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ABSTRACT

This paper compares efficiency scores from the data envelopment analysis (DEA), stochastic frontier
analysis (SFA), and stochastic non-parametric envelopment of data (StoNED) methods in the context of
regulating South African water utilities. We estimate cost efficiency based on cross-sectional data from
102 South African water utilities in the period 2013/14. We compare the impact of methodological
choices on the efficiency scores. For StoNED, we compare scores from two different estimation
techniques (method of moments and pseudolikelihood). We also use the naive method of averaging
(NMA) and compare its results to those generated by the other methods. Results show that the choice of
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method has an impact on efficiency estimates and monetary cost reduction targets. When water sector
regulators in the developing countries intend to benchmark utilities based on each of these methods,
heterogeneity and the operating environments of utilities should be considered before deciding on the

estimation method.

I. Introduction

In the management of water supply utilities, there is
usually debate on which method would be most
preferred to guide in the choice of level of inputs or
outputs to achieve the utilities” goals. The application
of different approaches can bring different policy
implications. Water utility efficiency estimation in
the literature is commonly done using the stochastic
frontier analysis (Amor and Mellah 2023; Nyathikala
et al. 2023) or data envelopment analysis (Amaral,
Martins, and Dias 2022; Sala-Garrido et al. 2023).
While SFA and DEA are the commonly used tools,
the Malmquist Productivity Index has also been used
to measure efficiency and regulate the water distribu-
tion sector (Tourinho et al. 2023). Equally, contem-
porary literature shows the emergence of StoNED as
an alternative efficiency analysis tool (Maziotis et al.
2023; Molinos-Senante and Maziotis 2021). This
paper compares the three alternative efficiency ana-
lysis approaches, namely: DEA, SFA and StoNED.
The study is an extension of existing studies that
use SFA, DEA, or other indicator-based approaches in

the regulation of water utility operations (see Maziotis
et al. 2023; Molinos-Senante, Maziotis, and Sala-
Garrido 2022). This study is one of the few that
examines the efficiency of water distribution utilities
in a natural monopoly setting using three techniques
(DEA, SFA and StoNED). In addition, this study
provides general information on the performance of
South African water distributing water utilities, which
happens to be local municipalities. The provision of
this information using different techniques is useful to
water policymakers and is a step ahead of earlier
studies conducted in the South African sector using
either DEA or SFA (see Brettenny and Sharp 2016;
Ngobeni and Breitenbach 2021; Nithammer,
Mahabir, and Dikgang 2022).

The rest of the paper is organized into seven sec-
tions. Section II discusses the benchmarking methods
used in the study. Section III gives an overview of the
South African water sector. Section IV reviews some
empirical literature. Section V presents the empirical
approach. Section VI discusses the data used in the
study. Section 7 presents and discusses the results.
Section 8 concludes the study.
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Il. The frontier approaches for benchmarking
Data envelopment analysis (DEA)

DEA constructs a non-parametric envelopment
frontier over given data points, such that all
observed points are on or below the frontier. In
the context of this study, the idea is to obtain
a measure of the ratio of all outputs over all inputs,
such as u'y;/v'x;, where u is an Mx1 vector of out-
put weight and v is a Kx1 vector of input weights;
given that M represents outputs and K represents
inputs for each water utility. The process involves
obtaining values for u and v such that the efficiency
measure of the i water utility is maximized (sub-
ject to the constraint that all efficiency measures
are equal to or less than one). DEA can be output
orientated, which aims at expanding outputs while
keeping the inputs constant, or input oriented,
which aims at reducing the inputs while holding
the outputs constant. In both orientations, the
researcher can estimate constant returns to scale
(CRS) or variable returns to scale (VRS) model.
Depending on the depth of the analysis, one can
obtain technical efficiency, allocative efficiency or
cost efficiency scores. Equally, one can exploit the
returns to scale and estimate the scale efficiency
scores (see Charnes, Cooper, and Rhodes 1978).
The DEA model as developed by Charnes,
Cooper, and Rhodes (1978) had an input orienta-
tion that assumed CRS. In this study, we adopt the
input-oriented assumption as originally but with
the VRS assumption to estimate cost efficiency in
South Africa’s water distribution water utilities.
Thus, we estimate an input-oriented DEA that
assumes VRS and produce cost efficiency scores
for South Africa’s water providing municipalities.
An input-oriented measure is adopted because it
can quantify the cost reduction necessary for water
utilities to become efficient holding the output
constant (Luo, Bi, and Liang 2012; Reinhard,
Lovell, and Thijssen 2000). This is essential in the
context of this study where the model emphasizes
cost reduction while holding the volume of water,
the supply network, and other contextual variables
constant. Further, the literature provides that when
decision making units are of varying sizes, the VRS
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model is more appropriate (Lim and Zhu 2015).
This suggests that a VRS model is ideal in this study
since South Africa’s water service providing muni-
cipalities varies in sizes. South Africa distinguishes
municipalities according to size and groups them
into three broader categories (A, B and C).
Category A refers to metropolitan municipalities
which are highly urbanized and populated, while
Category C refers to district municipalities made
up of various local municipalities (usually 3-5 local
municipalities). Category B refers to local munici-
palities and this category is further classified into
B1, B2, B3 and B4, depending on each municipal-
ity’s size and operating environments." While dis-
trict and metropolitan municipalities are
authorized water service providers, the former
often delegate the water service provision function
to local municipalities under their jurisdictions.
This is the case when the local authority has some
financial ability to manage water services provision
which is common with Bl and B2 municipalities
(Mahabir 2014; Nithammer, Mahabir, and
Dikgang 2022).

