
Sustainable Development, 2026; 0:1–15
https://doi.org/10.1002/sd.70797

1

Sustainable Development

RESEARCH ARTICLE OPEN ACCESS

Water-Energy Nexus: Benchmarking the Energy Efficiency 
of Drinking Water Treatment Plants Accounting 
for Heterogeneity
Alexandros Maziotis1  |  Maria Molinos-Senante2,3

1School of Business, New York College, Athens, Greece  |  2Institute of Sustainable Processes, Universidad de Valladolid, Valladolid, Spain  |  3Department of 
Chemical Engineering and Environmental Technology, Universidad de Valladolid, Valladolid, Spain

Correspondence: Maria Molinos-Senante (maria.molinos@uva.es)

Received: 21 October 2025  |  Revised: 19 January 2026  |  Accepted: 2 February 2026

Keywords: drinking water treatment | energy efficiency | heterogeneity | latent class analysis | potential energy savings | stochastic frontier analysis

ABSTRACT
The assessment of energy efficiency in water facilities is receiving increasing attention as a key strategy in the transition toward 
an energy-neutral urban water cycle. This study evaluates the energy efficiency of 146 drinking water treatment plants (DWTPs) 
in Chile by applying a latent class stochastic frontier analysis (LCSFA) to account for both observable and unobservable sources 
of heterogeneity. Unlike traditional models that assume homogeneity across units, the LCSFA approach identified two distinct 
groups of DWTPs with significantly different operational characteristics, pollutant loads, and efficiency profiles. Group 1 exhib-
ited an average energy efficiency score of 0.534, while Group 2 showed a significantly higher average of 0.737. In Group 1, effi-
ciency scores estimated under the pooled frontier are higher than those obtained from the latent class model for 73% of DWTPs, 
whereas in Group 2 the pooled frontier yields lower efficiency scores for 58% of plants. The analysis also revealed substantial 
energy-saving opportunities. Group 1 facilities could reduce energy use by an average of 0.112 kWh/m3, compared to 0.044 kWh/
m3 in Group 2. These findings demonstrate the importance of adopting heterogeneity-aware methods for fair and accurate bench-
marking. The study offers methodological innovation and practical insights for regulators and utility managers aiming to design 
targeted energy efficiency interventions and performance-based incentives in the water sector.

1   |   Introduction

Access to drinking water is a basic human right, a principle 
reinforced by Sustainable Development Goal 6, which aims to 
achieve universal and equitable access to safe and affordable 
drinking water for all by 2030 (United Nations  2010, 2015). 
In this context, energy is an essential input for water utilities, 
enabling the treatment and distribution of drinking water 
(Sowby 2023). Globally, approximately 2.5% of total energy con-
sumption is attributed to drinking water supply systems (Yateh 
et al. 2024). This has significant economic and environmental 
implications, as energy costs can represent up to 40% of a util-
ity's operating expenses (Sowby and Burian  2018). Moreover, 
previous studies have quantified the greenhouse gas (GHG) 

emissions associated with the energy used in water provision 
(Nault and Papa 2015; Smith et al. 2016; Bukhary et al. 2020). 
For example, GHG emissions associated with water supply in 10 
major United States cities have been found to range from 21 to 
560 g CO2 equivalent per cubic meter of water supplied (Sowby 
and Capener 2022).

While all stages of drinking water provision—namely raw water 
abstraction, treatment, and distribution—require energy, the 
greatest share of energy consumption is typically associated 
with the removal of pollutants in drinking water treatment 
plants (DWTPs) (Zhang et al. 2017). Within the framework of 
the water–energy nexus, two main analytical approaches have 
been used to study energy use in DWTPs. On one hand, several 
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studies have focused on quantifying the energy consumed 
during the production of drinking water (Santana et  al.  2014; 
Lam et al. 2017; Chini and Stillwell 2018) expressed in kWh/m3. 
These studies highlighted that energy use in DWTPs is influ-
enced by a variety of factors, including the source of raw water, 
the type and concentration of pollutants, and the treatment tech-
nologies employed (Bukhary et al. 2020; Amaral et al. 2025). On 
the other hand, to better integrate the quality of both raw and 
treated water into performance assessments, alternative stud-
ies have focused on estimating the energy efficiency of DWTPs 
(Molinos-Senante and Guzmán  2018; Ananda  2019; Maziotis 
et al. 2023). This approach enabled a more comprehensive eval-
uation of energy performance by accounting for both inputs and 
treatment outcomes.

In the context of benchmarking the energy performance of 
DWTPs, energy performance has been assessed using several 
distinct but conceptually different approaches. The most com-
mon metric is energy intensity, typically expressed as kilowatt-
hours per cubic meter of treated water (kWh/m3), which provides 
a simple descriptive indicator but does not account for differences 
in water quality, treatment requirements, or operating conditions 
(Rodríguez-Merchan et al. 2021). A second strand of the litera-
ture evaluates relative energy efficiency using non-parametric 
frontier methods such as Data Envelopment Analysis (DEA), 
where utilities are benchmarked against best-performing peers 
based on observed inputs and outputs. While DEA has been 
widely applied due to its flexibility, it is deterministic in nature 
and attributes all deviations from the frontier to inefficiency, 
without explicitly accounting for statistical noise or measure-
ment error (Sala-Garrido and Molinos-Senante  2020; Molinos-
Senante and Sala-Garrido 2018; Ananda 2019). In contrast, this 
study adopts a stochastic frontier analysis (SFA) energy-demand 
framework, in which energy efficiency is defined as the distance 
from a minimum-energy frontier conditional on output and op-
erating characteristics. This approach allows deviations from the 
frontier to be decomposed into inefficiency and random noise, 
providing a statistically grounded measure of energy efficiency. 
Importantly, efficiency is not constructed as a composite index, 
but is derived directly from the estimated stochastic energy fron-
tier. However, SFA requires the specification of a functional form 
for the production/cost frontier, which introduces model struc-
ture assumptions (Longo et al. 2023).

