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Abstract

Currently, access to safe drinking water in developing countries remains a structural
challenge. Despite progress, many households still lack access to clean and safe water,
leading to serious consequences for health, human dignity, and the economy. This research
aims to evaluate the impact of drinking water and sanitation investment projects on
monetary expenditures for water consumption. Using data from the 2017 and 2023 National
Household Survey (ENAHO-INEI) in Peru, a longitudinal study with a retrospective
cohort design was conducted. The complex, probabilistic sampling method allowed for
modeling both periods using ordered multiple response logit regression. The results
show that household connections to potable water positively impacted water consumption
expenditures in 2017 (n = 21,251) and 2023 (n = 19,482). Similarly, connections to sanitation
facilities positively influenced expenditures in 2017, although no significant evidence
was found in 2023. Having access to safe water (adequate chlorine) versus unsafe water
(inadequate chlorine) showed a positive effect on consumption expenditures in both years,
reflecting that families must bear a double expense to access alternatives such as bottled
water. A higher monthly income of the head of household, associated with greater age
and years of education, increases expenditures on potable water, excluding households
in monetary poverty. A differentiated design of water policies is recommended, based on
natural region (coast, highlands, and rainforest) and area (urban or rural), considering the
different water access alternatives according to the geographic location of the dwelling.
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1. Introduction
In Peru, the National Institute of Statistics and Informatics [1] reports that as of 2024,

93.2% of the urban population had access to drinking water, while in rural areas this figure
was only 78.7%. These variations in access can have consequences, especially for children
under 5 years of age living in rural areas, who are more exposed to diarrheal diseases due
to fecal contamination in drinking water. Despite the efforts of local authorities to improve
water quality, these actions have not been effective [2].

Peru is a country with three distinct natural regions: coast, highlands, and rainforest [3],
and efforts to achieve uniform investment in drinking water and sanitation have not been
very effective. This is evident in the Loreto Region, in the Peruvian rainforest, where
households have less access to drinking water and sanitation, lower incomes, and an
average birth weight of less than 2.5 kg. Furthermore, there is a high infant mortality rate
along with a significant prevalence of diarrheal diseases, dysentery, and shigellosis [4].
In addition, in regions like Puno, poor water quality due to the presence of fecal matter
negatively impacts children’s health, causing cases of acute diarrhea and a high rate of
anemia [5]. Similarly, in Bagua (Amazonas Region), the quality of drinking water is poor
due to the presence of total coliforms and Escherichia coli, which compromises the health of
the population [6]. In two peri-urban areas of Lima, households receive drinking water of
good quality and in sufficient quantity; however, poor practices within the home have led to
contamination of the water intended for consumption with Escherichia coli [7]. Consequently,
after improving access to drinking water and sanitation through investment, it is also
necessary to incorporate proper hygiene practices by mothers in every household [8].

The provision of drinking water must be planned considering the continuity and
quality of service; however, climate change, pollution, the condition of treatment plants,
and increased demand pose significant threats to these decisions [9]. For this reason,
the supply is continuously affected, making it necessary to have sufficient funding to
mitigate this impact [10]. In this context, considering that the water service operates as a
natural monopoly, the state is responsible for regulating service provision, guaranteeing
its continuity and availability in both rural and urban areas [11]. Drinking water users, in
their pursuit of better service, face high adaptation costs due to deficient infrastructure,
which can represent up to double their usual bills [12].

Given that the continuity and availability of water service is crucial for public health,
as enshrined in the Sustainable Development Goals (SDGs), poor water quality can trigger
gastrointestinal infections [13]. In this regard, in addition to access to the service, greater
investment in hygiene education, especially for mothers, along with socio-behavioral
changes, would contribute to preventing diarrheal diseases in children under five [14].
Consequently, reducing household water consumption is associated with higher school
attendance and improved child health [15].

It is important to emphasize that having an adequate water supply and the best
sanitation technology does not, in itself, guarantee good health; it is essential that people
also have proper education in hygiene habits [16]. These habits, as part of comprehensive
education, are fundamental to ensuring the success of investment projects in drinking water
and sanitation [17]. The implementation of programs with infrastructure provision reduces
the expenses and time spent searching for water [18]. These investments contribute to
better infrastructure that ensures greater access in less time and in greater quantity, as well
as better quality drinking water, generating economic (reduced consumption costs), social,
and environmental benefits (decreased purchase of bottled water) [19]. Public investment
policies in drinking water and sanitation are aligned with the SDGs, and due to their
positive impact, people are more willing to live in urban areas where economic conditions
and infrastructure allow for improved quality of life [20].
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The reduction in drinking water costs and improved access to sanitation services not
only strengthen the achievement of SDG 6 (Clean Water and Sanitation) but also have a
positive impact on SDG 1 (No Poverty) by reducing the financial burden on low-income
households. This improvement also contributes to child health by decreasing the incidence
of water-related diseases, which aligns with SDG 3 (Good Health and Well-being). Finally,
by focusing on rural and peri-urban communities, social equity is promoted and progress
is made toward reducing inequalities, consistent with SDG 10 (Reduced Inequalities) [21].

One alternative for the efficient use and supply of drinking water is its reuse in
rural areas for purposes unrelated to human consumption. This could reduce household
spending on drinking water [22], allowing them to allocate the money saved to food
purchases [23]. In this regard, government water policy should focus on poor households,
given the impact that socioeconomic conditions have on access to this resource [24]. Another
alternative is rainwater harvesting and treatment, which is technically and economically
viable through public investment. This ensures a sufficient supply of water in terms of both
quantity and quality, thus preventing negative impacts on the socio-environmental context
and public health [25].

In this context, this research aims to evaluate the impact of drinking water and san-
itation investment projects on household spending on drinking water consumption in
Peruvian households between 2017 and 2023, comparing water access and quality in both
periods. This manuscript contributes quantitative evidence regarding changes in household
spending as a direct economic indicator of the benefits of these interventions. Furthermore,
it examines the differences in expenditure variations among households, taking into ac-
count geographical heterogeneity (coast, highlands, and rainforest; urban and rural areas)
and the complementary role of hygiene practices. This enhances our understanding of the
economic mechanisms that link water infrastructure to family well-being, in addition to the
already established effects on school attendance, health, and the reduction in inequalities
(SDGs 1, 3, 6, and 10).

2. Materials and Methods
2.1. Description of the Data

The study was based on microdata from the National Household Survey on Living
Conditions and Poverty (ENAHO), administered by the National Institute of Statistics and
Informatics (INEI) of Peru. A longitudinal comparative analysis was conducted between
2017 and 2023 to evaluate the evolution of public investment projects in the provision of
drinking water and basic sanitation, taking into account Codes from Modules 1, 3, 5, 7,
and 34.

2.2. Sampling Method

The sample design was structured around independent sampling by department,
including the constitutional province of Callao, in Peru. A cluster sampling approach was
used, based on geographic area: urban and rural.

In urban areas, multistage sampling was applied. The primary sampling unit (stage 1)
consisted of populated centers. In stage 2, six geographic strata were defined based on
population size (expressed in thousands): 0.5–2, 2–20, 20–50, 50–100, 100–500, and 500 or
more inhabitants. Finally, in stage 3, dwellings constituted the tertiary sampling unit.

In rural areas, two selection methods were considered. The first, corresponding to
the simple rural census area, included populated centers with a population (expressed in
thousands) of 0.5 to 2 inhabitants, characterized by widely dispersed dwellings. In this
case, the design was two-stage: the primary sampling units (stage 1) were agricultural or
livestock production units, and the secondary sampling units (stage 2) were dwellings. The
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second method, specific to the composite rural census area, corresponded to clusters of
grouped dwellings and followed a multi-stage design: in stage 1, hamlets or communities
were selected; in stage 2, groups of streets or roads; and in stage 3, dwellings.

Overall, the sampling design is complex and probabilistic, since all dwellings had a
known and non-zero probability of being selected. Additionally, the expansion factor 07 was
applied to extrapolate the results obtained in the sample of homes to the total population
of Peru. The sample consisted of 21,251 households in 2017 [26] and 19,482 households in
2023 [27].

Figure 1 shows the study area, which comprises the 25 departments that make up the
Peruvian territory, located in South America. These departments are distributed across
the three natural regions: coast, highlands, and rainforest. The Peruvian territory exhibits
marked heterogeneity both at the departmental level and among natural regions with
respect to access to, quality of, and cost of drinking water services.

Figure 1. Study area: 25 political departments of Peru, distributed in the three natural regions (coast,
highlands and rainforest).

2.3. Definition of Variables

To measure the level of monetary expenditure on drinking water consumption
(Table 1), the most recent payment on the dedicated drinking water bill was used as a
reference. As shown in Figure 6A,B, deflated expenditures were used. Once the values
were adjusted for inflation, the corresponding real costs for 2017 and 2023 were analyzed.
For this purpose, expenditure levels were classified based on a non-central tendency mea-
sure, specifically using quartiles.

Table 1. Operational definition of the study variables: Typology, indicators and description.

Variable Type Indicator Name Description Module Code
[26,27]

Dependent:
Expenditure on
drinking water
consumption.

Level of monthly monetary
expenditure in soles

allocated to drinking water
consumption per
household (NG)

Characterizes the level of monthly monetary expenditure in pens allocated to
drinking water consumption per household. It takes five values: No

expenditure (NG = 0), low expenditure (NG = 1), medium expenditure
(NG = 2), high expenditure (NG = 3) and very high expenditure (NG = 4).

Module 1:
d1172_01
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Table 1. Cont.

Variable Type Indicator Name Description Module Code
[26,27]

Independent 1:
Intervention of

the public
investment
project in

drinking water
and sanitation.

Potable water connection in
the home (AP)

Dimension 1. Access to service. The indicator takes two values: (i) 1, if the
dwelling has a drinking water connection; and (ii) 0, it does not.

Module 1:
p110a1

Connection to sanitary
facilities in the home (CSH)

Dimension 1. Access to the service. The indicator takes two values: (i) 1, if
the dwelling has a connection to sanitary services; and (ii) 0, it does not.

Module 1:
p111a

Availability of safe water in
the home (AS)

Dimension 2. Service availability. The indicator takes two values: (i) 1, if the
dwelling has access to safe water with an adequate concentration of chlorine;

and (ii) 0, otherwise.

Module 1:
p110a

Availability of unsafe water
in the home (AnS)

Dimension 2. Service availability. The indicator takes two values: (i) 1, if the
dwelling has unsafe water available with an inadequate concentration of

chlorine; and (ii) 0, otherwise.

Module 1:
p110a

Continuity of water service
in the home (AC)

Dimension 2. Service availability. The indicator takes two values: (i) 1, if the
dwelling has continuity of water service with daily and permanent supply

(24 h); and (ii) 0, otherwise.

