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ABSTRACT: Water, the mother of all resources, must be managed sustain- B ATV
ably fOI' global Pl‘OSPeI’ity. Equitable access to clean drinking water depends Empowering students for sustainable water resource management

on effective water-quality monitoring. Centralized drinking-water monitoring
systems are essential for public health protection, yet in many regions, they
lack spatial resolution and household-level coverage, allowing localized con-
tamination risks to remain undetected between routine assessments. In this
study, we present and validate a decentralized, quality-controlled drinking-
water surveillance architecture at scale. In a pilot implementation, 990 univer-
sity-trained participants conducted standardized assessments of over
9000 household drinking-water sources across India, Israel, and Uganda.
Validation analyses demonstrated strong agreement between decentralized
field measurements and expert- and laboratory-supported verification, sup-
porting reliable data generation under structured protocols. The resulting spa-
tial dataset identified localized areas with elevated water-quality risk indicators that may be missed by lower-resolution monitoring
approaches. By expanding household-level coverage and incorporating structured quality-control and validation procedures, the frame-
work provides early warning and supports targeted professional follow-up, while complementing, rather than replacing, certified lab-
oratory and regulatory monitoring systems. Overall, this study establishes a transferable decentralized surveillance framework that
complements existing monitoring infrastructure and strengthens sustainable water resource management in regions with appropriate
training capacity, institutional support, ethical data governance, and validation infrastructure.

KEYWORDS: decentralized drinking-water monitoring, household-level water quality, monitoring density, spatial risk mapping,
sustainable water resource management

Bl INTRODUCTION systematic review showing that microbiological water quality
can deteriorate between the source and the point

of use during collection, transport, and household storage.4
Earlier studies similarly emphasized that protection of drinking
water should extend beyond the source to collection, household
storage, and point-of-use conditions.® Large-scale household-
survey evidence from low- and middle-income countries further
shows that water classified as improved or basic at the source
may still be contaminated at the point of use.® Meta-analytic
evidence further demonstrates the public-health relevance of
household-level water safety, with point-of-use filtration

Access to microbiologically safe drinking water remains a global
public health priority and an essential component of sustainable
water resource management. According to World Health
Organization (WHO) estimates, in 2022, 1.7 billion people
relied on drinking-water sources contaminated with fecal
matter.! WHO guidelines define microbiological safety criteria
that form the basis of regulatory monitoring systems and certi-
fied laboratory analyses.” Unsafe drinking water continues to
contribute substantially to preventable diseases and mortality,
particularly among children under five years of age.’
Regulatory water monitoring systems primarily rely on peri-

odic, source-based sampling and may not fully capture water- Received: March 10, 2026
quality conditions at the point of use. In settings particularly Revised:  September 6, 2026
where distribution systems are decentralized, intermittent, or Accepted:  September 8, 2026

aging, household-level water quality can differ from source-
level measurements. This limitation has been widely docu-
mented in household drinking-water studies, including a
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combined with safe storage associated with substantially
reduced childhood diarrheal risk.” The absence of systematic
household-level monitoring creates blind spots in water-
quality assurance.

Large-scale water management is constrained by the lack of
field-validated, openly accessible water-quality data at high
spatial resolution. Recent point-of-use evidence shows that
microbial contamination is associated with household-level
socio-economic conditions and water-handling practices,
including storage container design, container covering, house-
hold water treatment, and hand hygiene.®* A population-based
study in rural areas across multiple African countries similarly
identifies household and socio-economic predictors of
drinking-water Escherichia coli (E. coli) contamination.” These
findings indicate that utility-level monitoring alone may not
fully capture household-level and behavioral factors influencing
drinking-water safety. These limitations are especially important
in rural, peri-urban, and socio-economically peripheral regions,
where water sources may be heterogeneous and household-
level risks may vary over short distances. Such spatial and
socio-economic variability underscores the need for monitoring
approaches that incorporate point-of-use conditions and house-
hold practices, alongside source-level assessments.*” This mon-
itoring gap is particularly relevant to sustainable resource
management because localized contamination at the point of
use may remain undetected between routine assessments, limit-
ing the ability of authorities, utilities, and communities to prior-
itize follow-up actions. Therefore, high-spatial-resolution data
collected at the household level are needed not to replace
certified monitoring systems, but to complement them by iden-
tifying localized risks and supporting targeted water-quality
management.

Multiple studies have examined the relationship between
drinking-water quality and household-level perceptions,
behaviors, treatment practices, and socio-economic conditions.
These studies show that household water safety, microbial con-
tamination levels, and waterborne disease risk depend not only
on source quality, but also on storage, treatment, hygiene
behavior, socio-economic conditions, and point-of-use handling
practices.*®® Longitudinal evidence indicates that sustained
household water-treatment practices are influenced not only
by technical factors, but also by household behavior, perceived
ability to maintain the practice, and the surrounding social envi-
ronment.'® Earlier integrated approaches combining household
surveys with point-of-use water-quality measurements were
developed to capture both subjective factors (e.g., user behav-
ior, practices, and perceptions) and objective indicators (e.g.,
quantitative water-quality parameters) at the community
level.'' However, existing studies have addressed different com-
ponents of this problem separately or at limited scales, rather
than integrating standardized household-level data collection,
microbiological testing, quality control, and spatial analysis
within a scalable monitoring framework. In particular, the rela-
tionships among household behavior, treatment-system mainte-
nance, and independently measured microbiological outcomes
remain insufficiently characterized at scale.