Regardless of whether non-parametric (DEA) or paramet-
ric (SFA) methods are used to assess the energy efficiency 
of water facilities, a critical issue is the homogeneity of the 
decision-making units (DWTPs) being evaluated (De Witte and 
Marques  2009). Both DEA and SFA are frontier-based meth-
ods, meaning that efficiency scores are calculated relative to 
the best-performing units within the sample. In this context, 
comparing units with fundamentally different characteristics—
such as technology, size, or ownership structure—can lead to 
biased or misleading results, akin to comparing “apples and 
pears” (O'Donnell et al. 2008). In the specific context of energy 
efficiency assessment in DWTPs, only Molinos-Senante and 
Sala-Garrido (2018) and Molinos-Senante and Maziotis (2025a) 
have explicitly addressed the issue of unit homogeneity. Both 
studies adopt the metafrontier approach, which involves par-
titioning the sample into pre-defined groups based on observ-
able sources of heterogeneity, such as treatment technology or 

ownership model. Efficiency scores are estimated using group-
specific frontiers, while a common metafrontier is used to en-
able comparisons across groups (Du et  al.  2025). However, a 
major limitation of the metafrontier approach is its reliance on 
a priori knowledge to define groupings. In many cases, analysts 
or regulators may lack sufficient information to accurately iden-
tify the relevant dimensions of heterogeneity. Moreover, hetero-
geneity may stem from unobservable or complex factors, such 
as organizational culture, managerial practices, or local regula-
tory environments, which cannot be easily captured by observ-
able variables (Maziotis and Molinos-Senante 2025). Moreover, 
DWTPs are often influenced simultaneously by multiple over-
lapping sources of heterogeneity, making it difficult to classify 
them into mutually exclusive groups (Amaral et al. 2025). These 
challenges highlight the need for alternative approaches—such 
as latent class models—that allow for data-driven classification 
and better accommodate unobserved heterogeneity in efficiency 
analysis (Sun et al. 2025).

This study aims to address the limitations of conventional en-
ergy efficiency models that assume homogeneity across facilities 
by incorporating unobservable sources of heterogeneity into the 
evaluation of DWTPs using a parametric approach. To illustrate 
the implications of ignoring such heterogeneity, the results of 
the proposed method are compared with those obtained from 
a traditional stochastic frontier model that assumes all DWTPs 
operate under a common production technology. The case study 
focuses on a sample of Chilean DWTPs that vary in terms of 
ownership structure (fully private vs. concessionary utilities), 
water source, and infrastructure age—factors likely to intro-
duce both observable and unobservable variation in energy per-
formance. To account for this, a latent class stochastic frontier 
analysis (LCSFA) was employed, which not only offers meth-
odological advantages but also provides practical insights for 
regulators aiming to design fair, reliable, and context-sensitive 
performance evaluation frameworks.

The main contribution of this study lies in the assessment of 
energy efficiency of DWTPs taking into account both observ-
able and unobservable sources of heterogeneity. Unlike pre-
vious studies that assume homogeneity or rely on pre-defined 
groupings, the LCSFA approach adopted in this study allows for 
data-driven classification of facilities into distinct groups based 
on their underlying production technologies and operating envi-
ronments. See more details of previous studies on Table S1. The 
integration of unobservable heterogeneity in assessing energy 
efficiency of DWTPs offers not only methodological innovation 
but also practical value for regulators and utility managers. By 
comparing the LCSFA results with those obtained from a con-
ventional stochastic frontier model, the study illustrates the 
risks of misclassification and biased efficiency estimates when 
heterogeneity is ignored. The findings provide a robust frame-
work for fair and context-sensitive performance benchmarking, 
enabling more accurate estimation of energy-saving opportuni-
ties and better-informed policy design.

2   |   Methodology

This section describes the methodology used to estimate 
the energy efficiency of DWTPs, accounting for the a priori 

 10991719, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/sd.70797 by U

niversidad D
e V

alladolid, W
iley O

nline L
ibrary on [20/03/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



3Sustainable Development, 2026

unobservable heterogeneity that characterizes the sector. To ad-
dress this issue, we employed a LCSFA model. The choice of SFA 
over non-parametric methods is particularly appropriate in this 
setting, as DWTP energy consumption data are subject to mea-
surement error, short-term operational shocks, and unobserved 
heterogeneity. Moreover, the stochastic frontier framework en-
ables explicit testing of how ignoring heterogeneity, by impos-
ing a single pooled frontier, can bias efficiency estimates, which 
is a central objective of this study (Sala-Garrido and Molinos-
Senante  2020). We first introduce the conventional stochastic 
frontier approach and subsequently explain how this framework 
is extended to capture differences among DWTPs through a la-
tent class specification.

2.1   |   Stochastic Frontier Analysis

SFA is an econometric technique used to estimate the effi-
ciency of decision-making units (water utilities) by separat-
ing random noise from inefficiency in the production process 
(Ben Amor and Mellah  2023). It models deviations from the 
optimal frontier as a composite error term, combining a sym-
metric noise component and a one-sided inefficiency term 
(Murwirapachena et al. 2025). The general form of the stochas-
tic energy frontier is:

where Ei is energy consumption of DWTP i; yi is the vector of out-
puts; � is a vector of parameters to be estimated; vi ∼ N

(
0, �2v

)
 is 

the noise component and; ui ∼ N+
(
0, �2u

)
 is the inefficiency term, 

assumed to follow a half-normal distribution (Greene  2004; 
Orea and Kumbhakar 2004).

This conventional model assumes that all units evaluated oper-
ate under a common production technology, which may not hold 
in practice—particularly in the water sector where treatment 
technologies vary due to raw water quality, regulatory require-
ments, and infrastructure conditions (Ananda and Oh 2023).

2.2   |   Addressing Heterogeneity: LCSFA

To integrate the heterogeneity of DWTPs in assessing its energy 
efficiency, the latent class stochastic frontier model proposed 
by Greene (2004) and Orea and Kumbhakar (2004) is adopted. 
This model assumes that DWTPs are grouped into unobserved 
groups or classes, each characterized by a distinct production 
frontier. The classification is not known a priori but is inferred 
from the data. Each DWTP is assigned a probability of belonging 
to each group.