Module 1:
p110c

Independent 2
(Control
Variable):

Socioeconomic-
demographic

factors

Monetary expenditure on
bottled water (AEm)

Dimension 1. Socioeconomic factors. Monthly monetary expenditure in pens
on bottled water.

Module 7:
p601b1
p601b2
p601c

Average monetary income
of the head of household

(IM)

Dimension 1. Socioeconomic factors. Average monthly monetary income in
pens of the head of household.

Module 5:
p523

p524a1

Sex of the head of
household (Sex)

Dimension 1. Socioeconomic factors. The indicator takes two values: (i) 1, if
the head of the household is male; and (ii) 0, if female.

Module 3:
p207

Age of head of household
(Age) Dimension 1. Socioeconomic factors. Age in years of the head of household. Module 3:

p208a

Years of education of the
head of household (AEs)

Dimension 1. Socioeconomic factors. Years of education of the head of
household.

Module 3:
p301a

Household with at least one
child aged 6 to 12 (HM)

Dimension 1. Socioeconomic factors. The indicator takes two values: (i) 1, if
there is at least one child between 6 and 12 years old in the household and

attends school; and (ii) 0, otherwise.

Module 1:
nbi4

Adequate physical
condition of the dwelling

(CF)

Dimension 1. Socioeconomic factors. The indicator takes two values: (i) 1,
adequate physical condition of the dwelling; and (ii) 0, otherwise.

Module 1:
nbi1

Absence of overcrowding in
housing (VsH)

Dimension 1. Socioeconomic factors. The indicator takes two values: (i) 1,
absence of overcrowding in the dwelling; and (ii) 0, otherwise.

Module 1:
nbi2

Economically dependent
housing (VDE)

Dimension 1. Socioeconomic factors. The indicator takes two values: (i) 1,
housing with economic dependence; and (ii) 0, otherwise.

Module 1:
nbi5

Household in extreme
poverty (EP)

Dimension 1. Socioeconomic factors. The indicator takes two values: (i) 1,
the household is in extreme poverty; and (ii) 0, otherwise.

Module 34:
pobreza

Household in non-extreme
poverty (PnE)

Dimension 1. Socioeconomic factors. The indicator takes two values: (i) 1,
the household is in non-extreme poverty; and (ii) 0, otherwise.

Module 34:
pobreza

Housing located on the
north coast (CN)

Dimension 2. Demographic factors. The indicator takes two values: (i) 1, the
dwelling is located on the north coast of the country; and (ii) 0, otherwise.

Module 1:
dominio

Housing located on the
central coast (CC)

Dimension 2. Demographic factors. The indicator takes two values: (i) 1, the
dwelling is located on the central coast of the country; and (ii) 0, otherwise.

Module 1:
dominio

Housing located on the
south coast (CS)

Dimension 2. Demographic factors. The indicator takes two values: (i) 1, the
dwelling is located on the southern coast of the country; and (ii) 0, otherwise.

Module 1:
dominio

Housing located in the
northern mountains (SN)

Dimension 2. Demographic factors. The indicator takes two values: (i) 1, the
dwelling is located in the northern highlands of the country; and (ii) 0, otherwise.

Module 1:
dominio

Housing located in the
central highlands (SC)

Dimension 2. Demographic factors. The indicator takes two values: (i) 1, the
dwelling is located in the central highlands of the country; and (ii) 0, otherwise.

Module 1:
dominio

Housing located in the
southern highlands (SS)

Dimension 2. Demographic factors. The indicator takes two values: (i) 1, the
dwelling is located in the southern highlands of the country; and (ii) 0, otherwise.

Module 1:
dominio

House located in the
rainforest (Rainforest)

Dimension 2. Demographic factors. The indicator takes two values: (i) 1, the
dwelling is located in the rainforest of the country; and (ii) 0, otherwise.

Module 1:
dominio

Housing located in an
urban area (AU)

Dimension 2. Demographic factors. The indicator takes two values: (i) 1, the
dwelling is located in an urban area of the country; and (ii) 0, rural area.

Module 1:
estrato
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2.4. Regression Model with Limited Dependent Variable
2.4.1. Specification and Marginal Effects Analysis of the Model

According to the nature of the dependent variable, which is discrete and of ordered
multinomial choice, a modeling based on latent regression is chosen [28], as expressed in
Equation (1):

NG∗ = X′β+ ε (1)

Starting from the latent variable NG*, not directly observable, the observable variable
NG is defined by means of a censoring mechanism, described in Equation (2):

NG =



NG = 0 si NG∗ < µ1,
NG = 1 si µ1 ≤ NG∗ < µ2,
NG = 2 si µ2 ≤ NG∗ < µ3,
NG = 3 si µ3 ≤ NG∗ ≤ µ4,
NG = 4 si NG∗ > µ4

(2)

In this scheme, µ1, µ2, µ3 and µ4 represent unknown thresholds that must be estimated
jointly with the parameter vector β. Thus, the variable NG depends both on the observable
independent variables X and on an unobservable stochastic component ε.

This study employs an ordered response probability model to analyze the impact
of public investment projects in drinking water and sanitation on the level of monthly
monetary expenditure on water consumption between 2017 and 2023. The specification
incorporates control variables that capture heterogeneities in household behavior, con-
sidering both the socioeconomic characteristics of the head of household and national
demographic factors. Equation (3) presents the empirical formulation corresponding to the
systematic component of Equation (1):

X′β = β0 + β1APi + β2CSHi + β3ASi + β4AnSi + β5ACi + β6LnAEmi + β7LnIMi +
β8Sexi + β9LnAgei + β10AEsi + β11HMi + β12CFi + β13VsHi + β14VDEi + β15PEi +
β16PnEi + β17CNi + β18CCi + β19CSi + β20SNi + β21SCi + β22SSi + β23Rainforesti +

β24AUi + εi

(3)

where i = 1, 2, . . ., n indexes each head of household in the sample. In order to linearize
relationships and correct asymmetries in the distribution, a logarithmic transformation
was applied to the variables of monetary income (IMi), Age (Agei) and another relevant
variable (AEmi). The βs are estimated using the maximum likelihood method (βMV).

From Equations (1) and (2), the probabilities corresponding to the ordered response
model are derived, using a probit or logit link function, as presented in Equation (4):

Prob[NG = 0/X] = φ
(
−X′β

)
,

Prob[NG = 1/X] = φ
(
µ2 − X′β

)
−φ

(
−X′β

)
,

Prob[NG = 2/X] = φ
(
µ3 − X′β

)
−φ

(
µ2 − X′β

)
,

Prob[NG = 3/X] = φ
(
µ4 − X′β

)
−φ

(
µ3 − X′β

)
,

Prob[NG = 4/X] = 1 −φ
(
µ4 − X′β

)
(4)

where φ(.) denotes the cumulative distribution function of the standard normal or lo-
gistic distribution in the case of the probit or logit model. Furthermore, the following
condition must be strictly met to guarantee that all resulting probabilities are positive:
0 < µ1 < µ2 < µ3 < µ4.

To interpret the estimated β coefficients, the marginal effects derived from changes in
the explanatory variables X are used [29], which are expressed in Equations (5) and (6):
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Case of a quantitative independent variable:

∂Prob[NG=0/X]
∂Xk

= φ
(
−X′β

)
β,

∂Prob[NG=1/X]
∂Xk

=
[
φ
(
−X′β

)
−φ

(
µ1 − X′β

)]
β,

∂Prob[NG=2/X]
∂Xk

=
[
φ
(
µ1 − X′β

)
−φ

(
µ2 − X′β

)]
β,

∂Prob[NG=3/X]
∂Xk

=
[
φ
(
µ2 − X′β

)
−φ

(
µ3 − X′β

)]
β,

∂Prob[NG=4/X]
∂Xk

= φ
(
µ3 − X′β

)
β.

(5)

Qualitative independent variable case:

∆Prob[NG=0/X]
∆Xk

= Prob[NG = 0/Xk = 1]− Prob[NG = 0/Xk = 0],
∆Prob[NG=1/X]

∆Xk
= Prob[NG = 1/Xk = 1]− Prob[NG = 1/Xk = 0],

∆Prob[NG=2/X]
∆Xk

= Prob[NG = 2/Xk = 1]− Prob[NG = 2/Xk = 0],
∆Prob[NG=3/X]

∆Xk
= Prob[NG = 3/Xk = 1]− Prob[NG = 3/Xk = 0],

∆Prob[NG=4/X]
∆Xk

= Prob[NG = 4/Xk = 1]− Prob[NG = 4/Xk = 0].

(6)

2.4.2. Goodness-of-Fit Tests for Model Selection

Several goodness-of-fit tests are useful for selecting the appropriate model between
Logit and Probit specifications. According to McFadden [30] and Poston et al. [31], the
McFadden coefficient of determination (pseudo R2

McF) is a measure of the fit of the regres-
sion model with a multiple-response dependent variable, whose expression is presented in
Equation (7):

R2
McF = 1 − ln(LM)

ln(L0)
(7)

where ln(LM) represents the logarithm of the likelihood of the model estimated under the
logit or probit specifications, ln(L0) is the logarithm of the likelihood of the null model
that only includes the intercept. R2

McF values within the interval [0.2, 0.4] indicate an
excellent fit.

To evaluate the goodness of fit of the selected model, the approach proposed by Korn
and Graubard [32]. was used. They employ Wald’s F-statistic with degrees of freedom in
the numerator (df1 = k − J + 1), where k is the total number of estimated parameters and J is
the number of equations, and degrees of freedom in the denominator (df2 = N − k − J + 2),
where N is the total number of clusters. This test allows us to determine whether the set of
independent variables exerts a statistically significant influence on the dependent variable,
making it particularly suitable for surveys with complex sample designs. In this context,
the cluster was considered to be the specific common area defined by department, province,
and district; the strata were the geographic strata based on population size and rural area;
and finally, the expansion factor was 07.

In addition, the information criteria of Akaike [33], Schwarz [34], and Hannan-
Quinn [35] are used, which allow the identification of the best-fitting model by presenting
the lowest value when comparing the logit and probit specifications. Their respective
expressions are presented in Equations (8)–(10).

AIC = −2 ln(LM) + 2k (8)

SIC = −2 ln(LM) + kln(n) (9)

HQIC = −2 ln(LM) + 2kln(ln(n)) (10)
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2.4.3. Robustness of the Chosen Model

To ensure that the selected ordered logit model is robust, with unbiased and consistent
estimates, it is necessary to compare it with a generalized ordered logit model that assumes
proportional probabilities or parallel lines [36]. For this purpose, the Wald parallel lines
test proposed by Brant [37] is used, which estimates a dichotomous response logit model
for each level “j” of the ordinal dependent variable. The hypotheses are as follows:

Null hypothesis (H0): βj = β

Alternate hypothesis (Ha): βj ̸= β

The contrast is based on the Chi-square statistic with R degrees of freedom (df = R),
where R represents the total number of restrictions derived from the parallel-line compar-
isons. The null hypothesis (H0) is accepted when the p-value is greater than the established
significance level (Prob[χ2 > χ2

C/df = R] > α). This indicates that the ordered logit model
maintains the informative ordinal structure; however, considering this type of model when
rejecting H0 leads to erroneous conclusions about the significance of the predictors [38].

