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Abstract

Although the effi ciency of the water sector has been studied exten-
sively utilising data envelopment analysis (DEA), the literature tends to
use the conventional DEA model to compute effi ciency scores. However,
conventional DEA input/output data may contain random errors, which
may result in distorted effi ciency frontiers due to statistical noise. Bias-
correcting double-bootstrap DEA came into being because of this short-
coming in the conventional DEA approach. This study joins a growing
number of studies using bootstrapping DEA to correct effi ciency scores.
Most importantly, little is known about the comparative performance of
conventional DEA versus bias-corrected DEA. A conventional model is de-
terministic in nature and yields biased effi ciency scores. To determine the
bias-corrected effi ciency scores of rural and urban water utilities in South
Africa, this study uses a robust, non-parametric DEA model to generate
them. The truncated double-bootstrap regression results give insight into
the drivers of effi ciency. We found that there are significant differences
between the rankings and effi ciency scores generated by the conventional
DEA model compared to the double-bootstrap DEA model, for both ur-
ban and rural samples. The regression model found location and the ratio
of metered to unmetered connections to be significant determinants of ef-
ficiency for both urban and rural water utilities. Non-revenue water is a
significant explanatory variable for urban utilities only. The number of
consuming units mattered for the rural utilities only.

Keywords: bias correction, data envelopment analysis, effi ciency, wa-
ter utilities.

JEL Codes: H40, H70, Q25, Q28.

1 Introduction

The 1970s and 1980s, were characterised by significant population growth and
urbanisation, which put enormous pressure on water resources (De Witte and
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Marques, 2009). The sector faced pressure for improved operating effi ciency,
hence water utilities began to undertake effi ciency analysis in the 1990s. The wa-
ter problem is further aggravated in recent years by adverse climatic changes, as
well as highly ineffi cient water utilities. Measuring the operational effi ciency of
water provision is of crucial importance considering increased water scarcity. In
practise, effi ciency analyses are used for benchmarking and performance analysis
of water utilities.
Water utilities in developed countries were the first to apply benchmarking

using effi ciency analysis. This has resulted in effi ciency gains amongst utilities.
Water utilities in developing countries have also made great strides in bench-
marking, although their performance analysis is mainly metric benchmarking.
Metric benchmarking is intended to find performance gap areas, it is descrip-
tive and fails to find driving factors behind observed gaps. It is for this reason
that this approach usually requires further investigation, a given model’s inputs
and outputs to generate effi ciency scores, and assessment of the determinants
of performance gaps.
Because conventional data envelopment analysis (DEA) input/output data

may contain random errors, effi ciency frontiers resulting from DEA may be
distorted by statistical noise. A more robust non-parametric approach (i.e.
bias-corrected bootstrapping DEA) came into being due to this criticism of the
conventional DEA approach. This study joins a growing number of studies us-
ing bootstrapping DEA to correct effi ciency scores. We view bias-correction
in DEA effi ciency scores from a different perspective, by splitting our sample
into urban and rural water utilities, to generate bias-corrected effi ciency scores.
This research examines the potential benefits of using a more robust DEA model
to conduct a water-effi ciency assessment of South African water utilities. Wa-
ter utilities are characteristically heterogeneous (in location, size and climate),
which limits the usefulness of the conventional DEA approach. This research
proposes and describes the double-bootstrap DEA, which aims to account for
the location of the water utility as well as track the effects of exogenous factors
on the utilities’effi ciency scores.
In this study, a modified version of the double-bootstrap DEA proposed

by Simar and Wilson (2007) is used to address the shortcomings associated
with the standard DEA method. This approach allows for the estimation of
bias-corrected effi ciency scores in the first bootstrap stage, which then allows
for statistical inferences and hypothesis testing to be conducted. The second
bootstrap identifies the determinants of the effi ciency scores found in the first
stage. The ability of the double-bootstrap technique not only to provide bias-
corrected effi ciency scores but also to identify the determinants of estimated
effi ciency has significant potential policy implications. Water-utility managers
and policymakers can identify the utilities that are most effi cient, as well as iden-
tify which factors to target to improve the effi ciency levels of underperforming
utilities (Molinos-Senante et al., 2018).
This study makes use of the double-bootstrap approach to estimate bias-

corrected effi ciency scores as well as the determinants of effi ciency for South
African water utilities. To the best of our knowledge, only a few studies have
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used this technique to determine water effi ciency and its drivers (see Molinos-
Senante et al., 2018; Ananda, 2014). In addition to contributing to this scant
literature, our study contributes to the literature more generally by making use
of panel data from 2010 to 2014, which allows for trend analysis of the effi ciency
scores from a water utility.
Our aim is to use a robust technique (i.e. the double bootstrap DEA) to

estimate bias-corrected effi ciency scores, as well as the determinants of effi -
ciency for South African water utilities.1 This is done by making provision
for the location, size and the ratio of metered to unmetered connections and
the non-revenue water of the water utilities. Notwithstanding its merits, the
double-bootstrap methodology has not been widely employed in water-utility
effi ciency studies. An input-oriented model that employs ‘Variable Returns to
Scale’(VRS) is employed (see Romano and Guerrini, 2011). An input-oriented
model is preferable to its output-oriented model counterpart, as water utilities
must meet a set demand; thus, achieving effi ciency involves a reduction in the
amount of input used to produce the same level of output.
Most importantly, little is known about the comparative performance of

conventional DEA and bias-corrected DEA. This study has two main objectives.
Firstly, the study will compute the bias-corrected effi ciency scores of the water
utilities using the double-bootstrap DEA model and compare the findings to
those obtained by the conventional DEA model, to highlight the shortcomings
of the latter. Secondly, the drivers of effi ciency scores will be determined for
South African urban and rural areas. The purpose of this paper is to determine
effi ciency scores and to identify factors that drive ineffi ciency, while accounting
for the locations of the utilities.
Moreover, the findings of this research are important, as they will provide the

kind of information that is needed to aid policy makers to make well-informed
decisions regarding the water supply demand imbalance. It is envisaged that
providing such useful information will assist policy makers to enhance their
regulatory environment, in a way that will lead to more robust statistical per-
formance analyses, so underperformances’ and drivers of the associated inef-
ficiencies are identified, so measures can be put in place to achieve effi ciency
gains.

2 Regulation of the South African water sector

The ability to sustainably improve access to basic water services requires effi -
ciency to be at the forefront, particularly when the capacity differentials facing
rural and urban areas are considered. For years, policymakers, regulators and
all water stakeholders in South Africa —including the South African Local Gov-
ernment Association (SALGA), the Water Research Commission (WRC) and
the DWS —have recognised the usefulness of effi ciency analysis and have imple-
mented benchmarking initiatives to evaluate the performance of water utilities.