Stochastic frontier analysis (SFA)

SFA is a parametric efficiency analysis technique
that assumes a Cobb-Douglas, a log-linear or
a translog functional form (Aigner, Lovell, and
Schmidt 1977; Meeusen and van den Broeck
1977). The efficiency of DMUs is determined
based on the specified functional form. The ori-
ginal formulation that is the foundation of
SFA is:

y:B/X+V_u7 (1)

where y is the total cost, fx + v is the optimal frontier
goal pursued by the DMU (e.g. minimum cost), Bx is
the deterministic part of the frontier, and vN [0, aﬂ is
the stochastic part. The two parts together constitute
the stochastic frontier. The amount by which the
observed DMU fails to reach the optimum (i.e. the
frontier) is y, where u = |U|and UN [0,02]. The
stochastic cost frontier then changes to v + u, where
u represents inefficiency.

B1 s a local with a large town or city as urban core, B2 is a local with a medium town as urban core, B3 is a local with a small town as urban core, and B4 is

a local without urban core.
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Different specifications of the terms u and v
distinguish stochastic frontier models. According
to Aigner, Lovell, and Schmidt (1977), the normal-
half normal model is the basic form of the stochas-
tic frontier model. It assumes u to be independently
half-normally [N+ (0,062)] distributed, with the
idiosyncratic component v independently normally
[N(0, 0,)] distributed over the observation. Other
SFA model specifications are the normal-
exponential model (where u is independently expo-
nentially distributed with variance (¢?)), and the
truncated-normal model (where u is independently
[N+ (u4,0%)] distributed with truncation point
at 0). Our study adopts an SFA model that assumes
a half normal distribution of the inefficiency term
to estimate cost efficiency in South African water
utilities. One advantage of the half normal SFA
model specification is that it can fit models with
heteroskedastic error components, conditional on
a set of covariates (Kumbhakar, Parmeter, and
Zelenyuk 2020; Makieta and Mazur 2022). As
such, most studies adopting SFA to estimate effi-
ciency and regulate water utilities use half normal
distribution as the traditional assumption for the
inefficiency term (Amor and Mellah 2023;
Nyathikala et al. 2023). Contemporary studies like
Maziotis et al. (2023) that compare efficiency ana-
lysis techniques also use SFA with a half normal
distribution assumption. Thus, for comparative
and easiness of our study to fit in the contemporary
literature, we also adopt an SFA with half normal
distribution. The half normal distribution is also
preferred because it provides a closed form of like-
lihood function for a stochastic frontier model
which is essential given that this study uses cross
sectional data (Centorrino and Pérez-Urdiales
2023).

Stochastic non-parametric envelopment of data
(StoNED)

This method combines the two methodologies
developed earlier into a unified model. Developed
by Kuosmanen and Kortelainen (2012), the
StoNED has two main stages. The first stage esti-
mates the shape of the total cost function using the
convex non-parametric least squares (CNLS)
regression, which belongs to the set of continuous,

monotonic increasing and globally concave func-
tions whose disturbances satisfy the Gauss-Markov
assumptions. The second stage estimates the
expected inefficiency (), variance parameters
(62,02), and DMU-specific
A composite error term (g = u; + v;) is included
and the cost frontier function is linearized by tak-
ing the natural logs of both sides:

inefficiencies.

