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Abstract

Benchmarking has been suggested as a useful regulatory tool for water companies in

both developed and developing countries, specially due to the predominance of public �rms

in these sectors. However, in order to be e�ective, the comparisons should re�ect di�erences

in the �rms' performances, rather than capture di�erences in their operating contexts. In

this paper I apply a conditional data envelopment analysis (DEA) benchmarking technique

that speci�cally controls for this, i.e., the conditional DEA approach. As a result, I �nd

that conditioning on the population density in each �rm's area of operation a�ect the

estimated e�ciencies in a signi�cant way. The results are consistent with previous �ndings

in other countries (which use di�erent methodologies), and are new in the case of Peru.

1 Introduction

Providing incentives for the e�cient performance of water companies in developing countries
is a complex issue, not least because of the prevalence of state-owned companies in these
sectors. While the theoretical incentive regulation literature has largely focused on pro�t-
maximizing �rms, empirical studies have simultaneously shown evidence that would contradict
this behavioral paradigm in the case of government-owned �rms.1

The empirical evidence in the water sector, however, points to a slow productivity growth
in most instances, irrespectively of the ownership con�guration. For example, Saal et al. (2007)
found increased technical change in the UK in the years following the privatization, but, also,
equally signi�cant e�ciency losses in the newly-privatized water and sewerage companies, sum-
ming up to a non-existent net e�ect .2 In the case of Peru, where the companies have not been

∗Jr. Daniel Alomía Robles 125, Santiago de Surco, Lima, Perú. T: +(51 1) 626-7100, Ext. 7185. E-mail:
jgdiazg@pucp.pe

1For example, Dewenter and Malatesta (2001), studying a very heterogeneous sample of �rms in several
sectors, �nd that government-owned �rms are signi�cantly less pro�table than private �rms, and tend to be
more labor intensive. On the other hand, Seim and Waldfogel (2013), in study about of liquor retail stores,
conclude that the behaviour of the public monopoly is best rationalized as �pro�t maximization with pro�t
sharing�.

2Portela et al. (2011) extended the analysis for the period 1993-2007, and even �nds a decline in productivity
starting in 2005.
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privatized, Lin and Berg (2008) did �nd some productivity growth in the period 1998-2002
(mostly from technical change, no e�ciency gains), but very modest.3

Therefore, the question of how to provide incentives for e�cient performance to public
companies remains open. One common approach taken by the regulatory agencies, as in Peru,
has been the use of publicly benchmarking the companies in the sector, with the hope that
the public pressure from stakeholders provide the incentives for e�cient performance. In fact,
in the case of Netherlands, De Witte and Saal (2010) found a positive e�ects on prices and
e�ciency from this simple approach, named as �sunshine regulation� by the authors.

The objective of this study is to contribute to this literature by proposing a method, within
the DEA framework, to benchmark the productive e�ciency of the �rms in the Peruvian water
sector, but taking into account the heterogeneity in the operating context that the companies
face. As suggested by Berg and Lin (2008), �to be of use to regulators (...), and to be accepted
by other stakeholders, performance comparisons must be robust to promote con�dence that
the performance rankings do indeed re�ect managerial skill rather than accidents of geography
or history� (p. 794). Although DEA as a benchmarking technique has been proposed and
implemented in previous studies (Berg and Lin, 2008; Lin, 2005), these studies did not take
into account the heterogeneity in the �rms' operating contexts.

In the context of input-oriented e�ciency analysis, this means that input usage requirements
can be di�erent in di�erent operating contexts. For example, in cities with low population
density, the amount of inputs (i.e., length of water network) required to reach a certain output
level can be higher than in more highly densely populated areas. In this sense, the ideal would be
to perform the comparison conditional on having relatively similar levels of population density.
This is precisely the objective of the conditional DEA method, proposed in Daraio and Simar
(2005). In order to keep the practical applicability at a simple level, this method is applied
within a deterministic DEA approach.4

The previous literature in the Peruvian case suggest the importance of the contextual (also
called �environmental�) heterogeneity, beyond the control of the �rms, to partially explain
di�erences in performance. Corton (2003), for example, shows that the number of districts in
the area of operation and the natural region where the �rm is located are statistically signi�cant
to explain the variation in operating costs (controlling for length of mains).