1Water utilities in South Africa are referred to as Water Service Authorities (WSAs) or
Water Service Providers (WSPs).
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These include the Blue Drop, which is an incentive-based regulation mainly con-
cerned with the quality of drinking water and water safety planning; the Green
Drop, which is another incentive-based regulation, primarily concerned with
wastewater quality; the No Drop criteria, which assess water conservation and
demand management; and the Municipal Benchmark Initiative (MBI), which is
a voluntary benchmarking initiative (DWA, 2014; DWA, 2015; MBI, 2015).
The Blue Drop system measures the performance of a municipality based

on six Key Performance Areas (KPAs), each with a set of Key Performance
Indicators (KPIs) including water-safety planning, process management and
control, and asset management. The Blue Drop also includes the No Drop per-
formance area, which assesses the effi ciency of water-use and water-loss man-
agement (DWA, 2014). The Green Drop system measures the performance of a
municipality based on eight KPAs, including process control, maintenance and
management skill, wastewater monitoring, and wastewater quality risk manage-
ment. The Blue Drop and Green Drop results are published annually and are
publicly available, and this has improved accountability and transparency in the
water sector (DWA, 2015).
The Municipal Benchmark Initiative (MBI) is a SALGA-led initiative sup-

ported by the WRC in association with the Institution of Municipal Engineering
of Southern Africa (IMESA). There are six performance areas: water conserva-
tion and demand management, human resources and skills development, service
delivery and backlogs, operations and maintenance, product quality, and finan-
cial management. The MBI has a total of thirty-one KPIs, termed ‘the shopping
list’. The municipalities have the option to select KPIs, and collect the rele-
vant data associated with their chosen KPIs. This data is used to develop a
municipality-specific scorecard (MBI, 2015). The advantage of not requiring
municipalities to report on all the KPIs is that it allows participation to begin
at a basic level and grow to more advanced reporting, as offi cials realise the
benefits of benchmarking. The municipalities with less capacity and thus less
ability to report on complex KPIs are not excluded from participation, and can
benefit from benchmarking efforts (MBI, 2015).
Despite the efforts of the MBI to be inclusive, the full benefits of metric (per-

formance) benchmarking are compromised. Metric benchmarking requires the
statistical comparison of performance based on common KPIs for water utilities.
The ability of municipalities to select indicators gives rise to the likelihood that
each municipality will have different indicators to determine its scorecard, and
thus cannot be accurately compared to similar municipalities. The benefits of
learning from best practice are not fully realised if municipalities cannot make
an equal comparison on the performance areas determined for MBI.
The benchmarking initiatives to be found in the South African water sector

are significant, and commendable. However, there is a need for the develop-
ment of more comprehensive benchmarking frameworks that make use of robust
econometric techniques to allow for the valid interpretation of performance, as
opposed to the descriptive analysis of results. The current benchmarking frame-
works have some KPA and KPI duplication, which may increase the burden on
municipalities, WSAs and WSPs.
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3 Literature review

3.1 Conventional DEA studies

An analysis of three Spanish water utilities between 1985 and 2007 used the
conventional DEA model. Operational costs were used as the input, and water
delivered, level of properties and length of mains were used as the outputs for
the specification. This study included an exogenous input variable, namely the
rainfall of each geographical area. The inclusion of the rainfall variable is due
to the differing climatic conditions experienced in different parts of the country.
Some regions have water-scarcity challenges, and the effect of water scarcity
on water utilities’ effi ciency scores was investigated. The study found that
including the exogenous input of rainfall resulted in effi ciency levels comparable
with global findings. However, the study did not estimate the determinants
of effi ciency, due to the limited methodology used (García-Valiñas and Muñiz,
2007).
An investigation of the operative cost-effi ciency scores of 43 Italian water-

utility companies using 2007 cross-sectional data grouped water utilities into
clusters, based on ownership structure, size and geographical location. The con-
ventional DEA model was used to estimate their effi ciency scores, taking these
external factors into consideration. The study found that ownership affected
effi ciency scores, with public water utilities having higher effi ciency scores than
private water utilities. Location was also found to affect effi ciency scores, with
the water utilities located in the central and southern parts of Italy being the
most effi cient. Small utilities were found to have the highest effi ciency scores,
and medium-sized utilities had the lowest effi ciency scores (Romano and Guer-
rini, 2011). The results indicate the likelihood that ownership, size and location
are determinants of effi ciency. However, the study did not employ a methodol-
ogy that would enable the determination of each external factor’s contribution
to the estimated effi ciency scores. The use of cross-sectional data further lim-
ited the inferences that could be made, as the use of panel data would have
highlighted possible trends. A small number of effi ciency analysis studies have
been conducted in South Africa’s water sector using the DEA methodology.
In a study conducted in South Africa which modelled the water sector to

determine effi ciency scores for water utilities, operating expenditure was used
as the input, and number of connections served, length of mains, water deliv-
ered to clients (metered and unmetered), measured amount of water delivered,
estimated remainder of water delivered, and expenditure incurred for repairs
were used as outputs in the specification of the DEA model. The findings show
that there are more urban water utilities that are effi cient than there are rural
water utilities (Brettenny and Sharp, 2016). The study assumed that location
was a significant variable in effi ciency analysis, but without validating that as-
sumption using econometric tests. The study did not pool the rural and urban
utilities’effi ciency analyses, which would have allowed comparison. The study
did not provide estimations of the determinants of the effi ciency scores. The
policy implications are thus limited; the results only give an indication of which
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municipality is ineffi cient but give no insight as to what area to target to im-
prove effi ciency. This study computes the effi ciency scores of urban and rural
water utilities in a combined sample. The double-bootstrap truncated regression
results test the significance of location as a determinant of effi ciency.

3.2 Double-bootstrap DEA studies

An effi ciency analysis of 53 water utilities in Australia was estimated over six
years (2005/6 to 2010/1). The double-bootstrap model was used to estimate
bias-corrected effi ciency scores and the determinants of effi ciency. The operating
expenditure for water services and the length of water mains (MAINS) were
used as inputs, and total urban water supplied, and output quality measured in
water quality complaints were the two outputs included in the specification. The
conventional DEA estimations found 17 utilities to be operating on the frontier,
and thus effi cient; but when the estimates were corrected for bias using the
bootstrap technique, the number of effi cient utilities fell to 7. Customer density
and total connected properties were the two external factors found to have a
positive relationship with effi ciency (Ananda, 2014). This may be evidence of
economies of scale in the Australian water sector. The study was limited to the
urban water utilities in Australia and did not consider whether the location of
a water utility in a rural jurisdiction could affect scores. Our study computes
the effi ciency scores of both urban and rural utilities.
Molinos-Senante et al. (2018) investigated the bias-corrected effi ciency scores

and the determinants of effi ciency for 23 Chilean water and sewerage compa-
nies. A double-bootstrap DEA model with truncated bootstrapped regression
was employed for the analysis. Operating costs, labour and network length were
the inputs used in the study. The outputs considered in the assessment were
volume of water delivered, and the number of properties connected. The authors
included five potential environmental factors that were thought to influence ef-
ficiency, namely ownership, customer density, non-revenue water, water source,
and peak factor. The estimations from the conventional DEA model yielded
distinctly different results to those obtained from the double-bootstrap model.
The water utility ranked first by conventional DEA was ranked 16th when the
double-bootstrap method was employed. The most influential effi ciency deter-
minants were found to be customer density and non-revenue water.
The results have very important policy implications. To a large extent, non-

revenue water loss is an endogenous environmental variable; thus, managers and
policymakers can increase effi ciency significantly by putting in place measures
to reduce water loss. On the other hand, customer density is an exogenous
variable; thus, a water and sewerage utility manager will be unable to target
effi ciency improvements by focusing on this variable. Policymakers should take
note of the effects of customer density on effi ciency scores when considering
benchmarking results. However, the study did not consider the potential effects
of location (urban vs rural) on the effi ciency of water utilities (Molinos-Senante
et al., 2018).
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4 Data and methods