InTC; = lnf(yi) +¢& = lnf(yl.) —u;+v;  (2)

In this case, InTC; refers to the natural logarithm of
total cost of water providing water services by each
municipality. The main challenge in the least
squares equation above is that the expected value
of the composite error term is negative, due to the
inefficiency term u>0; that is, E(u;) = 4>0. The
composite error term in the model violates the
Gauss-Markov properties, and that it can be
restored by rewriting Equation 2 as follows:

InTC; = (Inf (y;) — u) + (& +u) = Ing(y;) +vi
(3)

él‘ = lA/i — 55,\/2/71

where Ing(y;) = Inf (y;) — u is the average practice
cost function which can be contrasted with the best
practice cost frontier Inf(y,), while v; = & + y is
the modified composite error term. Since y is
a constant, the average practice function lng(yi)
inherits concavity and monotonicity properties
from the best practice functionlnf (yi). The mod-
ified error term v; satisfies the Gauss-Markov
assumptions. The average practice frontier func-
tion can be estimated by a non-parametric regres-
sion technique such as StoNED. In the StoNED
model, the assumption is that the total cost of
providing water (TC) by a utility depends on
a vector of outputs y. Therefore, for each water
utility, the CNLS problem is to findg € F, that
minimizes the sum of square deviations of the
average practice function, given as:

n

nfqin vf InTC; = lng(y,.) +v; Vi=1,...,n
V=l
(4)
st. g€ F(4)



The CNLS estimator for the water utilities cost
function is obtained as the optimal solution to the
following least squares problem, which can be
solved by convex programming algorithms and
solvers:

n
: CNLS) 2
min ) (V™)

s.t. InTC; = a; + B'l.lnyi + VNS V. =1,...,n

“i+B;yi§“h+l3/hyh Vi, Vp=1,...,n
[31-20 Vizl,...,}’l
geh (5)

where «; is the intercept and f; represents the
coefficient of the tangent hyperplanes, which
can also be interpreted as the marginal costs of
output variables. These coefficients are analo-
gous to the multiplier weights in DEA; and in
contrast to the linear regression model, they are
specific to each DMU (Kuosmanen 2012).
Parameter V™S is the CNLS residual, the
CNLS estimator of ¢ is monotonic increasing
and concave, while ¢“M5does not need to be
identically and independently distributed but is
uncorrelated with outputs y (see Kuosmanen
and Johnson 2010).

After the estimation of the CNLS residuals
(VNLS), the next step disentangles inefficiency
from noise by imposing more specific distribu-
tional assumptions. Following the basic SFA
(Aigner, Lovell, and Schmidt 1977), we assume
the half-normal distribution for the inefficiency
term, and a normally distributed noise term.
Usually, the noise term is symmetrically distrib-
uted, and any skewing in the CNLS residual esti-
mates can be attributed to inefficiency. To the
best of our knowledge, there currently does not
exist empirical comparison of the performance of
these three methods in the water literature. We
show evidence that combining various efficiency
estimation methods improves the accuracy of
efficiency estimates for water utilities. Our results
show that comparison of the various approaches
is a valuable way of determining best suited tool
following evaluation of the performance of var-
ious tools.
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lll. Empirical approach

Water provision is a process involving several
operational costs. To characterize the process, it is
essential to assume the existence of a mathematical
relationship between water supply inputs and out-
puts. The empirical model estimated in this study
relates each water utility’s total operation cost (TC;)
to output variables that influence its cost structure.
In this context, TC; includes costs from bulk water
purchases, labour, interest on capital, depreciation
of fixed assets and other general expenditures, such
as fuel and oil, printing and stationery, and hiring
of plant equipment incurred by each water utility.
On the other hand, output variables used in this
study are the volume of water supplied by each
utility (Q;), length of water pipes for each utility
(MAINS;) and the number of connections served
by each utility (CON;). The models also include the
population served by each utility (POP;), as
a contextual variable. Therefore, our study esti-
mates the following total cost frontier:

TC; = £ (QEMAINS!CON/POP? ) — u; +v; (6)

where u; is a random variable representing the cost
inefficiency of the water utility 4, v; is a stochastic
noise term that captures the effects of measurement
errors, omitted variables and other random distur-
bances, and «, ,y, 2 are parameters to be esti-
mated. When the vector y is used to represent the
output variables Q, MAINS, CON and exogenous
variable POP, Equation 6 can be written as:

TC; :f(Yz) —u+v (7)

If a composite error terme; = u; + v;, which con-
sists of an inefficiency termu>0, and a random
parameter term E(v) = 0 is introduced, and the
cost function is linearized in logs, then Equation 7
will be rewritten as:

InTC; = Inf(y;) + & = Inf(y;) —wi+vi  (8)

