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Abstract

This article looks at the effect of school infrastructure on student academic

performance. We use cross-sectional observations from 126 primary schools in Kwanza

Sul, in rural Angola. We collect survey data and standardized tests of Portuguese

Language and Mathematics. Using an index for the quality of infrastructure,

ANCOVA analysis is conducted at the student-level. We also perform a Difference-

in-Difference estimation at the school-level. We found that the quality of school

infrastructure has a significant effect on student achievements. In particular, better-

equipped schools are systematically associated with higher test scores. Policymakers

that wish to improve the quality of schooling should consider avoiding temporary

solutions to school buildings and facilities and address additional resources to maintain

those schools.
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1 Introduction

The improvement of schooling and the formation of human capital in developing countries

have been widely discussed among economists and policymakers. The Millennium

Development Goals (MDGs), agreed by nations in 2000, prioritized the achievement

of universal access to primary education by 2015. Several policymakers have attempted to

improve enrollment rates and provide additional resources to schools, which requires large

investments.

Despite the extensive resources being invested, Sub-Saharan Africa is characterized by the

lowest literacy rate in the world (set at 64.35% in 2016) and far below the world’s average

(86.2% in 2016).1 In fact, policies aiming at increasing access to schools in rural areas

do not assure that students get adequately educated. There is evidence that, even when

children are enrolled in primary schools, they struggle to learn how to read and write. For

instance, in Kenya 23% of the children completing primary school could not read a simple

paragraph in the local language, nor in English.2

An upcoming debate argues whether the economy should address more funds to schools in

developing countries or not. Elevated rates of illiterate young population is a low return

on investments and represent an unproductive manner of allocating available resources.

The debate on school resources represents an economic trade-off between increasing the

number of schools in rural areas and building fewer but better managed and equipped

schools.

In this study, we attempt to address this question by exploring how school infrastructure

affects students’ academic performances. Despite primary schools being accessible in

almost every village, their building conditions are very impoverished and do not induce the

cognitive learning process. Electricity is not always available in schools and pupils studying

the afternoon classes are often compromised, as they cannot look at the chalkboard and

struggle to read from their books. Chairs and desks are usually not sufficient for all

students, and they are forced to stand or sit on the floor. Hygienic conditions are also

insufficient in the absence of a working bathroom or cleaned spaces. This paper argues that

1World Development Indicators, 2014
2Kenya National Learning Assessment Report, 2010
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inadequate schools’ infrastructure represents a major constraint for students’ academic

performances.

We reckon that the existing literature misses the relationship between the school’s physical

environment and how it affects students’ performances. We aim to fill this gap with the

following study. We use observational cross-sectional data from 126 primary schools in the

province of Kwanza Sul in Angola. We conduct standardized tests of Mathematics and

Portuguese language with students from the third, fourth and fifth grades in two different

years, 2015 and 2018. For our analysis, we also use teachers, directors and parents’ survey

data from 2015 and 2018. We estimate an index for the quality of schools’ buildings from

nine directly observed measures of infrastructure.

In order to conduct our analysis, we firstly run OLS regressions with the index of the

school’s infrastructure and students’ test scores. We run our analysis at the student-

level, controlling for school’s characteristics as well as families and teachers’ backgrounds.

Additionally, we performe an ANCOVA model, hence controlling for the baseline average

test scores. In order to account for specific measures of infrastructure, we estimate

ANCOVA multiple regression with single infrastructure’s indicators. We find strong

evidence that better-equipped schools positively influence students’ performance on test

scores. Secondly, we estimate a Difference-in-Difference regression at the school-level,

which catches the effects over time of the quality of schools’ infrastructure on the students’

achievements. We find that better-equipped schools contribute to increasing students’

achievements over time.

The remainder of the paper is organized as follows. Section 2 provides a brief literature

review on the quality of schooling, with a particular emphasis on the school’s inputs. Section

3 describes the data collected in the two phases. Section 4 presents the identification

strategies and sensitivity tests. Section 6 concludes by discussing the policy implication

arising from our findings.
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2 Literature Review

Concern for educational policies grew significantly over time, both in developed and

developing countries. However, assessing the effectiveness of these policies remains

controversial. Presented results yielded different conclusions about the magnitude of

this relation. The core question of the debate is whether school’s inputs have a causal effect

on students’ performances. The ambiguity in assessing this potential causality mainly

comes from the difficulty of identifying an appropriate specification for the education

production function. There are various ways to measure students’ achievements. Large

part of the literature measures performances through students’ test scores (Gigliotti and

Sorensen, 2018; Hanushek and Lindseth, 2009, pp. 45–46), while other studies shift the

attention towards students’ attainments and long-term returns on education (Card and

Krueger, 2002; Angrist and Lavy, 1999; Duflo, 2001). First, each of these approaches

faces some limitations in the specification. For instance, measuring students’ performances

through test scores may be a poor indicator of long-term consequences of the quality of

schooling. Second, several difficulties arise from omitted variables correlated to school’s

resources that may lead to spurious correlations (Aschauer, 1989).

Hanushek (1995) conducts one of the first meta-analysis on more than ninety studies related

to school resources, deducing that there is no systematic relation between the investments

in educational resources and students’ test scores. Advocates of additional educational

spending vigorously contest his conclusion and his, not always rigorous, methodology

(Kremer, 1995;3 Greenwald et al., 1996; Card and Krueger, 2002; Jackson et al., 2016).

The debate is pervasive as it influences policymakers’ decision whether to invest additional

resources on schools.

When it comes to assessing the quality of schooling in rural areas, it is fundamental to

account for sources of endogenous allocation of inputs across districts. Urban areas may

have a higher preference for education than rural communities and may allocate higher

investments to schools, hence directly influencing students’ performances. Firstly, the part

of the literature that focuses on education policies in low-income countries targets the

3Kramer (1995) disputes Hanushek (1995) conclusions presenting evidence on the effectiveness of
educational expenditure.