2.5. Econometric Tools and Software

The ENAHO-INEI microdata were processed, cleaned, and analyzed, including the
variable design, using the econometric software Stata 15 (64-bit) (StataCorp LLC, College
Station, TX, USA). First, adjustments were made to the complex sample design using the
“svyset” command, as suggested by West et al. [39]. This configuration considered clusters
as the primary sampling units, specifically dwellings located in provinces and depart-
ments, followed by geographic strata, and finally, sample weights based on the expansion
factor provided by INEI. These weights ensure representativeness at the departmental,
national, and domain of study levels. The Stata configuration was as follows: “svyset
cluster [pweight = factor07], strata(stratum)”, taking into account Kolenikov [40]. Conse-
quently, standard errors and hypothesis tests were calculated considering stratification and
clustering using the Taylor series linearization method proposed by Wolter [41]. Second,
the prefix “svy” was used to estimate the ordered logit and ordered probit regression
models, respecting the sample design, using the configurations: “svy: ologit [independent
variables]” and “svy: oprobit [independent variables]” [42,43]. The command “gologit2”
was also used to estimate the generalized ordered logit model at different levels [36]. Third,
given the difficulty in directly interpreting the coefficients, marginal effects were calculated
using the command “mfx compute, predict(outcome(‘i’))” [42].

2.6. Ethical Considerations and Replicability

Regarding ethics, this research is based on the analysis of secondary microdata from
the National Household Survey (ENAHO), a publicly accessible and free resource provided
by the National Institute of Statistics and Informatics (INEI) of Peru. The ENAHO is an
official survey whose public version does not include personally identifiable information
of respondents, such as names, addresses, or identification numbers, thus guaranteeing the
anonymity of data at the household level and for each of its members [26,27]. Furthermore,
the survey did not involve any intervention with human subjects, no primary data was
collected, and review by an ethics committee of the National Agrarian University of the
rainforest or any other institution was not required. Therefore, the authors declare that
they have strictly complied with the terms of use established by the INEI, which has
allowed for the development of this scientific research, provided that the official source
is cited. Regarding reproducibility, in accordance with the principles of open science and
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replicability standards, all the complete commands of the analysis performed in Stata are
made available as Supplementary Material.

2.7. Methodological Limitations

The manuscript presents several methodological limitations inherent to the research
design and the use of the National Household Survey (ENAHO). First, measurement
biases inherent to household surveys may exist, which could affect the magnitude of point
estimates. This is because variables such as water consumption expenditure, income,
and other factors are subject to underreporting, recall error, and social desirability bias,
even despite the quality controls implemented by the National Institute of Statistics and
Informatics (INEI). Second, while the ENAHO is designed to be representative at the
urban/rural, departmental, and national levels, it lacks representativeness at the local or
district level without specific adjustments. Furthermore, the survey does not include people
experiencing homelessness or those residing in collective households (such as prisons,
barracks, or clinics). It also does not include Indigenous populations in contact with
Indigenous peoples living in very difficult-to-access areas, which limits the generalizability
of the results to these groups. Third, the comparison between 2017 and 2023 encompasses
the period of the COVID-19 pandemic, which implies a likely structural disruption in the
variables of monetary income, survey logistics, and household behavior. It was not possible
to directly estimate the effect of these changes; however, in the Supplementary Material, we
present sensitivity analyses that assess the robustness of the results to non-response bias
and economic shocks. The main findings remain unchanged under prudent assumptions.

3. Results
3.1. Descriptive Analysis Between 2017 and 2023

Figure 2 shows access to and availability of drinking water services in Peruvian house-
holds between 2017 and 2023, differentiating between rural and urban areas. Regarding
connections to the drinking water system (Figure 2A), it can be observed that in urban
areas, 16,874 households (79.40%) had connections in 2017, while in 2023 the figure was
15,293 households (78.50%). In rural areas, the number of households with connections
remained relatively stable: 928 (4.37%) in 2017 and 926 (4.75%) in 2023. These data show
virtually unchanged coverage in rural areas, but a slight decrease in urban areas. At the
opposite extreme, the number of homes without a connection to the service increased
in urban areas from 1676 (7.89%) in 2017 to 1739 (8.93%) in 2023; while in rural areas
they decreased from 1773 (8.34%) in 2017 to 1524 (7.82%) in 2023. These results reflect an
increase in the lack of connection in urban areas during the analyzed period, attributable to
insufficient infrastructure and the disorderly growth of these areas.

Regarding the availability of safe drinking water (Figure 2B), defined as an adequate
concentration of free residual chlorine between 0.5 and 3.4 mg/L, it was observed that, in
urban areas, 7981 households (37.56%) in 2017 and 7819 (40.13%) in 2023 reported having
access to it. In rural areas, only 94 households (0.44%) in 2017 and 162 (0.83%) in 2023
reported this condition. These figures show a relative increase in both urban and rural areas,
which could be attributed to sufficient monitoring at treatment plants and distribution
networks, greater availability of chemical inputs for continuous disinfection, and adequate
infrastructure. Additionally, the number of homes without access to safe drinking water
decreased in urban areas from 10,569 (49.73%) in 2017 to 9213 (47.29%) in 2023, and in rural
areas from 2607 (12.27%) to 2288 (11.74%) during the same period.
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Figure 2. Access to service (A) and availability of drinking water service (B–D) in Peru for the years
2017 and 2023. Source: ENAHO-INEI [26,27].

Figure 2C shows the presence of unsafe drinking water, characterized by inadequate
chlorine dosage (0.1 to 0.4 mg/L). In this context, the percentage of unsafe drinking water
in urban areas remained relatively stable at 3362 households (15.82%) in 2017 and 3083
(15.82%) in 2023; while in rural areas it increased from 180 households (0.85%) in 2017 to 194
(1.00%) in 2023. This data on unsafe drinking water reflects a low level of investment that
hinders the renewal of chlorination systems. This investment remains low when analyzing
the situation of those homes that do not have any amount of chlorine dosage in the water,
represented for the urban area of 7207 (33.91%) in 2017 and 6130 (31.46%) in 2023, and for
the rural area of 2427 (11.42%) in 2017 and 2094 (10.75%) (these values are obtained by
subtracting the “No” response from Figure 2C and the “Yes” response from Figure 2B).

Finally, regarding the continuity of water service (Figure 2D), defined as the supply
of potable water 24 h a day, it was observed that in urban areas, 10,046 homes (47.27%) in
2017 and 9319 (47.83%) in 2023 had this benefit. In rural areas, number was 1978 (9.31%)
in 2017 and 1884 (9.67%) in 2023. These values show a minimal improvement in service
continuity, with an increase of less than 1% in both areas, which is associated with aging
infrastructure, high water losses, and low levels of public investment in sanitation. This
situation is reinforced by observing that, in the urban area, the number of non-continuous
dwellings decreased slightly from 8504 (40.02%) in 2017 to 7713 (39.59%) in 2023; while in
the rural area they went from 723 (3.40%) to 566 (2.91%) in the same period.

Figure 3A,B show bottled water consumption by household members, while Figure 3C,D
present the average monthly monetary income of the head of household. In 2017, the
average consumption ± standard deviation was 10.63 ± 37.47 L per month in rural areas
and 42.10 ± 105.08 L per month in urban areas. By 2023, this consumption had increased to
14.01 ± 60.58 L per month in rural areas and 45.91 ± 125.81 L per month in urban areas. Re-
garding monetary income, in 2017, monthly income was recorded at 796.17 ± 718.18 pens
in rural areas and 1519.26 ± 4050.51 pens in urban areas. In 2023, these numbers increased
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to 1054.93 ± 944.23 pens per month in rural areas and to 1843.90 ± 4373.28 pens per month
in urban areas. Comparing these average values reveals a positive correlation between
increased bottled water consumption and improved income, highlighting the inadequacy
of public investment in drinking water and sanitation.

Figure 3. Bottled water consumption (in liters), 2017 (A) and 2023 (B), and monthly monetary income
(in pen), 2017 (C) and 2023 (D), in Peru. Source: ENAHO-INEI [26,27].

A closer look at Figure 3A,B reveals that, in rural areas, the number of households
whose members did not consume bottled water decreased from 2444 (11.50%) in 2017 to
2233 (11.46%) in 2023. In urban areas, the number of households without bottled water
consumption fell from 13,745 (64.68%) in 2017 to 13,438 (68.98%) in 2023. Overall, the
percentage of households not consuming bottled water increased from 76.18% to 80.44%
between 2017 and 2023. Furthermore, in rural areas, the number of households consuming
between 0.10 and 200 L of bottled water decreased from 245 (1.15%) in 2017 to 177 (0.91%).
In 2023, this group decreased from 3944 (18.56%) to 2427 (12.46%) in urban areas during the
same period. Regarding consumption exceeding 200 L, the number of households in rural
areas rose from 12 (0.06%) in 2017 to 40 (0.21%) in 2023, while in urban areas it increased
from 861 (4.05%) to 1167 (5.99%).

According to Figure 3C,D, the monthly monetary income of heads of household in rural
areas was more homogeneous in 2017 than in 2023. In 2017, in rural areas, 1858 households
(8.74%) reported monthly incomes between 10 and 850 pens, and 843 (3.97%) reported
incomes exceeding 850 pens. In 2023, however, 1322 households (6.79%) received monthly
incomes between 10 and 850 pens, 1016 (5.22%) had incomes between 851 and 2500 pens,
and 112 (0.57%) had incomes exceeding 2500 pens per month.

In urban areas, the distribution of household head income shows a similar pattern
between 2017 and 2023. The most frequent group is that with incomes between 1026 and
2500 pens per month, with 7758 households (36.51%) in 2017 and 7900 (40.55%) in 2023.
The second most important group is that with incomes from 10 to 850 pens per month, with
6370 households (29.98%) in 2017 and 3760 (19.30%) in 2023. Next, incomes from 2501 to
5000 pens per month are recorded in 2014 households (9.48%) in 2017 and 2875 (14.76%) in
2023; incomes of 851 to 1025 pens in 2001 homes (9.42%) in 2017 and 1927 (9.89%) in 2023;
finally, incomes above 5000 pens per month in 407 homes (1.92%) in 2017 and 570 (2.93%)
in 2023.