4.1 DEA method

This study uses the conventional DEA model to estimate the initial or biased
effi ciency scores of rural and urban South African water utilities. The DEA
model employs a non-parametric frontier approach and uses linear programming
to compute the effi ciency frontier used to compare the utilities against each other
to determine effi ciency scores (Simar and Wilson, 2007; Romano and Guerrini,
2011). All the utilities included in the analysis are decision-making units that
convert a set of identical inputs to identical outputs. The relative effi ciency
of each utility or unit is estimated by comparing the volume of its inputs and
outputs in relation to the other firms being analysed (Ananda, 2014).
DEA models are either input- or output-oriented, depending on the nature

of the specific industry being investigated (Simar and Wilson, 2007). Farell
(1957) input- output oriented measure is equal to the input-output function
discussed in Shepherd (1970). Our study answers the question of “by how
much an input quantity can be proportionally be reduced without changing the
output quantities produced”? Therefore, this is an input-oriented study (i.e.
input-reducing oriented, in line with equation 1). More specifically, this study
employs an input-oriented model using Variable Returns to Scale (VRS). In the
water sector, an input-oriented model is preferable to an output-oriented model,
as utilities must meet predetermined consumer demand, and thus effi ciency is
defined as the ability to reduce the number of inputs used to produce a given
level of output (Romano and Guerrini, 2011).
The DEA model in this study is used to estimate the biased input-effi ciency

scores θj given j = 1, 2. . . , N is the water utilities. θj represents the effi ciency
of the utility being evaluated. It is effi cient if θj = 1 and ineffi cient if θj ≥ 1.
The utilities use M inputs xj = (x1j , x2j , . . . , xMj) in the production process,
and yield S outputs xj = (x1j , x2j , . . . , xMj). The input-oriented DEA model
is shown in equation 1 below (Molinos-Senante et al., 2018):

Minθj (1)

s.t∑N

j=1
λjxij ≤ θxio 1 ≤ i ≤M∑N

j=1
λjyrj ≥ yrO j1 ≤ r ≤ S

λ ≥ 0 1 ≤ j ≤ N

where θj indicates the effi ciency of the water utility evaluated being effi cient
when θj = 1 and ineffi cient whenever θj > 1,M is the number of inputs used
by the water utility; S is the number of outputs produced, N is the number of
water utilities sampled, and λj is a set of variables representing the weighting of
each water utility evaluated in the determination of the effi cient frontier. The
bias-corrected scores are greater than 1 due to the use of the ‘invert’ option
selected during modelling. The model used in this study is a VRS model and
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thus inverting the effi ciency scores does make a difference in the effi ciency scores
generated. Instead, Shephard effi ciency scores are generated as opposed to the
default Farrell effi ciency scores. The Shephard effi ciency scores are greater than
1 as reported in this study.

4.2 Double-bootstrap DEA method

In addition to the conventional DEA approach discussed above, this study also
used the double-bootstrap DEA model with a truncated regression (Simar and
Wilson, 2007), which is a modified version of the conventional DEA model. This
model allows for the estimation of bias-corrected effi ciency scores and the iden-
tification of the drivers of effi ciency in the water sector. The double-bootstrap
DEA method allows for the estimation of bias-corrected effi ciency scores in
the first bootstrap stage, which allows statistical inferences to be drawn and
hypothesis testing to be conducted. The second bootstrap, or the ‘double-
bootstrap’stage, identifies the determinants of the effi ciency scores found in the
first stage by applying statistical tests to the effi ciency scores obtained in the
first stage to determine whether there are significant differences between the
effi ciency scores of units clustered according to factors that may affect effi ciency
(Molinos-Senante et al., 2018).
Algorithm 2 of the double-bootstrap DEA model proposed by Simar and

Wilson (2007) is used in this study as in previous studies (Zhang, Lundgren and
Zhou, 2016; Molinos-Senante et al., 2018):
Using θ obtained from the conventional DEA model using equation 1, use

the maximum likelihood method to estimate β̂ of β and σ̂ε of σε , the standard
deviation of the error term εj , by running a truncated regression of θ against
independent variables as shown by the following equation:

zj,θj = zjβ + εj . (2)

Then, for each utility, duplicate the following 4 steps (1.1—1.4) B1 times to
obtain a set of B1 bootstrap estimates θ̂jb for b = 1,. . . ,B1 (Simar and Wilson,
2007; Molinos-Senante et al., 2018).
3.1 Generate the residual error εj from the normal distribution N(0, σ̂2ε).
3.2 Compute θ∗j = zj β̂ + εj .

3.3 Generate a pseudo data set
(
x∗j , y

∗
j

)
where x∗j = xj and (y∗j = yj(

θj
θ∗j
).

3.4 Using the pseudo data set
(
x∗j , y

∗
j

)
and (1), estimate the pseudo-effi ciency

estimates θ̂∗j
Calculate the bias-corrected estimator θ̂j for each utility j ( j = 1, 2 . . . , N)

using the bootstrap estimator or the bias b̂j , where θ̂j = θj − b̂j and b̂j =(
1
B1

∑B1

b=1 θ̂
∗
jb

)
−θj . Use a truncated maximum likelihood estimation to regress

θ̂j on the explanatory variables zj and provide an estimate for β̂
∗ of β and an

estimate for σ̂∗ of σε. Loop over the following three steps (2.1—2.3) B2 times
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to obtain a set of B2 pairs of bootstrap estimates
(
ˆβ∗∗j , ˆσ

∗∗
j

)
for b = 1, . . . , B2

(Simar and Wilson, 2007; Molinos-Senante et al., 2018).
4.1 Generate the residual error εj from the normal distribution N(0, σ̂∗2).
4.2 Calculate ˆθ∗∗j = zj β̂

∗ + εj

4.3 Use maximum likelihood estimation to run a truncated regression ˆθ∗∗j

on the explanatory variables zj and provide an estimate ˆβ∗∗ for β and ˆσ∗∗ for
σε.