The cost function presented in Equation 8 is esti-
mated using DEA, SFA and StoNED. For DEA, we
estimate an input-oriented DEA that assumes VRS.
We also estimate an SFA function where total
operation cost of providing water services (TC;) is
expressed as a function of the volume of water
supplied (Q;), the length of the water pipes
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(MAINS;), and the number of customers
connected(CON;)* Therefore, the SFA functional
form assumes:

InTC; = a; + InQ; + InMAINS; + InCON; — u;
—+ Vi

)

where v; is the noise term assumed to be in normal
distribution v;N [0, 0‘2,]. The u; notation is the non-
negative inefficient term (which is the distance
from the observed cost to the cost on the frontier).
The assumptions on the error term require both u;
and v; to be homoscedastic. However, South
African water utilities are diverse in size and oper-
ating environment. Such differences are likely to be
captured in v;, resulting in heteroscedasticity. But
heteroscedasticity in v; could lead to biased esti-
mates, while heteroscedasticity inu; leads to decep-
tive efficiency scores (Kumbhakar and Lovell
2000). To address heteroscedasticity in an SFA
function, one can account for the key drivers of
the variation when estimating the efficiency term.
This is done by estimating a simultaneous regres-
sion on the SFA function, the inefficiency term,
and the random noise term. In this study, the
variation in the inefficiency term u; driven by het-
eroscedasticity is controlled for by regressing u; on
the total number of water connections served by
each utility (total connections in this regard is the
sum of metered and unmetered water
connections).

U = o + (lel’lCONi + 8,‘ (10&)

This will ensure that the size of each utility is
accounted for, minimizing the impact of size on
the efficiency estimates. Likewise, we also control
for heteroscedasticity in the noise termv; by regres-
sing v; on the total population served by each water
utility.

Vi = o + (le?’lPOP,' + 8,‘ (10b)

Despite earlier studies raising concerns over mod-
elling both u; and v; as being heteroskedastic, lit-
erature provides that if heteroskedasticity is utility
specific, one can express the heteroskedasticity in

u; and v; as functions of utility specific variables
(Kumbhakar and Lovell 2000). In doing this, one
controls for bias estimates that could have ema-
nated from heteroscedasticity in the noise term,
and biased efficiency scores because of heterosce-
dasticity in the inefficiency term. We present
results from both the method of moments (MM)
and pseudolikelihood (PSL) estimators of StoNED.

IV. Data

The sample in our study comprises cross-sectional
data for the 2013/14 period for 102 water utilities.
We could not include all 152 water utilities, due to
missing data; nor could we use panel data for other
periods, due to too many gaps in the dataset. The
period we are using for our analysis had the most
complete data. As is the case in Dong, Hamilton
and Tippett (2014), where input and output vari-
ables are defined, treating Chinese banks as multi-
product firms that employ inputs X; at given prices
W; that minimize total costs (TC;) to produce out-
puts Q;, this study treats South African water uti-
lities in exactly the same manner. Our study uses
a single input (TC;) with three outputs
(Qi, MAINS;, CON;) and an environmental vari-
able (POP;), used to control for heterogeneity in
the operating environments of the utilities.
Kuosmanen (2012) also uses the same variables in
the context of electricity distribution utilities.

Total cost (TC) is the total water-related operat-
ing cost for each water utility and is expressed in
South African Rands,” and comprises both direct
and indirect costs resulting from bulk water pur-
chases, labour, interest on capital, depreciation of
fixed assets, and other general expenditure. In the
context of this study, total cost is used as the only
input variable, and water utilities are expected to
minimize cost, given output variables.

Water output (Q) is the total quantity of water
supplied by each water utility. The authorized con-
sumption expressed in kilolitres (kl) per annum is
used to account for water output. Total connec-
tions (CON) are the total number of metred and
non-metered water connections for each utility.

2)ustifications for the selection of these variables are given in section VI of the study.
3The Rand is the South African currency. As of 31 March 2020, US$1 = ZAR17.80. For easy understanding by international readers, monetary figures in this study

will be presented in USS.



The connections variable shows the number of
water consumer units for a water utility and is
used as one of the three output variables. Length
of mains (MAINY) is the total length in kilometres
of the water pipes owned by each water utility
during the year. This shows the distance that the
water moves, from point of extraction to the last
consumer for each water utility. The variable is
used as one of the three output variables.

Population (POP) is the number of people
served by each utility. The hypothesis is that the
total cost of providing water services is likely to be
higher for utilities with higher population figures.
As such, this variable is used as an exogenous
variable necessary to control for heterogeneity. In
the literature, population is used extensively to
control for heterogeneity (see Baranzini, Faust,
and Maradan 2008; Filippini, Hrovatin, and Zori¢
2008). Table 1 presents the summary statistics of
the variables used in the analysis.