Let us assume there are K DWTPs and J latent groups. The la-
tent group translog frontier for DWTP i in group j is specified as 
follows (Chang and Tovar 2017):

where Ei denotes annual energy consumption, ym,iyn,i are the 
quality-adjusted outputs for arsenic and total dissolved solids 
defined in Equation (15), respectively, and Zi is a vector of exog-
enous variables (plant age, water source, and ownership) that 
are incorporated directly into the stochastic energy frontier as 
controls affecting conditional energy demand. The terms vij 
and uij represent statistical noise and inefficiency, respectively 
(Molinos-Senante and Sala-Garrido  2019). Thus, inefficiency 
is captured exclusively by the one-sided error term uij, and no 
separate inefficiency-effects model is specified.

The energy frontier model (Equation (2)) is estimated using max-
imum likelihood techniques (Greene 2005). The likelihood func-
tion of each DWTP i given membership in group j is (Barros 2011):

where:

� ( ⋅ ) and � ( ⋅ ) are the standard normal density and distribution 
functions, respectively.

Each DWTP's overall likelihood is a weighted average over all 
group-specific likelihoods:

where Pij denotes the prior probability that DWTP i belongs to 
group j (Barros 2009).

The overall likelihood function is derived as follows (Lin and 
Du 2014):

2.3   |   Energy Efficiency Estimation 
and Posterior Probabilities

Once the model is estimated (Equation (2)), the conditional en-
ergy efficiency of DWTP i given group j (EEi||j) is computed as 

follows (Lin and Du 2014):

Using Bayes' theorem, the posterior probability of group mem-
bership is estimated (Álvarez and del Corral 2010):

(1)lnEi = f
(
yi; �

)
+ �i = f

(
yi; �

)
+ �i + ui

(2)

lnEi∣j=�oj+

M∑

m=1

�m∣jlnymi+

N∑

n=1

�n∣jlnyni+
1

2

M∑

m=1

N∑

n=1

�mn∣jlnymilnyni

+

Z∑

z=1

�z∣j�zij+vi∣j+ui∣j

(3)LFi∣j =

�

(
�j�i|j
�j

)

Φ(0)

1

�j
�

(
�i
||j

�j

)

(4)�i
|||j= lnEi

|||j − ��
j yi

(5)�j =

[
�2uj+�2

�j

] 1

2

(6)�j =
�uj

��j

(7)LFi =

J∑

j= 1

PijLFi∣j, 0 ≤ Pij ≤ 1,
∑

j

Pij = 1

(8)logLF =

K∑

i= 1

logLFi

(9)EEi||j = E
[
exp

(
−ui||j

)
||�i||j

]
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4 Sustainable Development, 2026

The energy efficiency score of DWTP i (EEi) is calculated as the 
weighted average across all groups (Lin and Du 2014):

The estimation of energy efficiency allows computing the poten-
tial energy savings for each DWTP 

(
PEi

)
 as:

where Ei is the actual energy consumption for the DWTP i ex-
pressed in kWh/m3. It is obtained by dividing total annual elec-
tricity consumption (kWh/year) by the annual volume of treated 
drinking water produced by each DWTP (m3/year).

2.4   |   Group Selection

The optimal number of latent groups is determined using model 
selection criteria such as the Akaike Information Criterion 
(AIC) and the Schwarz Bayesian Information Criterion (SBIC) 
(Maziotis and Molinos-Senante 2025):

where logLF is the value of the log-likelihood function for 
group j, � captures the number of estimated parameters and 
� is the number of DWTPs to be evaluated (Barros 2009). The 
preferred model minimizes either criterion (Cullmann and 
Zloczysti 2014).

3   |   Data Sample and Selection

This study analyzes a sample of 146 DWTPs in Chile, which 
exhibit substantial heterogeneity in both ownership and techni-
cal characteristics. All DWTPs included in the analysis operate 
under the same treatment train configuration (coagulation-
flocculation followed by filtration), ensuring technological 
homogeneity across units. This homogeneity is a fundamental 
assumption for energy-efficiency benchmarking and allows 
observed differences in energy consumption to be attributed 
to variations in operating conditions and pollutant-removal re-
quirements rather than to differences in treatment technology 
(Ananda and Oh  2023; Molinos-Senante and Maziotis  2025b). 
From an ownership perspective, the DWTPs are operated by 
either fully private utilities or concessionary water companies. 
Although all DWTPs must comply with effluent quality stan-
dards established by the Chilean Ministry of Health—aligned 
with guidelines from the World Health Organization (Muñoz-
Arango et al. 2023)—the quality of the raw water they treat var-
ies widely. This variation reflects Chile's diverse geography and 

regional differences in water availability and source character-
istics (DGA 2020).

Because energy efficiency in DWTPs is a synthetic indicator that 
reflects the energy required to produce drinking water by re-
moving multiple pollutants, we incorporated several input and 
output variables into its construction. The input variable is the 
total electricity consumed by each DWTP, measured in kilowatt-
hours (kWh) per year. To account for both raw water quality and 
the production of treated water, and following previous stud-
ies (Dong et al. 2017; Sala-Garrido et al. 2025), we defined two 
quality-adjusted output variables. These variables integrate the 
concentration of specific pollutants in the influent and effluent, 
as well as the volume of drinking water produced. The general 
form of the quality-adjusted output is:

where V  is the annual volume of potable water produced (m3/
year), Psin is the concentration of pollutant Ps in the influent (raw 
water), whereas Psef  is the concentration pollutant Ps in the efflu-
ent (drinking water). Based on data availability and the primary 
pollutants typically removed by DWTPs in Chile, we focused on 
two key substances: (i) arsenic and; (ii) total dissolved solids.