4.3 Data description

Local government in South Africa consists of water utilities (i.e. municipali-
ties) of various types. They can be divided into two main groupings, namely
metropolitan water utilities and district utilities. Metropolitan water utilities
govern the largest metropolitan areas. Each district utility consists of several
local water utilities. As far as service delivery is concerned, water utilities are
divided into the following categories:
An input-oriented double-bootstrap DEA model is used in this study, as the

objective of a utility is to meet the demand of consumers while minimising the
inputs used to produce output. The selection of inputs, outputs and explanatory
variables included in this study is guided by the existing literature on effi ciency
analysis. The most widely used inputs in the literature include operating costs,
length of mains, labour costs, number of employees, and capital expenditure (see
Brettenny and Sharp, 2016; García-Valiñas and Muñiz, 2007; Ananda, 2014).
Operating expenditure and length of mains are the inputs used in this study.
Length of mains (km) is used as a proxy for total capital expenditure by a
utility.
According to the literature, widely used outputs in effi ciency analysis include

total volume of water distributed/delivered (Molinos-Senante et al., 2018), out-
put quality (Ananda, 2014) and level of properties (García-Valiñas and Muñiz,
2007). Utilities should not only be able to meet the demand of consumers; the
water delivered should also be of good quality. Failing to provide good-quality
water is an indication of ineffi ciency. Therefore, water quality (%) is selected
as an output variable in this study, together with the total volume of water
distributed (kl/year), which is authorised consumption.
Four explanatory variables are evaluated in this study, namely non-revenue

water (kl), number of consuming units, ratio of metered to unmetered connec-
tions (%), and location (urban or rural). ‘Non-revenue water’, in this study, is
the total amount of water loss experienced by a utility in a year. The water loss
is from real water losses; that is, from leakages due to infrastructure aging or
damage. Apparent losses are technical losses. Technical losses may result from
ineffi cient billing systems and illegal connections. Theoretically, non-revenue
water is assumed to have a negative impact on effi ciency, as it is water that a
utility purchases, but for which is unable to receive revenue. The higher the
water losses experienced by a utility, the more ineffi cient the utility. This de-
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terminant is particularly important in the South African context as according
to the DWA (2017), there has been an increase in non-revenue water losses
from approximately 37% in 2012 to 41% in 2017. Managing non-revenue water
is consistent with the water conservation and water demand mandate of the
DWS.
‘Number of consuming units’is a proxy for the population served by a util-

ity. This variable seeks to determine whether there are economies of scale in the
water sector in South Africa. Economies of scale occur when there are cost sav-
ings associated with an increase in the level of production. Thus, if economies
of scale exist, the larger utilities with greater numbers of consuming units will
be able to provide water at lower cost and will be more effi cient than the smaller
utilities. According to StatsSA (2016), the smallest water utility serves approx-
imately 2000 consuming units and the largest serves almost 1 million consuming
units. This means the largest water utility serves a population approximately
468 times the size of the population served by the smallest utility. We therefore
conclude based on this that the vast differences in sizes of population served
highlight the importance of determining whether the South African water sec-
tor enjoys economies of scale which would greatly disadvantage the smaller rural
utilities.
In South Africa, a water connection may be either metered or unmetered.

A metered connection allows a utility to accurately measure water use by a
household or business. Unmetered connections require estimations of the actual
amount of water used by an entity, and thus are prone to measurement and
estimation errors. Theoretically, a larger percentage of connected meters should
positively impact a utility’s effi ciency score.
Location is included in this study to investigate whether effi ciency is affected

by being in an urban or a rural area. If urban locations have a positive impact on
effi ciency scores, it is vital that effi ciency analysis is conducted in separate urban
and rural clusters. A rural utility has no control over its location; effi ciency
scores should not penalise municipalities for exogenous factors, particularly if
those effi ciency scores are used to set tariffs or determine grant amounts from
the government.

5 Results

5.1 Descriptive statistics

We set out to construct a panel data set for South African water utilities that
allows us to undertake effi ciency analysis. One of the most important advantages
of panel data is that it allows you to control for variables you cannot observe.
Most importantly, it allows for control of variables that change over time, but
not across entities; that is, it accounts for individual heterogeneity. Table 3
below is a statistical summary of the sample data used in this study to compute
the effi ciency of utilities in South Africa.
The data used in this study was collected from multiple sources. Table 3
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above shows that the data collected for this study is widely spread around the
expected values, as indicated by the large standard deviation for all variables
used except for ‘ratio of metered to unmetered connections’and ‘location’. The
data shows very significant differences between the minimum and maximum
values for each variable. The utility with the largest number of consuming units
provides for over 467 times more consuming units than the utility with the least
number of consuming units. The utility with the largest operating costs spends
over 9 100 times more than the utility with the minimum operating costs.
This indicates a significant difference in capacity among the 77 utilities in-

cluded in this study. Urban utilities, particularly the metropolitan utilities
(category A), are significantly larger and have a greater jurisdiction to serve
compared to rural utilities (particularly category B4), and the data reflects
these variances. The data variations are an early indicator of the probable
significance of ‘location’as an explanatory variable for effi ciency in the South
African water sector. Given the data in Table 3, an a priori assumption can be
made that the 77 water utilities are not homogeneous.

5.2 Urban and rural regression results

Four variables —namely ‘non-revenue water’, ‘consuming units’, ‘location’and
‘ratio of metered to unmetered connections’—were chosen as explanatory vari-
ables in this study. The dependent variable in the regression analysis below is
the ineffi ciency of the utilities. A utility is effi cient if its bias-corrected effi ciency
score is equal to 1, and ineffi cient if the bias-corrected score is greater than 1.
As a result, effi ciency gains are indicated by a negative sign on the estimated
coeffi cient, and a positive sign indicates that the estimated parameter lowers
effi ciency for the utility. Table 4 below shows the regression results of the full
sample —that is, 35 urban and 42 rural utilities —combined.
The key explanatory variable in this first stage of analysis is the exogenous

variable ‘location’. The coeffi cient has a p-value of 0.000 and is thus significant
at 1%. This implies that for South African utilities, the location of the utility
is strongly relevant in effi ciency analysis. The coeffi cient is negative (-0.0888),
and this shows that location has a positive effect on effi ciency. Specifically,
since location is a categorical variable defined as urban=1, being in an urban
area has a positive effect on the bias-corrected effi ciency scores of the utilities.
This finding is consistent and expected, given the large disparities in resources
and infrastructure between urban and rural areas in South Africa. The data
analysis reported in the previous section is consistent with this finding. The a
priori assumption in the South African context is that location in urban areas
has a positive effect on bias-corrected effi ciency scores. As noted earlier, the
use of production-frontier approaches such as DEA requires that the utilities
included in a sample be significantly similar; thus, the sample is divided into
rural and urban categories for the remaining analysis.
‘Number of consuming units’is found to be significant at the 10% level of

significance, but has a negative effect on effi ciency, as indicated by the positive
sign of the coeffi cient. The findings indicate that South African water utilities’
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bias-corrected effi ciency scores are negatively impacted by an increase in con-
suming units. This implies that utilities, particularly metropolitan municipality
utilities, do not have an advantage over the smaller (often rural) utilities. The
coeffi cient for consuming units is 0.0167; a 1-unit increase in consuming units
would result in a 0.0167 decrease in the bias-corrected effi ciency scores of the
water utility. The presence or absence of economies of scale will be further
analysed for the urban and rural samples, as location a significant determinant
of effi ciency.
The ‘ratio of metered to unmetered connections’is positive and significant,

as shown in the table above. The p-value is 0.099 and is significant at 10%.
According to these results, a utility in South Africa’s water sector with a higher
percentage of metered connections to unmetered connections is more ineffi cient.
The results are inconsistent with the a priori expectations, since a utility with
a higher number of metered connections should be able to measure and account
for the water it provides more accurately, and bill consumers more effectively.
This could possibly allow more effi cient revenue collection. However, this finding
must be re-evaluated for the urban and rural samples separately, owing to the
significance of location as an explanatory variable. ‘Non-revenue water’was
found to be an insignificant explanatory variable for the entire sample of South
African utilities. The effect of non-revenue water will be further analysed for
the urban and rural samples separately, as location is a significant determinant
of effi ciency.

