                            
1 Explanation of aggregate score and division categorization is included at Annex A. 
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4. Calculating Student Value-Added  
 
The value-added model is based on the UK “Progress 8” Model (see Appendix 
A, (Department for Education, 2015), (Paterson, 2013), (Burgess and 
Thomson, 2013), (Department for Education, 2012)). 
 
This type of value-added model has two steps. The first step is calculating 
student-level value-added. This is the difference between a student’s predicted 
test score (predicted based on their prior scores) and their actual test score. 
The second step if then calculating school-level value added, which is done by 
taking the average of individual student’s value-added scores (sometimes with 
an additional adjustment for schools with a small number of students). 
 
Several approaches have been used to estimating a student’s “predicted” or 
“expected” secondary school test scores, based on their primary school test 
scores. The most common approach uses regression-based statistical 
modeling. In the UK a simpler approach has been taken which provides very 
similar results to the more complex regression approach, but by its simplicity 
is more easily understandable and communicated to non-technical audiences. 
The simple approach predicts each student’s secondary school exam score by 
taking the national mean of the secondary exam score of all students with the 
same primary exam score (see Burgess and Thomson, 2013). 
 
This section provides a comparison of the simple approach with more complex 
regression-based approaches. Each student’s value-added is calculated as the 
difference between their predicted UCE score and their actual UCE score. The 
different approaches vary only in how they predict student’s UCE score. 
 
Simple Model 
 
In the UK, more complex regression models provide only a marginal 
improvement in explanatory power. This section compares the performance of 
the simple model with regression models to see if the same result holds for 
Uganda.  
 
In particular, there are a number of desirable features of regression residuals 
or student value-added estimates, such that normal test of statistical 
significance are applicable (Burgess and Thomson, 2013). These are: 
 

- Monotonically increasing predictions with respect to prior attainment 
- Zero mean (unbiased across the PLE range) 
- Constant variance (‘homoscedasticity’) 
- A normal distribution (in order to calculate fair tests of statistical 

significance at school level). 
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In order to ensure that predictions are monotonically increasing with respect 
to prior attainment, some minor adjustments are made to the grouping of 
students by PLE score at the upper and lower ends of the distribution where 
small sample sizes create some non-monotonic predictions. We also check 
that values of the residuals (value-added) do indeed have zero mean for each 
value of PLE. The value-added estimates from the simple model do not have 
constant variance or an exactly normal distribution, though they have very 
similar distributions to the regression-based approaches.  
 
Regression Models 
 
In the standard ordinary least squares (OLS) regression models, student test 
scores are estimated as a function of prior test scores and any other variables 
of interest, using statistical analysis software such as STATA. A key advantage 
of the simple model is that it can be calculated and updated using simpler 
software such as EXCEL. The more sophisticated regression approach does 
though allow for the inclusion of additional control variables more easily, and 
so this approach is used in this paper to test the importance of different 
approaches and specifications. 
 
Student Value Added Estimates 
 
The most straightforward approach to averaging UCE scores is to take the 
average for each individual PLE score aggregate. Calculating the average for 
each individual PLE score makes the most use of the variation and therefore 
explains the most variation in UCE scores (compared to grouping students 
with a range of PLE scores). 
 
However whereas a regression model will automatically generate UCE 
predictions that are monotonically increasing in PLE, this cannot necessarily 
be assumed with the simple conditional average model. As Figure 1 shows, the 
model does perform well with regards to monotonically increasing predictions 
with respect to prior attainment, with the exception of the tail ends of the 
distribution where there are a small number of students. Predictions based on 
PLE scores of 32 and 33 are lower than those for 31. This is likely simply due 
to the small sample sizes at these ranges (less than 250 for each of these PLE 
scores). To address this issue, we propose here to consolidate the predictions 
for any score of 5 or below into one “bucket”, and consolidate those for any 
score of 30 or above (see Table 1). This adjustment resolves the issue, and 
estimates from the two models have a correlation of 0.995. 
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Figure 1 National average UCE score for each PLE score 

 
 
 
Should this system be implemented nationally, this adjustment may not be 
necessary as there would be a larger sample size at each primary score at the 
extreme high and low values.  
 
 

Table 1: National average UCE Aggregate for each PLE Aggregate 

PLE 
Aggregate 
Score 

Predicted 
UCE Score 
(National 
Average) 

Num of 
students 
with this 

PLE 
Aggregate 

PLE 
Aggregate 
Score 

Predicted 
UCE Score 
(National 
Average) 

Num of 
students 
with this 

PLE 
Aggregate 

5 (or lower) 25.86 36 18 51.18 1,340 

6 27.09 65 19 53.25 1,463 

7 27.89 179 20 54.86 1,598 

8 30.63 406 21 56.36 1,777 

9 35.03 511 22 57.67 1,848 

10 36.96 535 23 58.89 1,921 

11 39.33 669 24 59.90 1,799 

12 41.17 677 25 61.35 1,728 

13 44.22 789 26 62.07 1,590 

14 45.47 879 27 63.12 1,334 

15 47.97 1,014 28 63.76 1,280 

16 48.65 1,142 29 64.21 535 

17 50.25 1,248 30 (or higher) 65.04 808 

 
 
Table 2 below demonstrates the high correlation between the value-added 
predictions and the student ranks from the simple model, the simple model 
adjusted at the high and low ends of PLE, a simple bivariate OLS regression 
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model, and a multivariate OLS regression model using individual subjects and 
interactions. 
 
 

Table 2: Correlation between simple conditional mean and OLS 
models 

Student Value-Added 

 
VAM Simple 

VAM Simple 
(Adjusted) 

VAM OLS 
Bivariate 

VAM OLS 
Multivariat

e 
VAM Simple  1    

VAM Simple (Adjusted) 1.000 1   

VAM OLS Bivariate 0.984 0.984 1  

VAM OLS Multivariate  0.999 0.999 0.985 1 

 

Student Rank 

 
VAM Simple 

VAM Simple 
(Adjusted) 

VAM OLS 
Bivariate 

VAM OLS 
Multivariat

e 
 VAM Simple  1    

VAM Simple (Adjusted) 1.000 1   

VAM OLS Bivariate 0.981 0.980 1  

 VAM OLS Multivariate  0.998 0.998 0.982 1 

 
 
Aggregate vs Subject Specific Value-Added 
 
This section outlines several alternative models – predicting value-added at 
the individual subject level. Overall the model with the best fit (R-squared) is 
the model predicting aggregate UCE scores. Table 3 shows a comparison of 
simple OLS models predicting UCE aggregate scores with models predicting 
Maths and English UCE scores only. 
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Table 3: Aggregate and Subject-specific VA models 

 (1) (2) (3) (4) (5) (6) 
VARIABLES UCE 

Aggregate 
UCE 

Aggregate 
UCE 

Maths 
UCE 

Maths 
UCE English UCE English 

       
PLE Aggregate 1.462*** 1.483***  0.101***  0.143*** 
 (0.00961) (0.0518)  (0.00737)  (0.00849) 
PLE English  -0.0275  -0.0629*** 0.685*** 0.344*** 
  (0.0801)  (0.0114) (0.00532) (0.0131) 
PLE Maths  0.229*** 0.528*** 0.331***  -0.0162 
  (0.0678) (0.00442

) 
(0.00966)  (0.0111) 

PLE Science  -0.304***  -0.0433***  -0.0878*** 
  (0.0905)  (0.0129)  (0.0148) 
Constant 24.42*** 24.31*** 4.572*** 4.153*** 3.268*** 2.601*** 
 (0.204) (0.209) (0.0262) (0.0297) (0.0289) (0.0342) 
       
Observations 27,171 26,599 26,639 26,633 26,664 26,642 
R-squared 0.460 0.459 0.348 0.367 0.384 0.410 

Standard errors in parentheses 
*** p<0.01, ** p<0.05, * p<0.1 

 
 
Table 4 shows predictions for the 3 individual science subjects at UCE and an 
aggregate science UCE score (the sum of the three individual UCE scores). 
Each of these different subject-specific models will though produce a different 
ranking of schools, which may be useful for schools to identify whether their 
performance in any particular subject stands out.  
 