Figure 4 summarizes the characteristics of heads of household in Peru for the years
2017 and 2023, disaggregated by age (panels A and B) and years of schooling (panels
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C and D). Since the same units of analysis are used in both periods, the comparisons
reflect changes within the same population cohort. In rural areas, the average age of
the head of household was 34.84 ± 14.94 years in 2017, with minimal variation in 2023
(34.28 ± 14.89 years). In urban areas, the average ages were 39.75 ± 14.55 years (2017)
and 40.22 ± 14.92 years (2023). Regarding years of schooling, in rural areas the average
was 7.86 ± 4.16 years (2017) and 8.58 ± 3.99 years (2023); while in urban areas it was
11.62 ± 4.00 years (2017) and 11.69 ± 3.90 years (2023).

Figure 4. Characteristics of the head of household according to age group, 2017 (A) and 2023 (B), and
according to years of study, 2017 (C) and 2023 (D) in Peru. Source: ENAHO-INEI [26,27].

A more detailed analysis of age (Figure 4A,B) shows that the predominant age group
was 19 to 35 years, with 1140 households (5.36%) in rural areas and 7779 (36.61%) in urban
areas in 2017; in 2023, these numbers were 1082 (5.55%) and 6930 (35.57%), respectively. The
next largest group was the 36–55 age group: 865 rural dwellings (4.07%) and 7578 urban
dwellings (35.66%) in 2017; and 727 rural dwellings (3.73%) versus 6876 urban dwellings
(35.29%) in 2023. In the 56–80 age range, there were 244 rural dwellings (1.15%) and
2512 urban dwellings (11.82%) in 2017; and 217 rural dwellings (1.11%) versus 2548 urban
dwellings (13.08%) in 2023. For the 14–18 age group, there were 450 rural dwellings (2.12%)
and 670 urban dwellings (3.15%) in 2017; and 422 rural (2.17%) compared to 666 urban
(3.42%) in 2023. Finally, heads of households over 80 years old were scarce: 2 rural and
11 urban homes in 2017; and 2 rural versus 12 urban in 2023.

Regarding years of schooling (Figure 4C,D), in urban areas, heads of household with
12 to 18 years of education stood out: 9929 households (46.72%) in 2017 and 9131 (46.87%)
in 2023. They were followed by those with 7 to 11 years of schooling: 6739 households
(31.71%) in 2017 and 6378 (32.74%) in 2023. In contrast, the lowest educational levels in
urban areas corresponded to 1 to 6 years of schooling (1685 households, 7.93% in 2017;
1369, 7.03% in 2023) and no years of schooling (197 households, 0.93% in 2017; 154, 0.79% in
2023). In rural areas, the pattern was reversed: the highest frequencies were concentrated
in the lower educational levels. Thus, for the 7–11-year age group, 1358 homes (6.39%)
were recorded in 2017 and 1335 (6.85%) in 2023; for the 1–6-year age group, 785 homes
(3.69%) in 2017 and 592 (3.04%) in 2023. The lowest frequencies in rural areas corresponded

https://doi.org/10.3390/su18157743

https://doi.org/10.3390/su18157743


Sustainability 2026, 18, 7743 13 of 30

to 12–18 years of schooling (417 homes, 1.96% in 2017; 462, 2.37% in 2023) and no schooling
(141 homes, 0.66% in 2017; 61, 0.31% in 2023).

Figure 5 presents a comparison of housing characteristics in Peru between 2017 and
2023. In Figure 5A, which refers to sanitation service connections, it can be observed that
the number of homes without this service is small. In rural areas, 354 homes (1.67%) were
recorded in 2017, while that number decreased slightly to 193 (0.99%) in 2023. In urban
areas, homes without connections experienced a similar trend, going from 369 (1.74%) in
2017 to 317 (1.63%) in 2023. At the opposite extreme, the number of homes with sanitation
service connections increased relatively and slightly in rural areas, from 2347 (11.04%) in
2017 to 2257 (11.59%) in 2023. And in the urban area from 18,181 (85.55%) to 16,715 (85.80%)
in the same period.

Figure 5. Housing characteristics: sanitation facilities (A), adequacy (B), overcrowding (C), and
economic dependence (D) of households in Peru, 2017 and 2023. Source: ENAHO-INEI [26,27].

Regarding Figure 5B, which shows the adequate physical condition of housing (floors
and walls with durable materials), an increase in the proportion of homes with inadequate
conditions is identified. In rural areas, these increased from 304 (1.43%) in 2017 to 313
(1.61%) in 2023; in urban areas, from 610 (2.87%) to 613 (3.15%). However, the majority of
homes have durable materials. In rural areas, the number of physically adequate homes
decreased from 2397 (11.28%) in 2017 to 2137 (10.97%) in 2023; in urban areas, however,
they remained relatively stable, decreasing from 17,940 (84.42%) to 16,419 (84.28%).

Figure 5C illustrates the condition of no overcrowding (fewer than 3.4 people per
room). In rural areas, the number of dwellings without overcrowding remained relatively
stable, at 2421 (11.39%) in 2017 and 2223 (11.41%) in 2023; in urban areas, they increased in
relative terms, from 17,826 (83.88%) to 16,430 (84.33%). On the other hand, overcrowded
dwellings in rural areas decreased from 280 (1.32%) in 2017 to 227 (1.17%) in 2023; likewise,
in urban areas they decreased slightly from 724 (3.41%) to 602 (3.09%).

Figure 5D shows that economic dependency is infrequent in both rural and urban
areas. Households with economic dependency represented 18 (0.08%) in 2017 and 9 (0.05%)
in 2023 in rural areas, and 37 (0.17%) in 2017 and also 37 (0.19%) in 2023 in urban areas.
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In contrast, households without economic dependency remained relatively stable in rural
areas, with 2683 (12.63%) in 2017 and 2441 (12.53%) in 2023, as well as in urban areas,
where they also remained practically stable in relative terms, with 18,513 (87.12%) and
16,995 (87.23%).

In 2017, the number of households that did not allocate part of their income to drinking
water consumption was 1977 (9.30%) in rural areas and 2163 (10.18%) in urban areas
(Figure 6A). By 2023, this number had decreased to 1721 (8.83%) in rural areas and increased
to 2409 (12.37%) in urban areas (Figure 6B).

Figure 6. Distribution of the level of monetary expenditure on drinking water in Peru, 2017 (A) and
2023 (B), and situation of the drinking water service and payment for housing in Peru, 2017 (C) and
2023 (D). Note: Expenditure ranges, in pens, are defined as: No expense (0), Low (1–61 in 2017;
1–33 in 2023), Medium (62–218; 34–211), High (219–425; 212–480), and Very High (>425; >480). Source:
ENAHO-INEI [26,27].

Analyzing Figure 6C,D, it is evident that among the homes lacking a water connection
and making no payments, 1773 (42.83%) in rural areas were located in 2017, a number that
decreased to 1524 (36.90%) in 2023. These homes obtain their water from alternative sources
such as springs, rivers, or similar sources. On the other hand, as shown in Figure 6C,D, the
remaining 204 homes (4.93%) in 2017, which decreased to 197 (4.77%) in 2023, correspond
to homes with access to potable water but which do not make any payments, primarily
because they belong to community organizations. In the urban area the 1676 homes (40.48%)
that lacked a drinking water connection and did not make any payments in 2017 increased
slightly to 1739 (42.11%) in 2023. Likewise, the 487 homes (11.76%) in 2017 that had drinking
water and did not make any payments increased to 670 (16.22%) in 2023, mainly supplied
by tanker trucks, wells, springs or bottled water.

Regarding households with drinking water expenditure (Figure 6A,B), the low ex-
penditure level included 208 rural dwellings (0.98%) in 2017, a number that decreased to
44 (0.23%) in 2023; in urban areas, it fell from 1026 (4.83%) to 84 (0.43%) during the same
period. At the medium expenditure level, rural dwellings increased from 394 (1.85%) in
2017 to 558 (2.86%) in 2023, while in urban areas they decreased from 4897 (23.04%) to
4131 (21.20%). For the high expenditure level, in rural areas it increased from 99 (0.47%)
to 107 (0.55%); in contrast, in urban areas, the number increased in relative terms, rising
from 5190 (24.42%) to 5137 (26.37%). Finally, at the very high expenditure level, rural
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households remained practically stable, with 23 (0.11%) in 2017 and 20 (0.10%) in 2023,
while in urban areas they increased relatively, from 5274 (24.82%) to 5271 (27.06%). The
increase at certain levels reflects a greater proportion of expenditure due to the limited
availability of alternative services, while the decrease at others reflects a growing adoption
of alternative consumption options, such as bottled water, albeit to a lesser extent.

3.2. Statistical and Microeconometric Inference

Table 2 shows the estimates of the Logit and Probit models using data from 2017
and 2023, according to the goodness-of-fit tests. For both years, when comparing the two
models (Logit versus Probit), the Logit model shows a better fit to the data, with higher
Pseudo R2

McF values: 22.56% for 2017 and 37.20% for 2023. This indicates an excellent fit in
explaining the variation in the independent variables on the probability of drinking water
expenditure, compared to the values of the Probit model (21.93% for 2017 and 36.66% for
2023). Additionally, the Wald F-statistic confirms that the coefficients of the Logit model are
jointly significant (Fw = 98.64, p-value < 0.01 for 2017; Fw = 68.56, p-value < 0.01 for 2023).
Similarly, the Probit model also shows statistical relevance (Fw = 108.03, p-value < 0.01 for
2017; Fw = 78.21, p-value < 0.01 for 2023). To reinforce the choice of the Logit model, the
values of the logarithm of the maximum likelihood function (ML) are compared, being
higher in the Logit model (ML = −25.41 for 2017 and ML = −22.26 for 2023) compared
to the Probit model (ML = −25.52 for 2017 and ML = −22.45 for 2023). Similarly, the
information criteria of Akaike, Schwarz, and Hannan-Quinn ultimately determine that
the Logit model is superior to the Probit model. This is evidenced by the lower values of
50.88, 51.1073, and 50.9570 compared to the 2017 values of 51.3027, 51.5257, and 51.3754,
respectively. Likewise, the Logit model is considered superior to Probit because it has lower
values in the Akaike, Schwarz, and Hannan-Quinn criteria of 44.5764, 44.7970, and 44.6486,
compared to the 2023 values of 44.9619, 45.1825, and 45.0342.

Table 2. Goodness of fit tests for the choice of the drinking water expenditure model (ordered level)
in Peru, 2017 and 2023.