Table 1 reveals that water distribution in South
Africa is heterogeneous. The distinctions in size are
evident from the statistics provided. Our sample
contains all the categories of water utilities (i.e. city,
big-town, small-town and rural water utilities).
City and big-town water utilities serve huge popu-
lations, because they have urban cores that are
highly populated due to urbanization, which is
prevalent in South Africa. On the other hand, uti-
lities serving small towns and rural areas are rela-
tively poor and have low densities in terms of
population distribution. For such utilities, popula-
tion levels may be relatively less and the number of
water connections relatively few. However, the
length of the mains and the total cost of providing
water services may be relatively large because water
is distributed across widely spaced household units.
Total costs are higher in large water utilities, due to
larger population sizes and many connections.

The implication of these variations is that they
affect the selection of efficiency-analysis tools, and

Table 1. Descriptive statistics.
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how the selected tools are used. The most applic-
able estimation tools in such heterogeneous sam-
ples are SFA and StoNED because of their ability to
separate and control for noise (Andor and Hesse
2014; Kuosmanen, Saastamoinen, and Sipildinen
2013). If one decides to use DEA, as Brettenny
and Sharp (2016), did, one needs to carefully sepa-
rate water utilities according to their sizes and
operating environments. This is because DEA is
more susceptible to the influence of outliers (see
Banker and Chang 2006) and is likely to make
utilities serving lower population numbers appear
relatively more efficient, while utilities serving
higher population numbers are deemed relatively
less efficient. This is probably due to smaller utili-
ties with smaller inputs being compared to larger
utilities. Such results highlight the importance of
accounting for utility size, given the heterogeneous
nature of South African water utilities.

V. Results and discussion

This section presents results estimated using
StoNED, SFA, DEA and the naive method of aver-
aging (NMA), which averages scores from SFA and
DEA. Table 2 presents the utility-specific estimates
of the average marginal values for the six utility
categories. The average marginal values based on
StoNED MM are presented at the top and average
marginal values based on StoNED PSL are pre-
sented at the bottom.

The table shows the estimated beta coefficients
which are interpreted to mean that a unit increase
in the quantity of water supplied by a ‘category A’
municipality increases total cost by about 0.4.
Thus, a 10% increase in the quantity of water sup-
plied increases the total cost by about 4%. This
relationship is consistent in both StoNED MM
and StoNED PSL. Slight variations are only noted
across utility categories where the impact of the
quantity of water on total cost is relatively higher

Variable Description Mean Std. Dev Min Max
TC Total cost (thousand USS) 16 067 45 674 56 302 247
Q Quantity of water (thousand kilolitres) 22 700 56 700 350 352 000
CON Total number of connections (number) 73 543 130 269 2 306 713143
MAINS Length of mains (kilometres) 1485 2 593 46 12 479
POP Population served in thousands (number) 413 801 1" 4500

Ample size (N) =102 water utilities.



4478 e G. MURWIRAPACHENA ET AL.

Table 2. StoNED marginal values by utility category.

Category N Quantity Mains Connections Population
StoNED MM

A 8 0.409 0318 0.133 0.506
C 12 0.479 0.369 0.198 0.417
B1 17 0.456 0.237 0.183 0.512
B2 17 0.418 0.231 0.189 0.589
B3 46 0.576 0.173 0.178 0.729
Average 0.505 0.235 0.180 0.617
StoNED PSL

A 8 0.409 0.133 0.318 0.506
C 12 0.479 0.198 0.369 0.417
B1 17 0.456 0.183 0.237 0.512
B2 17 0.418 0.189 0.231 0.589
B3 46 0.576 0.178 0.772 0.729
Average 0.505 0.180 0.534 0.617

in smaller utilities (categories B3 and B4). In gen-
eral, beta coefficients are similar across the two
StoNED estimators.

Subsequently, we present the marginal values
estimated from the SFA and compare whether the
estimates are consistent with those reported in
StoNED. Unlike in StoNED where utility specific
coefficients are given for each variable, SFA gives
aggregated marginal values. As explained earlier,
we applied a half normal SFA model specification
and controlled for heteroscedasticity, in both the
noise term and the inefficiency term. The marginal
values estimated by this method are presented in
Table 3.

SFA results show quantity and length of mains
and population to be significant variables that are
positively related to total cost. This relationship
suggests that an increase in any of these variables
will result in an increase in the total operating cost.
For example, a unit increase in ‘quantity’ increases
the total cost by about 0.5. Thus, a 10% increase in
‘quantity’ leads to about 5% increase in the total
cost of providing water services. Except for the

Table 3. SFA marginal values.