 

Table 4: Aggregate and Subject-specific VA models 

 (1) (2) (3) (4) (5) (6) (7) (8) 
VARIABLES UCE 

Science 
UCE 

Science 
UCE 

Physics 
UCE 

Physics 
UCE 

Biology 
UCE 

Biology 
UCE 

Chemistry 
UCE 

Chemistry 
         
PLE Aggregate  0.333***  0.0838***  0.155***  0.0938*** 
  (0.0173)  (0.00597)  (0.00706)  (0.00701) 
PLE_English  -0.0991***  -0.0192**  -0.0472***  -0.0317*** 
  (0.0268)  (0.00923)  (0.0109)  (0.0108) 
PLE_Maths  0.279***  0.139***  0.0218**  0.119*** 
  (0.0226)  (0.00781)  (0.00924)  (0.00918) 
PLE_Science 1.187*** 0.0406 0.349*** 0.0103 0.482*** 0.0205* 0.356*** 0.0101 
 (0.0124) (0.0302) (0.00427) (0.0104) (0.00498

) 
(0.0123) (0.00491) (0.0123) 

Constant 18.37*** 15.93*** 6.638*** 5.842*** 5.181*** 4.317*** 6.556*** 5.777*** 
 (0.0621) (0.0697) (0.0213) (0.0240) (0.0249) (0.0285) (0.0246) (0.0283) 
         
Observations 26,533 26,519 26,609 26,594 26,577 26,563 26,613 26,598 
R-squared 0.256 0.355 0.201 0.301 0.260 0.335 0.165 0.240 

Standard errors in parentheses 
*** p<0.01, ** p<0.05, * p<0.1 
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Another option for trying to increase the variation in PLE scores would be to 
try and take advantage of individual subject level data by double-weighting 
some subjects. For example if English and Maths scores were double-weighted 
then possible scores would range from 6 to 54 rather than from 4 to 36. Table 
5 below shows the results of simple bivariate regressions of UCE on PLE 
scores, comparing double-weighting for each of the subjects (the regression 
approach is used here instead of the conditional mean approach for the ease of 
comparison of explanatory power through comparison of R-squared). The 
unweighted PLE aggregate score is the best single predictor of UCE scores, as 
measured by R-squared (model fit). 
 
 

Table 5: OLS models with subject-weighted PLE scores 

 (1) (2) (3) (4) 
VARIABLES UCE 

Aggregate 
UCE 

Aggregate 
UCE 

Aggregate 
UCE 

Aggregate 
     
PLE Aggregate 1.460***    
 (0.00974)    
PLE Aggregate  
(Maths double-weighted) 

 1.144***   

  (0.00770)   
PLE Aggregate  
(Science double-weighted) 

  1.153***  

   (0.00784)  
PLE Aggregate  
(English double-weighted) 

   1.136*** 

    (0.00768) 
Constant 24.50*** 24.51*** 25.30*** 25.28*** 
 (0.206) (0.208) (0.205) (0.204) 
     
Observations 26,599 26,599 26,599 26,599 
R-squared 0.458 0.454 0.449 0.451 

Standard errors in parentheses 
*** p<0.01, ** p<0.05, * p<0.1 

 
 
Another alternative approach to the simple model is to look at individual 
subjects by themselves rather than the overall PLE aggregate. Table 6 below 
shows that the PLE aggregate is the best single predictor of UCE scores, as 
measured by R-squared.  
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Table 6: OLS models with different individual subject PLE scores 

 (1) (2) (3) (4) 
VARIABLES UCE 

Aggregate 
UCE 

Aggregate 
UCE 

Aggregate 
UCE 

Aggregate 
     
PLE Aggregate 1.460***    
 (0.00974)    
PLE English  4.122***   
  (0.0349)   
PLE Maths   3.813***  
   (0.0344)  
PLE Science    4.439*** 
    (0.0384) 
Constant 24.50*** 33.11*** 32.85*** 33.29*** 
 (0.206) (0.190) (0.204) (0.192) 
     
Observations 26,599 26,599 26,599 26,599 
R-squared 0.458 0.344 0.315 0.334 

Standard errors in parentheses 
*** p<0.01, ** p<0.05, * p<0.1 

 
A third approach could be to double-weight UCE scores. Table 7 shows a 
comparison of bivariate OLS regressions using PLE to explain the normal 
UCE aggregate, or UCE aggregates with a double-weighting of Maths or 
English. PLE aggregate does actually explain slightly more of the variation in 
weighted UCE aggregates, though ultimately this should be a policy decision 
rather than a statistical one about whether government thinks that schools 
should focus particular effort on particular UCE subjects.  
 
 

Table 7: OLS models with subject-weighted UCE scores 

 (1) (2) (3) 
VARIABLES UCE Aggregate UCE Aggregate 

Double Maths-weight 
UCE Aggregate  

Double English-weight 
    
PLE 1.462*** 1.621*** 1.671*** 
 (0.00961) (0.0106) (0.0106) 
Constant 24.42*** 28.71*** 26.92*** 
 (0.204) (0.225) (0.225) 
    
Observations 27,171 27,158 27,166 
R-squared 0.460 0.461 0.476 

Standard errors in parentheses 
*** p<0.01, ** p<0.05, * p<0.1 

 
Other statistical Models 
 
The simple model is equivalent to an OLS piecewise regression model, which 
for convenience of comparison provides r-squared and root mean square error 
statistics. It is clear from these diagnostic statistics that any improvement in 
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fit from using more complex statistical models is very marginal, supporting 
the use of the simple model (Table 8).  
 
 

Table 8: Goodness of fit for alternative models 

 R-Squared Root-Mean Square 
Error 

Bivariate OLS 0.460 9.08 
Multivariate OLS 0.475 8.94 
Multivariate OLS 
with SES 

0.477 8.94 

OLS Piecewise 0.477 8.94 
OLS Piecewise + 0.476 8.92 
OLS Piecewise + 
with SES 

0.487 8.84 

Kernel 0.477 8.95 
Lowess 0.477 8.95 

 

4.1 Robustness of model to inclusion of other factors 
 
A key concern in the development of school quality measures based on test 
scores is that these scores may be influenced by student family background 
more than school-related factors. Using a simple value-added model based 
only on prior test scores may omit other important determinants of test score 
gains. Although controlling for prior test scores in the value-added framework 
removes any time-invariant unobserved differences between students, 
socioeconomic status may be related not just to prior test scores, but to the 
ability to learn during secondary school as well. 
 
To some extent this concern may be lower in Uganda than it might be in the 
UK – though income inequality is higher in Uganda (gini index of 44.6 in 
2012, compared to 38 in the UK in 2010, the most recent available statistics 
for each from the World Bank World Development Indicators2), as there is 
much lower secondary school enrolment (27%3), income inequality within the 
school system is likely to be lower. 
 