Studies across diverse geographic settings have illustrated
both the potential and the practical limitations of community-
based water-quality monitoring."*"'* More broadly, citizen-
science approaches in hydrology and water resources have been
recognized as useful for expanding environmental data genera-
tion and supporting resource-management decisions, provided

they are supported by appropriate project design, participant
training, and quality-control procedures, and are integrated
with expert or institutional knowledge systems.'® In Bekasi,
Indonesia, 96 households conducted biweekly E. coli tests over
six months, revealing contamination rates of 11-70% at the
source and 15-44% at the point of use. While the framework
improved awareness, nearly half of the households dropped
out, and behavior change was inconsistent, underscoring the
need for sustained support in treatment and storage to ensure
long-term impact.'” In California, the Drinking Water Tool
(DWT) was developed to improve access to water-quality data
among rural well users and promote environmental justice.
Community engagement, particularly through organizations
like the Community Water Center, helped build trust, though
reliance on generalized data and limited institutional acceptance
constrained its operational utility.'® In India, a randomized con-
trolled trial investigated the impact of providing households
with direct access to information on drinking-water quality.'*
These studies suggest that community-level access to water-
quality data can drive positive behavioral change and promote
safer household water use through informed decision-making."'*
Similarly, in rural Mexico, a community-based monitoring
framework engaged residents in water-quality testing
using low-cost methods for measuring pH, turbidity, and
dissolved oxygen.'® The program generated locally relevant
knowledge, fostered community ownership, and strengthened
collaboration with local authorities. However, challenges
remained regarding data reliability, the adequacy of volunteer
training, and the development of institutional mechanisms to
integrate community-generated data into formal water manage-
ment systems.'' These challenges are consistent with the
broader citizen-science literature emphasizing that decentralized
data generation requires quality assurance, standardization,
training, and institutional pathways for data use.'®

Water-quality monitoring can be organized across a contin-
uum from centralized laboratory analysis to decentralized onsite
testing, with the appropriate configuration depending on geo-
graphic, operational, economic, and institutional conditions.'”
Recent studies emphasize the importance of accessible local lab-
oratory capacity and sustained testing demand, while showing
that water-quality risks and incomplete uptake of routine testing
may persist even where testing infrastructure is available.'®*'
Together, these studies support a complementary model in
which decentralized field assessment expands monitoring reach
and screening capacity, while laboratory-based analysis provides
verification and quality assurance.

Although decentralized and community-based monitoring
approaches have been explored previously, few studies have
combined household-level behavioral information, field-based
physicochemical and microbiological measurements, geospatial
allocation, digital reporting, and independent validation within
a single structured implementation framework. These aspects
are considered important and constitute the specific research
gap addressed in the present study.

The People’s Water Data (PWD) framework addresses this
structural monitoring gap by establishing a decentralized,
high-density, field-validated household-level water-quality data
architecture generated through standardized, university-led field
implementation. As emphasized in a recent perspective in ACS
Sustainable Resource Management, water scarcity at the planetary
scale is a resource management challenge requiring credible,
open-access water data supported by scientific institutions.”
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PWD operationalizes data generation under unified methodo-
logical protocols, integrating water-quality measurements,
behavioral assessment, geospatial allocation, digital data
collection, expert cross-verification, and open data visualization
within a single operational workflow. PWD therefore functions
as a quality-controlled, governance-linked monitoring model
directed by academic institutions. This integrated data and
training structure strengthens institutional capacity for decen-
tralized resource management, positioning universities as
knowledge intermediaries that enable transparent, scalable
water security systems.

The objective of this study was therefore to design and
validate PWD as a supplementary decentralized surveillance
layer for drinking-water safety. Specifically, the study evaluated
whether trained participants, operating under standardized
university-led protocols, could generate reliable household-
level water-quality and survey data, whether geospatial alloca-
tion could improve the spatial distribution of sampling, and
whether field-generated data could be verified through expert
assessment and laboratory analysis.

The framework was implemented across India, Israel, and
Uganda to evaluate spatial variability in microbial and selected
chemical indicators at the point of use. The methodology
presented here includes three components: a cellular phone-
based household survey, on-site water sampling and measure-
ment of key water-quality indicators with laboratory follow-up,
and integration of collected data into a unified analytical plat-
form for spatial assessment. Together, these components sup-
port a decentralized surveillance framework that strengthens
household-level quality assurance while maintaining methodo-
logical rigor. The framework is presented as transferable to
other contexts where training capacity, institutional support,
ethical data governance, and validation infrastructure are avail-
able, rather than as a universally applicable replacement for
existing monitoring systems.

B MATERIALS AND METHODS

Figure 1 illustrates the structured, multi-phased PWD workflow
designed to support scientific rigor, operational consistency, and

community engagement. The process begins with theoretical training
and digital tool development, followed by a sampling strategy and
geospatial design. Field implementation is conducted according to a
standard operating procedure (SOP) that includes installing the
EpiCollectS survey app (https://www.epicollect.org), an existing
mobile data-collection platform developed by the CGPS Team of
Oxford BDI that supports real-time and offline data entry, assembling
the field kit, and implementing spatially guided, geographically distrib-
uted sampling strategies. During the field survey phase, participants
conduct household surveys, perform on-site water testing, and collect
sterile samples for laboratory analysis. The laboratory analysis stage
includes equipment calibration, measurements of water-quality param-
eters, biological testing of collected water samples, and uploading
the survey and measurement data to the platform. Supporting
quality-control components, including cross-verification, spatial
coverage assessment, and survey-duration analysis, are embedded
throughout the workflow to ensure data reliability and reproducibility.
Socio-health insights and water safety practices are derived from the
integrated dataset generated through this process.

This paper focuses specifically on the field survey, on-site water
testing, and laboratory analysis components, which constitute
the decentralized supplementary surveillance layer evaluated in this
study.