Goodness-of-Fit Tests
Logit Model Probit Model

2017 2023 2017 2023

McFadden coeff. of determination (Pseudo R2
McF) 0.2256 0.3720 0.2193 0.3666

Calculated Wald F statistic: FW 98.64 68.56 108.03 78.21
Prob[F ≥ FW/df1 = k − J + 1 and df2 = N − k − J + 2] 0.0000 *** 0.0000 *** 0.0000 *** 0.0000 ***
Maximum likelihood logarithm (MLL) (in thousands) −25.4141 −22.2602 −25.6233 −22.4530
Information criteria

Akaike (in thousands) 50.8843 44.5764 51.3027 44.9619
Schwarz (in thousands) 51.1073 44.7970 51.5257 45.1825
Hannan-Quinn (in thousands) 50.9570 44.6486 51.3754 45.0342

*** p < 0.01.

According to the results in Table 3, the Wald test for the parallel lines assumption
yielded a calculated Chi-square statistic of 14.34 for the ordered logit model corresponding
to 2017, and 3.19 for the 2023 model. The associated probability values (p-value = 0.1109
for 2017 and p-value = 0.3627 for 2023) exceed the significance level α = 0.05, leading to
the failure to reject the null hypothesis (H0) of proportionality of the odds. Consequently,
the parallel lines assumption is confirmed for both years, thus validating the robustness
of the ordered logit model compared to more flexible specifications such as the general-
ized ordered logit. These findings support the conclusion that the ordinal structure of
the dependent variable remains informationally adequate, and that the estimates of the
multiple-response ordered logit model are predictively reliable.
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Table 3. Wald test on the parallel lines assumption for the ordered logit model of drinking water
expenditure in Peru, 2017 and 2023.

Test 2017 2023

Calculated Chi-square statistic [χ2
C] 14.34 3.19

Prob[χ2 > χ2
C/df = R] 0.1109 0.3627

The results presented in Table 4 show the effect of the coefficients associated with
independent variable 1 (Intervention of the public investment project in drinking water
and sanitation) and independent variable 2 (Socioeconomic and demographic factors) on
the probability of monetary expenditure on drinking water consumption by households
in Peru.

Table 4. Ordered logit model of drinking water expenditure in Peru, 2017 and 2023.

Independent Variable Spending Level
2017 2023

Variable 1: Intervention of the public investment project in drinking water and sanitation
Dimension 1: Access to the service

Drinking water connection in the dwelling (Yes = 1 and No = 0) 1.6471 *** 1.3656 ***
Connection of sanitary services in the dwelling (Yes = 1 and No = 0) 0.6686 *** −0.0133

Dimension 2: Service Availability
Availability of safe water (Yes = 1 and No = 0) 0.6375 *** 0.7251 ***
Presence of unsafe water (Yes = 1 and No = 0) 0.4365 *** 0.4017 ***
Continuity of water service (Yes = 1 and No = 0) 0.0491 0.0229
Variable 2: Socioeconomic-demographic factors

Dimension 1: Socioeconomic factors
Monthly expenditure on bottled water (pens) 0.0802 *** 0.0432 **
Monthly monetary income of the head of household (pens) 0.2056 *** 0.1107 ***
Sex of the head of household (Male = 1 and Female = 0) −0.1284 *** −0.0676
Age of the head of household (Years) 0.1883 *** 0.3616 ***
Education of the head of household (Years) 0.0724 *** 0.0828 ***
Child aged 6 to 12 attending school (Yes = 1 and No = 0) 0.6302 * −0.2148
Adequate physical condition of the dwelling (Yes = 1 and No = 0) 0.3113 ** 0.1237
Absence of overcrowding in the dwelling (Yes = 1 and No = 0) 0.4029 *** 0.1873
Dwelling with economic dependence (Yes = 1 and No = 0) 0.2303 1.1772 ***
Extreme poverty (Yes = 1 and No = 0) −0.5029 −0.5092 ***
Non-extreme poverty (Yes = 1 and No = 0) −0.3296 *** −0.1841 **

Dimension 2: Demographic factors
North Coast (Yes = 1 and No = 0) −0.8646 *** −0.7391 ***
Central Coast (Yes = 1 and No = 0) −1.2591 *** −1.1679 ***
South Coast (Yes = 1 and No = 0) −1.7250 *** −1.2213 ***
North Highlands (Yes = 1 and No = 0) −2.2107 *** −1.6099 ***
Central Highlands (Yes = 1 and No = 0) −2.4663 *** −2.0922 ***
South Highlands (Yes = 1 and No = 0) −2.1338 *** −1.8912 ***
Rainforest (Yes = 1 and No = 0) −1.3007 *** −1.0879 ***
Urban Area (Yes = 1 and No = 0) 1.5863 *** 1.5586 ***

Cutting point

Cut 1 4.7249 *** 3.2690 ***
Cut 2 5.2509 *** 3.3140 ***
Cut 3 6.9623 *** 4.8521 ***
Cut 4 8.5225 *** 6.4661 ***

Number of geographic strata (S) 8 8
Number of clusters per department (N) 4375 4303
Sample size (n) 21,251 19,482
McFadden coefficient of determination (Pseudo R2

McF) 0.2256 0.3720
Calculated F-Fisher statistic: FC 98.64 68.56
Prob[F ≥ FC/df1 = k − (J − 1) and df2 = N – k − (J − 2)] 0.0000 *** 0.0000 ***

*** p < 0.01, ** p < 0.05, * p < 0.10.
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Regarding independent variable 1, within Dimension 1 (access to the service), consider
the year 2017. In that year, the connection to drinking water and sanitation facilities in
the home had a positive impact on the category with the highest probability of spending
on drinking water. This impact was statistically significant (p-value < 0.01). By 2023,
the connection to drinking water maintained a positive and significant impact at the 1%
level (p-value < 0.01), while the connection to sanitation facilities did not reach statistical
significance at the conventional level (p-value > 0.10). This does not allow us to reject
the null hypothesis of no effect, but neither does it establish evidence of inefficiency or
diminishing returns.

Regarding Dimension 2 (service availability), the coefficients for safe water availability
and the presence of unsafe water have a positive impact, placing homes in the highest
expenditure category with a significance of 1% (p-value < 0.01) for 2017 and 2023. In contrast,
the water service continuity coefficient is not statistically significant (p-value > 0.10) in
either 2017 or 2023.

Turning to the second independent variable, in Dimension 1 (socioeconomic factors),
monthly expenditure on bottled water for 2017 and 2023 is statistically significant at the 1%
and 5% levels (p-value < 0.01 and p-value < 0.05, respectively), positively impacting and
placing the probability in the highest expenditure category for drinking water. Monthly
monetary income, age, and years of education of the head of household show similar
behavior, with positive and significant impacts at the 1% level (p-value < 0.01) in both years.

Regarding the sex of the head of household (male = 1), a negative impact is observed,
placing the probability in the lowest spending category for 2017 (significant at the 1%
level), while for 2023, no statistical significance is evident (p-value > 0.10). The indicators
of children aged 6 to 12 attending school, adequate physical condition of the dwelling,
and absence of overcrowding show a positive impact for 2017, with significance levels
of 10%, 5%, and 1% (p-value < 0.10, p-value < 0.05, and p-value < 0.01), respectively;
however, for 2023, these effects lack statistical significance (p-value > 0.10). The indicators
for housing with economic dependency and extreme poverty show no significance for
2017 (p-value > 0.10); however, for 2023, housing with economic dependency shows a
positive impact (probability in the highest category) and extreme poverty a negative impact
(probability in the lowest category), both with a significance level of 1% (p-value < 0.01).
Meanwhile, the non-extreme poverty indicator shows a negative and statistically significant
impact at the 1% level for 2017 and at the 5% level for 2023 (p-value < 0.01 and p-value < 0.05,
respectively), placing the probability in the lowest expenditure category.

In Dimension 2 (demographic factors), housing located in coastal, highland, and
rainforest regions has a negative impact, with a significance level of 1% (p-value < 0.01), on
the probability of the lowest expenditure category for 2017 and 2023. In contrast, urban
location has a positive impact, also at a 1% significance level, on the probability of the
highest expenditure category.

The model of drinking water consumption expenditure includes five categories, im-
plying four cutoff points, which are presented in Table 4 for 2017 and 2023, all statistically
significant at the 1% level (p-value < 0.01). Additionally, the model fit is excellent ac-
cording to the criteria of McFadden [28] and Poston et al. [29], with pseudo R2 values
of 0.2256 for 2017 and 0.3720 for 2023. Likewise, the model is relevant, as evidenced by
Fisher’s F-statistic values: 98.64 (2017) and 68.56 (2023), which confirm that the variables
significantly explain the probability of drinking water consumption expenditure at the 1%
level (p-value < 0.01).
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3.3. Impact Effect Analysis Using Elasticities

Table 5 presents two types of findings. The first corresponds to the probability of a
household falling into a specific drinking water consumption expenditure category. The
second refers to the quantification of the impact of each indicator belonging to a dimension
and independent variable on the probability of belonging to each expenditure category.
The following results were obtained:

Table 5. Impact effect through elasticities of the level of expenditure on drinking water in Peru, 2017.

Variable Independiente

No
Expenditure Low Medium High Very

High

Prob[NG = j/X]

0.0681 0.0419 0.2964 0.3588 0.2348

Variable 1: Intervention of the public investment project in drinking water and sanitation
Dimension 1: Access to the service

Drinking water connection in the dwelling (Yes = 1 and
No = 0) −0.1839 *** −0.0724 *** −0.1277 *** 0.1822 *** 0.2018 ***

Sanitary service connection in the dwelling (Yes = 1 and
No = 0) −0.0560 *** −0.0274 *** −0.0820 *** 0.0656 *** 0.0999 ***

Dimension 2: Service Availability
Availability of safe water (Yes = 1 and No = 0) −0.0397 *** −0.0215 *** −0.0904 *** 0.0352 *** 0.1164 ***
Presence of unsafe water (Yes = 1 and No = 0) −0.0246 *** −0.0137 *** −0.0634 *** 0.0176 *** 0.0841 ***
Continuity of water service (Yes = 1 and No = 0) −0.0031 −0.0017 −0.0070 0.0031 0.0088
Variable 2: Socioeconomic-demographic factors

Dimension 1: Socioeconomic factors
Monthly expenditure on bottled water (pens) −0.0051 *** −0.0028 *** −0.0115 *** 0.0049 *** 0.0144 ***
Monthly monetary income of the head of household
(pens) −0.0130 *** −0.0071 *** −0.0295 *** 0.0127 *** 0.0369 ***

Sex of the head of household (Male = 1 and Female = 0) 0.0081 *** 0.0044 *** 0.0184 *** −0.0077 *** −0.0232 ***
Age of the head of household (Years) −0.0120 *** −0.0065 *** −0.0270 *** 0.0116 *** 0.0338 ***
Education of the head of household (Years) −0.0046 *** −0.0025 *** −0.0104 *** 0.0045 *** 0.0130 ***
Child aged 6 to 12 attending school (Yes = 1 and No = 0) −0.0525 −0.0258 −0.0778 ** 0.0616 0.0945 **
Adequate physical condition of the dwelling (Yes = 1
and No = 0) −0.0224 ** −0.0117 ** −0.0425 *** 0.0250 ** 0.0516 ***