A related concern here is the degree of school segregation. The (OECD, 2010) 
calculates an “index of social inclusion” which expresses the degree to which 
socioeconomic inequality within schools reflects socioeconomic inequality in 
the country as a whole. OECD countries with above average levels of school 
inclusion also have good average test scores and high levels of academic 

                                            
2 http://data.worldbank.org/indicator/SI.POV.GINI  
3 http://data.worldbank.org/indicator/SE.SEC.ENRR?order=wbapi_data_value_201
3+wbapi_data_value&sort=asc  

http://data.worldbank.org/indicator/SI.POV.GINI
http://data.worldbank.org/indicator/SE.SEC.ENRR?order=wbapi_data_value_2013+wbapi_data_value&sort=asc
http://data.worldbank.org/indicator/SE.SEC.ENRR?order=wbapi_data_value_2013+wbapi_data_value&sort=asc
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inclusion. The index value for Uganda is 61.5,4 (where 100 is perfect inclusion 
and 0 is perfect segregation), substantially lower than the OECD average of 
74.8. Though lower inclusion may have negative educational consequences, it 
is helpful for this research, in which only school-average SES was collected, as 
it implies that school-average socioeconomic status will be predictive of an 
individual student’s socioeconomic status, and so controlling for school-
average SES will be informative. 
 
Table 9 below shows that school-average socioeconomic status is indeed 
related to student prior test scores. This table reverts to use the OLS 
regression approach for ease of adding additional explanatory variables and 
assessing the improvement in model fit.  
 

Table 9: Correlates of PLE scores 

VARIABLES PLE 
Gender 0.356 

 (0.222) 
Sesindex -1.216*** 

 (0.145) 
Urban -0.611 

 (0.599) 
Rural 0.0345 

 (0.448) 
Constant 20.32*** 

 (0.469) 
  

Observations 27,355 
R-squared 0.135 

Robust standard errors in parentheses 
*** p<0.01, ** p<0.05, * p<0.1 

 
 
In terms of UCE scores, including student background variables does increase 
the regression model fit (r-squared) marginally, from 0.46 (column 1 Table 10 
below) to 0.48 (column 3). Adding individual PLE subjects and the square of 
the PLE aggregate (to capture nonlinear effects), raises the r-squared to 0.49. 
Overall this improvement in fit seems relatively minor for the loss of 
simplicity in explanation. Further, the coefficient of PLE scores doesn’t 
change substantially after adding school SES and location, suggesting that the 
predictive power of PLE is independent of these variables. The impact of 
including these variables on the ranking of schools is explored in the next 
section.  

                                            
4 The index of social inclusion is calculated as 100*(1-rho), where rho is the 
proportion of variance in socioeconomic status that is between schools (as a 
proportion of all variance between students). The student-level index of 
socioeconomic status used in this paper for Uganda is not exactly comparable 
to that used by the OECD, but it is comprised of very similar components – 
household assets and parental education. 



 19 

Table 10: Correlates of UCE scores 

 (1) (2) (3) (4) 
VARIABLES UCE 

Aggregate 
UCE 

Aggregate 
UCE 

Aggregate 
UCE 

Aggregate 
     
PLE Aggregate 1.462*** 3.435*** 1.347*** 2.915*** 
 (0.00961) (0.231) (0.0397) (0.435) 
PLE_Maths  -0.0691  -0.0356 
  (0.0678)  (0.102) 
PLE_English  -0.0883  -0.296** 
  (0.0792)  (0.126) 
PLE_Science  -0.235***  -0.216 
  (0.0893)  (0.142) 
PLE2  -0.0564***  -0.0401* 
  (0.0123)  (0.0224) 
PLE3  0.000255  0.000115 
  (0.000212)  (0.000371) 
Gender   0.564 0.493 
   (0.388) (0.349) 
sesindex   -1.167*** -1.002*** 
   (0.184) (0.173) 
urban   0.359 0.389 
   (0.903) (0.856) 
rural   -0.423 -0.276 
   (0.617) (0.607) 
Constant 24.42*** 8.820*** 26.43*** 14.00*** 
 (0.204) (1.306) (1.105) (2.620) 
     
Observations 27,171 26,599 26,894 26,322 
R-squared 0.460 0.474 0.479 0.488 

Standard errors in parentheses 
*** p<0.01, ** p<0.05, * p<0.1 

 
 
On average the model without controls for socioeconomic status performs 
very similarly to the model with controls – the value-added estimates from the 
two models have a correlation of 0.9862 (see Table 11).  
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Table 11: Correlation between student VA scores from Models 1-4 
in Table 10 

 Model 1 
(PLE 

Aggregate) 

Model 2 
(Subject 

PLE Score) 

Model 3 
(Gender & 

SES) 

Model 4 
(All 

variables) 
Model 1 1    

Model 2 0.985 1   

Model 3 0.982 0.973 1  

Model 4 0.972 0.987 0.990 1 

 
 
It is also more difficult to try and control for these factors in the simple model 
without using regression analysis. One way of doing this would be to show the 
predicted (mean) UCE score for each PLE score broken down by SES groups 
(here using the proxy of the school level SES for all the students within each 
school). Table 12 below shows this broken down by SES terciles (thirds). On 
average, students from a school in the top third (highest school-average 
socioeconomic status) score 3.55 points better than students in the bottom 
third with the same PLE score. For comparison, the difference between cut-off 
points for Division 1, 2, and 3, is 13 points. The standard deviation of UCE 
scores is 12 points. This then is not a negligible difference, but also not huge, 
and would complicate the calculation of these statistics by schools and other 
stakeholders. 
 
There are also several disadvantages to proposing a model incorporating a 
SES for policy use at all: new data about student background would need to be 
collected, if this was not done robustly then schools might also have an 
incentive to manipulate results. This could also, in effect reduce expectations 
for schools with more disadvantaged students and be seen to embed 
inequalities. 
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Table 12: Mean UCE scores (by PLE Score and SES Index Tercile) 

PLE 
Score 

 Bottom 
1/3 SES  

 Middle 
1/3 SES  

 Top 1/3 
SES  

 Gap between top 1/3 
and bottom 1/3  

5  22.00   32.00   25.72  -3.72   

6  41.00   28.89   26.28   14.72   

7  25.83   32.47   26.29  -0.45   

8  33.52   33.71   29.53   3.98   

9  36.60   38.50   33.41   3.19   

10  41.07   36.83   35.86   5.21   

11  41.42   40.27   38.42   3.00   

12  41.93   43.74   39.79   2.14   

13  46.66   44.76   42.87   3.79   

14  47.81   46.16   43.91   3.90   

15  49.27   49.28   46.33   2.94   

16  49.92   48.91   47.55   2.37   

17  51.69   50.45   48.87   2.81   

18  52.61   50.88   49.88   2.73   

19  54.28   53.83   51.50   2.77   

20  56.52   54.80   52.56   3.97   

21  57.73   55.79   54.97   2.76   

22  58.46   57.94   55.92   2.54   

23  59.98   59.29   56.30   3.68   

24  61.19   59.65   57.88   3.31   

25  62.53   61.02   59.44   3.09   

26  63.04   62.01   60.19   2.85   

27  64.28   63.20   60.54   3.74   

28  64.99   63.60   61.55   3.44   

29  65.27   64.26   62.51   2.76   

30  66.14   65.08   63.80   2.33   

     3.55  Mean 
Gap 

 
 
If exam scores are strongly correlated with socioeconomic status, there is a 
risk that value-added models of school quality will be biased. It is clear from 
Table 9 above that student test scores are correlated with school 
socioeconomic status, even after controlling for PLE scores, gender, and 
school location. The question remains what impact this has upon schools’ 
scoring – which is explored in Section 4.  
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4.2 Stability over time 
 
The variation in predicted UCE scores for each PLE aggregate across years is 
relatively small. Table 13 below shows the average UCE aggregate score for 
students with the same PLE aggregate in 2013 and 2014. The difference in 
UCE scores for each level of PLE aggregate is small – an average of 1.28 
points. The stability of the model in terms of school-average value-added and 
school rankings is explored in the following section.  
 