Training and Pre-field Preparation

Before entering the field, all participants completed a standardized the-
oretical preparation phase embedded within a structured training
framework (“A Hybrid Course on Water Quality - An Approach to
People’s Water Data,” IIT Madras Course ID 5011). The training
combined lectures, classroom and laboratory demonstrations, and
field-oriented instruction to ensure methodological consistency in
water-quality assessment. Core modules addressed water-quality
parameters, contamination pathways, physicochemical and microbio-
logical indicators, analytical methods, and field protocols. The prepara-
tion phase ensured alignment with predefined sampling procedures
and quality-control requirements prior to field deployment. The
detailed syllabus, including learning outcomes, key references, and fac-
ulty contributions, is provided in Table SI.

Pilot Testing and Protocol Optimization

Before full-scale deployment, the PWD protocol was refined through
pilot testing, local engagement, and supervised field implementation:
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Figure 1. Structured workflow of the PWD decentralized monitoring framework, from Start at theoretical training and digital tool development to

End at final data upload and integrated water-safety outputs.
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1. Pilot field assessment: The process began with a participatory
assessment, including field visits to target areas, and pilot surveys
comprising 262 surveys in Chennai (urban) and 150 surveys in
Nallampatti village (rural), respectively. These pilot deploy-
ments were conducted to evaluate sampling feasibility, parame-
ter consistency, and operational reliability under field
conditions. The assessment included mapping household and
community drinking-water sources, such as natural water bodies,
wells, and public taps. Pilot testing was used to refine the survey
and field procedures. In parallel, an internal validation assess-
ment was conducted among the research team to evaluate the
clarity, usability, and functional robustness of the digital survey
tool. Feedback from this informed protocol adjustments that
strengthened procedural standardization before expansion to

broader geographic deployment.

2. Local engagement and training: In the second stage, emphasis
was placed on standardized capacity alignment of participating
field teams to ensure consistent implementation across geo-
graphic locations. Classroom and laboratory sessions covered
theoretical principles and applied procedures for water sampling,
parameter measurement, and sample handling. This phase
ensured adherence to predefined protocols and minimized
inter-observer variability prior to large-scale deployment. The
survey, detailed in Table S3, was translated into the local lan-
guage to reflect regional cultural and environmental contexts,
while maintaining the structural consistency of variables across
study sites.

3. Supervised household survey and water testing: In the final
stage, spatially guided household sampling was implemented
using a standardized field protocol. Field participants or research
team members interviewed the household member responsible
for water provision, storage, or use and conducted on-site
water-quality tests. Sterile water samples were collected for
extended laboratory validation.

Field implementation was conducted under structured supervision,
with expert cross-verification integrated throughout the process to
ensure protocol adherence and analytical consistency. Water-quality
parameters were analyzed using portable instruments, field kits, and
test strips suitable for decentralized deployment, enabling on-site mea-
surement under defined operating conditions, as detailed in Tables S4
and S5 and Section S of the Supporting Information.

Digital Tool Development

A custom digital survey was implemented using EpiCollectS. In this
study, it served as the deployment infrastructure for the customized
PWD survey form and standardized field workflow. This configuration
enabled standardized digital data capture across geographically distrib-
uted field sites while minimizing data loss in areas with limited
connectivity.

The customized PWD survey architecture was developed by the
research team to collect and link household-level information,
water-source characteristics, field observations, on-site water-quality
measurements, GPS coordinates, timestamps, and photographic
documentation. Each sampled water source was assigned a unique
alphanumeric identifier incorporating the participant code and time-
stamp. This identifier linked the household survey, field measurements,
GPS location, sample collection, and laboratory results, thereby
improving traceability and reducing transcription, duplication, and
sample-matching errors. The survey structure and variables are
provided in Table S3.

EpiCollectS was used for standardized mobile data collection, while
georeferenced field records were subsequently organized within the
broader PWD digital data architecture for traceability, visualization,
and data-management purposes. Further development of a dedicated
PWD platform/app is ongoing to support future deployments.

Sampling Strategy and Geospatial Design

To ensure spatially guided and geographically distributed survey cover-
age, each study area was divided into predefined geographic polygons
established by the research team, course instructors, or local coordina-
tors to represent the habitations of interest. Large areas were subdi-
vided into smaller operational units to maintain comparable field
effort and improve spatial balance across participants. Each participant
was assigned to a predefined polygon or spatial allocation unit and
instructed to complete 10 surveys of household drinking-water sources
or natural/source-water locations within that assigned polygon.

Within each polygon, sampling locations were selected according to
a predefined spatial allocation protocol. In the initial implementation
phase, participants selected households within the assigned polygon,
subject to spatial constraints intended to reduce clustering and
convenience-based selection. In later phases, GIS-supported candidate
locations and Google Maps guidance were used to improve spatial dis-
persion and reduce repeated sampling of nearby households.
Candidate coordinates were used as field guidance rather than fixed
household addresses, allowing limited field flexibility where access,
safety, or respondent availability prevented sampling at the suggested
location. Each survey location was documented using GPS coordinates,
timestamps, and photographic records for post-field verification, fol-
lowing the ethics and privacy procedures described below. If an
intended household was unavailable, declined participation, or could
not be accessed safely, the nearest eligible neighboring household
within the same polygon was surveyed. This substitution rule was
applied only when necessary to minimize non-response while preserv-
ing the intended spatial distribution within the assigned polygon. This
approach reduced, but could not fully eliminate, selection bias; there-
fore, spatial clustering and protocol adherence were reviewed during
post-field quality control using GPS locations, timestamps, and survey
metadata. Detailed operational instructions, including household spac-
ing rules, navigation guidance, non-response handling, and verification
procedures, are provided in Text S3.

Field Survey and On-Site Testing

All field surveys were conducted after obtaining informed consent and
under the ethical approval described in the Ethics, Privacy, and Data
Governance section.