The following example illustrates the estimation of the quality 
adjusted outputs:

Consider a DWTP producing V = 5,000,000 m3/year of drinking 
water. Suppose the influent arsenic concentration is 
Pin
As

= 0.050 mg/L and the effluent concentration is Pout
As

= 0.010 mg/L. 
The quality adjusted output for arsenic for the assessed DWTP 
is: Quality adjusted arsenic = 5,000,000 ×

(
0.050− 0.010

0.050

)
=

4,000,000 m3

year.

Several operational characteristics may influence the energy ef-
ficiency of DWTPs (Molinos-Senante and Maziotis 2022; Sowby 
and Siegal 2024). To control for heterogeneity in operating condi-
tions, we included three exogenous plant characteristics directly 
in the stochastic energy frontier as determinants of conditional 
energy consumption. The first is the age of the treatment plant 
(in years), which may reflect differences in technology or mainte-
nance practices. The second is the type of raw water source, cap-
tured by a categorical variable that distinguishes among surface 
water (n = 45), groundwater (n = 43), and mixed sources (n = 58). 
The type of raw water source is captured through an ordered 
categorical variable reflecting increasing treatment complexity 
and associated energy requirements. Specifically, surface water, 
groundwater, and mixed sources are coded as increasing values 
of a single index. This parsimonious representation is adopted to 
limit parameter proliferation within latent classes and to reflect 
the benchmarking-oriented focus of the analysis. The resulting 
coefficient should therefore be interpreted as the marginal ef-
fect on conditional energy consumption associated with mov-
ing from simpler to more complex source configurations. The 
third is the ownership type, represented by a binary variable 
that takes the value 1 for fully private companies (n = 102) and 0 
for concessionary companies (n = 44) (Sowby and Burian 2018; 
Yateh et al. 2024).

(10)
P(j� i) =

PijLFi∣j
J∑

j= 1
PijLFi∣j

(11)EEi =

J∑

j= 1

(
Pj|i ∗EEi|j

)

(12)PEi = Ei ×
(
1 − EEi

)

(13)AIC = − 2logLF(j) + 2�

(14)SBIC = − 2logLF(j) + log(�) ∗�

(15)Quality adjusted ys = V ⋅

(
Psin − Psef

Psin

)

 10991719, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/sd.70797 by U

niversidad D
e V

alladolid, W
iley O

nline L
ibrary on [20/03/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



5Sustainable Development, 2026

All data used in this study were provided by the Chilean water 
regulator, the Superintendencia de Servicios Sanitarios (SISS), 
for the year 2022, within the scope of its regulatory functions. 
Due to strict confidentiality requirements, plant-level data can-
not be publicly disclosed. However, SISS constitutes an official 
data source, and the information employed in this analysis has 
been repeatedly validated by both the regulated utilities and the 
regulator, ensuring consistency and reliability. Operational, en-
ergy consumption, production, and water-quality variables were 
originally reported at the operational level and were consistently 
aggregated to annual values for all DWTPs. An exploratory data 
analysis was conducted to identify potential inconsistencies or 
extreme values; no relevant outliers were detected, and therefore 
no observations were excluded or adjusted.

Because no DWTP in the sample exhibits zero influent pollut-
ant concentrations, and because the quality-adjusted outputs 
defined in Equation  (15) remain strictly positive for all obser-
vations, the adopted specification does not generate numeri-
cal instability or artificial outliers in the estimation of energy 
efficiency.

Table 1 presents the descriptive statistics for the variables used 
in the analysis.

4   |   Results and Discussion

The latent class stochastic frontier models were estimated using 
theNlogit/Limdep econometric software. Model estimation was 
carried out via maximum likelihood methods, following stan-
dard practice in stochastic frontier and finite mixture modeling 
(Lin and Du  2014). Numerical optimization relied on iterative 
algorithms with convergence assessed using conventional tol-
erance criteria on the log-likelihood and parameter stability. 
Multiple sets of starting values were employed to reduce the risk 
of convergence to local maxima, which is a known issue in la-
tent class and finite-mixture frontier estimation (Greene 2005).

4.1   |   Main Attributes of Groups of DWTPs

To determine the optimal number of DWTP groups, we com-
pared AIC and BIC across LCSFA models. The two-class solu-
tion minimized both metrics (AIC = 337; BIC = 340) relative to 
the one-class model (AIC = 358; BIC = 360), while a three-class 
model failed to converge. We present the groups formed by the 
latent class model using the posterior probabilities of class mem-
bership. Estimated posterior class probabilities indicated a near-
even split: 51% of DWTPs (n = 74) in Class 1 and 49% (n = 72) in 
Class 2. The main attributes of each class are summarized in 
Table 2.

Table  2 evidences that Group 1 and Group 2 DWTPs differ 
notably across several operational and contextual attributes. 
On average, Group 1 facilities consume more energy annu-
ally (183,711 kWh/year) than those in Group 2 (111,173 kWh/
year), despite producing a lower volume of treated water (3.74 
vs. 5.13 million m3/year). Group 2 plants also remove higher 
concentrations of pollutants, particularly arsenic (0.079 mg/L 
vs. 0.004 mg/L) and total dissolved solids (91.56 mg/L vs. 

80.14 mg/L), suggesting differences in raw water quality or 
treatment intensity. Although Group 2 DWTPs face higher 
influent arsenic and total dissolved solids concentrations on 
average, they exhibit higher mean energy efficiency and lower 
potential energy savings. This result does not reflect lower 
treatment requirements, but rather lower conditional energy 
consumption for a given level of quality-adjusted output. In 
other words, Group 2 DWTPs appear to manage more chal-
lenging raw water conditions while operating closer to the 
minimum-energy frontier. The average plant age is similar 
between the groups (28.8 years for Group 1 vs. 27.4 years for 
Group 2). However, there are marked differences in water 
source and ownership structure. Group 1 has a higher share of 
plants using mixed sources (48%), while Group 2 has a greater 
reliance on groundwater (38%) and fewer mixed-source facil-
ities (30%). In terms of ownership, Group 2 is dominated by 
fully private companies (81%), whereas Group 1 presents a 
more balanced distribution (59% private, 41% concessionary). 
These differences confirm that the DWTPs are not a homoge-
neous group, and thus, benchmarking their energy efficiency 
should not be conducted jointly without accounting for their 
underlying heterogeneity.