4



school’s supply and its effect on schooling. Foster and Rosenzweig (1996) illustrates that

due to the construction of schools in rural India the enrollment rate almost doubled for

children aged from 5 to 14. Pitt, Rosenzweig, and Gibbons (1993) conducts a similar study,

showing that increasing school density in rural areas positively affects students’ attendance

at a primary level. Duflo (2001) uses a Difference-in-Difference model to measure the

gains from an extensive school construction program in Indonesia. The study exhibits a

significant effect on the completion of additional years of schooling, with a stronger effect

in poorer areas.4

Secondly, much of the contribution of the research on educational resources brings the

attention on pedagogical materials, as part of the education production function’s hardware,

that might influence human capital’s formation. Pedagogical inputs are resources that

directly influence the students’ learning abilities, namely the availability of books in

the schools, flip charts, class size, educational posters, etc.5 These studies explore

different approaches in the attempt of isolating the determinants of students’ achievements.

Specifically, the evidence supports the idea that smaller class size and higher teacher’s

experience and education have a significant positive effect on the quality of schooling.

(Glewwe et al., 2004; Rivkin, Hanushek and Kain, 2005).

Although a recent branch of the literature agrees on the causal effect of the school’s

resources on student performances, this relation is yet understudied. Often the facility

conditions enter the analysis on students achievement as a control term, but it rarely is

the focus of attention (Lloyd et al., 1998; Chaudhury et al., 2006). Cellini, Ferreira, and

Rothstein (2010) attempts to isolate the effect of investments on school’s facilities using a

regression discontinuity approach. They find that districts that received the investment

are systematically related to higher student’s achievements. A recent study by Hong and

Zimmer (2016) builds on Cellini, Ferreira, and Rothstein (2010) model and finds that

improved facilities determine a 6% increase in the proficiency of reading. However, the

4Several other studies bring evidence of the educational benefit of increasing school supply in developing
countries, measured in terms of enrollment, student attendance or future wages (Angrist and Lavy, 1999;
Neilson and Zimmerman, 2014). Complementary studies exhibit a systematic negative effect on schooling,
at a primary level, when the density of schools in the villages is low (Lavy, 1996; Bommier and Lambert,
2000; Handa, 2002).

5Harbison and Hanushek (1992) classified school’s resources in hardware and software. Namely, the
hardware includes inputs like water, bookcase, teacher table, pupil chair, pupil desk, two classrooms,
large rooms, director’s room, kitchen, toilet, store cupboard. Software resources, instead, include writing
material, chalk, notebook, pencil, eraser, crayons, textbook usage.
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effect only seems to be significant after four years from the investments. Paxson and

Schady (2002) targets the Peruvian Social Fund (FONCODES) program that between 1992

and 1998 allocated 570 Million USD for reconstruction and renovation of school facilities.

Their analysis exhibits that districts investing higher resources on school’s infrastructure

are characterized by improved attendance rates. The positive outcome was observed

already one year after the investments had been implemented. Finally, Lloyd et al. (1998),

introduced an aggregate measure of material inputs and facilities in order to investigate

the effect of school quality on educational participation in Kenya. The authors also use

measures of classroom dynamics and peer students’ effects controls in order to isolate the

effect on students’ attainment.

An important aspect that deserves attention is the indirect mechanism operating through

the quality of the school’s physical environment. There is limited evidence stating that the

process of cognitive learning is affected by the school’s physical surroundings, namely the

indoor quality of the air, the lighting of the environments or the cleanliness of the classrooms

(Schneider, 2002; Earthman, 2004). Furthermore, the quality of school infrastructure

influences teachers’ attitudes towards absenteeism (Buckley et al., 2004), hence it directly

affects students’ academic achievements. Similarly, better-equipped schools may be able

to recruit and attract better teachers (Horng, 2009).

Despite these notable exceptions in the literature, the analysis of the quality of the school’s

physical environment and infrastructure has never been directly explored, especially in

developing countries. The gap in the literature is partly explained by a scarcity of quality

data on school’s infrastructures. Administrative districts usually report information on

school’s facilities, but they are rarely accurate. In this study, we use directly observed

data on 126 school’s infrastructures in rural Angola in order to estimate the effect of

infrastructure on students’ performances.
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3 Context

In 2017, Angola registered a GDP per capita of 4.100,3 USD.6 The country also is the

second major exporter of oil in the word, which makes it a relatively rich country. Despite

the large resources available, Angola is regarded to be a lower middle-income country.7

Angolan civil war, that lasted from 1975 to 2002, had an adverse effect on the economy

and the institutions. The country’s GDP stayed steady and at a relatively low level until

the end of the conflict. Nowadays, Angola is regarded as the 16th most corrupted country

in the world and characterized by a weak quality of institutions.8 In this context, 35% of

the total population lives in rural areas, and the number of poor people has increased from

5.3 million in 2000 to 6.5 million in 20089 The education system also suffered tremendously

from the civil conflict. Primary school gross enrollment (%) reached its lowest peak at

63.5 in 1992, and it roughly doubled in 2015. In 2014, 77.43% of the population aged 15

to 24 was literate.10

The context of the study refers to the province of Kuanza Sul. The province is one of

the poorest in Angola with almost 1.8 million inhabitants. In rural Kwanza Sul, the

children (from 5 to 11 years) educational deprivation headcount is equal to 62.9%, while

the headcount for the province of Luanda is only 24.4%.11 The schools included in the

study are all public and the majority of them were built by Fundo de Apoio Social (FAS),

an institution of the government of Angola. The institution aims to guarantee access for

the population to the essential social services and it invested a large share of its resources

for a building school program in rural areas. Kwanza Sul is the province where most of

the schools were built.

This study accounts for 126 public primary schools within the area of Kwanza Sul,

distributed across nine municipalities.12 The building infrastructure is common to all

schools and provided initially necessary facilities, namely covered classrooms for students,

6World Development Indicator, 2017
7World Development Indicator, 2014
8Transparency International, 2018
9World Bank Data, 2017

10World Development Indicator, 2014
11UNICEF, 2018
12Municipalities of Sumbe, Porto Amboim, Amboim, Conda, Ebo, Quilenda, Seles, Quibala and

Cassongue.
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bathroom services, director’s office and teacher’s room. Also, the material used in school

construction is common across the schools. The size and the attributes of the schools vary

according to the characteristics of the area where the school is set.

4 Data

The data collection occurred in two rounds. The first round went from October 2014 until

August 2015. The second round went from July to December 2018. The author took part

in the coordination of data collection phase in 2018. We used cross-sectional data, since

we did not necessarily follow the same individuals over the two rounds. The data collected

comes from four main sources and differs in minor details between the two phases.