In the field phase, participants visited households selected within the
assigned polygon, following the predefined spatial allocation protocol
described in Pilot Testing and Protocol Optimization and detailed in
Text S3. At each location, the household member responsible for water
provision, storage, or use was interviewed using the standardized sur-
vey tool after obtaining informed consent. The survey documented
household water-source characteristics, storage and treatment prac-
tices, user perceptions, and selected water-use behaviors relevant to
point-of-use drinking-water safety. The survey questions are listed in
Table S3. Additionally, on-site water testing was conducted using por-
table field-testing kits, including S-in-1 dip strips (Hach 2755250 multi-
parameter test strips) for measurement of hardness, alkalinity, free
chlorine, total chlorine, and pH, as well as biological kits (HiMedia test
strip KO16) to test for E. coli and total coliforms. These parameters
were selected because they provide rapid field-level screening of basic
water chemistry, residual disinfectant status, and microbial contamina-
tion indicators relevant to household drinking-water safety. Water sam-
ples were also collected in sterile containers for subsequent laboratory
analysis.

The field-testing tools were portable screening tools and were not
permanently installed sensors. Field results were recorded in the digital
survey form together with GPS coordinates, timestamps, and photo-
graphic documentation, supporting traceability and cross-verification.
Detailed operational instructions for sampling, household substitution,
sample labeling, on-site testing, photographic documentation, and ver-
ification are provided in Text S3.

The digital survey workflow also included structured modules on
household water-use practices, storage, treatment, hygiene-related
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behaviors, and limited self-reported health indicators; the full
health-survey structure is provided in Table S6. Where household-
level feedback was provided, households received a non-technical
digital water-quality report with measured values, reference limits,
and standardized advisory notes; the report structure is provided in
Table S7.

Laboratory Analysis and Measurements

Collected water samples were transported to the laboratory within 24 h
of collection to preserve sample integrity. Sample collection, preserva-
tion, transport, and handling were performed according to the
Standard Methods for the Examination of Water and Wastewater.>®
For metal analysis, inductively coupled plasma mass spectrometry
(Perkin-Elmer ICP-MS) was employed following established proce-
dures,** enabling high-sensitivity detection of arsenic, lead, cadmium,
chromium, and uranium. Detailed parameter ranges, testing methods,
equipment, and relevant WHO/BIS standards are provided in
Tables S4 and SS. This multi-parameter analytical framework enabled
systematic detection of chemical and microbiological contaminants
across sampled sites, as detailed in Section S of the Supporting
Information.

Cross-verification, Validation, and Statistical Analysis

A subset of households was revisited to recollect samples and repeat
measurements for inter-observer validation, enabling systematic com-
parison between student-generated data and expert assessments.
Validation was designed to evaluate the operational reliability of the
decentralized monitoring workflow under field conditions, rather than
to serve as a fully randomized regulatory audit. The polygon-based
framework ensured spatially matched sampling locations for these
comparisons. Expert follow-up revisits were conducted for 307 previ-
ously surveyed households, of which 123 were fully verified after mul-
tiple pilot refinements and SOP-based screening; detailed agreement
analyses are provided in Tables S8 and S9. Validation sites were
selected based on feasibility of revisiting, household availability, geo-
graphic distribution, and the need to compare participant-generated
data with expert assessment under comparable field conditions. This
process allowed quantification of agreement rates and identification
of measurement discrepancies between field operators. A similar ana-
Iytical comparison approach has been previously reported in related
validation studies."'

The resulting agreement metrics were used to evaluate the consis-
tency of participant-generated data relative to expert verification within
the decentralized monitoring framework. Agreement was calculated as
the proportion of matched participant and expert records that pro-
duced the same categorical response, the same presence/absence
result, or the same predefined field-test category. Because several field
measurements relied on categorical or semi-quantitative test-kit out-
puts, agreement percentages were interpreted only as indicators of
operational consistency.

Spatial agreement was assessed by comparing paired GPS locations
between participant and expert observations and determining whether
they met the predefined spatial-matching criterion used for validation.
Descriptive statistics, including means, standard deviations, ranges, fre-
quencies, and agreement percentages, were used to summarize field
measurements, laboratory results, and validation outcomes. Because
this study was designed to validate a monitoring framework rather than
test a causal exposure—outcome hypothesis, the analysis focused on
descriptive statistics and agreement-based validation metrics rather
than inferential hypothesis testing. Potential sources of uncertainty
include household availability during revisits, feasibility constraints in
resampling, inter-operator variability, GPS error, and the categorical
resolution of field-test kits. These limitations are acknowledged when
interpreting the validation results. A detailed SOP outlining each step
of the validation procedure is available in Text S3. Full agreement rates
for household survey variables and field-measured parameters are
provided in Tables S8 and S9.

A summary of key data-quality risks and mitigation measures
implemented across sampling, field testing, digital documentation,
and validation is provided in Table S10.

Distance and Coverage Analysis

Implementation of the PWD model focused on semi-urban and rural
regions characterized by documented variability in drinking-water
quality and limited household-level monitoring coverage in India,
Uganda, and Israel. Study sites were selected based on institutional
capacity to support standardized field analysis and prior documentation
of microbial or chemical contamination concerns. Site allocation was
structured to ensure geographically distributed sampling within defined
administrative boundaries. In selected areas, such as Nallampatti, the
polygon-based framework enabled spatially organized survey imple-
mentation across multiple water-source types.

A village-level mapping and water-quality baseline assessment were
conducted to characterize distribution patterns of sampled sites.
Approximately 10% of the allocated surveys in each region were ini-
tially implemented as pilot deployments to evaluate sampling logistics,
spatial distribution consistency, and contextual feasibility. Findings
from these pilot deployments suggested minor refinements in the
full-scale implementation protocol prior to broader deployment.