Total Cost Coefficient Std. Err. p-value
Quantity 0.528%** 0.137 0.000
Connections —-0.150 0.193 0.436
Length of mains 0.457%** 0.189 0.016
Population 0.505%** 0.164 0.002
_cons 1.663 1.267 0.189
Noise term

Population —0.543%** 0.143 0.000
_cons 5510 1.646 0.001
Inefficiency term

Connections —0.656*** 0.264 0.013
_cons 5.357 2.737 0.050

Observation (N) = 102. Std. Err = standard errors. *** = significance at 1%
level (i.e. p < 0.01).

number of connections which has a negative
(though insignificant) coefficient, the marginal
values reported by SFA are within the same range
of magnitude as those reported by the two StoNED
estimators. This implies some consistency in the
frontiers estimated by both StoNED and SFA.

After the frontier estimates, we compare the
efficiency scores generated by each technique.
This done with the intention to provide a deeper
understanding of the performance of each techni-
que based on the efficiency scores it generated.
Table 4 provides the summary statistics of the
efficiency scores generated by each technique.

Table 4 shows that the average efficiency scores
for the 102 water utilities range from 0.447 in DEA
to 0.680 in StoNED MM. For StoNED MM, the
average efficiency score means that on average,
water utilities are 68% efficient (i.e. 32% ineffi-
cient). This implies that utilities could reduce
their operating costs by 32% and still afford to
supply the same quantity of water, serve both the
same population and number of connections.
StoNED MM recorded considerably higher scores
in terms of the mean, median and the minimum
relative to the other techniques. This could be
because StoNED takes the noise term explicitly
into account and captures heterogeneity of firms
and their operating environments using the con-
textual variable z, which is omitted in SFA and
DEA (Johnson and Kuosmanen 2015; Kuosmanen
2012; Kuosmanen, Saastamoinen, and Sipildinen
2013).

Another key statistic Table 4 that can shed light
on the performance of each model is the standard
deviation. This expresses how much the utility-
specific efficiency scores vary from the mean
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Table 4. Summary statistics of efficiency scores based on each estimation technique.

Mean Std. Dev Median Minimum Maximum
StoNED (MM) 0.680 0.080 0.705 0.392 0.762
StoNED (PSL) 0.529 0.146 0.563 0.016 0.725
SFA 0.662 0.139 0.659 0.223 0.896
DEA 0.447 0.280 0.355 0.095 1.000

score. StoNED MM reported the lowest standard
deviation of 0.080, while SFA reported a standard
deviation lower than the one reported in StoNED
PSL. If standard deviations were to be used to
indicate each model’s ability to control for hetero-
geneity in the sample, it would be argued that
StoNED MM controlled heterogeneity better than
the other techniques. To give details on how the
efficiency scores for all utilities in the sample were
distributed around the mean, we use histograms to
illustrate utility-specific efficiency scores. Figure 1
presents the frequency distribution of efficiency
scores generated by each technique for all water
utilities.

Figure 1 shows that efficiency scores generated
by StoNED MM had less variation compared to
scores from the other techniques. Only five utilities
reported efficiency scores of less than 0.5 under
StoNED MM. The five utilities are smaller local
municipalities that are predominantly rural. All
the other utilities reported efficiency scores closer
to the mean of 0.680 reported under StoNED MM.
On the other hand, StoNED PSL had thirty-two
(32) utilities with scores below 0.5 with greater
variations from the mean of 0.529 noted in the
sample. The 32 utilities that reported efficiency
scores of less than 0.5 include one metropolitan
and four district municipalities. In terms of SFA,
eleven utilities had efficiency scores below 0.5, and
these were predominantly smaller municipalities
and two district municipalities. SFA also reported
efficiency scores that considerably varied from the
technique’s mean of 0.662.

Meanwhile, DEA reported sixty-seven (67)
utilities with efficiency scores of less than 0.5
and very high variations of scores from the
reported mean of 0.447. DEA identifies utilities
on the frontier and benchmarks the rest of the
sample relative to those on the frontier (Lim and
Zhu 2015; Luo, Bi, and Liang 2012). In this
context, 7 utilities were identified as on the