First, during both phases, standardized Mathematics and Portuguese tests were conducted.

During the first round, the tests were applied to students from the third and fourth grades.

During the second round, students from the third, fourth, and fifth grades were involved

in the test practice. The tests applied included 10 or 12 questions to be completed in a

time range of maximum 90 minutes. The test scores data from the first round lack of

student identification, hence compromising the utilization of individual-level observations

in our analysis. The test scores data are reported in a scale from 0 to 100 for the analysis’

purpose.

Second, in both phases we conducted four types of surveys to parents, teachers, directors

and an administrative survey for each school. The surveys were designed to be comparable

in the questions and methods used. During the first round of data collection, parents were

interviewed door-to-door according to the random walk method. In the second round,

40 students from the third, fourth, and fifth grades were randomly selected from each

school record and their parents were invited to participate in the survey. The survey took

place in the school area one week later, the invitation was sent. The directors’ survey and

teachers’ survey also occurred within the school area. The surveys included socioeconomic

and demographic questions. This information allows controlling for teachers, parents and

directors’ individual characteristics that may influence the quality of schooling.

The administrative survey was conducted with the school director or sub-director. The
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survey provides information on school investments and resources available, administrative

data on students enrolled, teachers, school board and parents’ involvement in the school’s

dynamic. A considerable part of this interview focuses on the school infrastructure and the

quality of its facilities. The interviewer, together with the director or sub-director, walked

around the school in order to observe and report the school’s conditions (i.e. information

were reported on the number of classrooms, number of desks, availability of bathrooms,

etc.).

Finally, administrative data were collected from the provincial board of Kwanza Sul. The

information regards all the 126 schools for the years 2016, 2017 and 2018. The data

includes additional information about school facilities and infrastructure, administrative

characteristics of teachers and students. The fact that we could refer to two sources of

information on the schools’ building condition, made our data suitable for this type of

analysis.

5 Identification Strategy

5.1 OLS Estimation

The objective of this study is to examine whether, in a rural context, the quality of school

infrastructures affects student performance. First, we begin the analysis with a simple

OLS specification in order to detect a simple correlation between a measure of school

infrastructure’s quality and students’ performances in standardized tests. The specification

is shown below:

Yijk = β0 + β1Ij + β2X
′
ijk + uijk (5.1)

where Yijk is the outcome variable (students’ test scores) for the student i in school j

in municipality k during the second phase of data collection. Ij is an index measuring

the quality of the school’s infrastructure. We estimate the equation with municipality

dummies, school-level controls, and individual socio-demographic controls, included in the
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vector Xijk.13 uijk is the normal distributed error term. The standard errors are clustered

at the school level in order to accommodate correlation within the clusters.

We use a non-weighted standardized average in order to build the infrastructure quality

index. The index includes nine measures of infrastructure and availability of basic facilities,

namely availability of water (at least 20 days per month), availability of electricity (at

least 20 days per month), number of classrooms, number of chairs, availability of at least

one working bathroom, presence of at least one teachers’ room, number of chalkboard,

presence of at least one computer in the school, presence of cleaning personnel. Most

of these measures are categorical variables for the presence of a specific facility or asset,

but non-binary variables are also included. The selection of the most relevant indicators

describing the schools’ physical condition has been partly driven by the literature on the

quality of schools (Lloyd et al., 1998; Chaudhury et al., 2006; Branham, 2004). Major

consideration has also been given to the direct observation of schools’ conditions.

All the measures included were previously standardized, by subtracting the mean and

dividing by the standard deviation, in order to compute z-scores. Thus, we combine

them in a summary index by taking the equally weighted average of the normalized

variables. In particular, the sign of each component is oriented consistently so that more

beneficial schools have higher scores. The index represents the average of results for

separate measures of infrastructure, scaled to standard deviation units. The scale of the

index may not be directly interpretable, since it can assume negative values. However,

schools characterized by lower scores of the index are less well equipped, and vice versa.

The aggregation process brings a significant advantage in terms of summarizing multiple

measures and in improving statistical power, as suggested by O’Brien (1984) and Kling et

al. (2007).

5.2 ANCOVA Estimation

In order to account for the initial baseline condition, we estimate an Analysis of Covariance

(ANCOVA) model as our main specification. The chosen method is regarded to be

more efficient than the Difference-in-Difference estimator, either in experimental and

13The data were collected in nine municipalities. In this analysis, we categorize the municipalities into
four groups, according to their geographical proximity.
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non-experimental designs.14 In our analysis, the ANCOVA model is ranked higher since

the Difference-in-Difference estimator can only be performed at the school level, hence

implying a considerable loss in power. The ANCOVA method requires the inclusion of the

lagged outcome variable in the specification (5.1):

Yijk = β0 + β1Ij + β2X
′
ijk + β3Ȳjk,−1 + uijk (5.2)

Since we do not have a panel data at the individual level, the lagged outcome variable,

Ȳijk, is the baseline average test scores for school j in municipality k. Our coefficient

of interest is β1, which represents the effect of better-equipped schools on the students’

academic performances. Additionally, we replicate the ANCOVA analysis with separate

measures of school’s infrastructure, in order to account for the contribution of the single

components. In this case, the specification would include a vector of nine measures of

schools’ infrastructure, hence replacing the infrastructure index.

5.3 Difference-in-Difference Estimation

Given the non-experimental nature of our study, we also perform a Difference-in-Difference

estimation15. In this setting, the infrastructure index performs as a continuous treatment

variable with unconfounded treatment assignment, hence inferring the effect of high quality

and low quality of infrastructure on the outcome variable16. The specification is determined

as follow:

Yj = β0 + β1T + β2I
′
j + β3(I

′
j · T ) + β4X

′
j + uj (5.3)

The left-hand side variable, Yj , is the average students’ test scores for school j. T represents

a dummy variable equal to one for observation relative to 2018 and zero otherwise. Similarly

to equations (5.1) and (5.2), I ′j is an infrastructure index measuring the overall quality

14In case of low autocorrelation and scarce predictive power of the baseline data on the future possible
outcome, the ANCOVA method delivers stronger estimation respect to the classic Difference-in-Difference
estimator (McKenzie, 2012).

15This approach has become very popular in non-experimental evaluations (Duflo, 2001). In this study,
we exploit the good fitting of the approach to non-experimental estimation, hence using a generalized
model with continuous treatment.