Estimating value-added for 2014 students using predicted values for their 
UCE score based on averages from 2013 produces very similar (correlation = 
0.994) student level value-added scores.  
 
 

Table 13: Stability of model over time 
 Mean UCE Aggregate 

PLE 
Aggregate 

2014 2013 Differenc
e 

5 25.9 23.3 2.6 

6 27.1 27.6 -0.5 

7 27.9 29.5 -1.6 

8 30.6 31.7 -1.0 

9 35.0 33.1 1.9 

10 37.0 35.2 1.8 

11 39.3 38.3 1.0 

12 41.2 39.7 1.5 

13 44.2 43.0 1.2 

14 45.5 43.9 1.6 

15 48.0 45.9 2.0 

16 48.7 47.4 1.2 

17 50.3 48.2 2.1 

18 51.2 50.5 0.7 

19 53.2 51.4 1.9 

20 54.9 53.6 1.3 

21 56.4 56.1 0.3 

22 57.7 57.2 0.5 

23 58.9 58.5 0.4 

24 59.9 59.5 0.5 

25 61.4 60.8 0.6 

26 62.1 61.3 0.9 

27 63.2 62.7 0.5 

28 63.8 63.8 -0.0 

29 64.2 63.9 0.3 

30 65.1 65.1 -0.1 

Note: Any scores below 5 have been added to the 5 category, and any scores above 30 have 
been added to the 30 category, due to small sample sizes in these categories leading to 
inconsistent predictions.  
 



 23 

5. Calculating School Value-Added 
 
The second step in calculating school value-added is taking a simple average 
of student value-added scores by school.  
 
A common further step is applying a “shrinkage factor” which adjusts value-
added estimates for schools based on the number of students they have, in 
order to remove some of the sampling noise for those schools with particularly 
small numbers of students (Department for Education, 2012). In practice this 
adjustment seems to have little impact on most schools in our sample, in line 
with results using simulated data on teachers (Guarino et al., 2015). We 
therefore treat this as a robustness check, but prefer the simple (non-shrunk) 
average of student value-added estimate for school value-added.  
 
There is a very high correlation between value-added scores calculated using 
the simple conditional method, and using a regression-based approach, as 
well as correlation in school rankings (Table 14).  
 
 

Table 14: Correlation between School Value-added scores 
School Value-Added 

 VAM 
Simple 

VAM Simple 
(Adjusted) 

VAM Simple 
(Shrunk) 

VAM OLS 
Bivariate 

VAM OLS 
Multivariat

e 
VAM Simple  1 

    VAM Simple (Adjusted)  1.000  1 
   VAM Simple (Shrunk)  1.000   1.000  1 

  VAM OLS Bivariate  0.988   0.988  0.988 1 
 VAM OLS Multivariate   0.995   0.995  0.995 0.984 1 

 

School Rank 

 VAM 
Simple 

VAM Simple 
(Adjusted) 

VAM Simple 
(Shrunk) 

VAM OLS 
Bivariate 

VAM OLS 
Multivariat

e 
VAM Simple  1 

    VAM Simple (Adjusted)  1.000  1 
   VAM Simple (Shrunk)  1.000   1.000  1 

  VAM OLS Bivariate  0.988   0.988   0.988  1 
 VAM OLS Multivariate   0.993   0.993   0.993  0.982 1 

 
 
A key question is the impact that moving from a UCE-based ranking to a VA-
based ranking. As Table 14 shows, the majority (71.4%) of schools in the top 
quartile based on UCE are also in the top quartile based on VA, but these 
leaves a significant number of schools who are placed differently.  
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Table 15: School rank quartile based on UCE Aggregate vs VA 
 4 Quartiles of UCE rank 

4 Quartiles of 
VAM rank 

1 
(Top) 

2 3 4 
(Bottom 

Total 

1 (Top) 72.6 27.7 0.0 0.0 100.0 

2 19.0 44.6 34.5 1.2 100.0 

3 7.1 18.1 44.0 31.3 100.0 

4 (Bottom) 1.2 9.6 21.4 67.5 100.0 

Total 100.0 100.0 100.0 100.0  

 
 
Possible Confounding Factors 
 
Late joiners 
 
One possible confounding factor is the influence of some students who join a 
school in the last year before UCE tests just to take the test, anecdotally a 
common occurrence, for example where students are felt not to be on course 
for success at a previous school and so are encouraged to move on, or where 
parents save to pay higher fees for one year of schooling just before exams. It 
can be argued that it is unfair to judge schools for the performance of these 
students, since they have only taught the student for a short period of time. 
Overall 8% of students only joined their school in 2014, and 6% in 2013. 
Excluding these late joiners has very little impact on the overall fit of the 
model at student level. There is no statistically significant difference between 
the value-added scores for individual students who joined their school in 
different years. 
 
Dropouts 
 
The Ark headteacher survey found that 19% of students enrolled in S3 do not 
take S4. These S3 to S4 dropout rates are highest for government non-USE 
schools (23%) and lowest for private non-USE schools (17%), with USE 
schools falling in between (18% in government and 20% in private). There is 
no systematic relationship with school average socioeconomic status.  
 
This dropout rate is similar to that implied by national secondary enrolment 
rates by grade. Whilst there is some dropout between S1 and S3, by far the 
largest numbers drop out between S3 and S4.   
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Table 16: National Secondary Enrolment by Grade 
 # Enrolled 2009 Implied Annual 

Dropout Rate (%) 
Implied 
Cumulative 
Dropout Rate (%) 

S1  296,400  - - 
S2  280,026  5.5% 5.5% 
S3  258,130  7.8% 12.9% 
S4  193,158  25.2% 34.8% 

Source: Uganda Education Statistical Abstract 2009 

 
 
This is a concern for the estimation of value-added models, as some schools 
may be more likely than others to encourage potentially low value-added 
students to drop out before taking the UCE, artificially inflating their value-
added scores. This is particularly a problem if low-performing schools have 
higher rates of dropouts, and if dropouts would have scored poorly even after 
controlling for their PLE scores. Unfortunately we do not have data on the 
PLE scores of children who have dropped out, so cannot test if they are 
systematically different. Exploring the role of dropouts in school value-added, 
perhaps by capturing PLE data for students who then drop-out, should be a 
priority for future data collection and analysis. This concern is assuaged to 
some extent by the focus on value-added rather than just UCE scores. Simply 
encouraging students with poor expected UCE scores to drop out might 
artificially inflate average UCE scores, but would not inflate value-added 
unless these students were expected to have poor UCE scores even conditional 
on their (poor) PLE scores. 
 
Of some reassurance is that there does not appear to be any overall systematic 
relationship between the % of S3 students who dropped out or didn’t take 
UCE for another reason, and school VA (Figure 2). However this does not rule 
out that some schools might still engage in some strategic behaviour by trying 
to select for high potential S4 students. Of particular concern might be the 
minority of schools for which dropouts are more than 50% of S3 students.  
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Figure 2: S3 Dropouts and School VA

 

 
 
Confidence intervals 
 
95% confidence intervals (CI) for school value-added estimates are calculated 
in a standard manner as a function of the variation in estimates, adjusted for 
the number of students attending each school (schools with more students 
have more precise estimates of value-added and therefore smaller confidence 
intervals). 
 
High/Low CI = School VA +/- (1.96 x (Standard deviation of School VA / 
square root (number of students))) 
 
110 schools are statistically significantly above average value-added, and 74 
schools are statistically significantly below average. The remaining can’t be 
statistically distinguished from zero (see Figure 3). This finding, that it is 
possible to distinguish around half of schools from average, is in line with 
other value added analysis of school performance. 
 
