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Abstract: The Dispensers for Safe Water program under Evidence Action promotes point of collection water treatment through
the installation of chlorine dispenser gadgets in rural parts of Kenya. Although the initiative has improved access to safe drinking
water, monitoring household adoption remained a challenge during the COVID-19 pandemic, which limited field-based data
collection and led to increased dependence on phone surveys. In addition, technology adoption data are often imbalanced,
which poses difficulties for traditional classification methods. This study aimed to develop and implement a stacking ensemble
classifier to model the adoption of chlorine dispensers among households in western Kenya. Data were collected from 27,457
households. The analysis used structured household, promoter and spot check survey data. The key variables included chlorine
availability, user knowledge, household demographics, and engagement with promoters. RF, ANN, and NB models were trained
and evaluated individually, then combined using a stacked ensemble approach. The ensemble model outperformed all base
learners, achieving the highest accuracy (69.1%) and AUC (0.6959). The variable importance analysis revealed that the presence
of chlorine and the knowledge of the user were the strongest predictors of adoption. In conclusion, ensemble learning provides
a reliable method for modeling behavioral adoption in public health interventions. The findings offer practical insights for
programs and demonstrate the potential of machine learning in improving, targeting and monitoring of safe water initiatives in
low-resource settings.
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1. Introduction
Access to safe drinking water is essential for public

health, particularly in rural communities of developing
countries, where waterborne diseases such as diarrhea
remain a prominent cause of morbidity and mortality among
children. According to the World Health Organization,
unsafe water, sanitation, and hygiene contribute to millions of

deaths annually, with the burden disproportionately affecting
developing regions [12].

In response, Evidence Action’s Dispensers for Safe Water
(DSW) initiative installs chlorine dispensers at communal
water points, which provides convenient and cost effective
access to safe drinking water. By 2022, the program had
reached over 4.5 million people in Kenya, Uganda, and Malawi
[1]. The program’s success is hugely dependent on community
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adoption, supported by local promoters who maintain the
dispensers and encourage households on the usage.

The COVID-19 pandemic disrupted in-person monitoring
activities, which limited the direct measurement of chlorine
presence in the drinking water. The program shifted to phone-
based surveys, introducing challenges of self-report bias on
adoption and imbalanced datasets, where adopters and non-
adopters are rarely evenly distributed. The imbalance reduce
the accuracy of traditional classification models, which in most
cases favor the majority class.

This study addressed these challenges by developing a
stacked ensemble classifier that combined Random Forest,
Artificial Neural Network, and Naive Bayes. The model aimed
to better the prediction of adoption patterns, hence strengthen
monitoring, and guide more targeted interventions for the
DSW program, which ultimately enhance its impact on safe
water access.

2. Literature Review
Access to safe water substantially reduces diarrheal diseases

which is a significant public health challenge in Kenya [9,
15]. Waterborne pathogens, such as diarrheagenic Escherichia
coli, contribute to high morbidity, especially among under five
[5]. The chlorine dispensers technology offer a cost-effective
solution, reducing microbial contamination [10]. Adoption
of the technology varies based on the technology awareness,
infrastructure functionality, and household practices [4].

Imbalanced datasets which is a common occurance in
technology adoption studies, pose challenges for traditional
classifiers, which favor the majority class [7]. Machine
learning offers robust solutions for public health, with
applications in disease prediction and behavioral modeling [2,
8, 11]. Models driven by data and AI algorithms enhance the
identification of relevant features and contribute to more robust
modelling and prediction frameworks [6].

Ensemble techniques such as stacking, combine multiple
models to improve its predictive performance [3]. Study
conducted by [16] demonstrated the efficacy of stacked
ensembles in health related classification tasks, making them
suitable for modeling new technology adoption.

3. Materials and Methods
3.1. Study Site and Population

The study involved data from nine counties in Western
Kenya (Bungoma, Busia, Homa Bay, Kakamega, Migori,
Siaya, Trans Nzoia, Uasin Gishu, and Vihiga), where the DSW
program operates. The counties were selected because they
represent diverse rural communities where chlorine dispensers
have been installed at communal water points. The study
population consisted of households that regularly use the water
sources installed chlorine dispensers gadgets.