The concern in controlling for the heterogeneity of the operating context is shared with
studies about other countries. For example, Tupper and Resende (2004) proposed a regression-
based method to clean the e�ect of contextual variables on the estimated e�ciencies (they take
away the variation explained by the contextual variables, using a Tobit regression model), and
applied it to the water sector in Brazil. The main di�erence between their methods and the
ones applied here is that the conditional DEA methodology does not impose parametric con-
straints on the relation between the contextual variable and the unconditional DEA estimated
e�ciencies.

In regards to the empirical evidence in developed countries, DeWitte and Saal (2010) applied
the method proposed in this study for the Dutch case, but under an stochastic DEA framework.
They also found important to condition the DEA estimates on the population density. Similarly,
Vidoli (2011) applied a novel nonparametric method to evaluate the dependency of the e�ciency
estimates on contextual variables in the Italian case, and �nds a predominant role to the
population density.

3Also, Estache et al. (2005) concludes that there is scant evidence of any di�erential overall performance
between public and private operators in the water sector, after surveying productivity studies in developing
countries.

4Berg and Lin (2008) show that deterministic DEA can be considered a robust benchmarking technique in
the Peruvian case, by showing that the performance rankings produced with this technique are not too dissimilar
to those produced with stochastic DEA techniques, theoretically more robust to outlier observations.
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The remaining of the paper is organized as follow: Section 2 brie�y describes the main
institutional features of the water industry in Peru, Section 3 describes the benchmarking
methodologies applied, Section 5 describes the details of the model speci�cation, as well as the
main features of the data at hand, Section 5 presents the main results, and Section 6 concludes.

2 The Water Sector in Peru

The water and sewage sectors in Peru are a decentralized system, formed by the municipality-
owned companies that are under the supervision of SUNASS (Superintendencia Nacional de
Servicios de Saneamiento), the agency in charge of regulating the operation of the �rms in the
sector.

Starting in 1999, SUNASS established a benchmark system to evaluate the performance
of the companies under its supervision. This system was based, originally, on nine indicators,
grouped into four areas:5 quality, coverage, management e�ciency, and managerial �nance
e�ciency. The indicators are expressed as a percentage, and averaged (with equal weight).
Finally, the �rms are ranked according to the score obtained within four groups, determined
by the number of connections (small, with less than 10,000 connections; medium, with between
10,000 and 40,000 connections; and big, with more than 40,000 connections). See the results
of the benchmarking for 2013 in Table 3, in Appendix A.

Berg and Lin (2008) evaluate the consistency of SUNASS's benchmarking method, in com-
parison to other frequently-used methodologies, such as regression, DEA (deterministic and
stochastic), and stochastic frontier. The advantage of the alternative methodologies is that,
generally, they consider the role of each indicator as either input, output, or �contextual� vari-
able - that is, variables that characterize the operating environment of the �rm, i.e., (1) they
are outside the control of the �rm, and (2) a�ect either input usage, or output production.6

Given the above discussion, unsurprisingly, the study found that the DEA and SFA-based
methods generally produce consistent rankings, di�erently to those of the SUNASS and regres-
sion methods. In particular, the authors trace the major di�erences between methodologies that
acknowledge input-output causality relations and SUNASS's simple benchmarking methodol-
ogy in units that, although show low output levels, also show low input usage. These units
would obtain low scores by de�nition under the simple average of SUNASS's indicators. The
optimization-based techniques, on the other hand, would recognize that some of this output
performance might be explained by the low availability of inputs.

I extend the deterministic DEA methodology used in the previous study, by incorporating
the in�uence of the �rms' context of operation. In particular, I consider the in�uence of the
population density, given the extensively documented economies of density present in the sector
- see De Witte and Saal (2010), Vidoli (2011).

3 Methodology

Consider a vector of inputs, X ∈ Rp, used to produce a vector of outputs, Y ∈ Rq. Then, the
production set is de�ned as: Ψ = {(x, y)|x can produce y}. In this context, the Farrell's radial
input e�ciency measure for a DMU using input vector x to produce output y can be de�ned

5The number of indicators has risen in recent years, so that, for example, thirteen indicators were used in
the 2013 benchmarking exercise.