In the remainder of the paper some analysis groups schools into these three 
categories (statistically significantly above average, average and significantly 
below average). 
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Figure 3: Distribution of school value-added

 

 

4.1 Robustness to other variables 
 
The previous section showed that school-average socioeconomic status is 
correlated with individual student UCE test scores, but that adding this SES 
variable into the model alongside prior PLE scores only increases the 
explanatory power of the model by a very small amount (Table 9).  
 
At the school level, there is also a correlation between school-average 
socioeconomic status and value-added (0.30). However the relationship 
between SES and test scores is weaker when accounting for prior test scores 
using the value-added model than it is for raw average UCE test scores. To see 
this, note that in Table 16, the coefficient of SES on UCE scores is 2.45 without 
PLE scores and 0.44 with PLE (implying that a 1 point increase in SES is 
associated with 0.44 point increase in value-added, compared to a 2.45 
increase in test scores).  
 
By controlling for prior student attainment, we are also controlling for prior 
student SES, so it is unsurprising that the correlation is weaker with value-
added than raw test scores. The remaining correlation between school-average 
SES and value-added does not necessarily imply any bias in the model, but 
does suggest that there may be some school-level factors that are correlated 
with school quality that this school-level measure picks up. 
 
A simple regression of school value-added on school socio-economic status 
suggests that SES alone can explain 9% of the variation in VA (Table 17).  
 



 28 

Though the value-added model does not entirely eradicate the influence of 
socioeconomic status on estimated school quality – it does represent a 
substantial improvement on just UCE test scores.  
 
 
Table 17: Correlation between School-Average Test Scores & SES 

 (1) (2) (3) 
VARIABLES UCE 

Aggregate 
UCE 

Aggregate 
Value-Added 

    
PLE  1.806***  
  (0.0746)  
Sesindex -2.453*** -0.437*** 0.753*** 
 (0.223) (0.157) (0.137) 
Constant 55.69*** 17.46*** -0.369* 
 (0.332) (1.592) (0.204) 
    
Observations 331 331 331 
R-squared 0.270 0.738 0.084 

Standard errors in parentheses 
*** p<0.01, ** p<0.05, * p<0.1 

 
 
In terms of individual schools, the average difference between school VA 
scores with and without SES is small - 1.1 points (using a regression 
approach). The correlation between school rank in models with and without 
SES is 0.90.  
 
Looking at rank quartiles of schools, 82% of those in the top quartile after 
controlling for SES are in the top quartile without controlling for SES, whilst 
18% slip down into the next quartile. For those in the bottom quartile, the 
majority (75.6%) remain in the bottom quartile if we don’t control for SES, 
and 25% fall into higher categories (Table 18). 
 
 
Table 18: Impact of controlling for socioeconomic status on school 

categorization 

 4 Quartiles of VAM rank (Controlling for SES) 

4 Quartiles of 
VAM rank 

1 
(Top) 

2 3 4 
(Bottom 

Total 

1 (Top)  81.9   18.1   1.2   0.0    100.0 

2  18.1   57.8   15.7   7.3  100.0 

3  0.0     24.1   59.0   17.1  100.0 

4 (Bottom)  0.0     0.0     24.1   75.6  100.0 

Total 100.0 100.0 100.0 100.0 100.0 
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4.2 Stability over time 
 
Whilst specific school VA scores are not perfectly correlated over time, this is 
to be expected given different student cohorts and some random variation. 
The 2013 value-added score predicts 44% of the variation in 2014 value-added 
scores (r-squared=0.44). This is a low level of stability relative to the 
correlation between 2013 and 2014 UCE aggregate (79%) and between UCE 
Division (62%).  
 
This finding is consistent with experience in the US, where (Kane and Staiger, 
2002) document the substantially higher persistence of test score levels (77%) 
than value-added (41%). It can be explained as follows – test scores levels 
combine a noisy measure of school quality, plus a measure of student intake, 
including socioeconomic status and other home factors, which is highly 
persistent. The value-added measure is the same noisy measure of school 
quality, after stripping out the highly persistent measure of school intake, 
resulting in a lower overall persistence across time. Stability of PLE scores in 
Uganda is 65%. This may be problematic for the use of the VAM for ranking 
schools. (Kane and Staiger, 2001) find substantial improvements in the future 
predictive power of school value-added estimates after averaging performance 
across two to three years. 
 
The Department for Education is the UK has considered a similar issue. They 
decided that VA scores in one individual year will still be used as the headline 
indicator of school performance, and so will drive decisions around which 
schools to inspect as potential under-performers. They considered the concern 
that three year rolling averages can mask a decline in standards in a school, 
and slow down necessary intervention. However, three year rolling averages 
will still be made available in performance tables, to facilitate more nuanced 
discussions and judgements about school performance.  
 
Some differences in estimated school quality is to be expected, due to actual 
real changes in school quality and due to estimation error. The magnitude of 
stability in teacher value-added has been shown to vary substantially 
depending on different modeling assumptions, and the stability found here is 
very much within the normal range (Koedel et al., 2015). A key point here 
from the teacher value-added literature is that even though there is some 
variability in estimated quality from year to year, each single year estimate of 
quality is highly correlated with career/permanent quality, and by implication 
school quality (as estimated by value-added models) has real persistent 
impacts on students.  
 
The stability in estimates for individual schools can be expressed by the 
transition table (19) between school rank in 2013 and 2014. Whilst a majority 
of schools in the top (56%) and bottom (60%) quartiles in 2013 remain in the 
top/bottom in 2014, this leaves a large proportion of schools that move 
categories.  
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Table 19: Change in school rank between 2013 and 2014 

 4 Quartiles of VA (2013) 

4 Quartiles of 
VA (2014) 

1 
(Top) 

2 3 4 
(Bottom 

1 (Top) 
56.4 18.4 15.8 2.7 

2 
33.3 39.5 21.1 13.5 

3 
7.7 28.9 28.9 24.3 

4 (Bottom) 2.6 13.2 34.2 59.5 
Total 100.0 100.0 100.0 100.0 

 
 

4.3 Further robustness checks 
 
Some schools were missing records for some students for their PLE scores. To 
investigate the importance of this we compare mean UCE scores for students 
with and without PLE scores. There is a very slight difference between UCE 
aggregate scores between the two groups, but no statistically significant 
difference in UCE divisions (Table 20).  
 
 

Table 20: UCE scores by presence of PLE score data 

Group  Obs   Mean   Std. Err.   Std. Dev.   [95% 
Conf.  

 Interval]  

UCE Aggregate 

Not Missing  27,171   54.21   0.07   12.36   54.06   54.36  

PLE Missing  1,490   55.97   0.29   11.35   55.40   56.55  

Combined  28,661   54.30   0.07   12.31   54.16   54.44  

UCE Division 

Not Missing  27,159   3.68   0.02   2.52   3.65   3.71  

PLE Missing  1,491   3.78   0.04   1.68   3.70   3.87  

Combined  28,650   3.68   0.01   2.48   3.65   3.71  

 
 
In addition, some schools initially sampled were unable to be surveyed as they 
no longer existed or refused to participate, and so replacement schools were 
sampled. There is no statistically significant difference between test scores or 
value-added of students in “replacement” schools versus schools which were 
in the original sample (Table 21).  
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Table 21: Difference in test scores between original sample schools 
and replacement schools 

 (1) (2) (3) 
VARIABLES vamsimple UCE PLE 
    
replacement -0.933 -0.542 -0.712 
 (0.632) (1.838) (0.923) 
Constant 0.0871 54.35*** 20.49*** 
 (0.278) (0.598) (0.256) 
    
Observations 27,171 28,661 27,638 
R-squared 0.001 0.000 0.001 

Robust standard errors in parentheses 
*** p<0.01, ** p<0.05, * p<0.1 
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5 Explaining variation in school value-added 
 
This section looks at which schools do well and poorly on the value-added 
measure, and whether any measured characteristics of schools are correlated 
with school value-added. 
 