Variability in Survey Duration

A layered monitoring approach was implemented to improve data reli-
ability and reduce the risk of fabricated or low-quality data. Time-based
indicators were incorporated into the survey platform to evaluate data
quality and to monitor compliance with protocols. These included the
total survey duration, the time intervals between consecutive surveys
conducted by the same participant, and the response time per question.

Surveys completed faster than the pre-specified minimum duration
were flagged for review as potential protocol deviations, whereas
extended completion times were evaluated for consistency with
expected field conditions. Offline validation tests were also conducted
to estimate reference survey durations under controlled conditions.
Automated timestamp analysis enabled the detection of outliers in
completion patterns, and flagged entries were subjected to structured
review prior to final data integration. These procedures were imple-
mented to ensure standardized survey execution across decentralized
field deployments.

Ethics, Privacy, and Data Governance

All household interactions were conducted under approval from the
Institutional Ethics Committee of the Indian Institute of Technology
Madras (IEC/2024-02/PT/16; valid from June 21, 2024 to June 20,
2027). Respondents were informed about the purpose of the survey,
the voluntary nature of participation, and the type of information col-
lected, and informed consent was obtained before household inter-
views and water sampling. The survey collected household water-use
information, water-source characteristics, GPS coordinates, photo-
graphs for verification, and limited self-reported health or water-
related practice information.

Personal identifiers were minimized in the analytical dataset, and
raw records containing household-level geolocation or potentially iden-
tifiable information were restricted to authorized research personnel
for quality control, validation, and data processing. Publicly available
outputs were de-identified or aggregated to prevent household identifi-
cation. Where household-level water-quality reports were provided,
results were communicated in non-technical language as screening
information rather than regulatory certification, together with standard-
ized guidance for safer storage, treatment, point-of-use treatment,
disinfection, or follow-up testing where relevant. Further details are
provided in the Ethics section of the Supporting Information
(Section 4, Ethical Committee Approval).
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B RESULTS AND DISCUSSION

The results evaluate whether trained participants, operating
under standardized protocols and expert cross-verification, can
generate spatially traceable and analytically useful household-
level water-quality data.

Implementation Scale and Household-Level Monitoring
Density

Figure SS summarizes the geographic distribution of the ana-
lyzed dataset across participating regions. Most records were
from India (n = 8981), with additional implementation sites
in southern Israel (n = 54) and Uganda (n = 32). The map
illustrates geographic coverage, localized coverage gaps, and
microregions where follow-up assessment may be prioritized.

Training and Pre-field Preparation

A total of 34 academic institutions actively hosted laboratory
hubs as part of the course, providing distributed analytical sup-
port across India, Uganda, and Israel. This distributed hub
structure enabled standardized deployment of laboratory and
field procedures while maintaining procedural alignment across
geographically dispersed sites. In the context of framework val-
idation, the training and hub structure served as an operational
quality-control layer. It supported consistent field preparation,
sample handling, on-site testing, GPS documentation, and
data upload across decentralized field teams. Thus, the multi-
institutional deployment model demonstrates not only imple-
mentation scale but also the importance of standardized
training and institutional support for maintaining reproducibil-
ity under heterogeneous field conditions.

Sampling Strategy and Geospatial Design

Figure 2A illustrates spatial correspondence between expert
re-sampling locations (blue crosses) and initial household sam-
pling points (orange circles). Spatial overlap between paired
sampling points indicates alignment of georeferenced locations
used for cross-validation. Agreement between student- and
expert-identified sampling coordinates exceeded 80% across
1370 paired observations, demonstrating substantial spatial con-
sistency under decentralized deployment conditions. Spatial
agreement was defined as paired sampling locations falling
within a predefined geographic distance of one another.
Minor divergence was observed in the peripheral regions, where
the student-collected data appeared more dispersed. Following
protocol refinements and targeted calibration during the pilot
phase (n = 123 households), spatial agreement improved to
99% (Figure 2B). This increase reflects procedural standardiza-
tion and improved adherence to predefined geospatial alloca-
tion criteria. While the higher precision observed during
pilot deployment required intensified supervision and field
preparation, the broader dataset demonstrates that high spatial
reliability can be maintained under routine decentralized imple-
mentation. These validation results indicate that structured
decentralized sampling can achieve reproducible geospatial
alignment, supporting reliable household-level monitoring
density without requiring all sampling to be conducted by cen-
tralized expert teams.

To reduce convenience-based clustering and improve repro-
ducibility of household-level sampling, a GIS-supported alloca-
tion procedure was introduced during protocol refinement.
As illustrated in Figure 3, candidate sampling points were
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Figure 2. Spatial agreement analysis between decentralized field sam-
pling locations and expert verification points. Axes show UTM 44P
Easting and Northing coordinates in meters. (A) Geospatial compari-
son across 1370 observations. (B) Refined pilot phase demonstrating
99% spatial concordance across 123 validated observations.

generated within a predefined polygon using a Sobol sequence.
These points were used as spatial guidance rather than as
fixed household addresses, allowing field flexibility when access,
safety, or respondent availability prevented sampling at the
suggested location. This design was intended to preserve
geographic distribution while reducing participant-driven
selection bias.

Figure 3 compares two point-assignment strategies consid-
ered during protocol development. Non-clustered assignment
of Sobol-generated points to participants distributed candidate
locations across the polygon but often assigned widely sepa-
rated locations to the same participant, increasing expected
travel burden and route crossing (Figure 3A). In contrast,
K-means-supported allocation grouped nearby candidate points
into participant-level clusters, maintaining polygon-level cover-
age while producing more operationally feasible 10-site sam-
pling assignments (Figure 3B). Thus, the final allocation
strategy combined low-discrepancy spatial point generation
with participant-level geographic grouping, balancing spatial dis-
persion with field practicality. Because candidate points were
used as guidance rather than as mandatory household addresses,
substitutions were permitted when necessary by sampling the
nearest eligible household within the same polygon. This proce-
dure was intended to reduce the likelihood of repeated sam-
pling near easily accessible locations while preserving the
spatial structure of the sampling design.