4.2   |   Parameters of the Latent Class Energy 
Frontier Model

To estimate the energy efficiency of each DWTP and examine 
how operational and contextual factors shape conditional en-
ergy consumption within each group, a latent class stochastic 
energy frontier model was estimated. As shown in Table 3, the 
reported coefficients represent the effect of explanatory vari-
ables on conditional energy consumption, given the level of 
quality-adjusted outputs. Energy inefficiency is captured by 
the one-sided error term and is not directly parameterized as 
a function of observable covariates. Within a technologically 
homogeneous treatment framework, the estimated coeffi-
cients on quality-adjusted pollutant outputs capture empiri-
cal associations between pollutant-removal requirements and 
conditional energy consumption. These relationships should 
be interpreted as associative rather than causal, reflecting 
how energy use varies with pollutant loads under a common 
treatment technology. Water source is included as an ordered 
categorical variable representing surface, groundwater, and 
mixed sources. The reported coefficient reflects the effect on 
conditional energy consumption of moving along this source 
gradient.

The results in Table 3 reveal marked differences between Group 
1 and Group 2 DWTPs in how pollutant removal requirements 
and plant characteristics affect energy use. In both groups, the 
quality-adjusted outputs associated with arsenic and total dis-
solved solids have statistically significant effects on conditional 
energy consumption, although the magnitude and functional 
form of these effects differ. For Group 1, the positive linear 
coefficients and strongly negative quadratic terms indicate a 
nonlinear relationship, whereby energy consumption initially 
increases with higher levels of pollutant removal but at a de-
creasing rate. The positive and highly significant interaction 
term between arsenic and total dissolved solids suggests that 
the simultaneous removal of both pollutants is associated with 
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6 Sustainable Development, 2026

higher energy use, reflecting complementarities in treatment 
processes. Importantly, the interaction term is not interpreted 
causally, but as reflecting correlated treatment conditions that 
are associated with higher energy use for a given level of quality-
adjusted output.

A similar nonlinear pattern is observed for Group 2, although the 
linear coefficients—particularly for arsenic—are substantially 
larger. This indicates that, for a given increase in quality-adjusted 
output, energy consumption rises more sharply in Group 2 
DWTPs, pointing to differences in treatment intensity, raw water 
characteristics, or technological configurations across groups.

Plant age also exerts a statistically significant effect on condi-
tional energy consumption in both groups. The negative coef-
ficient implies that, holding output constant, older plants tend 
to consume less energy, with the magnitude of this effect being 
considerably larger in Group 2. This result is consistent with 
Molinos-Senante and Sala-Garrido  (2019) and may reflect ac-
cumulated operational experience, incremental retrofitting, or 
the adoption of energy-saving practices over time. The water 
source variable exhibits opposite effects across groups. In Group 
1, moving toward more complex source configurations is asso-
ciated with higher conditional energy consumption, whereas in 

Group 2 the coefficient is negative and statistically significant, 
indicating lower predicted energy use for DWTPs operating 
under more complex source arrangements. These contrasting 
effects highlight that the relationship between source char-
acteristics and energy requirements is group-specific and me-
diated by differences in treatment technology and operating 
conditions. The positive and statistically significant ownership 
coefficient indicates that, holding output constant, DWTPs op-
erated by fully private companies exhibit higher conditional 
energy consumption than concessionary utilities. However, this 
does not imply lower energy efficiency, as efficiency is deter-
mined by deviations from the frontier rather than by the frontier 
position itself. Moreover, this association should not be inter-
preted causally. In the cross-sectional setting considered here, 
ownership may proxy for unobserved factors such as regional 
operating conditions, historical investment patterns, or institu-
tional arrangements that are not explicitly modeled. As such, 
the estimated ownership coefficient captures an empirical as-
sociation rather than a direct governance or managerial effect.

Finally, the estimated sigma and lambda parameters confirm 
the presence of statistically significant inefficiency and support 
the existence of distinct latent classes with heterogeneous energy 
consumption frontiers. Together, these results underscore the 

TABLE 1    |    Descriptive statistics of the Chilean DWTPs evaluated.

Type of variable Variables
Unit of 

measurement Mean
Standard 
deviation Minimum Maximum

Input Energy consumed kWh/year 148,049 195,323 1152 1,054,754

Energy saving 
potential

Volume of water m3/year 4,421,294 5,492,996 6641 28,038,677

Energy consumed kWh/m3 0.152 0.224 0.002 0.983

Output Quality-adjusted 
arsenic removed

m3/year 385,700 1,500,167 0.005 8,632,516

Quality-adjusted 
total dissolved 
solids removed

m3/year 29,058,797 58,454,172 0.010 347,512,697

Environmental 
variable

Age of plant Years 28 16 11 72

TABLE 2    |    Average of the two identified groups of DWTPs.

Group 
of 
DWTPs

Energy 
consumed 

(kWh/
year)

Volume 
of water 

(m3/
year)

Quality-adjusted 
arsenic removed 

(m3/year)

Quality-adjusted 
total dissolved 
solids removed 

(m3/year)
Age 

(years)
Source of 

water
Type of 

ownership

Group 1 183,711 3,742,747 25,703,582 755,697 28.8 Groundwater: 
22%

Surface 
water: 30%
Mixed: 48%

Full private: 
59%

Concessionary: 
41%

Group 2 111,173 5,128,511 32,031,227 26,003,800 27.4 Groundwater: 
38%

Surface 
water: 32%
Mixed: 30%

Full private: 
81%

Concessionary: 
19%
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8 Sustainable Development, 2026

importance of accounting for heterogeneity when benchmarking 
DWTP energy performance, as the same operational or contex-
tual factor may influence energy use differently across groups.

Overall, these results underscore the importance of account-
ing for underlying heterogeneity when evaluating DWTP per-
formance. Group-specific drivers imply that a one-size-fits-all 
benchmarking approach would be misleading, potentially 
masking key structural and operational differences. Tailored 
efficiency improvement strategies—considering pollutant pro-
files, infrastructure age, and ownership models—are essential 
for effective energy management in the sector.