Previous analysis by the World Bank of S2 National Assessment of Progress in 
Education (NAPE) data finds that students perform worse at rural schools (-
0.09sd in maths) and private schools (-0.93sd), but substantially better in 
public-private partnership (PPP) schools (0.88sd) and Universal Secondary 
Education (USE) schools (0.92sd) (Najjumba and Marshall, 2013). This 
analysis however is only looking at student attainment at one point in time, 
and so fails to account for unobserved differences between students that may 
be correlated with these factors, in the way that the value-added approach 
used in this paper does. 
 
 

Table 22: Covariates of S2 Student Achievement, Uganda NAPE, 
2011
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In this paper I look at three categories of variables; characteristics of the 
school (ownership, location, size, fees, length of operation), physical 
infrastructure (library, computers), and human capital (headteacher and 
teacher qualifications and experience). Descriptive statistics for these 
variables are shown in Table 23.  
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Table 23: Descriptive Statistics for school characteristics 
Variable Obs  Mean   Std. Dev.  Min Max 

School Variables 

Years of Operation 325  19.65   14.91  1 103 

      Fees (USD) 334  58.92   116.33  0 1714 

      % of Pupils Boarding 334  37.61   38.15  0 100 

Student Growth (Change in total 
number of students 2013 – 
2015) 

332  25.77   119.49  -429 471 

Number of students in S3 but 
not UCE 

324  16.50   18.09  0 88 

Number of students in S4 333  62.22   34.83  1 270 

      % Government USE 334 37%  0.48  0 1 

% Government non-USE 334 5%  0.23  0 1 

% Private USE 334 33%  0.47  0 1 

% Private non-USE 334 24%  0.43  0 1 

  100%    

      % Rural 334 61%  0.49  0 1 

% Urban 334 14%  0.35  0 1 

% Peri-urban 334 25%  0.43  0 1 

  100%    

      % With a Library 334 78%  0.41  0 1 

      % With a Laptop/Computer 334 38%  0.49  0 1 

Teacher Variables 

Headteacher has a postgraduate 
degree 

333 27%  0.44  0 1 

Headteacher has a graduate 
degree 

333 72%  0.45  0 1 

Headteacher has a diploma 333 1%  0.08  0 1 

  100%    

      Average teacher experience is 2-
5 years 

332 36%  0.48  0 1 

Average teacher experience is 5-
10 years  

332 52%  0.50  0 1 

Average teacher experience is 
10+ years 

332 12%  0.33  0 1 

  100%    
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Perhaps the most striking difference between rankings based on UCE scores 
and VA is the comparison between elite non-USE schools and standard USE 
schools.  
 
The best performing schools in Uganda in terms of UCE scores are the elite 
public schools that are not part of the Universal Secondary Education (USE) 
scheme. These schools get average UCE results of 42.5, a whole Division (13 
points) better than the average school results of 55.6 (lower is better). 
However in value-added terms, these schools perform just 3 points better than 
average. Their advantage, which the value-added model takes account of, is 
clear in Table 24 – their incoming students are already 6 points ahead of 
average in terms of their PLE scores, so it is of little surprise that these 
students do better at UCE. 
 

 
Table 24: Test Scores and VA by School Type 

School Type Number 
of Schools 

PLE 
(Average) 

UCE 
(Average) 

VA (Average) 

Government USE 125  21.4   56.7 -0.9 
Government non-USE 18  14.8   42.5   3.0 
Private USE 110  22.1   57.2  -0.5 
Private non-USE 80  20.9  54.8   0.1 
Total 333 21.1 55.6  -0.3 

 
 
Table 25 below shows the results of a set of OLS regressions looking at the 
relationship between different school characteristics and student UCE scores 
and VA scores. The dependent variable in each case is individual student test 
scores – so this tells us about the overall relationship between specific school 
characteristics and student learning outcomes. 
 
First looking at school type; after controlling for other school and teacher 
characteristics, there is no statistically significant difference between public 
and private schools on either average UCE scores or value-added. Schools 
participating in the USE programme perform worse on UCE scores whether in 
the public or private sector. This mostly reflects the difference in composition 
of students rather than a causal impact of the USE programme – the 
difference halves from 3 points in UCE test scores to 1.5 points in value-added. 
Older schools (that have been operating for longer) perform better on UCE, 
but not on value-added. 
 
Some effect of student socio-economic status remains even after controlling 
for these school and teacher characteristics, but is much less pronounced for 
value-added than for UCE test scores. 
 
Urban schools perform slightly worse than rural and peri-urban schools, but 
the difference is small (1.5 points in value-added. For comparison, the 
difference between Division boundaries is 13 points). Similarly schools that 
charge higher fees perform slightly better but the magnitude is small - $100 a 
year in additional fees is associated with 0.5 additional points in value-added. 
There is no evidence for the hypothesis that private schools in particular 
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might perform particularly well in urban vs rural areas, where there is likely to 
be a higher density of schools with the potential for more competition. Schools 
with a majority of students who board perform better, but by a small amount 
(1.3 VA points).  
 
The overall number of students has no relationship with value-added, but S4 
class size has a small negative relationship, and the number of S3 dropouts 
has a small positive relationship. Schools with libraries perform no better than 
those without.  
 
Of the headteacher and teacher variables, the only one that is statistically 
significant is headteacher qualifications – schools with headteachers that have 
post-graduate qualifications perform slightly better (0.9 value-added points). 
 
Given the overall relatively low predictive power of these variables for value-
added, future research could usefully look at gathering data on other school 
and classroom-level variables that have been shown to correlate with student 
performance, such as specific aspects of teaching practice and improved 
management practice (Bloom et al., 2015), (Eyles and Machin, 2014), (Epple 
et al., 2015), (Dobbie and Fryer, 2013), (Angrist et al., 2013). 
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Table 25: Relationship between Student VA and School 
Characteristics 

 (1) (2) (3) (4) 
VARIABLES VA VA VA UCE Aggregate 
     
Gender -1.195*** -1.235*** -1.249*** -3.453*** 
 (0.190) (0.175) (0.173) (0.254) 
SES Index 1.373***  0.735*** 2.611*** 
 (0.271)  (0.256) (0.432) 
Years Open  -0.00617 -0.0104 0.0579** 
  (0.0147) (0.0147) (0.0263) 
Private  -0.650 -0.541 -0.804 
  (0.432) (0.440) (0.739) 
USE  -2.032*** -1.450** -3.178*** 
  (0.566) (0.598) (0.979) 
Boarding (>50%)  1.631*** 1.284*** 2.759*** 
  (0.455) (0.433) (0.714) 
Urban  -1.437*** -1.582*** -1.884* 
  (0.551) (0.551) (0.995) 
Annual Fees ($)  0.00781** 0.00569** 0.0114** 
  (0.00327) (0.00288) (0.00576) 
Students (2015)  0.00124* 0.000886 0.00169 
  (0.000638) (0.000647) (0.00122) 
Student Growth (2015-2013)  0.00196 0.00142 0.000588 
  (0.00150) (0.00145) (0.00251) 
S3 Dropouts  0.0291*** 0.0234** 0.0326* 
  (0.0111) (0.0112) (0.0190) 
S4 Class Size (2015)  -0.0100* -0.0102* -0.0180** 
  (0.00540) (0.00527) (0.00869) 
Has Library  0.518 0.569 1.055 
  (0.450) (0.450) (0.660) 
Has laptop/computer  0.0874 0.0449 0.732 
  (0.376) (0.367) (0.571) 
Headteacher has postgrad  0.686 0.660 2.197*** 
  (0.456) (0.453) (0.769) 
Headteacher experience (Years)  -0.0107 -0.0134 -0.0582 
  (0.0250) (0.0239) (0.0499) 
Average teacher experience 5+ years  0.673 0.789* 1.212 
  (0.440) (0.440) (0.744) 
Constant -0.159 2.436* 1.421 -55.57*** 
 (1.141) (1.385) (1.406) (2.077) 
     