This geospatial design step was included to address a central
limitation of decentralized field sampling: the tendency for
non-expert surveyors to concentrate samples near familiar,
accessible, or logistically convenient locations. Details of the
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Figure 3. GIS-supported allocation of candidate sampling locations
within a predefined study polygon. Candidate sampling points were
generated using a Sobol sequence and assigned to field participants
using either (A) non-clustered allocation or (B) K-means-supported
allocation. Non-clustered allocation disperses participant-specific loca-
tions across the polygon, whereas K-means-supported allocation
groups nearby candidate points into operationally feasible 10-site par-
ticipant assignments while maintaining polygon-level spatial coverage.
Colored lines connect assigned points for visualization of participant-
level allocation patterns and do not represent measured road-network
travel routes.

protocol-development sequence, phase-specific allocation pro-
cedures, and household-substitution rules are provided in the
Supporting Information (Text S3).

Distance and Coverage Analysis

Figure 4 presents the 10 samples collected by each participant,
with each color representing an individual field operator. The
connecting lines illustrate the sequential movement between
sampling sites within assigned polygons. Inter-point distances
reflect the effective spatial dispersion achieved by each partici-
pant during field deployment. Figure 4A illustrates the partici-
pants’ sampling routes during the first observation season
(n=177).

Spatial clustering and shorter inter-site distances are evident
in several cases, indicating localized concentration of sampling
effort within limited sub-areas of the assigned polygon.
Following implementation of the structured SOP described in
Text S3, sampling dispersion improved, as shown in
Figure 4B (n = 298), with greater spacing between sampling
points and reduced route overlap as visually assessed from the
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Figure 4. Household field sampling routes, with each color represent-
ing an individual field participant. Axes show UTM 44P Easting and
Northing coordinates in meters. Each line indicates a 10-site sampling
sequence. (A) Sampling routes from the first observation season
(n = 177) and (B) sampling routes from the following season
(n =298), after implementation of the standardized operational proto-
col (Text S3). Substantial variability in movement patterns was
observed: some participants covered extensive geographic areas, while
others operated within a limited spatial range. This heterogeneity high-
lighted the importance of strengthening consistency in spatial deploy-
ment procedures. Uneven distribution of sampling locations during
the initial phase reduced spatial representativeness in certain sub-
areas of the assigned polygons. External factors such as terrain variabil-
ity, accessibility constraints, and time limitations influenced partici-
pants’ ability to travel between sites. In addition, participant-recorded
geolocation data introduced minor spatial variation.

GPS-based sampling routes and inter-point spacing. More even
spatial coverage strengthens the reliability of household-level
contamination mapping, supporting better identification of
localized risks relevant to decentralized water management.

These observations suggested subsequent refinements to
spatial allocation protocols and the integration of GIS-based
validation tools, improving coverage standardization and
strengthening overall spatial data reliability within the decentra-
lized monitoring framework. Improved spatial consistency
enhances the reliability of localized contamination mapping,
supporting more informed prioritization of household-level risk
within decentralized water management systems.

Variability in Survey Duration

Figure 5 shows the distribution of time required to complete
each survey question, based on 93,204 individual observations
collected across 1194 surveys. The mean survey completion
time was approximately 22 min. However, in some cases, partic-
ipants completed all 10 surveys within a brief time window.
This variability may reflect operational factors such as oftline
data entry followed by delayed upload. In addition, compressed
completion times may indicate deviations from real-time field
execution and were therefore treated as indicators for data-
quality review rather than as direct evidence of invalid records.
Figure S6, based on 3900 observations derived from 650 sur-
veys, offers a complementary perspective by grouping questions
into six main blocks. The longest median completion time was
observed in Block 1, which includes the introductory and
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Figure S. Distribution of survey completion times per question across 1194 surveys (93,204 observations), illustrating variability in response-time

patterns.

household identification components. In contrast, Blocks 5 and
6 showed the shortest completion times, reflecting more struc-
tured and repetitive measurement-based entries. Intermediate
durations were observed for Blocks 2-4.

This distribution indicates that descriptive and interaction-
based sections show greater variability in completion time,
whereas standardized parameter-entry sections are completed
more consistently.

This block-based analysis enables examination of response-
time consistency across broader conceptual sections of the
survey instrument, complementing the question-level assess-
ment presented in Figure 5. Systematic monitoring of survey
duration, therefore, strengthened internal data-quality screening
by helping to identify entries requiring further review within the
decentralized monitoring workflow.

A comparison between the January-May and July-November
survey periods showed clear differences in time management
and data consistency, driven by changes in the survey system’s
configuration, as shown in Figure 6. During the January-May
semester, participants were not subject to an automated cap
on the number of surveys they could complete. As a result, sur-
vey participation was highly variable, with some participants
conducting over 20 surveys. This lack of constraint contributed
to substantial variability in survey duration, with some durations
reaching up to 4500 min (Figure 6A). Such extended durations
likely reflect operational interruptions, delayed submission of
offline entries, or prolonged session activity, rather than contin-
uous real-time survey execution.

In contrast, the July-November semester introduced a
system-imposed cap, requiring each student to complete exactly
10 surveys. This modification led to a more standardized pat-
tern of participation and reduced extreme variability in survey-
duration records (Figure 6B). Most responses fell within a
reasonable timeframe of 20 min or less. The cap did not directly
reduce the time required to complete individual survey ques-
tions; rather, it standardized participant workload and reduced
extreme completion patterns that complicated data-quality
screening.
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Figure 6. Comparison of survey duration before and after implemen-
tation of automated participation limits. (A) No cap on survey number
(n = 1523). (B) Fixed cap of 10 surveys per participant (n = 441).
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The introduction of automated participation limits improved
consistency in survey completion patterns, strengthened data-
quality control, and facilitated more streamlined downstream
analysis within the decentralized monitoring framework.