The study involved 27,457 households. Data
collection involved providing responses through structured
questionnaires and spot-check observations. It captured
household demographics, water collection and storage
practices, promoter engagement, dispenser status, and
adoption behavior.

Figure 1. Map of Kenya: The study area highlighted in Blue

3.2. Study Design and Variables
Quantitative research design was utilized to model the

household adoption of point of collection water treatment
technology. Adoption was defined as the presence of
detectable chlorine residuals in household drinking water
samples.

Figure 2. Study Variables.
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3.3. Sample Size and Sampling
The required sample size was determined using Cochran’s

formula as presented below.

n =
Z2 · p · (1− p)

e2

where Z = 1.96 (95% confidence), p = 0.5 (maximum
variability), and e = 0.05 (margin of error).

A multi-stage clustered sampling method was employed,
where water points with installed dispensers were randomly
selected within each county. From each water point,
one promoter and four households were selected, ensuring
representativeness across the nine counties.

3.4. Data Collection Tools
The study used three structured data collection instruments

as outlined below.
1. Household Questionnaire - collected data on socio-

demographics, water treatment practices, and promoter
engagement.

2. Promoter Questionnaire - collected data on the promoter
characteristics, chlorine use, and reported challenges.

3. Spot-Check Observation Form - collected data on
the physical condition and functionality of chlorine
dispensers and water sources.

This triangulated approach ensured standardized, reliable,
and complementary data.

3.5. Data Analysis and Modeling
Data analysis was conducted using R software, with focus

on the development of a stacked ensemble classifier combining
RF, ANN, and Naive Bayes.

The modeling process involved the following stages.
1. Data Normalization and Preparation: Data point

eatures were standardized as

x′j =
xj − µj

σj

to ensure numerical stability. Data were split into
training (80%) and test (20%) sets.

2. Model Training: The base models (RF, ANN, NB) were
trained using the training dataset, with hyperparameters
tuned through cross-validation where k = 5.

3. Stacked Ensemble: Predictions from base models were
concatenated into a new dataset and used as inputs for a
Random Forest meta-model.

4. Model Evaluation: Performance was assessed using
accuracy, precision, recall, and AUC-ROC. Cross-
validation technique ensured generalizability and
robustness of the modelling results.

Figure 3. Stacked Ensemble Model Framework.

3.6. Model Specifications
To model households adoption of chlorine dispensers

technology, ANN, RF, NB and Stacked Ensemble models were
employed.

3.6.1. Artificial Neural Networks (ANN)
The study utilized the ANN model that was structured

with an input layer comprising of p predictor variables
{x1, x2, . . . , xp}, followed by hidden layers composed of hj
which applied the nonlinear activation (ReLU), and a softmax
output layer. Training was conducted by minimizing the cross-
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entropy loss, using backpropagation technique with gradient
descent. [17].

3.6.2. Naive Bayes (NB)
The Naive Bayes classifier was implemented on the

basis of Bayes’ theorem, under the simplifying assumption
that predictor variables {x1, x2, . . . , xp} are conditionally
independent given the outcome class Ck. Considering
continuous predictors xj , the model assumed a Gaussian
distribution, while categorical predictors were modeled using
frequency-based probabilities. Estimation of Class prior
probabilities P (Ck) were directly from the training data, and
prediction was made by selecting the class with the highest
posterior probability ŷ = argmaxk P (Ck | x). [18].

3.6.3. Random Forest (RF)
The Random Forest algorithm was applied in this study

as an ensemble of B decision trees, where each tree was
trained on a bootstrap sample Db originating from the training
data. At each split, a random subset of m predictors
was considered from the original set of {x1, x2, . . . , xp},
which in return helped to reduce correlation among trees
and improve generalization in the model. The final model
prediction ŷi for each observation i was achieved through
majority voting across all the trees in the ensemble ŷi =
argmaxy

∑B
b=1 I(ŷ

b
i = y), where ŷbi denotes the prediction

of the b-th tree [14].