Observations 24,585 24,585 24,585 24,585 
R-squared 0.078 0.092 0.095 0.300 
District FE Yes Yes Yes Yes 

Standard errors clustered at school level in parentheses 
*** p<0.01, ** p<0.05, * p<0.1 

Note: Urban is relative to the omitted categories of rural/semi-urban.  
Coefficients for UCE are on an inverted scale such that a positive sign denotes an 
improvement in UCE score (though in actuality lower UCE scores are better).  
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6. Conclusion 
 
A value-added model for secondary school quality in Uganda based on 
existing official test score data has real potential to provide a clearer signal to 
parents, teachers, schools, and policymakers about how much learning is 
actually happening in different schools, using existing tests, and therefore at 
relatively low cost. This approach could also be used in other developing 
countries where students are already tested at the end of primary school and 
the end of secondary school. A number of issues would benefit from further 
investigation.  
 
First, the stability of estimates across time is not perfect – averaging data from 
several years might be a preferable option to relying on school VA estimates 
from a single year which might be vulnerable to sampling variation. In 
Uganda plans are underway to make available to researchers a national pupil 
database of test scores which would allow for further testing of the model in a 
larger group of schools, and also provide further time series data on individual 
schools.  
 
Second, the issue of students who drop-out during secondary school before 
taking their UCE. If students with low expected UCE scores are more likely to 
drop out in some schools, this could bias value-added measures.  
 
Third, the reliability of the tests themselves and the consistency with which 
they are sat and graded across schools warrants further investigation.  
 
Fourth, the issue of socio-economic status. Whilst this does not dramatically 
alter the overall precision of estimates from the model, it does influence the 
ranking of some specific schools. However there is substantial value in 
keeping the model simple, and keeping the cost low by relying on existing 
exams data (this data is centrally collected, but cannot currently be matched 
between PLE and UCE).  
 
Fifth, the issue of whether introducing this performance measure could drive 
strategic behavior from schools. For example, at present students absent for 
the UCE test have been dropped from the analysis. Their inclusion or 
exclusion, does not seem to substantially affect school level value-added 
estimates, but further analysis may be warranted if this aspect of the model 
was to be taken forward in a ‘live’ setting. Similarly this analysis suggests that 
the number of students dropping out in the last year before UCE is not 
correlated with school VA scores, but care would need to be taken to ensure 
that schools would not perceive a benefit from particular students leaving the 
school in advance of the exams and act on this perception.  
 
Sixth, there is a similar decision to be made on the treatment of results on 
specific categories of schools. For example one school in the sample for this 
study was found to be cheating in the exams, and so all UCE results for the 
cohort were annulled. This school has been omitted from this analysis, which 
does not affect the ranking of other schools, but a decision may be needed on 
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how this school should be ranked relative to other schools. Similarly, a 
decision would also need to be taken on how to present the results of very 
small schools. 
 
Seventh, in terms of choice of modeling approach to estimating predicted 
scores for individual students, there is a trade-off to be made between 
statistical model fit, simplicity in terms of explanation to policymakers and 
stakeholders, and cost. The simple model is the easiest and most transparent 
to explain, low-cost, and achieves a good model fit, only slightly worse than a 
regression-based approach, which achieves a slightly better statistical fit at the 
cost of a relatively opaque (to non-statisticians) approach – OLS. The best fit 
model is to fit a regression model using contextual data, for instance on 
student background, but as well as being complex, such a model would have 
substantial financial costs in terms of new survey work (beyond collecting 
existing test scores), which seems like an excessive cost for a relatively small 
improvement in precision.  
 
 Model fit (R-

squared) 
Simplicity Cost` 

Simplest Model Good Best Low 
Regression Model 
with admin data 

Slightly better Worse Low 

Regression Model 
with survey data 

Best Worse High 

 
Finally, in terms of explaining and predicting variation in value-added 
between schools,  
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Annex A. UK Progress 8 and Attainment 8 
 
The (Department for Education, 2015)5 set out how the UK secondary school 
value-added model is developed as follows.  
 
Step 1: Calculate Pupil Attainment 8 
 
Measure the average grade of a pupil across 8 subjects (including 
mathematics (double weighted) and English (double weighted)).  
 
Step 2: Calculate Pupil Progress 8  
 
Progress 8 compares their Attainment 8 score with that of other pupils 
nationally who had the same primary results.  
 
Step 3: Calculate School Progress 8 
 
This is given as the average of pupil progress 8 scores for each school.  
 
 
 
 
 

                                            
5 https://www.gov.uk/government/uploads/system/uploads/attachment_data/file/4
15486/Progress_8_school_performance_measure.pdf  and  
http://www.education.gov.uk/schools/performance/download/Statement_of_Intent
_2015.pdf  

https://www.gov.uk/government/uploads/system/uploads/attachment_data/file/415486/Progress_8_school_performance_measure.pdf
https://www.gov.uk/government/uploads/system/uploads/attachment_data/file/415486/Progress_8_school_performance_measure.pdf
http://www.education.gov.uk/schools/performance/download/Statement_of_Intent_2015.pdf
http://www.education.gov.uk/schools/performance/download/Statement_of_Intent_2015.pdf
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Annex B.  Classification of PLE Scores into 
Aggregates 

 
In their Primary Leaving Exam students take exams in 4 subjects. Within each 
subject a score can be given between 1 and 9, in which a score of 1-2 is a Distinction, 
3-6 is a Credit, 7-8 is a Pass, and a Fail is 9. 
 
Students are then classified into 4 Divisions, which are the most commonly used 
summary scores. For this analysis, we have used the PLE Aggregate score across all 4 
subjects.  
 
Classification of Pupils into Divisions: 
 
Division One:  Candidate must pass all four subjects with credits or better  

- Aggregate should not exceed 12.  

 

Division Two:  Candidate must pass all the subjects (with at least a seven or eight) 

                           -   Aggregate must not exceed 24 

 

Division Three: Candidate must score at least three passes in all four subjects 

  - No minimum aggregate.  

 

Division Four: Candidate must score at least one Pass (7) in two subjects or a Pass 

(8) in three subjects. 

- No minimum aggregate.  

 

All candidates who obtain divisional grades one, two, three and four, are considered 

to have passed the examination and qualify to join any post-primary institution. 

Those who are not in any of the four divisions either failed (Ungraded or Division U) 

or were absent (Division X) (Source: monitor.co.ug6 ) 

 
Table AB1: Requirements for each PLE Division 

Division Subject  Aggregate 
Division 1 Pass all four subjects with credit or better 12 or less 
Division 2 Pass all four subjects 24 or less 
Division 3 3 credits or 4 passes No minimum 
Division 4 1 credit or 2 Pass 7 or 3 Pass 8 No minimum 
Ungraded (Division 
U) 

  

Absent (Division X)   

                                            
6  http://www.monitor.co.ug/OpEd/Letters/Uneb-follows-a-standard-grading-
system/-/806314/1683690/-/pxo43bz/-/index.html 

http://www.monitor.co.ug/OpEd/Letters/Uneb-follows-a-standard-grading-system/-/806314/1683690/-/pxo43bz/-/index.html
http://www.monitor.co.ug/OpEd/Letters/Uneb-follows-a-standard-grading-system/-/806314/1683690/-/pxo43bz/-/index.html
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Annex C. Classification UCE Aggregates into 
Divisions 

 
UCE Scores for individual subjects are aggregated, and used for classification 
of students into Divisions, similarly to as for PLE.  
 