This change made survey-duration records easier to interpret
and helped flag entries requiring quality-control review.

Systematic validation and automated controls enhance data
reliability by reducing individual measurement variability and
improving overall consistency. Previous work on crowdsourced
environmental monitoring shows that repeated assessment
and comparison procedures can help identify inconsistencies
and strengthen confidence in non-expert-generated data.”>>
These findings highlight the critical role of system-level
design in shaping data-collection behavior. In the PWD frame-
work, implementing clearly defined operational constraints
and automated controls improved protocol adherence and
strengthened data quality within the decentralized monitoring
workflow.

Laboratory Analysis and Measurements

Tables S4 and S5 summarize all water-quality parameters tested
in this study, including criteria from both the WHO and the
Bureau of Indian Standards (BIS) to ensure alignment with
international and national drinking-water standards.””**

Figure 7 presents the distribution of key physicochemical
water parameters, including conductivity, total dissolved
solids (TDS), turbidity, pH, alkalinity, hardness, and oxida-
tion—reduction potential (ORP), across sampled households.
The mean electrical conductivity was 444 + 478 pS/cm. The
mean TDS concentration was 187 + 196 mg/L. Turbidity levels
averaged 1.1 + 1.8 NTU, ranging from 0 to 13.0 NTU, indicat-
ing that most samples met the acceptable clarity standards. The
mean pH was 7.80 + 0.30, reflecting generally neutral to slightly
alkaline conditions. ORP values averaged —5 + 61 mV, indicat-
ing heterogeneous redox conditions across study sites.
Alkalinity ~ averaged 96 =+ 71 mg/L as CaCO,
(range: 0-240 mg/L). Hardness levels averaged 145 =+
103 mg/L as CaCOj, (range: 0—425 mg/L). Zero values reflect
the resolution limits of strip-based field measurements, which
report concentration ranges rather than continuous values.

In addition to these physicochemical indicators, field-based
biological testing revealed that E. coli was detected in 69.4% of
samples, while total coliforms were detected in 88.0% of sam-
ples. Microbial contamination was observed even in households
where most physicochemical parameters were within or near
recommended WHO and BIS limits. These findings underscore

the importance of household-level microbiological surveillance,
as compliance with conventional physicochemical indicators
does not necessarily indicate microbiological safety at the point
of use. This distinction supports the value of integrating micro-
bial screening into decentralized household-level monitoring,
particularly for identifying localized risks that may require con-
firmatory testing or targeted follow-up.

Cross-verification and Validation

Ensuring the reliability of non-expert contributions in decentra-
lized household-level water monitoring systems requires struc-
tured validation and oversight. Previous studies found that
non-expert accuracy improves with expert validation, confi-
dence scoring, and cross-comparison with expert-labeled data.'*
These studies also highlighted that higher self-reported confi-
dence correlates with greater accuracy, reinforcing the value of
feedback mechanisms in crowdsourced monitoring. Other stud-
ies have demonstrated that non-experts can play a meaningful
role in generating valuable data when supported by well-struc-
tured, simplified tools.'' These insights were further reinforced
by USAID’s pilot study in Tanzania, which highlighted the
promise of decentralized water monitoring while emphasizing
the need for validation and standardization mechanisms.”
These principles were implemented in the PWD framework
through two key design strategies. First, close-ended, clearly
phrased questions based on observable parameters consistently
yielded higher agreement rates and supported the use of stan-
dardized survey formats in decentralized monitoring. Second,
beyond training alone, methodological simplification was essen-
tial for maintaining reliability during scale-up of student- or
community-led data collection.

Figure 8 presents a selection of representative questions and
their agreement patterns. Details on household survey variables
are provided in Table S8, and field-measured parameter agree-
ment rates are provided in Table S9. Biological test agreement
was 87% for E. coli and 96% for total coliforms, demonstrating
strong agreement for field-based microbial screening.
Adherence to GIS-tracked survey protocols increased from 60
to 90% following the implementation of real-time tracking
mechanisms and the inclusion of multi-angle photographs cap-
turing both the street environment and household entrance
(Figure S2, Text S3). This improvement reflects the impact of
embedded verification mechanisms on protocol compliance
and spatial consistency.

Clear patterns emerge regarding which types of questions
lead to high agreement and where discrepancies occur.

Normalized magnitude

TDS Conductivity Turbidity

ORP Hardness

H;.HEIE%%_&__

Alkalinity pH

Figure 7. Distribution of key physicochemical water-quality parameters across household samples.
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Figure 8. Agreement rates between participant and expert field assessments across key household water survey parameters, categorized by topic. Full

question details are provided in Table S8.

Questions based on simple, visible observations, such as the
type of water filter, whether the water is stored in a container,
the container’s placement, or the number of children under five,
showed very high agreement rates, ranging from 93 to 100%.
These findings indicate strong reliability for structured observa-
tional variables. In contrast, questions that required attention to
actions or behaviors, such as how water was drawn from the
container or whether the respondent’s hand touched the water,
had more moderate agreement levels, around 72 to 82%, reflect-
ing interpretive variability under field conditions. The question
with the lowest agreement rate (48%) was the respondent’s
name, which likely reflects issues with how participants
recorded names, possibly due to spelling or transcription errors,
or the presence of different individuals during each visit. On the
other hand, a personal numerical detail, such as the number of
children, was captured with high accuracy, reinforcing the idea
that participants manage structured or quantitative data more
effectively. Even questions related to risk perception and house-
hold health, which are more subjective, showed high agreement
rates of 85 to 90%. This suggests that self-reported information
could be documented consistently when questions were clearly
structured. These findings suggest that future PWD deploy-
ments should evaluate whether repeated household-level mea-
surement and feedback lead to sustained changes in water
storage, treatment, and hygiene practices, using longitudinal
follow-up to distinguish short-term responses from persistent
behavioral change.