For comparison purposes, we estimated a traditional SF model 
by assuming a common frontier for all DWTPs. The estimated 
results are also shown in Table  3. When the entire sample of 
DWTPs is modeled as a single, homogeneous group, the esti-
mated coefficients show weaker statistical significance and re-
duced explanatory power compared to the independent latent 
class models. Several variables that were highly significant in 
the group-specific models—such as arsenic, total dissolved sol-
ids, and plant age—lose significance in the pooled model, indi-
cating that key efficiency drivers are obscured when group-level 
heterogeneity is not accounted for. For example, the coefficient 
for arsenic removal is positive but not statistically significant 
(p = 0.496), and the quadratic terms and interaction effects, which 
captured nonlinearities and synergies in the class-based mod-
els, are largely diluted. Moreover, ownership and water source 
variables are only marginally significant (p≈0.05), in contrast to 
their strong and opposing effects across groups in the segmented 
analysis. These results suggest that pooling the DWTPs into a 
single group leads to biased or attenuated estimates, masking 
important structural and operational differences.

4.3   |   Energy Efficiency Estimations

The estimated latent class energy stochastic frontier mod-
els were used to compute the energy efficiency score of each 

individual assessed DWTP. Figure 1 displays the distribution of 
energy efficiency scores for DWTPs in Groups 1 and 2. These es-
timates should be interpreted as conditional on the maintained 
distributional assumptions of the stochastic frontier model. 
Notable differences are observed in both the average perfor-
mance and the dispersion of efficiency scores between the two 
groups. Group 1 exhibits a wide range of energy efficiency val-
ues, from as low as 0.027 to nearly full efficiency (0.994), with 
scores distributed relatively evenly across the entire range. This 
is reflected in a lower average efficiency of 0.534 and a higher 
standard deviation of 0.286, suggesting substantial variabil-
ity in operational performance within the group. In contrast, 
Group 2 demonstrates a more concentrated distribution of ef-
ficiency scores, skewed toward the upper end of the scale. The 
average efficiency in this group is significantly higher, at 0.737, 
with a lower standard deviation of 0.227 and a narrower range 
(0.180–0.997), indicating greater homogeneity and overall bet-
ter energy performance.

These differences highlight the importance of accounting for 
heterogeneity when evaluating the energy efficiency of DWTPs. 
Group 2 plants not only achieve higher average efficiency levels 
but also operate within a more uniform performance band, sug-
gesting that they may share common structural or operational 
characteristics conducive to energy-efficient operation. In con-
trast, the broad spread of efficiency scores in Group 1 points to 
a mix of high- and low-performing plants, likely influenced by 
diverse technological configurations, raw water quality, and 
management practices.

The results of our study are broadly consistent with the only 
other known analysis of DWTP energy efficiency using a SFA 
approach. For the 146 DWTPs evaluated in our study, the av-
erage estimated energy efficiency score was 0.634, whereas 
Molinos-Senante and Maziotis  (2025a), Molinos-Senante and 
Maziotis (2025b) reported a lower average of 0.465 for a smaller 
sample of 96 Chilean DWTPs. In contrast, most previous studies 
have employed non-parametric methods, such as DEA, which 
tend to produce lower average efficiency scores. For example, 

FIGURE 1    |    Energy efficiency scores for each group of DWTPs.
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9Sustainable Development, 2026

studies of Chilean DWTPs reported mean energy efficiency 
scores of 0.28 (Molinos-Senante and Sala-Garrido 2019), 0.329 
(Maziotis et  al.  2023), and 0.408 (Molinos-Senante and Sala-
Garrido 2018). When considering facilities outside of Chile, es-
timated average energy efficiency scores tend to be somewhat 
higher. For instance, Amaral et al. (2025) reported a mean score 
of 0.569 for water utilities in Portugal, while Ananda  (2019) 
found an average of 0.683 for Australian ones. It is important to 
note, however, that beyond methodological differences, a range 
of contextual and operational factors—including water source, 
plant age, ownership structure, and the type of pollutants re-
moved—can also influence energy efficiency outcomes (Amaral 
et al. 2025). Therefore, comparisons across studies and countries 
should be interpreted with caution, particularly when samples 
differ significantly in terms of technological, environmental, or 
regulatory conditions.

To evaluate the impact of not accounting for heterogeneity in en-
ergy efficiency estimation, Figures 2 and 3 compare the energy 
efficiency scores obtained from the LCSFA with those estimated 
using a single, pooled frontier. Figure  2 presents the results for 
DWTPs in Group 1, while Figure 3 shows the corresponding com-
parison for Group 2. In both groups, the differences between the 
two estimation methods are substantial. For Group 1 (Figure 2), 
the average energy efficiency score estimated using the LCSFA 
model is 0.534, compared to 0.762 under the common frontier ap-
proach. Notably, in 54 out of 74 DWTPs (73%) in this group, the 
efficiency scores derived from the LCSFA model are lower than 
those estimated using the pooled frontier. In several cases, LCSFA 
identifies DWTPs with efficiency scores below 0.1, which are rated 
above 0.7 by the common frontier, highlighting a significant dis-
tortion. In contrast, for Group 2 (Figure 3), the trend is reversed. 
The average efficiency score under the LCSFA model is 0.737, 

FIGURE 2    |    Comparison of energy efficiency scores estimated under latent class stochastic frontier analysis (LCSFA) and assuming a common 
frontier for Group 1.
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10 Sustainable Development, 2026

slightly higher than the 0.709 estimated using the pooled frontier. 
In this case, 42 out of 72 DWTPs (58%) show higher efficiency 
scores under LCSFA, suggesting that the common frontier tends 
to underestimate the performance of many plants in this group.