Table AC1: Pass Mark for each Individual subject score 

MARKS 80%-

100% 

75%-

79% 

70%-

74% 

65%-

69% 

60%-

64% 

50%-

59% 

45%-

49% 

40%-

44% 

O%-

39% 

GRADES D1 D2 C3 C4 C5 C6 P7 P8 F9 
 

Note: The minimum number of subjects passed at credit level (or better) and at pass 
level, the actual subjects passed and the aggregate for the 8 best done subjects are 
considered during grading. 

 
Division 1  

- Pass a minimum of eight subjects which must include English Language 

(with credit), a Humanity subject, mathematics and a science subject.  

- At least seven of the subjects must be a credit level or better.  

- The aggregate for the best eight done subjects must not exceed 32 

Division 2  

- Pass a minimum of eight subjects including English Language.  

- Six of the subjects must be at a credit level or better.  

- The aggregate for the best eight done subjects must not exceed 45. 

Division 3  

- Either (i) Pass a minimum of eight subjects (with at least 3 credits) 

o OR (ii) Pass a minimum of seven subjects (with at least 4 credits) 

o OR (iii) Pass a minimum of five subjects with credits or better.  

- The aggregate for the best done subjects must not exceed 58. 

Division 4: 

- Either (i) Pass at least one subject with credit or better  

o OR (ii) Pass at least two subjects with pass 7  

o OR (iii) Pass at least three subjects with pass 8 or better  

Division 7:  This indicates failure. A candidate with result 7 has not qualified for the 

award of the UCE certificate. The candidate did not select / sit subjects according to 

regulations, which is an infringement of the entry regulations  
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Annex D. Calculation of Socio-Economic 
Status (SES) Index 

 
A range of indicators of socioeconomic status have been collected from 
children by Ark, which can be grouped into three areas; household ownership 
of assets (phone, TV, refrigerator, radio, iron, bicycle, motorbike, car), 
housing quality (roof type, wall type, cooking facility, water and sanitation 
facility), and parental education (schooling and English ability). 
 
In practice the development of an index combining these variables into a 
single variable is a relatively simple procedure using Principal Components 
Analysis (PCA) or Factor Analysis in STATA. The following describes a series 
of robustness checks used to check the reliability of the index, following 
(Filmer and Pritchett, 2001) and (Vyas and Kumaranayake, 2006). PCA is 
preferred to Factor Analysis as it requires fewer assumptions about the 
underlying relationship between the unobserved “socio-economic status” and 
the measured indicators. The index is first calculated for individual students, 
before being average at school-level.  
 
D.1 Principal Components Analysis (PCA) vs Factor Analysis 
 
I’ve chosen to use PCA rather than factor analysis – the two are very similar, 
but with some slight difference, with factor analysis being more focused on 
understanding the underlying unobserved “factor” which causes the observed 
variables, rather than simply reducing the data to a set of unobserved 
components which best explain the variation in the observed variables (Suhr, 
2005). In practice it makes very little difference as the two techniques are 
similar – the correlation between the first principal component and the first 
factor is 0.9864, and the correlation between rankings of students based on 
the two indices is 0.9869. 
 
D.2 Internal coherence – Does asset ownership differ across broad 
categories? 
 
The principal component index is internally coherent, in the sense that 
average asset ownership is increasing across the overall asset index quintiles.  
 
The asset index varies between mean -2.54 for the bottom quintile and +3.84 
for the top quintile. Students in the bottom quintile are overwhelming more 
likely to live in houses with thatch or straw roofs, brick or mud walls, to use 
firewood for cooking, a borehole for water, and a pit latrine for sanitation. All 
of these indicators of housing quality improve across the quintiles of the 
overall socioeconomic status index (see Table AD1).  
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Table AD1: Housing quality indicators by SES Index Quintile 

 

Q1 
(Poorest) Q2 Q3 Q4 Q5 (Richest) Total 

Socioeconomic Status 
Index (Mean Value) -2.54 -1.47 -0.54 0.71 3.84 

 

 
% % % % % % 

Roof Type 
      Thatch or straw 76 17 5 2 1 20 

Metal or Tile 20 73 78 78 84 67 

Cement or Brick 2 8 16 19 14 12 

Wall Type 
      Brick & Mud 93 86 38 16 6 48 

Thatch or Straw 6 2 1 0 0 2 

Timber/Stone/Brick/Cement 0 11 61 83 93 50 

Cooking 
      Charcoal 0 2 4 22 69 20 

Firewood 100 97 95 75 19 77 

Electricity 0 0 0 1 8 2 

Water 
      Protected well/spring 18 21 14 15 9 15 

Borehole 58 45 50 45 21 44 

Tap 2 16 20 28 62 25 

Rain 3 4 6 7 5 5 

Open water 18 12 10 5 2 9 

Sanitary facility 
      Covered Pit 66 67 64 50 27 55 

VIP Latrine 3 10 18 39 52 24 

Flush Toilet 0 1 1 3 18 5 

Uncovered Pit 29 21 16 8 4 16 
 
 
 
Similarly with regards to assets, students in the bottom quintile live in 
households that are least likely to own TVs, refrigerators, radios, irons, 
motorbikes, and cars. Over 99% of students live in households in which 
someone use a mobile phone, so this indicators has not been used in the 
creation of the socioeconomic status index. Bicycles are the one household 
asset that are most common in the poorest households (see Table AD2).  
 
With regards to their parent’s or guardian’s skills and education, children in 
the bottom quintile are the least likely to have a guardian who speaks English, 
and most likely to have a guardian with no education. Children in the top 
quintile are the most likely to have a guardian with A-level or higher (see 
Table AD2).  
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Table AD2: Household asset ownership and Parent/Guardian 
Education by SES Index 

 

Q1 
(Poorest) Q2 Q3 Q4 Q5 (Richest) Total 

Asset Index (Mean Value) -2.54 -1.47 -0.54 0.71 3.84 
 

       

 
% % % % % % 

Assets 
      TV 0 3 7 30 84 25 

Refrigerator 0 0 0 2 38 8 

Radio 59 62 63 66 71 64 

Iron 0 1 2 9 61 15 

Bicycle 71 62 64 62 46 61 

Motorbike or Scooter 5 10 20 33 37 21 

Car or Truck 0 0 2 8 41 10 

       Parent/Guardian Speaks 
English 49 77 88 94 97 81 
Parent/Guardian's 
Highest Education 

      None 23 9 5 3 1 8 

P5 or less 21 13 8 5 2 10 

P6 or P7 30 33 28 17 6 23 

S1-S3 10 15 17 14 7 12 

O-Level 15 21 30 34 24 25 

A-Level 2 4 7 9 14 7 

S6 + 0 5 6 18 46 15 
 
D.3 Robustness to choice of assets 
 
The index is also robust to different choices of assets – the correlation 
between the rank of different individuals is high, regardless of which variables 
are used in the construction of the socioeconomic status index (see Table 
AD3).  
 

Table AD3: Correlation between ranking of schools based on 
different socioeconomic indexes using different variables 
 Index 1 Index 2 Index 3 Index 4 
Index 1 (All) 1    
Index 2 (House, Assets) 0. 973 1   
Index 3 (House only) 0. 975 0. 974 1  
Index 4 (Assets, Family) 0. 865 0. 831 0. 765 1 

 