16Imbens (2000) formalizes the concept of weak unconfoundedness for the estimation of the effect of
treatments that assume more than two values. The assignment to treatment is weakly unconfounded
when controlling for pre-treatment variables.
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of school facilities. X ′j denotes a full set of school-level controls, including municipality

dummies, the year of the school’s construction, distance from the closest municipality

center, number of students, number of teachers, whether the school offers more than six

grades. uj is the normal distributed error term. The standard errors used in the analysis

are robust. The coefficient of interest is β3, which corresponds to the interaction term

between the time dummy and the infrastructure index.

6 Results

In this section we briefly introduce the summary statistics of our data. Following we

present the results of the main model elicited in Section 5. Finally, we estimate a Fixed

Effect model and a Difference-in-Difference specification combined with the Propensity

Score Matching technique in order to support our results.

6.1 Descriptive Statistics

In this section, we present the main patterns for schools and their facilities as well as

relevant characteristics of school directors, teachers, parents and their children. Table 6.1

displays the means and standard deviations for each trait included in our analysis. Similar

characteristics are presented in the table for the same characteristics observed in 2015.

Looking at the average characteristics of the schools’ infrastructure observed in 2018, we

can report that roughly 49% of the school analyzed have water available at least 20 days

per month. Similarly, the proportion of schools that have electricity available at least 20

days per month is 50%. For the same schools, observed three years earlier (Year=2015),

the proportion of school that dispose of water and electricity is reported to be slightly

lower. 54% of the 126 schools reported to have a room dedicated to the teachers in the

school in 2018; the percentage was lower of about 30% in 2015. In 2018, 46% of the schools

reported to have hired cleaning personnel; the proportion is 35% higher than in 2015. The

variability across the two phases of reported observations represents a possible reaction to

the deterioration of building conditions that is explored in the estimation strategy. All the

measures of the school’s infrastructure and facilities reported in Table 6.1 are normalized

and summarized in an index, computed as a simple non-weighted mean.
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We also gathered information on demographic information of the respondents (directors,

teachers, parents). Teachers and parents’ age is systematically reported to be lower than

40 either in both years. Directors are aged on average 48 in 2018 and 45.1 in 2015. 48%

of the interviewed professors in 2018 completed a higher education degree, respect to

30% of the school directors. The 2015 sample accounts for 60% of mothers, while in the

endline sample the percentage decreases to 49%. The percentage of parents that completed

primary school ranges from 63 to 59 between 2015 and 2018. The number of children in

the household is on average 4 in both samples.

6.2 OLS Results

This section reports the estimates of the effect that the quality of the school’s infrastructure

has on students’ performances, measured as results in standardized tests. We begin by

analyzing OLS estimations, and then we dedicate our attention on the ANCOVA results.

All specifications are depicted in Table 6.2. Table 3 in the Appendix presents further

specifications of the OLS model with the progressive addition of the school, parents and

teachers controls. For each model, the first row does not include any covariates, while the

second row includes full controls. All variables are fully described in Table 6.1. For the

sake of brevity, Table 6.2 only shows the most relevant covariates included in the model.

The OLS estimations indicate a simple correlation between an aggregate measure of

the school’s infrastructure quality and students’ test scores. The quality of schools’

infrastructure is determined by an index, computed as non-weighted standardized mean.17

Using school-level data from the 2018 sample, the OLS analysis exhibits a strong positive

relation between better-equipped schools, characterized by higher values of the index, and

students’ test scores. Specification (1) suggests that a unit increase in the infrastructure

index is associated with a 1.328 points increase in students’ test scores (the coefficient is

significant at 1% level). This positive relation is robust to the addition of controls. However,

the coefficient in the specification (2) loses part of its explanatory power (significant at

5% level) and exhibits a reduced effect on test scores. A unit increase in the index is

associated with 0.98 point increase in test scores, once we control for school characteristics,

teachers and families’ backgrounds.18 The results suggest that better-equipped schools are

17see section 5.1 for the details on the indexing procedure.
18The school distance from the closest municipality seems to have an adverse effect on students’ test

scores. Despite the scarce magnitude, the coefficient is significant at a 5% level. Furthermore, the family
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Table 6.1: Descriptive Statistics

Year=2015 Year=2017

School Mean SD N Mean SD N
Sumbe 0.32 0.47 39 0.39 0.49 39
Porto Amboim 0.29 0.46 37 0.22 0.41 37
Gabela 0.30 0.46 39 0.33 0.47 39
Conda 0.08 0.27 11 0.06 0.24 11
Distance to municipality center 22.8 45.8 126 18.3 51.4 126
Public Transportation 0.106 0.30 126 0.106 0.30 126
Total number of students 675 482 126 727 539 126
Total number of teachers 15.6 10.4 126 22.7 11.4 126
Founding year 1993 15.95 126 1993 15.95 126
Offers classes after 6th grade 0.089 0.28 126 0.089 0.28 126
Infrastructure
Water (at least 20 days p/month) 0.21 0.41 126 0.38 0.49 126
Electricity (at least 20 days p/month) 0.32 0.47 126 0.51 0.50 126
Number of classroom 9.97 6.46 126 7.07 6.76 126
Number of chairs 7.43 12.05 126 31.2 63.4 126
At least one bathroom 0.84 0.34 126 0.89 0.30 126
Teacher’s room 0.25 0.43 126 0.54 0.50 126
Number of chalkboards 8.74 4.54 126 9.17 7.54 126
Computer 0.39 0.49 126 0.26 0.44 126
Cleaning personnel 0.11 0.32 126 0.46 0.50 126
Teachers and Directors
Teacher Age 36.5 8.27 731 38.4 8.41 2183
Female Teacher 0.12 0.33 731 0.66 0.47 2183
Teacher Higher education 0.30 0.45 731 0.48 0.49 2183
Teacher’s years of experience 10.4 7.24 731 11.3 8.32 2183
Age respondent 45.1 7.36 126 48.0 6.93 2183
Female Director 0.19 0.40 126 0.31 0.46 126
Director Higher education 0.43 0.50 126 0.68 0.47 126
Director’s years of experience 7.51 6.82 126 9.17 6.84 126
Students
Student Age 10.6 3.07 2350 11.3 2.07 3470
Female Student 0.49 0.50 2350 0.50 0.50 3470
Siblings in primary school - - - 0.049 0.21 3470
Average Test Scores (0 -100 scale) 46.14 9.61 126 53.48 12.48 126
Parents
Parent Age 36.3 12.1 2350 39.8 11.2 3466
Female Parent 0.60 0.48 2350 0.49 0.50 3466
Married 0.33 0.47 2350 0.55 0.49 3466
Primary School 0.63 0.48 2350 0.59 0.49 3466
Secondary School 0.25 0.43 2350 0.10 0.13 3466
Income higher than 25.000AKZ 0.42 0.49 2350 0.97 0.17 3466
Number of children in the household 4.19 2.28 2350 4.78 2.51 3466

Note: Student Age, Female Student and Siblings in primary school include only students
whose parents were interviewed.
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positively correlated with students’ performances.