Absence of overcrowding in the dwelling (Yes = 1 and
No = 0) −0.0300 *** −0.0154 *** −0.0540 *** 0.0341 ** 0.0653 ***

Dwelling with economic dependence (Yes = 1 and No = 0) −0.0132 −0.0074 −0.0335 0.0103 0.0438
Extreme poverty (Yes = 1 and No = 0) 0.0396 0.0200 0.0650 −0.0461 −0.0784
Non-extreme poverty (Yes = 1 and No = 0) 0.0235 *** 0.0123 *** 0.0452 *** −0.0260 *** −0.0550 ***

Dimension 2: Demographic factors
North Coast (Yes = 1 and No = 0) 0.0726 *** 0.0353 *** 0.1047 *** −0.0830 *** −0.1297 ***
Central Coast (Yes = 1 and No = 0) 0.1282 *** 0.0554 *** 0.1193 *** −0.1390 *** −0.1639 ***
South Coast (Yes = 1 and No = 0) 0.2169 *** 0.0768 *** 0.0965 *** −0.2018 *** −0.1884 ***
North Highlands (Yes = 1 and No = 0) 0.3201 *** 0.0897 *** 0.0536 ** −0.2512 *** −0.2123 ***
Central Highlands (Yes = 1 and No = 0) 0.3545 *** 0.0953 *** 0.0610 *** −0.2668 *** −0.2440 ***
South Highlands (Yes = 1 and No = 0) 0.2712 *** 0.0899 *** 0.1092 *** −0.2326 *** −0.2377 ***
Rainforest (Yes = 1 and No = 0) 0.1323 *** 0.0571 *** 0.1230 *** −0.1425 *** −0.1699 ***
Urban Area (Yes = 1 and No = 0) −0.1817 *** −0.0706 *** −0.1170 *** 0.1805 *** 0.1888 ***

*** p < 0.01, ** p < 0.05

In Peru, during 2017, the average household had a 6.81% probability of not incur-
ring any drinking water consumption expenditure. Likewise, the probabilities of incur-
ring low, medium, high, and very high expenditure were 4.19%, 29.64%, 35.88%, and
23.48%, respectively.

Regarding the impact of access to the service, all indicators were statistically significant
at the 1% level (p-value < 0.01). Regarding access to potable water in the home, compared
to those without the service, the probability of not spending on potable water decreases by
18.39%. This decrease is further reduced by 7.24% for the low level and by 12.77% for the

https://doi.org/10.3390/su18157743

https://doi.org/10.3390/su18157743


Sustainability 2026, 18, 7743 19 of 30

medium level. Conversely, this probability increases by 18.22% for the high level and by
20.18% for the very high level. Similarly, having access to sanitary facilities in the home,
compared to other situations, reduces the probability of not spending on potable water
by 5.60%, of having low spending by 2.74%, and of medium spending by 8.20%. Mean-
while, it increases the probability of high spending by 6.56% and of very high spending
by 9.99%.

Regarding the impact of service availability, the indicator of safe water availability
compared to those without it shows statistical significance at the 1% level (p-value < 0.01).
Thus, the probability of not spending on drinking water decreases by 3.97%; the prob-
ability of low spending decreases by 2.15%; and the probability of medium spending
decreases by 9.04%. Conversely, the probability of high spending increases by 3.52% and
the probability of very high spending by 11.64%. In the case of unsafe water, the probability
of not spending on drinking water decreases by 2.46%; the probability of low spending
decreases by 1.37%; and the probability of medium spending decreases by 6.34%. Mean-
while, the probability of high spending increases by 1.76% and the probability of very high
spending increases by 8.41%. Both indicators are statistically significant at the 1% level
(p-value < 0.01). However, for the water service continuity indicator, no statistically signifi-
cant evidence was found at the 10% level (p-value > 0.10) to support an impact on drinking
water consumption levels.

Regarding socioeconomic factors, several indicators comprise this dimension. The first
is monthly spending on bottled water: a 1% increase in this category has an impact effect
that reduces the probability of not spending on drinking water by 0.51%, low spending
by 0.28%, and medium spending by 1.15%; conversely, it increases the probability of
high spending by 0.49% and very high spending by 1.44%. Next, analyzing the monthly
monetary income of the head of household, a 1% increase decreases the probability of not
spending on drinking water by 1.30%, low spending by 0.71%, and medium spending by
2.95%; while increasing the probability of high spending by 1.27% and very high spending
by 3.69%. Regarding the sex of the head of household (male versus female), an impact
effect is observed that increases the probability of not allocating funds to drinking water by
0.81%, low spending by 0.44%, and medium spending by 1.84%; conversely, it reduces the
probability of high spending by 0.77% and very high spending by 2.32%. All these analyses
show statistical significance at the 1% level (p-value < 0.01).

Other indicators, such as the age and years of education of the head of household,
exhibit similar behavior with statistical significance at the 1% level. Thus, a 1% increase in
age leads to a decrease in the probability of not spending on drinking water by 1.20%, of low
spending by 0.65%, and of medium spending by 2.70%; while it increases the probability of
high spending by 1.16% and that of very high spending by 3.38%. Similarly, a 1% increase
in years of education reduces the probability of not spending on drinking water by 0.46%,
of low spending by 0.25%, and of medium spending by 1.04%; and increases the probability
of high spending by 0.45% and that of very high spending by 1.30%.

Regarding the presence in the household of a child aged 6 to 12 who attends school,
this variable is statistically significant at the 5% level (p-value < 0.05). Specifically, it achieves
an effect that reduces the probability of medium drinking water expenditure by 7.78%
and increases the probability of very high expenditure by 9.45%. However, no statistical
evidence (p-value > 0.10) is found for an effect on the remaining expenditure categories.

Indicators such as adequate physical condition of the dwelling and the absence of
overcrowding show statistical significance at the 1% (p-value < 0.01) and 5% (p-value < 0.05)
levels, with similar relationships. Consequently, for dwellings in adequate physical condi-
tion, the impact effect reduces the probability of not spending on drinking water by 2.24%,
the probability of low expenditure by 1.17%, and the probability of medium expenditure
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by 4.25%. The probability of high spending increases by 2.50%, and the probability of very
high spending by 5.16%. Similarly, the absence of overcrowding in the home reduces the
probability of not spending on drinking water by 3.00%, of low spending by 1.54%, and of
medium spending by 5.40%; and increases the probability of high spending by 3.41% and
of very high spending by 6.53%.

The condition of not being in extreme poverty has a statistically significant influence
at the 1% level (p-value < 0.01) in all spending categories. Thus, the probability of not
spending on drinking water increases by 2.35%, the probability of low spending by 1.23%,
and the probability of medium spending by 4.52%; while the probability of high spending
decreases by 2.60% and the probability of very high spending by 5.50%. Conversely,
indicators of housing with economic dependency and extreme poverty do not show a
statistically significant impact at the 10% level (p-value > 0.10) on the probability of the
drinking water consumption expenditure categories.

Regarding demographic factors, all indicators comprising this dimension show a
statistically significant impact at the 1% level (p-value) on the probability of the drinking
water consumption expenditure categories. Thus, households located on the coast, in the
highlands, and in the rainforest show a directly proportional relationship with the categories
of no expenditure, low expenditure, and medium expenditure, and an inverse relationship
with the categories of high and very high expenditure. Households in the northern and
central highlands register the highest probabilities of not allocating any expenditure to
drinking water (32.01% and 35.45%, respectively), compared to the other natural regions.
In contrast, homes on the northern coast have a 7.26% probability, those on the central
coast a 12.82% probability, and those in the rainforest a 13.23% probability—lower values
compared to other regions regarding the non-allocation of funds to drinking water.

In the low expenditure category, homes on the northern coast have a lower probability
(3.53%) of allocating funds to drinking water, while those in the Central Highlands have a
higher probability (9.53%). In the medium expenditure category, homes in the northern
highlands have the lowest probability (5.36%) and those in the rainforest the highest
(12.30%). Considering the negative correlation, homes on the northern coast have a lower
probability of allocating funds in the high (8.30%) and very high (12.97%) categories to
drinking water; meanwhile, homes in the central highlands exhibit the highest probabilities
in the high (26.68%) and very high (24.40%) expenditure categories.

The urban area where the dwelling is located has a significant influence (p-value < 0.01)
across the different categories of drinking water expenditure. Thus, the probability of no
drinking water expenditure is 18.17% lower; low expenditure, 7.06% lower; and medium ex-
penditure, 11.70% lower. Conversely, the probability is 18.05% higher for high expenditure
and 18.88% higher for very high expenditure.

Table 6 presents the estimated impact effects of each independent variable on the
probability of belonging to the different drinking water consumption expenditure categories
in Peru in 2023, along with the estimated average probabilities for each expenditure level.
According to the results, an average household in 2023 has a 10.92% probability of not
incurring any drinking water expenditure, while the probabilities of incurring low, medium,
high, and very high expenditure are 0.45%, 26.02%, 37.61%, and 25.00%, respectively.

Regarding Variable 1, specifically Dimension 1 (access to the service), with respect to
the indicator of drinking water connection in the household, it is observed that this reduces
the probability (p-value < 0.01) of not incurring any drinking water expenditure by 19.32%.
Furthermore, the effect is statistically significant (p-value < 0.01) for the different spending
categories, reducing spending in the low and medium levels with probabilities of 0.54%
and 13.01%, respectively, while increasing spending in the high and very high categories
with probabilities of 13.56% and 19.31%. However, the connection of sanitary facilities in
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the dwelling does not show statistical significance (p-value > 0.10) in explaining the impact
effect on the probability of the spending categories.

Table 6. Estimated impact on the level of expenditure on drinking water in Peru, 2023.