5.3 Urban biased effi ciency score results

The conventional DEA model was used to estimate the biased effi ciency scores of
the 35 urban water utilities included in this study. Table 5 below shows a sample
of the biased effi ciency scores. There were 140 urban DMUs included, and Table
5 reports the top 20 most effi cient scores, to ensure a concise discussion of the
findings.
Column 5 in Table 5 above, labelled ‘Biased effi ciency scores’, gives the

conventional DEA effi ciency scores. Five category A, eight category B1 and
seven category B2 utilities make up the top 20 best-performing utilities in the
four years covered by this study. This indicates that the category, and thus
the relative size of a utility, is probably not significant in determining biased
effi ciency scores in the urban sector. The average effi ciency score of whole urban
sample was 1.0361, with a standard deviation of 0.0294. This implies that an
average urban utility can decrease its inputs by approximately 3.48% in order
to perform as effi ciently as the benchmark utility, while maintaining the same
level of output.

5.4 Double-bootstrap results: urban top 20

The double-bootstrap DEA model was used to estimate the bias-corrected ef-
ficiency scores of the 35 urban water utilities included in this study. Table 6
below shows a sample of the biased effi ciency scores. Only the top 20 most
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effi cient scores are reported, to ensure succinct discussions of findings. Table 6
below shows the bias-corrected effi ciency scores for the top 20 best-performing
urban utilities in the four years under review.
Column 7 in Table 6 above (labelled ‘Bias’) shows estimates of the bias of

the effi ciency scores computed by the conventional DEA model. According to
Simar and Wilson (2007), the bootstrap technique used in this study allows
for more accurate estimation of effi ciency scores, using a finite sample size,
resulting in the generation of a strictly negative bias for the effi ciency scores
computed. The negative bias obtained in this study is consistent with findings
in other studies that have employed the double-bootstrap model (see Ananda,
2014; Molinos-Senante et al., 2018).
Column 8 above shows bias-corrected effi ciency scores for the urban South

African utilities. The average bias-corrected effi ciency score is 1.0486, which is
significantly larger than the average biased effi ciency score of 1.0361. This means
an average utility can decrease its inputs by 4.63% to perform as effi ciently as the
benchmark utility, while maintaining the same level of output. This implies that
using the biased effi ciency scores would result in underestimation of potential
input savings by an average of 1.15%.
The rankings of the utilities are significantly different when using the bias-

corrected effi ciency scores. Out of the 17 urban utilities found to be effi cient
using the biased effi ciency scores (that is, that had effi ciency scores equal to 1),
only 7 are in the top 20 most effi cient utilities for any of the four years under
review. The City of Tshwane is the best-performing utility in all four years but
was ranked 19th using the conventional DEA model. The City of Ekurhuleni (ID
53) is 4th according to the bias-corrected effi ciency scores but was ranked 33rd
using the biased effi ciency scores. Stellenbosch (ID 265) is ranked 10th using
the double-bootstrap effi ciency scores but was previously ranked 20th using the
conventional DEA model.
The differences found in the scores, as well as the rankings obtained from the

conventional DEA model and the double-bootstrap model, have significant im-
plications for regulators and policymakers. In countries where regulators use the
results of effi ciency analysis to regulate the water sector in areas including tariff
levels, it is imperative that accurate bias-corrected effi ciency scores are utilised
in the formulation of the policy. Utilities should be accurately rewarded or
penalised based on robust effi ciency scores obtained from the double-bootstrap
model. As shown in Table 6 above, the rankings change significantly for some
utilities when bias-corrected effi ciency scores are considered.

5.5 Urban determinant results

The second stage of the double-bootstrap DEA model allows for the identifica-
tion of the determinants of effi ciency or environmental factors that significantly
influence the estimated effi ciency obtained in the first stage. The explanatory
parameters included in this study are ‘non-revenue water’, ‘consuming units’
and the ‘ratio of metered to unmetered connections. Table 7 below shows the
regression results for the 35 urban utilities.
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‘Non-revenue water’is significant at 5% for the urban South African utilities.
These findings differ from those found in the full sample, which showed non-
revenue water to be an insignificant variable. However, the sign of the coeffi cient
is contrary to the a priori assumptions. The negative sign on the coeffi cient of
non-revenue water implies that increasing the levels of this variable will result
in higher levels of effi ciency for the utilities. This means utilities with high lev-
els of non-revenue water would be more effi cient than those with lower levels,
ceteris paribus. This finding is contrary to the theory as well as to findings
from studies conducted in other countries. Molinos-Senante et al. (2018) found
that non-revenue water variable had a positive sign, implying that reduced lev-
els of such a variable would increase the effi ciency levels of the utility, ceteris
paribus. High levels of non-revenue water would impose an added burden on
the utilities’operating expenditure, as more revenue would have to be devoted
to larger volumes of bulk water purchases to maintain the same level of output.
The double-bootstrap model used in this study is input-oriented, as the aim of
utilities is to meet demand by making use of as little of the inputs as possible.
The negative sign is thus counterintuitive.
However, Ananda (2014) found that in Australia, leakages had a positive

effect on effi ciency. The study found that utilities with higher volumes of leak-
age had lower levels of operating expenditure. The study proposed that it was
likely that leakage had a short-term positive impact on effi ciency, as the util-
ities would minimise inputs by not devoting expenditure to maintaining the
water infrastructure, which in turn increased the likelihood of leakages. If the
amount ‘saved’by not maintaining infrastructure outweighs the subsequent cost
of leakages, the utilities may enjoy temporary increases in effi ciency.
This analysis provides a possible explanation for the positive impact that

non-revenue water has on effi ciency scores of urban utilities, as this study is
restricted to the short run (four years). ‘Non-revenue water’, in this study, is
defined as apparent losses (which includes unauthorised consumption) and real
losses (which includes leakages). In the short run, it is possible that utilities
that do not spend on infrastructure maintenance may experience effi ciency gains
if the amount lost to non-revenue water is less than the cost of repairs and
maintenance of the infrastructure. The coeffi cient of non-revenue water is -
0.0072. Despite its negative sign, the size of the coeffi cient indicates that its
impact is minimal. A 1kl increase in non-revenue water volume would increase
the bias-corrected effi ciency scores by only 0.0072.
The second explanatory variable is ‘number of consuming units. This exoge-

nous variable is included in this study to determine whether utilities that service
larger populations enjoy economies of scale. The number of consuming units is
found to be insignificant for the urban utilities. This implies that among the
urban utilities there are no economies of scale enjoyed by category A utilities
that would render them likely to be more effi cient than a category B2 utility.
The bias-corrected effi ciency scores support these results. In the top 20, 8 are
utilities from category B1 and B2, with 3 of them being in the top 10. Buffalo
City (ID 4) is a category A utility but is ranked 110th.
The final determinant of effi ciency considered in this study is the ‘ratio of