6.3 ANCOVA Estimation

The ANCOVA specification is similar to the OLS specification, although augmented with

the baseline dependent variable. The baseline variable is represented by the average test

scores for each of the 126 schools. Since we face limitations for the students’ identification

data in the baseline sample, we can not control for baseline individual test scores. However,

our dependent variable is defined at the student level. The ANCOVA results are shown in

Table 6.2. Specification (3) exhibits the results of the model without the inclusion of any

controls. Consistently to the framework explained in the previous Section, the students’

performances are highly influenced by the physical environment they enjoy. Specifically,

we find that a unit increase in the infrastructure index determines a 1.02 points increase

in test scores (the coefficient is significant at 10% level). Once we control for school’s

characteristics, families and teachers’ background, we find that a marginal increase in the

infrastructure index determines 0.96 point increases in results of test scores.19

As a complement to the summary indices, we perform further ANCOVA estimation by

replacing the infrastructure index with multiple measures of the school’s infrastructure.

In the first place, we include five indicators of the quality of infrastructure, namely the

availability of water and electricity, the number of classrooms, the number of chairs in

the school and whether the school has at least one bathroom available. Furthermore, we

replicated the analysis expanding the number of indicators to nine. In particular, we

included variables regarding the number of desks available in the school, the number of

chalkboards, the availability of at least one computer in the school and a dummy variable

for school disposing of cleaning personnel. In the estimation, we accounted for school

covariates, family and teachers’ controls. The results are depicted in Table 6.3.

background is shown to be particularly persistent in the correlation with student performance. For
instance, when the number of children in the household increases, the students’ achievements is affected
negatively. Again the magnitude of the coefficient is not particularly relevant, but it reports an important
factor inside the family’s dynamics since a higher number of children in the household implies a severe
redistribution of family resources. Whether parents completed secondary education is associated with an
increase in test scores of 7 points.

19Once again, school’s proximity to the municipality center and family’s background influence
systematically students’ performance. In particular, parents that enjoy a secondary education degree seem
to take better care of their children in school. It is fundamental to consider this effect in an attempt to
isolate the student performance measure. The impact of teachers’ education, which would be expected
to be highly influential in this model, is not statistically significant, hence it does not have a direct
interpretation.
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Table 6.2: The effect of quality of school infrastructure on student test scores

“OLS” “ANCOVA”

(1) (2) (3) (4)
Test Scores Test Scores Test Scores Test Scores

Infrastructure Index 1.328∗∗∗ 0.984∗∗ 1.022∗∗∗ 0.964∗∗
(0.232) (0.360) (0.205) (0.356)

Baseline Average Test Scores 0.504∗∗∗ 0.347∗∗
(0.0906) (0.118)

Distance from municipality -0.0406∗∗ -0.0323∗
(0.0121) (0.0140)

Teacher Higher Education 0.190 0.00121
(0.719) (0.720)

Director Higher Education 2.800 2.400
(2.597) (2.491)

Parent Completed Primary School -0.993 -0.529
(1.525) (1.467)

Parent Completed Secondary School 7.000∗∗∗ 6.224∗∗
(1.860) (1.894)

Number children in the household -0.665∗ -0.633∗
(0.263) (0.267)

Observations 56915 2691 56915 2691
R2 0.0380 0.0898 0.0608 0.0998
Covariates NO YES NO YES

Note: The dependent variable is scaled 0-100. Regressions (2) and (4) include full controls,
namely village and school controls, parent controls and teacher controls. Village and school
controls are municipality dummies, school distance from the closest municipality, the total
number of students, the total number of teachers, whether the school has offered more
than six grades. Parent controls are gender, age, family income, number of children in the
household, whether the parent completed primary school or secondary school; they also
include student gender, student age and whether the student has siblings studying at a
primary school level. Teacher controls are gender, age, whether the teacher has completed
higher education, total years of experience as a teacher; the same controls are included for
directors. The facilities’ index is composed of nine variables measuring the availability of
electricity, availability of water, number of classrooms, number of chairs, availability of at
least one working bathroom, presence of teachers room, number of chalkboards, presence
of cleaning personnel, presence of at least one school computer. The index is computed as
a non-weighted standardized mean. All dependent variables are described in Table 6.1 of
the descriptive statistics. Standard errors clustered at the school level in parenthesis. *
significant at 10%; ** significant at 5%; *** significant at 1%.
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The results show that only a few indicators are systematically influencing students’ academic

achievements. In particular, the availability of electricity (at least 20 days per month)

and the presence of at least one computer in the school are strongly increasing students’

proficiency in Mathematics and Portuguese language. Schools that have electricity available

are associated with an increase of about 6 points on students’ test scores. The coefficient

is significant at 5% level and is robust to the inclusion of covariates. Despite the slight

decrease in magnitude, a strong positive effect is also found in the enlarged model, shown

in columns (3) and (4). Similarly, schools that own at least one computer are associated

to 8.7 points higher results on standardized tests. For instance, the technological tool

could be exploited by teachers and directors in order to better organize lectures or provide

further learning sources for students. However, the other indicators do not exhibit any

statistically significant effects of students performances. This may be due to the small

size of our schools’ sample. The magnitude of coefficients is easier to interpret than those

of the summary index, but it may not identify a causal relation. The multiple regression

analysis is instead useful to classify the main determinants driving the effects on students’

performances. We orient our choice toward the use of an infrastructure index that averages

the measures of infrastructure. In fact, the aggregation strategy improves the statistical

power of the analysis and detect the effects leading in the same direction (Kling et al.,

2007).