6Besides the previously referenced studies, see also Thanassoulis (2000), for a review of the use of DEA
techniques in the regulation of water companies in the UK.
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as:

θ(x, y) ≡ inf{θ|(θx, y) ∈ Ψ}

This is an input-oriented e�ciency measure: it calculates the maximum proportional (i.e.,
radial) decrease in input usage, θ, that is technically feasible while keeping the production
vector y constant.

DEA is an empirical way to assess the Farrell input e�ciency of a �rm, relative to the
observed performance of a group of comparable �rms, or peers. That is, DEA takes all the
units' input and output combinations and use them to form an empirical set of production
possibilities, Ψ̂. This set reveals what combinations of inputs and outputs are possible, given
the observed input-output combinations of the real units (plus additional assumptions speci�ed
below). Given that it assess the unit's e�ciency based on the observed performance the �rm's
peers, DEA can be seen as a benchmarking tool.

To be more concrete, consider the following typical assumptions for the empirical production
possibilities set, Ψ̂, under the DEA approach:

• Convexity: given two observed input-output con�gurations, any linear combination of
them also belongs to Ψ̂.

• Free disposal: given an input-output con�guration in Ψ̂, any other con�guration with
either lower output or higher input also belongs to Ψ̂.

• Constant (CRS) or variable (VRS) returns to scale: under CRS any input-output con-
�guration in Ψ̂ is scalable, that is, it can be implemented any number of times. Under
VRS, this is not the case.

Now consider a group of decision-making units (DMUs), j = 1, ..., J . Under the previous as-
sumptions, the CRS and VRS empirical production possibilities can be determined in reference
to the observed performance of all the units in the group, as follows:

Ψ̂CRS = {(x, y) ∈ RM+P
+ | x ≤

∑
j∈J

λjxj, y ≥
∑
j∈J

λjyj, λj ≥ 0, ∀j ∈ J}

Ψ̂V RS = {(x, y) ∈ RM+P
+ | x ≤

∑
j∈J

λjxj, y ≥
∑
j∈J

λjyj,
∑
j∈J

λj = 1, λj ≥ 0, ∀j ∈ J}

Then, the DEA input usage e�ciency can be calculated by applying Farrell's e�ciency
de�nition to any of these production possibilities sets (under the CRS or VRS assumption,
respectively). For example, under the VRS assumption, a �rm i with observed input-output
con�guration (xi, yi) has an input usage e�ciency of:

θV RS
i ≡ θV RS(xi, yi) = inf{θ|(θxi, yi) ∈ Ψ̂V RS}

For example, if θV RS
i = 0.7, it would mean that DMU i could reduce its inputs usage by

up to 30% (in every input dimension), and still be able to produce the same output vector yi.
A fully input e�cient unit would have θV RS = 1 (no proportional input reduction is possible).
This would mean that there is no other unit in the sample (or linear combination of them)
that produces the same level of output, with a lower amount of inputs. As can be seen, this is
a relative measure of e�ciency because it de�nes e�cient performance based on the observed
performance of other units, not up to an ideal or absolute standard of e�ciency.

Notice that the previous de�nition considers all the units as comparable. However, what
if the contexts in which the units operate are too di�erent? In the case of water distribution,
it could be very di�erent to provide the service in cities with di�erent population densities.
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Arguably, it could be much less input-demanding to increase the coverage of the service in
cities with higher population density. More generally, consider a contextual variable Z, that
captures this diversity. One would want to compare cities with relatively similar values of this
variable. Consider a �rm i, with input-output con�guration (xi, yi) and contextual variable zi.
We can de�ne a production possibilities set, conditional on the value of its contextual variable
zi (I only present the CRS case for brevity):

Ψ̂CRS(zi) = {(x, y)| x ≤
∑
j∈J

λjxj, y ≥
∑
j∈J

λjyj, λj ≥ 0,

∀j ∈ J such that zi − h ≤ zj ≤ zi + h}

In this de�nition, the comparison set for unit i is formed following a similar procedure as before,
but now considering only the units (indexed as j) that have a value zj within a distance h of
zi. That is, the comparison group here considers units with a relatively similar value of z
(the similarity is controlled by appropriately choosing the bandwidth parameter, h). Following
Daraio and Simar (2005), we denote this as a conditional DEA e�ciency index.