14



metered to unmetered connections’; it is negative and significant at 1%, as shown
in Table 7 above. The p-value is 0.003, and the findings are consistent with the
a priori expectations. A utility in the urban water sector of South Africa with
a higher percentage of metered connections to unmetered connections is more
effi cient. Such a utility may more accurately measure and account for the water
it provides and bill the consumer more effectively. This may possibly allow
more effi cient revenue collection. A 1-unit increase in the ratio of metered to
unmetered connections will increase the bias-corrected effi ciency scores of an
urban utility by approximately 0.0587 units. Managers and policymakers in
the urban sector should aim to improve the percentage of consuming units with
metered connections in order to improve the effi ciency of the utility.

5.6 Rural utilities —conventional DEA results

The conventional DEA model was used to estimate the biased effi ciency scores
of the 42 rural water utilities, and Table 8 below shows a sample of the biased
effi ciency scores. There are 168 rural DMUs included, and Table 8 reports the
top 20 most effi cient scores.
Column 5 in Table 8 above, labelled ‘Biased effi ciency score’, shows the con-

ventional DEA effi ciency scores. 16 category B3, 1 category B4 and 3 category
C2 utilities make up the top 20 best-performing rural utilities in the four years
included in this study. This indicates that the category, and thus the relative
size, of a utility is probably significant in determining biased effi ciency scores in
the rural sector. The average effi ciency score is 1.0996, with a standard devia-
tion of 0.0785. This implies that an average rural utility can decrease its inputs
by approximately 9.06% to perform as effi ciently as the benchmark utility, while
maintaining the same level of output.

5.7 Double-bootstrap results: rural top 20

The double-bootstrap DEA model was used to estimate the bias-corrected effi -
ciency scores of the 42 rural water utilities, and Table 9 below shows a sample
of the bias-corrected effi ciency scores. There are 168 rural DMUs included, and
Table 9 reports the top 20 most-effi cient scores.
Column 7 in Table 9 above, labelled ‘Bias’, shows estimates of the bias of

the effi ciency scores computed by the conventional DEA model. The bias is
negative, which is consistent with the results of the urban sample. Column 8 in
Table 9 above provides the bias-corrected effi ciency scores for the rural South
African utilities. The average bias-corrected effi ciency score is 1.1320, which is
significantly larger than the average biased effi ciency score of 1.0996. This means
an average utility can decrease its inputs by 11.66% to perform as effi ciently as
the benchmark utility, while maintaining the same level of output. This implies
that using the biased effi ciency scores would result in an underestimation of
potential input savings by an average of 2.60%.
The rankings of the utilities are significantly different when the bias-corrected

effi ciency scores are used. Out of the 20 urban utilities found to be effi cient using
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the biased effi ciency scores (that is, those that had effi ciency scores equal to 1),
only 8 remain in the top 20 most-effi cient utilities for any of the four years under
review using the bias-corrected effi ciency scores. Karoo Hoogland is exceptional,
as it is the benchmark utility for the four years under review according to the
double-bootstrap effi ciency scores and was also found to be effi cient using the
conventional DEA model. However, there are significant changes in the rankings
for most of the utilities. Richtersveld (ID 173) is ranked 2nd according to the
bias-corrected effi ciency scores but was ranked 25th using the biased effi ciency
scores. Gamagara (ID 221) is ranked 15th using the double-bootstrap effi ciency
scores but was previously ranked 29th using the effi ciency scores generated by
the conventional DEA model.
In conclusion, the differences found in the scores as well as the rankings ob-

tained from the conventional DEA model and the double-bootstrap model have
significant implications for regulators and policymakers in the rural context, just
as in the urban sector. Regulators and policymakers must be equipped with ac-
curate effi ciency scores. Utilities should be accurately rewarded or penalised
based on robust effi ciency scores obtained from the double-bootstrap model. As
shown above, the rankings significantly for some utilities when bias-corrected
effi ciency scores are considered.

5.8 Rural determinant results

The determinants of the rural bias-corrected effi ciency scores were identified us-
ing the second stage of the double-bootstrap DEA approach. The same explana-
tory variables as in the urban case above were included, namely ‘non-revenue
water’, ‘consuming units’, and the ‘ratio of metered to unmetered connections.
Table 10 below shows the regression results of the 42 rural utilities.
‘Non-revenue water’is an insignificant determinant for the rural South African

utilities. These findings are consistent with those for the full sample, which had
non-revenue water as an insignificant variable, but differ from those of the urban
sample. In the urban sample, non-revenue water was found to be significant; in
the rural sample, it is insignificant.
The second determinant included is the ‘number of consuming units’, which

is found to be positive and significant at 1% for the rural utilities. This implies
that among the rural utilities, there are no economies of scale enjoyed by the
larger utilities or by utilities that service larger jurisdictions. This is because the
coeffi cient is positive, and this means an increase in the number of consuming
units negatively impacts effi ciency. This finding is contrary to previous studies
(see Ananda, 2014; Molinos-Senante et al., 2018). However, it is worth noting
that these previous studies were conducted on urban water utilities that pro-
vided both water and sewerage services, and thus economies of scale could have
been derived from the provision of both services. These findings are restricted
to the water functions of rural utilities in South Africa. The results are not
surprising, given the South African rural context. In the rural areas, consum-
ing units are typically further apart than in urban areas, and this makes the
provision of piped water costlier in terms of infrastructural demands and the
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subsequent costs of maintenance. The coeffi cient of consuming units is 0.0501.
An additional consuming unit decreases the bias-corrected effi ciency score of a
rural utility by 0.0501.
The ‘ratio of metered to unmetered connections’is positive and significant at

1%, as shown in Table 10. The p-value is 0.000, and the findings are inconsistent
with those from the urban sample. According to these findings, a utility with a
higher percentage of metered connected to unmetered connections is less effi cient
in the rural water sector of South Africa. However, it is important to note the
significant service backlogs faced by many rural utilities. A significant number
of these utilities do not have enough infrastructure to allow them to service
the population in their jurisdiction effi ciently. Due to these backlogs, a utility
that has a higher level of connected meters would have invested significantly in
improving its infrastructure, which would reflect as high operating expenditure.
In the short run, it is likely that the effi ciency scores of the utility investing in
expanding the network of connected meters may result in lower effi ciency scores,
due to its high operating costs. However, in the long run the investments made
by the utility are expected to pay off, as revenue collection will be more effi cient
and will result in increased effi ciency scores and performance. Therefore, in the
rural context, increasing the ratio of metered to unmetered connections by 1
unit will reduce the bias-corrected effi ciency scores by 0.0911 units.