Variable Independiente

No
Expenditure Low Medium High Very

High

Prob[NG = j/X]

0.1092 0.0045 0.2602 0.3761 0.2500

Variable 1: Intervention of the public investment project in drinking water and sanitation
Dimension 1: Access to the service

Drinking water connection in the dwelling (Yes = 1 and
No = 0) −0.1932 *** −0.0054 *** −0.1301 *** 0.1356 *** 0.1931 ***

Sanitary service connection in the dwelling (Yes = 1 and
No = 0) 0.0013 0.0001 0.0018 −0.0006 −0.0025

Dimension 2: Service Availability
Availability of safe water (Yes = 1 and No = 0) −0.0700 *** −0.0025 *** −0.0949 *** 0.0303 *** 0.1370 ***
Presence of unsafe water (Yes = 1 and No = 0) −0.0352 *** −0.0013 *** −0.0538 *** 0.0101 *** 0.0802 ***
Continuity of water service (Yes = 1 and No = 0) −0.0022 −0.0001 −0.0030 0.0011 0.0043
Variable 2: Socioeconomic-demographic factors

Dimension 1: Socioeconomic factors
Monthly expenditure on bottled water (pens) −0.0042 ** −0.0001 ** −0.0058 ** 0.0020 ** 0.0081 **
Monthly monetary income of the head of household
(pens) −0.0108 *** −0.0004 *** −0.0148 *** 0.0052 *** 0.0208 ***

Sex of the head of household (Male = 1 and Female = 0) 0.005 * 0.0002 0.009 −0.0031 * −0.0127
Age of the head of household (Years) −0.0352 *** −0.0013 *** −0.0482 *** 0.0168 *** 0.0678 ***
Education of the head of household (Years) −0.0081 *** −0.0003 *** −0.0110 *** 0.0039 *** 0.0155 ***
Child aged 6 to 12 attending school (Yes = 1 and No = 0) 0.0192 0.0007 0.0289 −0.0064 −0.0424
Adequate physical condition of the dwelling (Yes = 1
and No = 0) −0.0126 −0.0004 −0.0163 0.0068 0.0225

Absence of overcrowding in the dwelling (Yes = 1 and
No = 0) −0.0195 −0.0007 −0.0245 0.0111 0.0336

Dwelling with economic dependence (Yes = 1 and No = 0) −0.0730 *** −0.0028 *** −0.1429 *** −0.0507 0.2695 ***
Extreme poverty (Yes = 1 and No = 0) 0.0598 ** 0.0020 ** 0.0626 *** −0.0407 ** −0.0836 ***
Non-extreme poverty (Yes = 1 and No = 0) 0.0188 ** 0.0007 ** 0.0243 ** −0.0102 * −0.0335 **

Dimension 2: Demographic factors
North Coast (Yes = 1 and No = 0) 0.0888 *** 0.0029 *** 0.0884 *** −0.0607 *** −0.1195 ***
Central Coast (Yes = 1 and No = 0) 0.1656 *** 0.0047 *** 0.1137 *** −0.1200 *** −0.1639 ***
South Coast (Yes = 1 and No = 0) 0.1811 *** 0.0050 *** 0.1098 *** −0.1321 *** −0.1638 ***
North Highlands (Yes = 1 and No = 0) 0.2628 *** 0.0062 *** 0.1087 *** −0.1826 *** −0.1952 ***
Central Highlands (Yes = 1 and No = 0) 0.3579 *** 0.0073 *** 0.1046 *** −0.2289 *** −0.2409 ***
South Highlands (Yes = 1 and No = 0) 0.3076 *** 0.0070 *** 0.1214 *** −0.2038 *** −0.2322 ***
Rainforest (Yes = 1 and No = 0) 0.1476 *** 0.0044 *** 0.1132 *** −0.1060 *** −0.1591 ***
Urban Area (Yes = 1 and No = 0) −0.2437 *** −0.0061 *** −0.1194 *** 0.1703 *** 0.1989 ***

*** p < 0.01, ** p < 0.05, * p < 0.10.

Regarding Dimension 2 (service availability), the indicators for the availability of
safe water and the presence of unsafe water are statistically significant at the 1% level
(p-value < 0.01). Specifically, having access to safe water reduces the probability of not
spending on drinking water by 7.00%, while the presence of unsafe water reduces it by
3.52%. As for the different spending categories, the availability of safe water decreases low
and medium spending by 0.25% and 9.49%, respectively; conversely, it increases high and
very high spending by 3.03% and 13.70%, respectively. Regarding the presence of unsafe
water, it reduces low and medium spending by 0.13% and 5.38%, respectively; however, it
increases high and very high spending by 1.01% and 8.02%, respectively. Conversely, the
water service continuity indicator does not show statistical significance (p-value > 0.10);
therefore, it is not possible to attribute an impact effect on the probability of the drinking
water expenditure categories.
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Regarding socioeconomic factors, it was found that a 1% increase in monthly bottled
water expenditure reduces the probability of not allocating any expenditure to drinking
water by 0.42%, an effect significant at the 5% level (p-value < 0.05). In this same (negative)
relationship, and with statistical significance (p-value < 0.05), monthly bottled water ex-
penditure reduces drinking water expenditure in the low and middle socioeconomic levels
with probabilities of 0.01% and 0.58%, respectively; conversely, drinking water expenditure
increases in the high and very high socioeconomic levels with probabilities of 0.20% and
0.81%, respectively.

A 1% increase in the monthly monetary income of the head of household decreases
the probability of not spending by 1.08% (p-value < 0.01). It also reduces the probability in
the low and medium spending categories by 0.04% and 1.48%, respectively, and increases
the probability in the high and very high spending categories by 0.52% and 2.08%. The fact
that the head of household is male, compared to female, increases the probability of not
spending on drinking water by 0.50% and decreases the probability in the high drinking
water spending category by 0.31%, although these effects only reach significance at the
10% level (p-value < 0.10). Conversely, no statistically significant effects are observed in the
other spending categories (p-value > 0.10).

Meanwhile, a 1% increase in the age of the head of household reduces the probability
of not spending on drinking water by 3.52% (p-value < 0.01). Regarding the other categories
of drinking water expenditures, the effects are also statistically significant (p-value < 0.01):
they reduce the probability at the low level by 0.13% and at the medium level by 4.82%,
and increase the probability at the high level by 1.68% and at the very high level by 6.78%.
As for years of education, with statistical relevance (p-value < 0.01), a 1% increase in years
of education reduces the probability of not spending on drinking water by 0.81%; the same
occurs with a probability of 0.03% at the low expenditure level and 1.10% at the medium
level. While it incentivizes an increase in probability of 0.39% for the high level and 1.55%
for the very high level.

The indicator related to the presence of a child aged 6 to 12 attending school is not
statistically significant (p-value > 0.10); therefore, an impact effect on the probability of
the drinking water expenditure categories cannot be established. Similarly, adequate
housing conditions and the absence of overcrowding do not reach statistical significance
(p-value > 0.10). In contrast, households with economic dependency show a significant
effect at the 1% level (p-value < 0.01), reducing the probability of not spending on drinking
water by 7.30%; likewise, it decreases the probability in the low water expenditure category
by 0.28% and in the medium category by 14.29%, and increases the probability in the very
high expenditure category by 26.95%. No evidence of a significant effect at the 10% level
(p-value > 0.10) was found in the high spending category.

Regarding poverty conditions, both extreme and non-extreme poverty are statistically
significant at different levels. Specifically, being in extreme poverty increases the probability
(p-value < 0.05) of not spending on drinking water by 5.98% and increases the probability
(p-value < 0.05 for low spending; p-value < 0.01 for medium spending) of spending on
water in the low category by 0.20% and in the medium category by 6.26%; while it reduces
the probability (p-value < 0.05 for high spending; p-value < 0.01 for very high spending) of
spending on drinking water in the high category by 4.07% and in the very high category
by 8.36%. According to the non-extreme poverty status, this increases the probability
(p-value < 0.05) of not allocating funds to drinking water by 1.88%, as well as in the very
low expenditure category by 0.07% and in the medium expenditure category by 2.43%.
However, it reduces the probability (p-value < 0.10 for high expenditure; p-value < 0.05 for
very high expenditure) in the high expenditure category by 1.02% and in the very high
expenditure category by 3.35%.
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In Dimension 2 of demographic factors, all regional indicators and the area of residence
are statistically significant at the 1% level (p-value < 0.01). Households located on the north
coast, central coast, south coast, northern highlands, central highlands, southern highlands,
and in the rainforest show positive effects on the probability of not spending on drinking
water, with magnitudes of 8.88%, 16.56%, 18.11%, 26.28%, 35.79%, 30.76%, and 14.76%,
respectively. These results indicate that, compared to the reference region, residing in any
of these geographic areas increases the probability that the household will not spend money
on drinking water. Conversely, urban areas show a negative and significant effect at the 1%
level: residing in urban areas reduces the probability of not spending on drinking water by
24.37% compared to rural areas.

At the 1% significance level (p-value < 0.01), housing in the regions of the north
coast, central coast, south coast, north highlands, central highlands, south highlands and
rainforest shows positive effects on the probability of spending on drinking water in the
very low category: 0.29%, 0.47%, 0.50%, 0.62%, 0.73%, 0.70% and 0.44%, respectively;
as well as in the medium category: 8.84%, 11.37%, 10.98%, 10.87%, 10.46%, 12.14% and
11.32%. On the other hand, they show negative effects on the probability of drinking water
expenditure in the high category: 6.07%, 12.00%, 13.21%, 18.26%, 22.89%, 20.38%, and
10.60%; and in the very high category: 11.95%, 16.39%, 16.38%, 19.52%, 24.09%, 23.22%, and
15.91%. Conversely, the urban residential area has negative effects on the probability of
drinking water expenditure in the very low and medium categories, with values of 0.61%
and 11.94%, respectively; while the positive effects on the probability of drinking water
expenditure in the high and very high categories are 17.03% and 19.89%, respectively.

4. Discussion
When analyzing drinking water expenditure after combining both samples (Table S1,

Supplementary Material), no significant interaction influence was found at the 5%
level (p-value > 0.05). According to the results of the modified Wald test (Table S2,
Supplementary Material), this interaction reveals that expenditure on drinking water con-
sumption did not change drastically between 2017 and 2023. Likewise, the interaction
coefficients between 2023 and the following variables—connection to the drinking water
service, availability of safe water, presence of unsafe water, continuity of water service,
monthly expenditure on bottled water, and monthly monetary income of the head of
household—were not statistically significant (p-value > 0.05) (Tables S1 and S2). These
findings indicate that these variables did not change systematically between the two years,
despite the external shocks that occurred, thus validating the comparison of the separately
estimated models presented in Table 4.

The evidence reveals a critical paradox: although infrastructure coverage remained
relatively stable, particularly in rural areas (4.37% in 2017 and 4.75% in 2023), while
households without coverage increased in urban areas (from 7.89% in 2017 to 8.93% in 2023)
and decreased in rural areas (from 8.34% in 2017 to 7.82% in 2023) (Figure 2A), spending on
drinking water in pens has increased relatively (in percentage, but not significantly), while
in total numbers decreased according to Figure 6 in the high and very high categories in
urban areas, as has the consumption of bottled water (Figure 3A,B). This finding suggests
that greater access to the service was not accompanied by a corresponding improvement
in the quality, reliability, or continuity of supply, leading households to adopt costly
adaptation strategies.

4.1. The Double Burden of Drinking Water: Infrastructure and Perceived Quality

The econometric results in Table 4 show that having a potable water connection in-
creases the probability of falling into the highest expenditure categories (high and very
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high) by 18.22% and 20.18% for 2017 (Table 5), and by 13.56% and 19.31% for 2023 (Table 6),
respectively. This result could be interpreted as a success of the public investment policy:
connected households value the service, which aligns with the market mechanisms de-
scribed in the tariff literature, as argued by Vera et al. [44]. This finding also suggests greater
demand elasticity among households with potable water, demonstrating their willingness
to adjust spending based on tariffs. Therefore, this tariff should be set at low levels for low
and moderate consumption, while it would be high for high consumption; in addition,
tariff adjustments are needed during periods of high seasonal demand and in summer.

