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Performance of a novel machine learning-based proxy means test in 
comparison to other methods for targeting pro-poor water subsidies 
in Ghana 
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Rachel Peletz, Caroline Delaire 
The Aquaya Institute, Nairobi, Kenya   
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A B S T R A C T   

Access to safe drinking water is still very low among the poorest households in sub-Saharan Africa, and economic 
shocks can make water access even more difficult for poor consumers. Water subsidies can be a solution to 
enhance access to safe water services, but they are often ineffective as they regularly fail to reach the very poor. 
In this study, we developed a new Machine Learning-based proxy means test (ML-based PMT) to identify the 
poorest households and field-tested it in comparison to four other methods (the Demographic and Health Survey 
(DHS) wealth index, the Poverty Probability Index (PPI), Community Based Targeting (CBT) and the Ghana 
Government’s Livelihood Empowerment Against Poverty (LEAP) program). We first developed our new ML- 
based PMT by applying machine learning techniques to the nationally-representative 2016–2017 Ghana 
Living Standards Survey and compared its performance with an existing PMT (the PPI). We then compared the 
strengths and weaknesses of this new method in three rural towns of southwestern Ghana against the four other 
methods, with respect to the characteristics of households they identified, their ease of implementation, their 
cost, and their acceptability among local stakeholders. In our field assessment we found that our new ML-based 
PMT performed better than most other approaches at screening out households having assets associated with 
wealth, but it had higher implementation costs than CBT and LEAP. Local government officials considered CBT to 
be more transparent than the PMTs, while community members perceived the PMTs to be fairer. 

By highlighting the strengths and weaknesses of five different targeting methods, this study provides guidance 
to practitioners in choosing the most appropriate methods to target poor households eligible for water subsidies 
in rural Ghana.   

1. Introduction 

While access to improved drinking water supplies in sub-Saharan 
Africa has increased substantially over the past twenty years, water 
service providers and governments struggle to ensure that poor and 
vulnerable households benefit equally from these services. In Ghana, for 
example, the UNICEF/WHO Joint Monitoring Program (JMP) estimates 
that 94% of households in the richest quintile have access to basic water 
services, compared to only 54% among the poorest quintile, who often 
rely on surface water (25%), unimproved water supplies (9%), or water 
supplies located more than 30 min away (12%) (JMP, 2019). Poorer 
households face greater financial constraints related to water even when 
they do have access to piped supplies (Andres et al., 2019). Further, the 

COVID-19 pandemic and the economic shocks associated with it have 
made water access more difficult for consumers in sub-Saharan Africa 
(WASHPaLS, 2020a). As a result, practitioners try to promote inclusive 
access to improved water sources and in particular to treated, piped 
water supplies. 

Subsidizing access to safe water services for the poorest is critical to 
address this challenge. Although subsidies are common in the water 
sector, they are largely ineffective because they are often inadequately 
targeted, primarily benefitting high-income groups, and often failing to 
reach the very poor (Abramovsky et al., 2020; Andres et al., 2019). In 
addition, most of these existing subsidies apply to urban households 
with private piped connections and therefore do not reach the majority 
of poor households, who do not yet have piped water access. Notably, 
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there are few examples of water subsidies in rural areas (Andres et al., 
2019; Sasman, 2010), and there is no established approach to implement 
targeted water subsidies in these settings. 

To target water subsidies to those that need them most, it is prefer-
able to assess households’ poverty status rather than simply targeting 
households based on their water source. First, there may be poor 
households who already use piped water (via private connections or 
communal standpipes) but either cannot afford sufficient quantities to 
meet their basic needs or spend a disproportionately large fraction of 
their income on it. Targeting based on non-piped water access would 
exclude them. Second, this targeting strategy could incentivize house-
holds who can afford to use piped water to wait for a subsidy. Finally, 
some rural water suppliers are promoting private piped connections in 
areas where communal standpipes are currently the only way to access 
piped water. In those cases, targeting subsidies based on non-access 
would be impractical as virtually no household has a private connec-
tion yet. As a result, various service providers and governments are 
proposing to target water and sanitation subsidies based on poverty 
status rather than access levels (Foster et al., 2000; Lauria et al., 2005; 
Hoo et al., 2022), including the Government of Ghana (Fosu, 2020; 
Ministry of Sanitation and Water Resources - Ghana, 2018). Existing 
methods to identify poor households include community-based target-
ing and survey-based proxy means testing. 

Community-based targeting (CBT) is a participatory approach that 
involves asking community members to agree on a definition of poverty 
and to designate among themselves the households that meet this defi-
nition (Trémolet et al., 2010). Some forms of this method provide the 
community with a list of inclusion/exclusion criteria, while others ask 
the community to generate its own wealth rankings, sometimes using 
maps and cards to sort households into categories (Hargreaves et al., 
2007; Trémolet et al., 2010). Generally, a perceived advantage of CBT is 
that community members have a more nuanced view of poverty levels 
than outsiders (e.g., they know which households do not receive any 
external support) and a better sense of long-term poverty, potentially 
increasing this method’s reliability (Dershem et al., 2013). 