We then conclude that the school infrastructure measured as an index is, not only highly

correlated with students’ performances, but it contributes to influencing them positively.

When assessing the marginal effects of the single indicators of infrastructure, the availability

of electricity and the presence of a school computer significantly increase test scores, while

the impact of other indicators is less clear.
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Table 6.3: ANCOVA estimations of the effect of infrastructure’s quality on test scores by
measures of infrastructure.

(1) (2) (3) (4)
Test Scores Test Scores Test Scores Test Scores

Baseline Average Dep. Variable 0.571∗∗∗ 0.375∗∗∗ 0.407∗∗∗ 0.340∗∗

(0.0947) (0.106) (0.0821) (0.102)

Water Availability 0.728 1.400 0.144 0.360
(2.034) (2.513) (1.985) (2.579)

Electricity Availability 6.007∗∗ 6.578∗∗ 5.840∗∗ 5.581∗

(1.916) (2.214) (1.756) (2.503)

Total number of classrooms 0.0755 -0.318 -0.0309 -0.308
(0.101) (0.180) (0.176) (0.264)

Presence of at least one bathrooms 1.204 -2.981 2.192 -1.742
(2.832) (3.005) (2.004) (2.866)

Total number of chairs 0.00745 0.00811 0.00621 0.00527
(0.008) (0.009) (0.006) (0.009)

Total number of desks -0.00817 0.0107
(0.018) (0.026)

Total number of chalkboards 0.182 0.133
(0.173) (0.270)

Presence of cleaning personnel 0.0342 2.124
(2.184) (2.335)

School Computer 8.678∗∗∗ 7.660∗∗

(2.143) (2.587)

Constant 24.85∗∗∗ 32.31∗∗∗ 29.55∗∗∗ 33.85∗∗∗

(5.304) (8.822) (4.353) (8.805)
Observations 56915 3069 56915 3069
R2 0.0572 0.144 0.0765 0.154
Covariates NO YES NO YES

Note: The dependent variable is scaled 0-100. Regressions (1) and (2) include only
five measures of infrastructure, namely water availability (at least 20 days per month),
electricity availability (at least 20 days per month), number of classrooms, presence of
at least one working bathroom, number of chairs. Regressions (3) and (4) account for
additional measures to the set of indicators in (1) and (2). In particular, we include the
number of desks, number of chalkboards, presence of cleaning personnel and availability
of at least one computer in the school. Regressions (2) and (4) include full controls,
namely village and school controls, parent controls and teacher and director controls. All
dependent variable are described in Table 6.1 of descriptive statistics. Robust standard
errors clustered by school reported in parenthesis. * significant at 10%; ** significant at
5%; *** significant at 1%.
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6.4 Difference-in-Difference Results

In this section, we present a Difference-in-Difference model that estimates the effect of

quality of infrastructure on students’ achievements over time. For this model, we use a

panel data at the school level that account for the years 2015 and 2018. As mentioned

previously, we could not use panel data at the individual level, since the students observed

in 2015 are not necessarily enrolled in school in 2018. Therefore, the model exclusively

accounts for school level controls. The model presented here is a generalized Difference-

in-Difference model with a continuous treatment variable, represented by the quality of

infrastructure index.

The estimation strategy is exhibited in column (1) of Table 6.4. The results suggest that

the impact of better-equipped schools on students’ academic performances has improved

across time, determining an increase in test scores of about 0.97 points (significant at

5% level). Furthermore, the positive coefficient for the time binary variable suggests that

time has led to an increase in average test scores of about 10 points (significant at 1%

level). The model is robust to the addition of covariates. Namely, we include municipality

dummies and controls for the availability of public transportation to the school, the number

of students and teachers, the year in which the school was built and whether the school

offers grades higher than 6th.

The results presented above are in line with the ANCOVA model in Table 6.2. Despite

the positive outcome found in the Difference-in-Difference estimations, in this last model,

we had to compromise several student’s individual observations in favor of an aggregate

measure of student’s performances. This compromise comes at the cost of a significant

loss in the power of the Didderence-in-Difference estimator. Therefore, in light of what

related in McKenzie (2012), we reckon that, in this study, the Analysis of Covariances

(ANCOVA) represents a more robust and precise estimation.

All in all, we conclude that there is enough evidence to state that the interaction between

the quality of the schools’ physical environment and students’ achievements represents a

causal relation. In other words, poorly equipped schools generate under educated human

capital.
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6.4.1 School Fixed Effects

Another way of computing the Difference-in-Difference estimator is to implement a Fixed

Effects (FE) model, which controls for possible time-invariant characteristics potentially

correlated with the error term. The model estimated can be expressed as follow:

yst = c+ β0T + β1Is + β2Is · T + αs + ust (6.1)

The outcome variable, yst, is the average test scores for school s at time t. T is a dummy

variable equal to one for 2018. Is represents the infrastructure index for school s. The

variable of interest is the interaction term between I and T . α represents the school fixed

effects. ust is the normally distributed error term.

The results of the FE model is shown in column (2) of Table 6.4. The results exhibit

once again a significant increase in the average test scores of about 0.84 points (significant

at 5% level). Consistently, the time dummy variable suggests an increase in students’

test scores over time. The estimated effect is similar to the one computed with the

Difference-in-Difference estimator. The FE estimation retains a negative coefficient for the

infrastructure index, which is not statistically significant.

6.4.2 Propensity Score Matching

The technique of Propensity Score Matching (PSM) allows us to adopt an alternative

counterfactual to minimize potential selection bias. Given the non-experimental nature

of the study, the matching methodology is a good strategy to improve on causality. In

this study, we combine the matching technique with the Difference-in-Difference model.