Overall, the findings suggest that participants collect consis-
tent field data when supported by structured protocols, simpli-
fied survey formats, and embedded verification mechanisms,
especially for factual or observational questions. However,
agreement levels tend to drop when dealing with open-ended

questions, which introduce more room for variation in
how responses are interpreted and recorded. In contrast,
multiple-choice questions produce more consistent results and
higher agreement rates. Accordingly, later survey refinement
prioritized close-ended or categorized response formats
where standardization was required, while open-ended
responses were retained only where contextual detail was neces-
sary. These results suggest that standardizing question formats
and integrating verification mechanisms are central to maintain-
ing data robustness at scale in decentralized monitoring
systems.

Digital participation platforms have been proposed as mech-
anisms to expand distributed data-collection capacity for water-
quality assessment, particularly in settings where systematic
large-scale monitoring is limited. Previous crowdsourced
water-monitoring research has shown that structured validation
and comparison procedures can improve the accuracy of non-
expert-generated environmental data.”®> The PWD framework
applies these principles through standardized training, digital
data capture, expert cross-verification, and structured feedback
mechanisms. This approach is consistent with previous evi-
dence showing that non-expert accuracy improves when partic-
ipants receive feedback and learning opportunities.

Bl RESOURCE EFFICIENCY AND MONITORING
DENSITY IMPLICATIONS

PWD is not presented as a lower-cost alternative to certified
regulatory monitoring, but as a supplementary household-level
screening and prioritization layer. Based on supplier quotations
and purchase records, the estimated direct equipment and con-
sumables cost was approximately $9.38 per household
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assessment, including the microbial presence/absence test
($6.39), multi-parameter strip ($1.01), other consumables
($0.22), and reusable multi-parameter and turbidity-meter costs
($0.96 and $0.81, respectively). Under these assumptions,
approximately 107 household-level assessments, corresponding
to about 1170-1180 core water-quality parameter observations,
can be generated per $1000 of documented direct equipment
and consumables cost. These estimates exclude labor, transport,
training, laboratory validation, institutional overhead, platform
maintenance, and long-term governance costs and therefore
should not be interpreted as a direct cost comparison with cen-
tralized or laboratory-based monitoring. Previous analyses have
shown that the relative costs of centralized and decentralized
microbial testing depend on factors including distance to labo-
ratory facilities, system density, transport requirements, and
sampling frequency, while the sustainability of local laboratory
capacity also depends on sufficient routine testing demand.'”'®
Accordingly, the resource value of PWD is best interpreted in
terms of increasing household-level screening density and sup-
porting prioritization of professional follow-up and laboratory
confirmation, rather than replacing existing laboratory infra-
structure. Detailed component-level assumptions are provided
in Table S11 and Figure S7. Future evaluations should also
examine whether decentralized screening signals translate into
uptake of confirmatory testing, targeted interventions, and
timely institutional responses, particularly in settings with lim-
ited routine monitoring capacity.

B CONCLUSIONS

This study evaluated the opportunities and limitations of decen-
tralized household-level water monitoring through the PWD
framework. The findings demonstrate that distributed data col-
lection embedded within a structured validation and quality-
control system offers a promising strategy for expanding the
geographic scope and sampling frequency of water-quality mon-
itoring, particularly in low-resource or under-surveyed areas.
Over a two-year period, monitoring activities assessed over
9000 household water sources across India, Uganda, and
Israel, demonstrating the feasibility of structured decentralized
surveillance at scale.

Several operational and methodological challenges were
identified. These included spatial clustering of sampling points,
inconsistent adherence to protocols, and context-specific bar-
riers such as accessibility, safety, and respondent availability.
These factors can compromise data completeness and consis-
tency and may reduce spatial representativeness within assigned
sampling areas. To address such issues, the framework incorpo-
rated multiple quality assurance measures, most notably
real-time GIS tracking, automated timestamping, expert cross-
validation, and structured feedback loops. Data reliability was
closely linked to the type and structure of survey questions.
Closed-ended, clearly worded, and observable questions
achieved higher agreement rates between field-generated and
expert assessments, often exceeding 90%, whereas open-ended
or interpretive questions yielded more variable responses.
These findings underscore the importance of methodological
simplification and standardized question formats when scaling
decentralized monitoring systems.

In summary, the PWD framework demonstrates that when
properly designed, supported, and validated, decentralized mon-
itoring systems can generate scientifically robust, policy-relevant

data. It offers a transferable model for expanding quality-
controlled drinking-water surveillance in other regional con-
texts, provided that appropriate institutional support, training
capacity, ethical safeguards, and validation infrastructure are in
place. Its longer-term value should therefore be evaluated not
only by monitoring density and data reliability, but also by sus-
tained household risk-reduction practices, use of confirmatory
testing, and subsequent institutional follow-up. All data and
results from this study are openly accessible on the PWD plat-
form (https://www.peopleswaterdata.org/), ensuring transpar-

ency, reproducibility, and broader knowledge sharing.
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Data Availability Statement

The training materials supporting the monitoring framework,
including lecture notes, lecture videos, and student interactions
across all the semesters, are available via NPTEL
(https://nptel.ac.in). The monitoring dataset generated in this
study is publicly accessible through the PWD platform,
https://www.peopleswaterdata.org  developed by Sankar
Sudhir, which will be published separately. Guest lectures were
delivered by experts from collaborating institutions, including
faculty from IIT Madras, Tel Aviv University, and the KMCH
Research Foundation, who contributed to technical oversight
and domain-specific expertise within the monitoring framework.
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