frontier with an efficiency score of 1 (i.e. they
were 100% efficient). Thus, while the VRS prop-
erty of DEA managed to control for heterogene-
ity in the sample, there could be other factors
determining efficiency under the DEA technique.
Although the standard deviation can shed light
into the distribution of efficiency scores under each
model, Cheng, Bjorndal, Lien and Bjorndal (2015)
argue that the statistic is not a proven scientific
indicator of performance. To understand the true
performance of each method, other less subjective
approaches may be adopted. Since efficiency
benchmarking using these methods is not yet
adopted in the South African water sector, we
follow Kuosmanen, Saastamoinen and Sipildinen
(2013) and use scatter plots to compare the perfor-
mance of the techniques used in this study. Figure 2
provides different panels where the efficiency
scores generated by each model are compared.
Each panel shows the pair of efficiency scores
obtained from two technique. Almost all points in
panel A are above the 45° line, indicating that
StoNED MM produced efficiency scores that were
greater than those reported from StoNED PSL.
Panel B shows that StoNED MM produced more
scores higher than those reported from DEA, while
panel C shows some closer distribution of scores
between StoNED MM and SFA even though
StoNED MM seemed to have slightly more scores
that were greater than those reported in SFA. Panel
D shows that SFA produced more scores greater
than those reported from StoNED PSL, while panel
E shows StoNED PSL having more scores greater
than scores from DEA. Lastly, panel F indicates
that SFA had more scores greater than those
reported from DEA, although DEA had some
scores that were greater than those reported in
SFA. The major implication of these comparison
lies within the cost reduction targets for utilities
given the efficiency scores generated by each
model. Techniques that produced higher efficiency
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Figure 1. Frequency distribution of efficiency scores per estimation technique.

scores imply less cost reduction targets for utilities
compared to those that produced lower scores.
Since South African municipalities are
grouped into different categories, depending on
the population dynamics served by each

municipality, it is important to also understand
how each municipal category performed in
terms of efficiency scores based on each estima-
tion technique. The average efficiency scores for
each municipal category (except for B4 local
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Figure 2. Comparison of utility-specific efficiency scores generated by each technique.

municipalities) under each given method are
presented in Table 5.

The general summary of these results is fourfold.
First, StoNED PSL generates lower efficiency scores

for bigger utilities serving larger population sizes
and reports moderate scores for smaller utilities
compared to the other techniques. Second, SFA
generates the highest efficiency scores for bigger



4482 (&) G.MURWIRAPACHENA ET AL.

Table 5. Average efficiency scores for each municipal category in each estimation

technique.
A C B1 B2 B3
StoNED MM 0.712 0.676 0.703 0.707 0.662
StoNED PSL 0.580 0.498 0.565 0.587 0.497
SFA 0.845 0.698 0.728 0.660 0.596
DEA 0.714 0.517 0.359 0.335 0.464
N 8 12 17 17 47
Table 6. Kruskal-Wallis equality rank test results.
DEA SFA StoNED MM StoNED PSL
Category Obs. Rank Sum Rank Sum Rank Sum Rank Sum
A 8 629.00 746.00 493,00 494.50
B1 17 690.00 1118.00 982.50 983.00
B2 17 698.00 820.00 1105.50 1104.00
B3 47 2 532.00 1 705.00 212250 2 129.00
C 12 695.00 779.00 537.50 530.50
Chi? with ties 14.086 36.276 9.820 9.834
Probability 0.015 0.0001 0.081 0.080

utilities and reports moderate scores for relatively
smaller utilities compared to the other techniques.
Third, DEA generates the least efficiency scores for
smaller utilities and reports moderate scores for
bigger utilities relative to the other techniques.
Finally, StoNED MM reports moderate efficiency
scores for bigger utilities and generates the highest
efficiency scores for smaller utilities compared to
the other techniques. The general implication of
these findings is that the operating environment
is an important factor to consider before selecting
the best technique for water utility efficiency ana-
lysis. Efficiency analysis techniques that reported
moderate scores under each utility category are
preferred to those that either reported the highest
or the least scores.

We further performed hypothesis tests to com-
plement the varied results produced by each tech-
nique under each municipal category. To do this,
the Kruskal-Wallis equality rank test (Kruskal and
Wallis 1952) which tests the hypothesis that sev-
eral samples are from the same population was
used. Table 6 shows the Kruskal-Wallis test
results.

Results from DEA and SFA confirm the exis-
tence of heterogeneity in the sample and the inabil-
ity of the two methods to sufficiently control it.
Meanwhile, the two StoNED techniques were
robust in controlling heterogeneity across munici-
pal categories as evidenced by the statistically insig-
nificant p-values which suggest that there are no
significant differences among the efficiency scores

reported by the two StoNED techniques across the
different municipal categories.

Since one of the main reasons for efficiency analy-
sis is to establish monetary cost reduction targets for
each utility, we examine the impact of each model on
monetary cost reduction targets. To do this, we adopt
the approach used in Kuosmanen, Saastamoinen, and
Sipildinen (2013) where firm-specific efficiency scores
were converted to monetary cost targets through
multiplying the total cost for each utility by the inef-
ficiency score, that is, TC;(1 — TE;). In this context,
TC,; is the total cost for each utility, while TE; is the
cost efficiency score reported for each utility.
Summary statistics on the monetary cost reduction
targets are presented in Table 7.