However, it should be mentioned that this strategy comes at a cost. For the sake of the

technique, we had to reduce our continuous treatment variable - infrastructure index, as

defined in Section 5 - to a binary treatment variable. In this case, the treatment assumes

values equal to one if the infrastructure index is greater than the sample mean. Following,

instead of using a linear model for the effect of the covariates, we predict the probability

of being assigned to the treatment. The probability estimated can be expressed as the

chance of studying in a better-equipped school, conditional on a set of observable controls:

P (Xi) = Pr(I > Ī|Xi)
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Table 6.4: The effect of the quality of school infrastructure on students’ performances

All Sample Matched Sample

(1) (2) (3) (4) (5)
DID FE DID DID DID

Test Scores Test Scores ∆Test Scores Test Scores ∆Test Scores
Year=2018 0.780∗∗∗ 8.457∗∗∗ 10.67∗∗∗

(1.30) (1.22) (1.34)

Infrastructure Quality Index 0.076∗∗∗ -0.169
(0.27) (0.27)

Infr.Index x 2018 0.762∗∗ 0.836∗∗
(0.27) (0.28)

∆Infr.Index -0.0838
(0.23)

Infr.Quality (binary) 5.354∗∗∗ 1.470
(1.56) (2.21)

Infr.Quality (binary) x 2018 1.130∗∗∗
(0.30)

Constant 46.14∗∗∗ 45.65∗∗∗ 7.182∗∗∗ 42.47∗∗∗ 6.72∗∗∗
(0.82) (4.74) (1.17) (2.65) (1.61)

Observations 252 252 126 216 108
R2 0.3475 0.178 0.009 0.349 0.009
Controls YES NO YES YES YES

Note: The dependent variable is scaled 0-100. The infrastructure index includes: availability
of water (at least twenty days per month), availability of electricity (at least twenty days
per month), number of classrooms, number of chairs, availability of at least one working
bathroom, presence of at least one teachers’ room, number of chalkboards, presence of at
least one computer in the school, presence of cleaning personnel. ∆ Infr.Index represents
a simple difference in the index measure between 2018 and 2015; similarly, ∆ Test Scores
represents the difference in test scores between 2018 and 2015. Variable Infr.Quality
(binary) is a dummy variable equal to 1 if the school has an infrastructure index value
higher than the sample mean. In the regressions, we include school-level covariates, namely
municipality dummies, school distance from the closest municipality, availability of public
transportation, number of students, number of teachers and whether the school has more
than six grade. Specification on the matched sample is kernel matching regressions where
a logistic model is employed to predict each subject’s propensity score. Robust standard
errors are reported in parenthesis. * significant at 10%; ** significant at 5%; *** significant
at 1%.
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being I the infrastructure index and Ī the sample mean of the index and Xi our set of

confounds. We perform the matching on school-level characteristics, namely the school

distance from the municipality, municipality where the school is set, presence of public

transportation and whether the school offers grades higher than six. In this context it

is fundamental to state the unconfoundedness assumption for the independence of the

outcome, y, on the from the treatment exposure, conditional on observed characteristics,

Xi:

y(0), y(1) ⊥⊥ (I > Ī|X)

Once we attempted to create a control group that resembles as much as possible to the

treatment group, we estimated the Difference-in-Difference specification on the matched

sample. The average treatment effect estimates are reported in columns (4) and (5) of Table

6.4. The results show that applying Propensity Score Matching to Difference-in-Difference

retains the initial positive impact. In particular, schools characterized by above-average-

quality of infrastructure are systematically associated with 5 points higher average test

scores.

Although this technique is very useful to check the robustness of our results, the model

involves a further loss in power with respect to the Difference-in-Difference specification.

Firstly, the inclusion of a binary treatment variable may look a naive choice for the

identification strategy. Secondly, the Propensity Score Matching implies a further reduction

in the sample size, which would not be an optimal alternative in this study. In conclusion,

we keep referring to our ANCOVA model as the most robust.

6.4.3 Difference-in-Difference on the Differences

Lastly, we conduct an OLS regression of difference in school average test scores (∆Test

Scores) on the difference of the infrastructure quality index (∆Infr.Index). The difference

is computed on the observation in 2018 and 2015. The specification, here presented,

represents a Difference-in-Difference model on the differences of the variables of interest.

The details on the specification are also included in column (4) of Table 6.4. Our variable

of interest, the differential of the infrastructure index, is characterized by a negative sign

and it is not statistically significant. Similarly, we conducted an equivalent specification on

the matched sample. The coefficient in column (5), the binary variable for infrastructure
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suggests that schools characterized by quality of infrastructure above the sample average

are associated by an increase in the average of test scores of 1.47 points. However, the

coefficient loses its statistical power. Hence, any attempt to interpret these results would

be misleading. The Difference-in-Difference on the difference reduces our sample size

significantly, thus posing a relevant limitation to this model.

6.5 Robustness

6.5.1 Alternative Aggregation Method for Indexing

We conduct robustness analysis on the effectiveness of our aggregate measure of school

infrastructure’s quality. Alternatively to the non-weighted mean, we constructed a second

index for of quality infrastructure with the Principal Component Analysis (PCA) approach.

The PCA is a statistical technique that creates a linear combination from a set of variables,

capturing the largest amount of information. In this sense, the Principal Component

Analysis attributes weights to the variables characterized by higher variance. This approach

has been previously used with the aim of indexing measures of wealth and it is regarded

to be particularly effective in avoiding multicollinearity problems in multiple regression

(Filmer and Pritchett, 2001; McKenzie, 2004).

We construct a PCA index for the quality of school infrastructure symmetrically to the

index considered in the first place. Table 1 in the Appendix reports the estimated results.

Columns (1) and (3) consistently show a strong positive correlation between infrastructure

index and students’ test scores. In particular, a unit increase in the infrastructure index

determines a 2.33 points increase in students’ test scores (significant at 1% level). The

magnitude of the effect decreases slightly for the ANCOVA specification depicted in column

(3), but it does not lose its statistical power. However, the effect is not robust to the

inclusion of controls for school’s characteristics and teachers and parents’ background.

Furthermore, we construct a third type of index by reducing the number of measures

of infrastructure from nine to five. In this case, we limit the index dimensions to water

availability, electricity availability, presence of at least one usable bathrooms, number of

chairs and number of bathrooms. Accordingly, we compute a reduced infrastructure index

with the z-score technique as well as the Principal Component Analysis strategy. The

results are reported in Table 2 in the Appendix. When using the z-score technique, the
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specification suggests that a marginal increase in the index determines an improvement in

students’ test scores of 1.23 points (significant at 1% level). The coefficient is robust to the

ANCOVA model. However, once controlling for schools’ characteristics and families and

teachers’ background, the coefficient loses its statistical power. A similar pattern is found

when using a reduced index computed as a Principal Component Analysis. We conclude

that this analysis may be sensitive to the choice of the infrastructure index adopted.