4 Model Speci�cation and Data

I study the performance of 43 �rms from 2006 to 2013, which is the full set of �rms operating
in the sector with the exception of the �rm operating in the capital city, SEDAPAL, and a few
small companies (due to missing data). This �rm is excluded because its operating environment
is radically di�erent from the rest of the country: it serves almost 1.4 million active connections,
compared to an average of 38 thousand for the �rms in other cities. Given that having such
a di�erent observation in the sample may distort the performance comparisons, it is therefore
excluded.

In order to deal with the panel data structure, I pool the information for all the years
and calculate a single e�cient frontier. In this way, the observed performance of every unit
is compared to a single benchmark, which is intended to be formed by the best observed
performances along all the years in the sample. With this practice I follow Estache et al.
(2004) in their study of electric utilities in South America, as well as previous studies about
the Peruvian water sector speci�cally, such as Berg and Lin (2008).

I also follow the last study, as well as the applied literature in the sector and in this industry
in particular (Corton, 2003; Lin, 2005), to specify the inputs and outputs of the production
model. The list of inputs includes the operating costs, the number of employees and the
total length of the distribution network. The operating costs are used as a proxy for the use
of intermediate inputs in the production and delivery process, while the number of employees
measure the amount of labor (given the absence of more precise measures of labor input usage),
and the length of the distribution network proxies the amount of the capital input utilized (given
the usual problems in measuring capital).

Regarding the outputs, the list include the total amount of water billed, the coverage ratio,
and the degree of continuity of the service. This intends to capture not only output, but also
quality dimensions (Lin, 2005; Picazo-Tadeo et al., 2008). For example, the amount of water
billed indirectly measures a (negative) dimension of quality, such as the amount of water losses
in the network. This problem is regarded as highly relevant in the Peruvian case (Berg and Lin,
2008) - e.g., by 2013 only around 65% of the water produced was actually billed, in average for
all operators.

The other two variables included as outputs, the coverage and continuity of the service
provision, can be seen as fully quality indicators. As shown in Lin (2005) (a benchmarking
study, in the stochastic frontier analysis framework), these variables seem to have a signi�cant
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Figure 1: Histogram of Population Density

incidence on the �rms' operating cost e�ciencies in this sector. I consider, therefore, fruitful
to include them also as determinants of productive e�ciency. The coverage is calculated as
the ratio between the estimated population served by the operator, and the total amount of
population within the area of service. Continuity is measured as the average number of hours
that the service is operating on a daily basis.

Table 1: Summary Statistics

Mean St. Dev. Min Max
Outputs

Water Billed (m3) 7766287 9067781 348231 44531840
Coverage (%) 83 12 29 100
Continuity (hs/day) 15 6 0 24

Inputs

Operating costs (S/.) 11275086 16503797 260677 92253000
Workers 132 144 2 740
Total water network length (kms) 336 388 28 2044

Context

Population density (habs/km) 627 255 82 1662

Table 1 shows the summary statistics of the aforementioned variables. Notice that there
is still a considerable degree of heterogeneity left in the sample, in spite of having excluded
the operator in Lima and those with a high degree of missing information (mostly very small
networks). In particular, the population density (our proposed determinant of the operating
context) has a big range of variation, from 82 to 1662 inhabitants by kilometer of water network.
Figure 1 shows an histogram for this variable, which illustrates the high heterogeneity present
in the sample. This suggests that the di�ering contexts could be relevant to explain part of the
observed operating performance.
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Figure 2: Histogram of DEA E�ciency Scores (VRS)

5 Results

The Table 2, and Figures 2 and 3, show the statistics and histograms, respectively, of the DEA
e�ciency scores calculated under the VRS and CRS assumptions - the detailed results for every
�rm in every year are shown in Tables 4 and 6 in Appendix A. It is important to remember at
this point that the e�ciency assessments are relative: a fully e�cient �rm under this approach
(i.e., with an e�ciency score of 1) does not necessarily mean that the �rm is technically fully
e�cient, but only than its performance is the best of the pool of �rms under evaluation.