6 Conclusions and recommendations

We investigated whether South African water service providers’ performance
is related to certain relevant variables that have been broadly discussed in the
existing literature. Among these are ‘non-revenue water’, ‘ratio of metered to
unmetered connections’, and consuming units. In addition, we accounted for
geographical location (i.e. urban vs rural water service providers).
This study was conducted to generate the bias-corrected effi ciency scores and

the determinants of effi ciency for South African rural and urban water utilities
(provided ‘location’ was found to be a significant determinant of effi ciency),
from 2010 to 2012 and in 2014. A double-bootstrap DEA model was used to
carry out analysis. Location was found to be a determinant of effi ciency, and
thus the sample was divided into rural and urban samples. The results obtained
in this study strongly highlight the importance of using robust techniques when
estimating effi ciency scores. The biased effi ciency scores differed significantly
when compared to the bias-corrected scores, in both urban and rural samples.
In regions where the effi ciency scores are used to determine tariff levels, the
biased effi ciency scores would be very misleading. In this study, a significant
number of utilities’ effi ciency scores were overestimated by the conventional
DEA model.
The conventional DEA effi ciency scores are not only misleading in terms of

the ranking of the utilities, but also concluded there was perfect effi ciency for 17
urban utilities and 20 rural utilities (a total of 37 utilities); yet the bias-corrected
scores show that not a single utility is 100% effi cient.
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The findings of the truncated regression analysis shed light on the differ-
ences in the drivers of effi ciency in the rural and urban South African context.
In the urban sample, non-revenue water was found to be significant and to posi-
tively influence effi ciency, which appears counterintuitive. However, it is possible
that non-revenue water can positively impact effi ciency scores in the short run,
for utilities whose cost of maintaining infrastructure to reduce leakage costs is
larger than the realised revenue losses from leakage and unauthorised consump-
tion. Policymakers and utility managers should be cautious when interpreting
the findings on this coeffi cient. Non-revenue water could potentially negatively
impact effi ciency scores, if the volumes increase significantly. In the rural sam-
ple, non-revenue water was found to be an insignificant variable in explaining
effi ciency. The number of consuming units was found to be insignificant in the
urban sample, but highly significant with a negative impact on effi ciency for
the rural sample. This means lower numbers of consuming units will positively
impact effi ciency scores for rural utilities.
The final explanatory variable investigated in this study was the ratio of

metered to unmetered connections. In the urban sample, utilities with a higher
ratio of metered connections to unmetered connections were found to be more
effi cient, as expected. However, the opposite result was found for the rural
sample. A higher ratio of connected meters was found to negatively impact
the bias-corrected effi ciency scores of the utilities. This study was only able to
compute bias-corrected effi ciency scores for 77 utilities over four years, and the
determinants of effi ciency, due to missing data. It is imperative that utilities re-
port accurately and consistently to enable more robust analysis to be conducted.
Further studies over a longer period are required to confirm these results. Other
technical factors that could affect the utilities’performance should also be mon-
itored, including information on investments, frequency of burst pipes, leakages,
water losses, and water sources.
Although the South African water sector is socially and economically criti-

cally important, there are few robust studies available to assist analysts, practi-
tioners and decision-makers to better comprehend the performance patterns in
the industry and reveal the drivers of the sector’s effi ciency or ineffi ciency, as
well as the impact of the water sector on the economy. This study is an attempt
to shed light on these crucial issues and hopes to spark further academic interest
in this area.
According to Guerrini (2015) effi ciency improvement is one of three trends

a public water service provider should follow to get funds for investment real-
isation. The other two are recourse to bank credit or to private equity, and
water tariff increases. Effi ciency can be improved, for example by growth and
vertical integration, and may be conditioned by environmental variables such as
customer and output density. Previous studies into the effects of these variables
on the effi ciency of water utilities do not agree on certain points (e.g. scale and
economies of scope), and rarely consider others (e.g. density economies).
The results of this study highlight the importance of using robust method-

ologies when estimating effi ciency. Using the conventional DEA model would
result in the under- or over-estimation of ineffi ciency for some water utilities.
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Misleading results limit the usefulness of benchmarking, as an ineffi cient util-
ity could mistakenly be ranked first, and thus its managers would continue to
operate without necessarily looking to reduce input levels.
‘Location’was found to be a significant determinant of effi ciency. This has

strong policy implications, as rural and urban water utilities should not be
viewed as homogeneous. It is important that policymakers note that, as de-
scribed above, the environmental factors that have a significant impact in influ-
encing the effi ciency scores of urban water utilities are not necessarily significant
in the rural water sector. This necessitates policies that are cognisant of the
heterogeneity of the utilities in the water sector overall. The policy implications
are that funding model for water should be different, such that urban and rural
water utilities are funded differently.
Non-revenue water is appearing to influence the operational effi ciency of wa-

ter utilities in urban areas. This is attributed to ageing water infrastructure,
which seems to constantly be under pressure due to rapid urbanization and
growing urban population. In response to satisfy growing demand for water in
urban population, water utilities are increasing their piped network, however,
seem to have little resources towards network maintenance. This has implica-
tions for government and water utility managers.
It is therefore imperative that government needs to consider finding a way

to significantly increase budgets allocation for water infrastructure maintenance
considering country is faced with increased demand for water with constrained
supply mainly due to climate change (i.e. less rainfall combined with higher tem-
perature), hence country cannot continue losing a significant amount of water
due to ageing infrastructure. Perhaps rural water utilities are not affected since
there have significantly less piped network, households having various sources
of water other than piped water and stagnant population. Their water budgets
are probably spent expanding their piped network, meaning that their limited
network is probably in a better state, hence non-revenue water is not a concern
for them.
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Table 1: South African water utilities categories 

 

Municipal 

Category  

Description Characteristics Number of 

Water 

Utilities 

A Metropolitan Large urban cities 8 

B1 Local Large secondary cities 19 

B2 Local Large towns 27 

B3 Local Small towns 108 

B4 Local Mainly rural towns 72 

C1 District Not authorised to provide water services 23 

C2 District Authorised to provide water services 21 

 

Source: (StatsSA, 2016) 

 

 

 

 

 

 

 

 

 

 

Table 2: List of variables for efficiency analysis to be used in the Data Envelopment Analysis 

(DEA) 

 

Variable Model Specification 

Total operating cost (R) Input 

Authorised Consumption (kl) Output 

Length of mains (km) Input 

Water quality (%) Output 
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Table 3: Statistical summary of sample data 

 

Variables Measurements Average Standard 

Deviation 

Minimum Maximum 

Inputs Operating costs 

(R/year in millions) 

279  765  0.556  5 100  

 Length of mains 

(km in thousands) 

4.653 52.423 46 920.329 

Outputs Authorised 

consumption 

(kl/year in 

millions) 

25.2 61.5 0.22 350  

 Water quality (%) 71 24 5 99 

Continuous 

explanatory 

variables 

Non-revenue water 

(kl/year in 

millions) 