Figure 4 illustrates the distribution of differences in energy effi-
ciency scores between the LCSFA and the pooled frontier specifi-
cation, separately for Group 1 and Group 2 DWTPs. It shows that 
efficiency differences are substantial in both groups, but their 
distribution differs markedly. For Group 1, differences are widely 
dispersed, with a median difference of approximately 60%–65% 
and a broad interquartile range, indicating that pooled frontier 
estimates tend to assign noticeably higher efficiency scores rel-
ative to the latent class model for a large share of DWTPs in this 
group. The long lower tail suggests that, for some plants, the di-
vergence between the two modeling approaches is particularly 
pronounced. In contrast, Group 2 exhibits a more concentrated 
distribution of efficiency differences, with a higher median 
(around 75%) and a narrower interquartile range. This indicates 
that, while efficiency estimates under the two models also differ 
systematically for Group 2 DWTPs, the magnitude of these dif-
ferences is generally more homogeneous across plants. In both 
groups, the efficiency estimates obtained from the common fron-
tier are more compressed and tend to cluster around moderate 
values. These findings underscore the importance of adopting 
segmented frontier models, such as LCSFA, which explicitly ac-
count for unobserved heterogeneity across groups. To comple-
ment the frontier coefficient analysis, we also examine how plant 
characteristics are reflected in the estimated energy efficiency 
scores. Average efficiency levels differ systematically across own-
ership types and plant age categories, indicating that while some 
characteristics shift the conditional energy frontier, their net ef-
fect on efficiency depends on how closely DWTPs operate rela-
tive to that frontier. This confirms that frontier coefficients and 
efficiency outcomes should not be interpreted interchangeably.

The differences in energy efficiency scores estimated under 
LCSFA and common frontier approaches have important impli-
cations for performance benchmarking and regulatory decision-
making in the water sector. Applying a single, pooled efficiency 
frontier across all DWTPs can lead to biased and misleading 
assessments, particularly for utilities operating under distinct 
technical or environmental conditions. This not only under-
mines the credibility of benchmarking exercises but may also 

result in inequitable policy interventions, such as misaligned 
incentives or investment priorities. In contrast, adopting a latent 
class approach enables regulators and utility managers to tailor 
performance evaluations and improvement strategies to the spe-
cific characteristics of each group of plants.

In the context of water utility benchmarking, ranking utilities 
based on their performance is critical for several interrelated rea-
sons, particularly those linked to operational efficiency, finan-
cial sustainability, public accountability, and strategic planning 
(Berg 2020; Sakai 2024). Moreover, in some countries and regions, 
such as Colombia, England and Wales, and Italy, these perfor-
mance rankings are directly used as inputs for setting water tar-
iffs (Wareg 2019). In our study, Figures 5 and 6 illustrate how the 
ranking of the top 10 and bottom 10 DWTPs changes depending 
on whether energy efficiency is estimated using the LCSFA or a 
common frontier, for Group 1 and Group 2, respectively. The com-
plete ranking for the 146 assessed DWTPs is shown in Tables S1 
and S2. These ranking results are intended to illustrate systematic 
differences between modeling approaches rather than to provide 
definitive regulatory rankings for individual DWTPs and should 
therefore be interpreted as indicative rather than deterministic.

For Group 1 (Figure 5), while the DWTPs ranked first and last 
remain the same under both estimation methods, the rankings 
of the remaining plants change significantly. This demonstrates 
how failing to account for heterogeneity in performance assess-
ment can result in substantial misclassification, with poten-
tially serious implications if rankings are linked to incentives or 
regulatory decisions. A similar pattern is observed for Group 2 
(Figure 6), where the first and last-ranked DWTPs are consistent 
across both methods, but the intermediate rankings vary depend-
ing on the model used. These results reinforce the importance 
of using heterogeneity-aware methods like LCSFA when rank-
ings are used for decision-making, as overlooking structural and 
operational differences among DWTPs can lead to misinformed 
performance evaluations and unfair regulatory outcomes.

4.4   |   Potential Energy Savings

The estimation of the energy efficiency scores at DWTP level 
allows estimating potential energy savings if they were effi-
cient (Figure 7). The results clearly show that Group 1 DWTPs 

FIGURE 4    |    Difference in energy efficiency scores estimated under latent class stochastic frontier analysis (LCSFA) and assuming a common 
frontier.
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11Sustainable Development, 2026

exhibit a wider range and higher potential for energy savings. 
With an average value of 0.112 kWh/m3, potential energy sav-
ings in this group range from near zero up to approximately 
0.43 kWh/m3, indicating significant room for improvement in 
many facilities. The density of points across the range further 
suggests that energy inefficiency is more variable and wide-
spread within Group 1. This aligns with earlier findings show-
ing lower average energy efficiency and higher dispersion in 
this group. By contrast, Group 2 DWTPs display lower and 
more concentrated potential energy savings, with most values 
below 0.05 kWh/m3. The estimated average energy saving is 
0.044 kWh/m3. Moreover, only a few outliers in Group 2 show 
potential savings above 0.2 kWh/m3. This reflects the group's 
generally higher energy efficiency and greater operational 
consistency, as previously observed.

Results on Figure  7 underscore the importance of targeting 
energy efficiency interventions primarily at DWTPs in Group 
1, where the greatest energy reduction potential lies. Tailored 
strategies in these plants could deliver meaningful reductions 
in energy consumption and associated operational costs, while 
Group 2 plants may benefit more from fine-tuning or maintain-
ing best practices rather than large-scale retrofits.

4.5   |   Main Policy Implications

The findings of this study involve relevant implications for 
the design and implementation of energy efficiency policies, 

performance benchmarking frameworks, and regulatory prac-
tices in the drinking water sector. A central policy implica-
tion concerns the use of group-specific benchmarking rather 
than a single, pooled frontier. Our results clearly show that 
treating all DWTPs as a single group, as done in conventional 
frontier models, leads to biased efficiency estimates. This has 
direct consequences for regulatory benchmarking, especially 
in countries or regions where efficiency metrics are linked 
to tariff-setting or performance-based incentives. Therefore, 
integrating heterogeneity-aware methods like LCSFA into 
regulatory benchmarking frameworks is essential to avoid 
misclassification and ensure equity in how utilities are evalu-
ated and rewarded.