A comparison of the average cost reduction tar-
gets generated by each method shows that each
method (or estimation technique in the case of
StoNED) yields different targets. StoNED PSL
yielded the highest average cost reduction target
of $6 597 000, implying that if StoNED PSL is
used, utilities in the sample should reduce their
total costs by about $6 597 000. SFA reported the
least average cost reduction target of $3 198 000,
which is almost half the cost reduction target
reported in StoNED PSL. Revelations in Table 7
are consistent with the correlation coefficients esti-
mates presented earlier which showed no correla-
tion in estimates generated by the different
methods. This implies that the choice of method
and technique has an impact on the cost reduction
targets. Such a result was also reported in
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Table 7. Monetary cost reduction targets (thousand USS$).

Mean Std. Dev Median Minimum Maximum
StoNED (MM) 4 605 12 560 693 17 80 697
StoNED (PSL) 6 597 17 715 1056 25 110 427
SFA 3198 6 871 830 13 47 780
DEA 4183 7127 1634 0 46 910

Kuosmanen, Saastamoinen, and Sipildinen (2013).
In the context of our study, using SFA gives less
average cost reduction target compared to using
DEA and StoNED.

The empirical estimation performed in this
study gives some indication on the efficiency scores
generated by each method as well as the impact of
model selection on both efficiency scores and cost
reduction targets. However, literature suggests that
the true performance of each method may not be
sufficiently known from such estimations. To
understand these true performances, studies such
as Andor and Hesse (2014) and Kuosmanen,
Saastamoinen, and Sipildinen (2013) perform
Monte Carlo simulations in addition to the empiri-
cal analysis. Although these are plausible activities
on measuring the real performance of each model,
this study only focused on a comparison of effi-
ciency scores based on empirical analysis.

VI. Conclusion

In this paper, we employ parametric (SFA), non-
parametric frontier (DEA) and semi-non-
parametric (StoNED) approaches on a sample of
South African water utilities, for methodological
cross-checking purposes. SFA generated the high-
est efficiency scores for bigger utilities and moder-
ate scores for relatively smaller utilities. DEA
generated the least efficiency scores for local muni-
cipalities. The study estimated two forms of
StoNED models (i.e. StoNED PSL and StoNED
MM). The former generated the least average effi-
ciency score of 0.497 under B3 local municipalities.
On the other hand, StoNED MM reported moder-
ate scores across all municipal categories. All tech-
niques found metropolitan municipalities to be the
most efficient utilities, suggesting that highly urba-
nized municipalities were relatively more efficient.

Considering the above, we consider StoNED
MM as the most consistent technique. Unlike the

other techniques that report very distinct results
across utility categories, StoNED MM moderated
efficiency scores, managing to sufficiently control
for heterogeneity. When average efficiency scores
generated from StoNED MM are rounded off to
one decimal place, all municipal categories pro-
duced an average efficiency of 0.7. This suggests
that South African municipalities are 70% efficient
or can reduce their cost by 30% and still be able to
provide the same quantity of water across the same
network while serving the same population if they
become efficient. As a result, we consider StoNED
MM as the most suitable technique for a water
distribution sector that is diverse and characterized
with intermittent water supply and indigent con-
sumers who also rely on free basic water services.
Thus, StoNED MM is considered the most robust
technique when benchmarking water utilities in the
context of developing countries where utilities
operate in diverse environments, with distinct bud-
gets, and divergent intermittent water supply.

The major limitation of our study is that it only
used the half normal distribution of the inefficiency
term for SFA. We recommend future research
wishing to compare DEA, SFA and StoNED in
the water sector to include other forms of distribu-
tion for SFA, e.g. exponential, and truncated dis-
tributions. Another limitation is that our study
only focused on an input-oriented DEA that
assumed VRS because South African municipalities
are different and are expected to be at different
levels of production. Therefore, we recommend
that future studies also test other forms of returns
to scale. We further recommend future studies to
also model heteroskedasticity in DEA. Although
literature tends to use conventional DEA, its
input/output data may contain random errors
which may result in distorted efficiency scores
due to statistical noise. Studies like Nithammer,
Mahabir and Dikgang (2022) and Pereira and
Marques (2021) use the double-bootstrap DEA
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which adjusts efficiency estimates downwards
because DEA estimates may be upwardly biased
under the no noise assumption.
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