13.9 29.6 0.1 210  

 Consuming units 

(in thousands) 

 100.638 196.144 2.065 965.975 

 Ratio of metered to 

unmetered 

connections (%) 

87 17 13 100 

Categorical 

explanatory 

variable 

Location:  

Urban = 1  

0.454 0.499 0 1 

 

 

 

 

 

 

 

Table 4: Urban and rural truncated regression results 

 

Dependent   Inefficiency 

Independent Coefficients 

Non-revenue water -0.0069 (0.0072 

Consuming units 0.0167* (0.0094) 

Location -0.0888*** (0.0145 

Ratio of metered to unmetered connections 0.0287* (0.0174) 

Cons 0.9488*** (0.1042) 

Observation 77 

 

Note: Standard errors in parentheses 

* p < 0.10; ** p< 0.05; *** p < 0.01 
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Table 5: Urban biased efficiency scores (top 20) 

 

ID Municipal 

Category 

Year Biased efficiency scores Rank 

55 A 2012 1.0000 1 

8 A 2014 1.0000 1 

279 B2 2012 1.0000 1 

267 B1 2012 1.0000 1 

124 A 2014 1.0000 1 

263 B1 2012 1.0000 1 

271 B2 2012 1.0000 1 

162 B1 2011 1.0000 1 

83 B2 2012 1.0000 1 

109 B1 2010 1.0000 1 

251 B2 2012 1.0000 1 

123 A 2012 1.0000 1 

303 B2 2012 1.0000 1 

82 B2 2011 1.0000 1 

295 B1 2012 1.0000 1 

219 B1 2012 1.0000 1 

111 B1 2012 1.0000 1 

291 B2 2012 1.0015 18 

234 A 2011 1.0017 19 

265 B1 2010 1.0022 20 
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Table 6: Urban bias-corrected efficiency scores (top 20) 

 

ID Municipal 

Category 

Year Biased 

efficiency 

scores 

Rank Bias Bias-corrected 

efficiency 

scores 

Rank 

234 A 2011 1.0017 19 -0.0065 1.0082 1 

95 A 2010 1.0035 23 -0.0075 1.0110 2 

233 A 2010 1.0071 28 -0.0065 1.0136 3 

53 A 2010 1.0096 33 -0.0055 1.0151 4 

55 A 2012 1.0000 1 -0.0162 1.0162 5 

8 A 2014 1.0000 1 -0.0169 1.0169 6 

279 B2 2012 1.0000 1 -0.0169 1.0169 7 

121 A 2010 1.0034 22 -0.0135 1.0169 8 

291 B2 2012 1.0015 18 -0.0159 1.0174 9 

265 B1 2010 1.0022 20 -0.0154 1.0176 10 

267 B1 2012 1.0000 1 -0.0185 1.0185 11 

124 A 2014 1.0000 1 -0.0187 1.0187 12 

263 B1 2012 1.0000 1 -0.0191 1.0191 13 

261 B1 2010 1.0092 32 -0.0101 1.0193 14 

ID Category Year Biased 

efficiency 

scores 

Rank Bias Bias-corrected 

efficiency 

scores 

Rank 

6 A 2011 1.0122 35 -0.0080 1.0202 15 

54 A 2011 1.0147 42 -0.0056 1.0202 16 

7 A 2012 1.0136 37 -0.0073 1.0209 17 

271 B2 2012 1.0000 1 -0.0212 1.0212 18 

81 B2 2010 1.0027 21 -0.0186 1.0213 19 

122 A 2011 1.0065 27 -0.0154 1.0219 20 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



26 

 

Table 7: Urban truncated regression results 

 

Dependent  Inefficiency  

Independent  Coefficients 

Non-revenue water -0.0072** (0.0035) 

Consuming Units 0.0007 (0.0046)  

Ratio of metered to unmetered connections -0.0587*** (0.0199 

Cons 1.4130*** (0.1037) 

Observations 35 

Note: Standard errors in parentheses 

* p < 0.10; ** p< 0.05; *** p < 0.01 

 

 

 

 

 

Table 8: Rural biased efficiency scores (top 20) 

 

ID Municipal Category Year Biased Efficiency Score Rank 

187 B3 2012 1.0000 1 

208 B3 2014 1.0000 1 

207 B3 2012 1.0000 1 

80 B3 2014 1.0000 1 

71 B3 2012 1.0000 1 

190 B3 2011 1.0000 1 

189 B3 2010 1.0000 1 

144 B3 2014 1.0000 1 

78 B3 2011 1.0000 1 

79 B3 2012 1.0000 1 

192 B3 2014 1.0000 1 

297 B3 2010 1.0000 1 

213 B3 2010 1.0000 1 

299 B3 2012 1.0000 1 

307 B3 2012 1.0000 1 

259 B3 2012 1.0000 1 

18 C2 2011 1.0000 1 

19 C2 2012 1.0000 1 

165 B4 2010 1.0000 1 

17 C2 2010 1.0000 1 
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Table 9: Rural bias-corrected efficiency scores (top 20) 

 

ID Municipal 

Category 

Year Biased 

Efficiency 

Score 

Rank Bias Bias-

Corrected 

Efficiency 

Scores 

Rank 

187 B3 2012 1.0000 1 -0.0134 1.0134 1 

173 B3 2010 1.0047 25 -0.0115 1.0162 2 

206 B3 2011 1.0011 22 -0.0161 1.0172 3 

205 B3 2010 1.0011 22 -0.0172 1.0183 4 

85 B3 2010 1.0013 24 -0.0179 1.0192 5 

208 B3 2014 1.0000 1 -0.0247 1.0247 6 

207 B3 2012 1.0000 1 -0.0249 1.0249 7 

80 B3 2014 1.0000 1 -0.0265 1.0265 8 

71 B3 2012 1.0000 1 -0.0274 1.0274 9 

190 B3 2011 1.0000 1 -0.0295 1.0295 10 

94 B3 2011 1.0134 27 -0.0161 1.0295 11 

175 B3 2012 1.0163 30 -0.0139 1.0302 12 

189 B3 2010 1.0000 1 -0.0311 1.0311 13 

222 B4 2011 1.0132 26 -0.0191 1.0323 14 

221 B4 2010 1.0161 29 -0.0177 1.0338 15 

87 B3 2012 1.0164 31 -0.0191 1.0355 16 

144 B3 2014 1.0000 1 -0.0360 1.0360 17 

224 B4 2014 1.0159 28 -0.0207 1.0366 18 

88 B3 2014 1.0167 32 -0.0204 1.0372 19 

176 B3 2014 1.0212 34 -0.0164 1.0376 20 

 

 

 

Table 10: Rural truncated regression results 

 

Dependent Inefficiency  

Independent  Coefficients 

Non-revenue water -0.0069 (0.0110) 

Consuming Units 0.0501*** (0.0143) 

Ratio of metered to unmetered connections 0.0911*** (0.0237) 

Cons 0.3358** (0.1474) 

Observations 42 

 

Note: Standard errors in parentheses 

* p < 0.10; ** p< 0.05; *** p < 0.01 
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