However, the persistence and increase in spending on bottled water—a 1% increase in
this category is associated with a 1.44% increase in the probability of very high spending
on drinking water in 2017 (Table 5)—demonstrates a duality in spending patterns. This
behavior is consistent with the research of Oyelami et al. [45]. Their study shows that, in
contexts of inadequate or alternative water supply, households facing deficiencies in the
public system resort to more dependable sources, including groundwater from hand-dug
wells and deep wells.

Specialized literature, such as that by Mudiyanselage et al. [46], has documented
that when the public supply is perceived as unreliable, households tend to seek private
alternatives for water supply, generating significant additional expenses.

The work of Pattanayak et al. [12] shows that households in Kathmandu, Nepal, incur
hidden costs because they assume double expenses as an adaptation strategy (pumping,
collection, treatment, purchase, and storage) in the face of insufficient water service and
inadequate infrastructure. Our findings indicate that the availability of unsafe water with
inadequate chlorine further increases the likelihood of expenditure in the high category
(Tables 5 and 6). This suggests that users not only pay for access but also for poor qual-
ity through corrective mechanisms such as purchasing filters, boiling water, or buying
bottled water.

The systematic review by Majuru et al. [47] in developed countries shows that house-
holds experience continuous water supply interruptions, leading them to store water or
seek alternative sources. This situation is more critical for poor households, who must
dedicate more time and effort to water collection. These findings reinforce the results of
this manuscript, indicating that low-income households bear an excessive burden. Con-
sequently, these households resort to labor- and time-intensive strategies, while those
with higher incomes access market solutions, such as purchasing bottled water. In this
regard, the results in Tables 5 and 6 consistently reveal that both extreme and non-extreme
poverty reduce the likelihood of high or very high expenditure on drinking water, which is
consistent with this heterogeneous distribution of the adaptive burden.

4.2. Heterogeneity and the Water Poverty Trap

A key contribution of this research is the identification of stark geographic and socioe-
conomic disparities. The results show that residing in the highlands (south and central
regions), compared to the coast, increases the likelihood of not spending money on drink-
ing water (Tables 5 and 6). This situation does not reflect well-being, but rather exclusion
from the state-provided supply or a formal service so scarce that it has been completely
replaced by informal sources (rivers, streams, cisterns, and wells). This finding, as noted
by Fagundes et al. [48] and Liu et al. [49], is crucial and aligns with the global concern for
monitoring inequalities in access to drinking water beyond national averages.

The link with socioeconomic strata exacerbates this problem. Non-extreme poverty
showed a solid negative impact on the high and very high spending categories, both in
2017 (p-value < 0.01, Table 5) and in 2023 (p-value < 0.10 and p-value < 0.05, respectively,
Table 6); while it showed a positive impact on the low and medium spending categories in
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both 2017 (p-value < 0.01, Table 5) and 2023 (p-value < 0.05, Table 6). In contrast, extreme
poverty, statistically relevant only in 2023, increased the probability of not spending by
5.98% (Table 6). This suggests that households in extreme poverty are being excluded from
the formal water market due to infrastructure or economic constraints. This finding is
corroborated by Borgomeo et al. [50], who found that water risks have economic effects
and that improving the management and maintenance of infrastructure allows overcoming
the poverty trap towards an economic improvement of households.

Heads of households with higher monetary income, years of education, and urban
locations are more likely to incur high spending. This behavior reveals a structure in which
drinking water expenditure is regressive: the poorest households without access to the
service are forced to spend nothing, while those with access must allocate a disproportionate
share of their income to ensure a minimum safe supply (dual expenditure on bottled water).
This phenomenon is known as the water poverty trap. The work of Fagundes et al. [48]
demonstrates that inequality in access to drinking water and sanitation increases the
costs of these services, affecting households’ ability to pay for other essential services
and contributing to the cycle of poverty. Similarly, the paper by Fagundes et al. [51]
indicates that disparities in drinking water coverage and affordability perpetuate poverty
and inequality.

4.3. The Mediating Role of Human Capital and the Failure of Passive Interventions

A notable result is the loss of statistical significance in 2023 for the indicators of
physical condition of housing, absence of overcrowding and, surprisingly, connection to
sanitary services (Table 4). This finding reflects less variability in the sample, likely due to
sanitation programs that are not captured by the ENAHO survey.

While in 2017 these indicators mitigated the likelihood of water expenditure in the low
and medium categories (Table 5), in 2023 their effect disappeared (Table 6). This is because,
in 2017, households with overcrowding or poor physical infrastructure may have exhibited
more restricted consumption patterns due to their reliance on free public water taps and
water trucks; whereas by 2023, the pandemic stabilized water consumption as an inelastic
biological, sanitary necessity, regardless of overcrowding, housing physical condition, and
connection to sanitation services. Thus, handwashing and disinfection became mandatory,
leading to households having water connections or collective water meters.

In contrast, indicators such as the age and years of education of the head of household
maintained their significant and positive effect on spending in both 2017 and 2023 (Table 4).
This indicates that human capital is a more robust determinant of households’ capacity to
manage water resources, whether by investing in storage technologies, navigating the tariff
system, or implementing effective hygiene practices. This finding aligns with the results
of Agustin et al. [52], who emphasize that socio-behavioral changes and water resource
management are essential complements to the success of infrastructure investment projects.
This demonstrates that public investment alone is insufficient if it is not accompanied by
capacity-building programs at the local level.

4.4. Policy Commitments and Progress Towards the SDGs

The results have direct implications for the effectiveness of public policies in the
context of SDGs 1, 3, 6, and 10. The data show that investment has improved access to
drinking water and sanitation (SDG 6) but has not closed the affordability (SDG 1) or quality
gaps. The statistically significant values for 2017 (p-value < 0.01) and 2023 (p-value < 0.05)
in the elasticity of expenditure on bottled water (Tables 5 and 6) reveals a market failure:
the State is not guaranteeing the human right to water, forcing households to pay twice for
the same service (one public service of low quality and another private service of dubious
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quality, but perceived as safe). In this regard, the work of Gómez-Lobo et al. [53] shows
that the tariff reform in Peru, aimed at focusing subsidies, is insufficient to alleviate this
burden on the most vulnerable sectors, particularly in the rainforest and highlands.

Discussing this evidence in light of international scientific literature allows us to
understand that the Peruvian problem is not isolated. The research of Fagundes et al. [51]
and Fagundes et al. [54] documents, from Brazil, how loss minimization targets and social
tariffs are indispensable tools but difficult to implement without generating inequities.
Similarly, Gómez-Lobo et al. [53] demonstrate, based on the Chilean experience with
subsidies, the importance of refined policy design to prevent benefits from being captured
by the non-poor. Our research provides evidence that, in a country as diverse and spatially
fragmented as Peru, one-size-fits-all responses are ineffective. Territorially differentiated
interventions are needed to address connectivity, quality, continuity, and affordability,
incorporating hygiene education as a fundamental component of the public investment
project. Specifically, we propose:

1. Differentiated tariffs: In urban coastal areas, higher tariffs should be charged to those
who consume more water, adjusting the price by district so that higher-income families
pay for their actual consumption and do not receive subsidies from middle-income
households. In rural highlands, on the other hand, a fixed monthly fee should be
charged according to housing conditions and district, supplemented by community
meters due to the lack of infrastructure for individual metering.

2. Implementation of two types of subsidies: In peri-urban areas, direct cash transfers
should be provided to households through social programs such as Juntos or Pensión
65, allocating these resources to finance the installation of household water pipes and
the purchase of water filters. In rural rainforest areas, on the other hand, the money
should be given directly to community organizations, provided their members are
trained in maintenance and chlorine application.

3. Community management in isolated and impoverished areas: In the high Andean
regions, the State should provide supplies (pipes and chlorine) and technical assistance,
while the community operates the system and charges subsistence-level social tariffs.
In areas of extreme poverty where the water market excludes households, priority
should be given to managing small-scale water collection and storage systems. These
systems should rely on community reservoirs, financed with mining and/or gas
royalties, and be operated by the residents themselves.

4.5. Limitations and Future Research

This manuscript is based on cohort data, in which most households were studied in
2017 [26] and 2023 [27], but without longitudinal follow-up of the same households. There-
fore, future research should use the ENAHO panel structure to control for the unobserved
heterogeneity at the household level. The study has another limitation: the available data
are restricted to chlorine concentration (0.5–3.4 mg/L) and inadequate chlorine concentra-
tion (0.1–0.4 mg/L). The absence of microbiological, chemical, and physical parameters
hinders a more complete assessment of safe drinking water. Therefore, research including
this additional data is needed. Furthermore, qualitative research is necessary to understand
the perceptions of quality and risk that lead households to choose bottled water even when
they have a piped water connection. Finally, assessing the impact of specific programs, such
as micro-metering or point-of-use chlorination, could offer more cost-effective solutions
than large infrastructure projects to improve perceived water quality.
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5. Conclusions
Analysis of microdata from the ENAHO-INEI survey (2017 and 2023) reveals three

main findings that qualify the impact of public investment projects in drinking water and
sanitation on household spending on this service in Peru.

First, a paradox emerges: Despite the increase in household water connection coverage
in rural areas (from 4.37% to 4.75%), monetary expenditure on drinking water and bottled
water consumption increased significantly. This suggests that infrastructure expansion
has not been accompanied by equivalent improvements in service continuity or quality,
transferring unforeseen adaptation costs to households.

Second, a regressive spending pattern is observed: In 2023, households in extreme
poverty were 5.98% more likely to spend no money on drinking water, revealing exclusion
rather than well-being. In contrast, heads of households with higher levels of education and
income were more likely to incur high or very high expenses. This pattern, consistent with
a potential water poverty trap, appears to be more pronounced in the highlands, where
residing in these regions increases the probability of spending no money on water by up
to 35.79%.

Third, the lack of statistical significance in 2023 for access to sanitation services—which
was significant in 2017—did not reveal a statistically relevant effect. This discrepancy
between years could be due to various factors, such as the sample composition or contextual
situations, so it cannot be inferred that the provision of physical infrastructure has entered
a phase of diminishing returns. On the contrary, years of education and the age of the
head of household maintained a positive and robust effect, which underscores that human
capital is more fundamental than passive infrastructure.

In terms of public policy, homogeneous state interventions are ineffective in a country
with high geographic segmentation like Peru. Territorially differentiated strategies are re-
quired that integrate improvements in affordability, continuity and microbiological quality
of service, along with hygiene education programs.
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