The distribution of the unconditional e�ciency scores in both, the VRS and CRS cases,
show an ample variability (particularly in the CRS case, as expected). Taken at face value, the
VRS results imply that at the average observed performance (0.788), input usage could have
been decreased by 21.2% in every dimension without a�ecting the output and quality produced,
only taking as a reference the observed performance in the sample chosen. In the CRS case,
given the more ample distribution, the average performance is of only 0.588.

Table 2: E�ciency Scores Statistics

Mean St. Dev. Min p25 p50 p75 Max
Unconditional

CRS 0.588 0.221 0.234 0.416 0.507 0.767 1.000
VRS 0.788 0.206 0.262 0.658 0.830 1.000 1.000

Conditional

CRS 0.797 0.193 0.387 0.639 0.830 1.000 1.000
VRS 0.901 0.145 0.441 0.837 0.994 1.000 1.000

The distribution of the conditional DEA estimates are, naturally, less disperse - this is
expected because with conditional DEA each performance is compared only to a subset of the
sample, those observations with similar levels of population density. In both the CRS and
VRS cases, the average e�ciency increases substantially. In the CRS case it reaches 0.797 (up
from 0.588 in the unconditional DEA), while in the VRS case is now 0.901 (up from 0.788).
That is, the distance between the observed best and worst performances could be explained in
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Figure 3: Histogram of DEA E�ciency Scores (CRS)

a signi�cant degree by di�erent contexts in which the �rms perform. The detailed calculated
scores are presented in Tables 5 and 7 in the Appendix A.

To get a sense of how much the context of operation could be a�ecting the production
possibilities of the �rms, I compare the ratio of the unconditional over the conditional DEA
scores with the population density. Figures 4 and 5 plots these observations (denominated as R
in the �gures), along with a non-parametric (lowess) regression estimate. The ratio of the DEA
e�ciency scores measures the distance between the unconditional and conditional production
possibilities (Ψ̂ and Ψ̂(z) in the methodological section). When the ratio is closer to one it
means that the both estimates are exactly equal, so conditioning on the context would not
a�ect the production possibilities of the �rms. The farther the measure deviates from one, on
the contrary, would mean that there is a signi�cant e�ect. We can see that in both the CRS
and VRS cases there seems to be positive relation between the ratios and population density,
stronger in the CRS case. We can interpret this as saying that low population densities seem
to a�ect the production possibilities of the �rms.

6 Conclusions

In this study I applied production performance benchmarking techniques, within the DEA
framework, to compare the input usage e�ciency of the water companies in Peru. The advan-
tage of the DEA approach is that it does not only compares output and quality performance
across companies, but also takes into consideration the input usage level. As noticed by Berg
and Lin (2008), simple performance measures, like those used by SUNASS, mostly omit the
input side of the production process.

On the other hand, in the DEA approach it could be complicated to account for the di�erent
contexts in which the companies operate, in comparison to regression methods, for example.
At the same time, there is also the concern that the perceived di�erential performance could
actually be explained in some degree by these di�ering contexts (Tupper and Resende, 2004).
In this study I apply an extension of the usual input-oriented DEA benchmarking methodology
to account for the possibly di�erential contexts. The conditional DEA method (Daraio and
Simar, 2005) relies on comparing units with approximately similar contexts of operation, where
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Figure 4: Ratio of Unconditional over Conditional DEA versus Population Density (CRS)

Figure 5: Ratio of Unconditional over Conditional DEA versus Population Density (VRS)
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this is quanti�ed by a so-called �contextual variable�.
I calculated conditional DEA scores by conditioning on the population density in the area

of operation of each company. I �nd that controlling for the context of operation in this way
a�ects in an economically signi�cant amount the calculated e�ciencies, and therefore can a�ect
the performance benchmarking of water companies in Peru.
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A E�ciency Scores

In this section I present the e�ciency scores calculated by SUNASS, as well as those calculated
with the DEA methodologies proposed in this study - under the CRS and VRS assumptions.
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Table 3: SUNASS's E�ciency Scores

Source: SUNASS (2013).
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Table 4: E�ciency Scores: Unconditional DEA (CRS)
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Table 5: E�ciency Scores: Conditional DEA (CRS)
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Table 6: E�ciency Scores: Unconditional DEA (VRS)
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Table 7: E�ciency Scores: Conditional DEA (VRS)
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