Furthermore, the identification of group-specific inefficiency 
drivers supports the case for targeted energy efficiency interven-
tions. In our case study, Group 1 DWTPs should be prioritized 
in national or regional energy reduction strategies, particularly 
in programs supported by climate finance, public subsidies, or 
performance improvement contracts. Investments in upgrading 
treatment technologies, retrofitting outdated equipment, and 
operator training would likely yield the highest returns in these 
facilities. In contrast, Group 2 DWTPs present a different energy 
efficiency pattern, suggesting that interventions should focus 
on optimization rather than large-scale capital investment. 
For these plants, performance improvements could be pursued 
through enhanced operational practices, fine-tuning chemical 
dosing strategies, or digital monitoring systems that reduce en-
ergy waste.

FIGURE 5    |    Ranking of the top 10 and bottom 10 energy efficient DWTPs within Group 1.
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12 Sustainable Development, 2026

Differences associated with ownership structure should be in-
terpreted with caution. Although ownership is statistically as-
sociated with variations in conditional energy consumption, 
the cross-sectional nature of the analysis does not allow disen-
tangling ownership effects from other correlated factors, such 
as regional operating conditions, historical investment cycles, 
or unobserved institutional characteristics. As a result, these 

findings should not be interpreted as evidence of superior or in-
ferior governance performance, nor as a basis for performance-
linked incentives or penalties. Instead, the observed association 
between ownership type and energy use should be viewed as 
a hypothesis-generating result that highlights the relevance of 
institutional arrangements for energy performance in drinking 
water treatment.

FIGURE 6    |    Ranking of the top 10 and bottom 10 energy efficient DWTPs within Group 2.

FIGURE 7    |    Potential energy savings whether DWTPs were efficient.
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5   |   Conclusions

Assessing the energy efficiency of DWTPs is gaining increas-
ing attention in the context of transitioning toward an energy-
neutral urban water cycle. However, to obtain unbiased and 
reliable energy efficiency estimates that can effectively inform 
policymaking and managerial decisions, it is essential to account 
for both observable and unobservable heterogeneity among the 
facilities being evaluated. This study contributes to the growing 
literature on DWTP energy efficiency by introducing a LCSFA 
approach, which explicitly incorporates these sources of hetero-
geneity. Applying the LCSFA model to a representative sample 
of 146 DWTPs in Chile, two distinct latent groups were identi-
fied with significantly different efficiency profiles, operational 
characteristics, and energy performance drivers.

Ignoring unobserved heterogeneity can lead to systematically 
different efficiency estimates relative to heterogeneity-aware 
models, with potential implications for benchmarking and per-
formance comparison. When DWTPs were assessed under a sin-
gle, pooled frontier, energy efficiency scores were systematically 
larger in Group 1 and lower in Group 2. This misrepresentation 
was particularly evident in the ranking of facilities. For example, 
some DWTPs that ranked among the most efficient under the 
latent class model dropped dramatically in the rankings when 
evaluated under the pooled model. Such discrepancies highlight 
the policy risks associated with homogeneous benchmarking, 
especially in contexts where rankings are used to inform tariffs, 
investment decisions, or regulatory oversight.

Group-specific estimation results revealed that arsenic and total 
dissolved solids are key variables influencing energy consump-
tion in both groups, though the nature and intensity of their ef-
fects differ. Group 1 of DWTPs showed nonlinear relationships, 
with diminishing returns in pollutant removal and a significant 
interaction effect between arsenic and TDS. Group 2 of DWTPs, 
on the other hand, exhibited stronger linear relationships, particu-
larly for arsenic removal, suggesting a different treatment regime 
or raw water challenge. These findings underscore the need for 
context-aware performance evaluations that account for the spe-
cific pollutant loads and treatment objectives faced by each plant.

The role of exogenous variables also varied between groups. 
Plant age was negatively associated with energy efficiency in 
both cases, though its impact was much more pronounced in 
Group 2, possibly reflecting differences in technological up-
grades or maintenance practices. Water source had opposite 
effects across groups, while ownership structure—with fully 
private utilities outperforming concessionary ones—was consis-
tently significant. These results offer practical insights for utility 
managers and regulators: energy efficiency improvement strat-
egies must be tailored to plant-specific characteristics and op-
erating conditions. Group-level analysis enables more targeted 
interventions, resource allocation, and policy design.

From a methodological standpoint, this study demonstrates that 
LCSFA is a powerful tool for performance assessment in infra-
structure sectors characterized by technological and operational 
diversity. It enables the estimation of class-specific frontiers 
without requiring prior knowledge of group membership, thus 
overcoming one of the key limitations of metafrontier models. 

The approach is particularly relevant for those countries where 
water utilities operate under different ownership regimes, serve 
diverse geographic regions, and face varying environmental and 
regulatory constraints. Future research could expand on these 
findings by incorporating time-series data to evaluate dynamic 
efficiency changes or by linking efficiency outcomes to tariff 
structures and environmental indicators.

A limitation of this study is that uncertainty around energy 
efficiency estimates and rank positions is not explicitly quanti-
fied. While stochastic frontier analysis inherently distinguishes 
inefficiency from statistical noise, the present analysis focuses 
on point estimates to highlight systematic biases arising from 
ignoring unobserved heterogeneity. Formal uncertainty assess-
ment would be required if efficiency scores or rankings were to 
be used directly for regulatory purposes such as tariff setting or 
performance-based incentives. A further limitation is that effi-
ciency and savings estimates are conditional on the assumed in-
efficiency distribution (half-normal). Alternative distributional 
assumptions (e.g., truncated-normal or exponential) may yield 
different efficiency levels and potentially affect latent-class as-
signment in finite mixture frontier models. While the study's 
main objective is to compare pooled versus heterogeneity-aware 
benchmarking under a consistent baseline specification, future 
research should formally test robustness to alternative ineffi-
ciency distributions to quantify model risk. Addressing these 
limitations represents an important avenue for future research, 
particularly in applications where efficiency benchmarking 
feeds directly into policy or regulatory decisions.
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