7 Concluding Remarks

This study uses a non-experimental approach to explore the impact of schools’ infrastructure

on students’ academic performances. We consider school building condition as an input

entering the education production function. We use cross-sectional survey data as well as

standardized tests, evaluating the proficiency in Mathematics and Portuguese language,

from 126 primary schools in rural Angola. Using directly observed schools’ characteristics,

we compute an index for the quality of schools’ infrastructures. An ANCOVA model is

estimated on more than 50 thousand student-level observations in order to assess our

question. Additionally, we perform a Difference-in-Difference model at the school-level to

support our results.

We find a highly significant positive effect of better-equipped schools on students’

achievements. In particular, our final model suggests that a unit increase in the

infrastructure index determines an increase of 0.96 points in students’ test scores.

Furthermore, analysis of the separate measures of infrastructure reveals that the availability

of electricity and the presence of computers in the school are an important driver for

students’ achievements.

Albeit we face limitations in the size of our sample as well as in tracking individual

observations in the baseline data, we believe this study provides robust estimations

to assess our policy question. The fact that our measures of infrastructure are directly

observed and reported makes this study very accurate and less dependent on administrative

data, that if not precisely reported, may lead to biased estimations. Most importantly,

our findings add a notable contribution to the ongoing debate on schools’ resources.
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Policymakers should attribute considerable emphasis on the quality of the school building’s

condition as they are expected to influence the process of learning directly.

Finally, we hope that the results obtained in this study serve as valuable information

for further studies and as a support for policymakers. We believe that our study can

be a first step towards wider research in this area. For instance, our model could be

extended and applied to several other rural contexts. Further research should investigate

the relationship between investments on school infrastructure and students’ performances

from a benefit-cost perspective.
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Appendix

Table .1: The effect of infrastructure’s quality on test scores using PCA index

OLS ANCOVA

(1) (2) (3) (4)
Test Scores Test Scores Test Scores Test Scores

Infrastructure Index (PCA) 2.330∗∗∗ 1.409 1.906∗∗∗ 1.614
(0.597) (1.121) (0.475) (1.102)

Baseline Average Test Scores 0.589∗∗∗ 0.365∗∗
(0.102) (0.121)

Distance from municipality -0.0433∗∗∗ -0.0347∗
(0.0121) (0.0140)

Teacher Higher Education 0.139 -0.0688
(0.725) (0.732)

Director Higher Education 3.184 2.781
(2.555) (2.465)

Parent Completed primary school -0.893 -0.420
(1.539) (1.476)

Parent Completed secondary school 7.291∗∗∗ 6.427∗∗
(1.924) (1.945)

Number children in the household -0.710∗∗ -0.674∗
(0.264) (0.269)

Observations 56915 2691 56915 2691
R2 0.0198 0.0835 0.0531 0.0945
Controls NO YES NO YES

The dependent variable is scaled 0-100. Regressions (2) and (4) include full controls,
namely school characteristics, parents, teachers and directors’ controls. The infrastructure
index is composed of nine variables measuring the availability of electricity, availability
of water, number of classrooms, number of chairs, availability of at least one working
bathroom, presence of teachers room, number of chalkboards, presence of cleaning
personnel, presence of at least one school computer. The index is computed as a
non-weighted standardized mean. All dependent variables are described in Table 6.1 of
the descriptive statistics. Standard errors clustered at the school level in parenthesis. *
significant at 10%; ** significant at 5
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Table .2: Estimations Using Reduced Indexes

REDUCED INDEX REDUCED INDEX PCA

(1) (2) (3) (4) (5) (6) (7) (8)
Infrastructure Index 1.230∗∗∗ 0.508 1.052∗∗∗ 0.614

(0.313) (0.494) (0.309) (0.490)

Infrastructure Index (PCA) 2.866∗∗∗ 1.291 2.369∗∗∗ 1.478
(0.707) (1.117) (0.682) (1.091)

Baseline Average Test Scores 0.605∗∗∗ 0.365∗∗ 0.593∗∗∗ 0.364∗∗
(0.0957) (0.120) (0.0945) (0.120)

Observations 56915 2691 56915 2691 56915 2691 56915 2691
R2 0.0169 0.0828 0.0524 0.0938 0.0190 0.0833 0.0529 0.0942
Covariates NO YES NO YES NO YES NO YES

Note: The tables show results from OLS and ANCOVA specification utilizing an index of infrastructures computed from only five measures
of schools’ quality. Specification (1) to (4) use a five-measure-index computed as a non-weighted mean. Symmetrically, table (5) to (8) use
a five-measures-index computed with the principal component analysis’ technique. For the sake of brevity, we did not show all the controls
in the table. Robust standard errors clustered by school reported in parenthesis. * significant at 10%; ** significant at 5%; *** significant
at 1%.
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Table .3: OLS Estimations with different combinations of controls

(1) (2) (3) (4) (5) (6)
Test Score Test Score Test Score Test Score Test Score Test Score

Infrastructure Index 1.328∗∗∗ 0.850∗∗ 0.962∗∗ 0.796∗ 0.985∗∗∗ 0.984∗∗
(0.232) (0.288) (0.363) (0.321) (0.236) (0.360)

Constant 58.50∗∗∗ 42.71∗∗∗ 27.29∗∗∗ 44.17∗∗∗ 52.58∗∗∗ 31.21∗∗∗
(0.996) (4.083) (6.940) (5.987) (4.962) (8.921)

Observations 56915 56915 3069 48745 48745 2691
R2 0.0380 0.0515 0.0876 0.0579 0.0516 0.0898
School Controls NO YES YES YES NO YES
Parent Controls NO NO YES NO YES YES
Teacher Controls NO NO NO YES YES YES

Note: The dependent variable is expressed in the scale 0-100. Regression (6) include
full controls, namely village and school characteristics, parents, teachers and directors’
controls. The facilities index is composed of nine variables measuring availability of
electricity, availability of water, number of classrooms, number of chairs, number of
bathrooms, availability of teachers room, number of chalkboards per class, presence of
cleaning personnel, presence of school computer. The index is estimated with the z-score
technique. All dependent variable are described in Table 6.1 of descriptive statistics.
Robust standard errors clustered by school level are reported in parenthesis. * significant
at 10%; ** significant at 5%; *** significant at 1%.
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