3.6.4. Stacked Ensemble
Stacked ensemble model was constructed to combine the

predictive strengths of ANN, NB, and RF models. The class
probability outputs from the base learners formed the meta-
feature matrix formulated as follows

Z = [PANN ,PNB ,PRF ] (1)

A Random Forest was employed as the meta-learner, trained
on Z. The final ensemble prediction was derived as follows

ŷ = argmax
y

P (y | Z) (2)

4. Results and Discussion
4.1. Descriptive Statistics

The analysis results showed that 44% of households adopted
chlorine treatment, 74% reported to know dispenser gadget

usage steps, similarly, 74% reported to know waiting time
after treatment. Infrastructure was robust, with 99% usable
water points and 100% dispenser presence at the water point.
Chlorine availability (86%) and dispensing (87%) were high,
with only 8% reporting dispenser hardware issues.

Table 1. Summary Statistics for Key Variables.

Variable N Freq Mean

TCR Adoption (+CL) 27,457 15,268 44%

TCR Adoption (-CL) 27,457 12,189 56%

Promoter Interaction (Past 30 Days) 27,457 8,307 30%

Knows to Wait 30 Min 27,457 20,184 74%

Knows Treatment Steps 27,457 20,262 74%

Knowledge Score 27,457 5,997 22%

Good Storage Practice 26,494 7,519 28%

Water Point Usable 27,457 27,184 99%

Dispenser Present 27,457 27,457 100%

Chlorine in Tank 27,457 23,489 86%

Chlorine Dispensed 27,457 23,984 87%

Hardware Problem 27,457 2,161 8%

Household Size 27,453 – 5

Child Under 5 27,453 – 1

4.2. Model Performance
The stacked ensemble model outperformed the base models

on the independent test dataset. The stacked model achieved
an accuracy of 69.1% and AUC of 0.6959. RF model
performed well in sensitivity (74.1%), NB model excelled
in identifying adopters (82.9% sensitivity), and ANN model
showed balanced performance. McNemar’s test confirmed
that the ensemble’s superior performance was not by chance
p < 0.05 [13].

Figure 4. ROC Curves for Each Model.

Table 2. Model Performance Metrics.

Model Accuracy Kappa Sensitivity Specificity Balanced Accuracy AUC

Random Forest 0.6260 0.2663 0.7405 0.5345 0.6375 0.6707

Naive Bayes 0.5910 0.2174 0.8296 0.4005 0.6151 0.6633

Artificial Neural Network 0.6257 0.2570 0.6791 0.5831 0.6311 0.6769

Stacked Ensemble 0.6913 0.3852 0.6551 0.7367 0.6959 0.6959
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4.3. Variable Importance
The RF model highlighted Chlorine in Tank, Knowledge

Score, and Chlorine Dispensed as top predictors of adoption,

underscoring the importance of chlorine supply availability
and dispenser user knowledge.

Figure 5. Variable Importance Plot (Random Forest).

5. Conclusion and Recommendations
5.1. Conclusion

The stacked ensemble classifier effectively modeled
adoption, achieving superior performance (69.1% accuracy,
0.6959 AUC) compared to the individual base models, RF
(62.6%, 0.6707), ANN (62.6%, 0.6769), and NB (59.1%,
0.6633). Key predictors of point of collection water treatment
technology included chlorine availability and knowledge,
aligning with public health literature [4]. The model’s
robustness supports its use in monitoring and targeting
interventions for the DSW program.

5.2. Recommendations
Based on the results of this study, it is recommended that

the stacked ensemble classifier be considered for practical
use in modeling the point of collection water treatment
technology. Integrating the model into program monitoring
tools could help improve targeting and decision making. The
ensemble model can be embedded into monitoring tools like
dashboards, survey systems or mobile apps to automatically
generate adoption risk scores immediately the new data are
submitted as represented in Figure 5. These predictions help
managers target resources to low-adoption communities and
guide decisions on promoter visits or sensitization campaigns.
Over time, integration supports adaptive management by
tracking whether interventions close adoption gaps.

Figure 6. Workflow for integrating the stacked ensemble into program monitoring tools
(downward flow).
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To keep the model accurate and relevant, it should be
regularly updated with new data. Future studies may
also benefit from including more behavioral and contextual
variables to improve prediction. Given the model’s strong
performance, similar ensemble approaches could be explored
in other development areas where understanding household
behavior is important.
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