A proxy-means test (PMT) involves predicting a household’s poverty 
status based on a number of easily quantifiable proxy indicators of 
wealth. Example of proxy indicators include the dwelling’s construction 
materials, education levels, types of assets owned, and types of food 
expenditures. The Demographic and Health Survey (DHS) wealth index 
is a common PMT derived by applying principal component analysis 
(PCA) to 10–15 survey answers (Rutstein and Johnson, 2004). The 
Poverty Probability Index (PPI), developed by Innovations for Poverty 
Action (IPA), is another PMT that relies on ten country-specific in-
dicators identified by applying standard statistical learning techniques 
to national surveys. In Ghana, the PPI was derived using the 
nationally-representative 2016–2017 Ghana Living Standards Survey 
(GLSS7) (Kshirsagar et al., 2017). Importantly, those two PMTs did not 
use supervised machine learning methods, incorporated few variables, 
and may lack regional specificity. 

In Ghana, the Ministry of Gender, Children and Social Protection 
used a combination of PMT and CBT to identify extremely poor house-
holds eligible for cash transfers and free health insurance under the 
existing Livelihood Empowerment Against Poverty (LEAP) program 
(Ashitey and Yeboah, 2012). This program involved conducting a PMT 
only among households selected via CBT and households that fell within 
specific vulnerability categories (elderly: >65 years old, disabled 
without productive capacity, orphaned, and vulnerable pregnant 
women and mothers with infants). The LEAP program has not been fully 
rolled out across the country yet: so far, 5079 communities out of 
approximately 72,790 communities (Ghana Statistical Services, per-
sonal communication, 2021) are covered by the program (Ministry of 
Gender, Children and Social Protection, 2022). Initial evaluations 
confirmed that LEAP beneficiaries were substantially poorer than the 
national average, with over 60% of them falling under the national 
poverty line (defined as the household’s ability to afford a “consumption 

basket” of 1760.8 GHS (approximately 292 USD) per adult equivalent 
per year, which allows meeting basic caloric needs) (Handa and Park, 
2012; Akaligaung et al., 2016). 

The relative performance of these approaches to identify households 
eligible for water subsidies in rural Ghana is currently unknown. 
Different studies in Indonesia (Alatas et al., 2016), Burkina Faso (Hill-
ebrecht et al., 2020) and Cameroon (Stoeffler et al., 2016) found CBT to 
be somewhat less effective at identifying the poor than a PMT in rural 
areas, though the former led to higher community satisfaction (Alatas 
et al., 2012). However, other studies in nine different sub-Saharan 
countries showed that both CBT and proxy means testing had chal-
lenges targeting the most vulnerable, with a high risk of inclusion errors 
(i.e., truly non-poor households are incorrectly identified as poor) and 
exclusion errors (i.e., truly poor households are incorrectly identified as 
non-poor) (Aryeetey et al., 2010; Brown et al., 2018). Recent studies 
have used machine learning and satellite data to develop high resolution 
poverty maps (Chi et al., 2021; Jean et al., 2016; Yeh et al., 2020) using 
poverty indicators such as mobile phone use patterns or night-time 
lighting, but these maps do not have sufficient resolution for targeting 
water subsidies within a rural community. More broadly, geographic 
targeting may be useful in some urban settings, but likely not in small 
rural towns where spatial disparities in poverty and service levels are not 
as pronounced as in cities. Other studies have combined satellite data 
with mobile phone surveys and machine learning techniques (Aiken 
et al., 2020, 2021a, 2021b). However, these targeting techniques may 
omit households that do not have mobile phones, which are often the 
poorest households in low-income settings. For example, in Ghana, 18% 
of the households below the national poverty line do not own a mobile 
phone (GLSS7, 2018), increasing the risk of exclusion errors that would 
be associated with phone surveys. 

In this study, we assessed whether a new Machine Learning (ML)- 
based PMT can perform better than CBT, existing PMTs (the DHS wealth 
index and the PPI), and the LEAP program (which is a hybrid approach) 
at identifying the poorest households in rural Ghana. We examined the 
strengths and weaknesses of the different approaches, offering insight 
into which methods should be used to implement pro-poor targeted 
subsidies (given stakeholder priorities). We hypothesized that our ML- 
based PMT would lead to fewer inclusion and exclusion errors than 
the conventional PPI and DHS wealth index, which are based on less 
sophisticated statistical techniques and do not take into account regional 
disparities within a country. We also hypothesized that the ML-based 
PMT may however be less acceptable to local communities and stake-
holders than CBT, as it works as a “black-box” model and does not 
provide clear eligibility criteria. 

The study focused on the Southern part of Ghana, where the social 
enterprise Safe Water Network (SWN) is planning to implement targeted 
subsidies as a way to address SDG 6.1 (achieving universal and equitable 
access to safe and affordable water for all by 2030). We conducted the 
field work for this study in three rural towns served by SWN. The find-
ings from this study will inform SWN’s program, and more broadly, will 
help promote more equitable access to safe water in rural Ghana. 

2. Methods 

Our work consisted of two main parts: (i) we first applied machine 
learning techniques to the GLSS7 dataset to derive a ML-based PMT 
predicting a household’s official poverty status (as defined by the gov-
ernment based on the national poverty line), and we compared its per-
formance on a subset of the GLSS7 dataset with an already existing PMT 
(the PPI); (ii) then we compared our new method with four other ap-
proaches in rural towns of southwestern Ghana. The field assessment 
(part ii) involved designing and deploying a survey-questionnaire that 
included questions from the ML-based PMT, the PPI, and the DHS wealth 
index, allowing us to estimate households’ poverty status according to 
all three PMTs. It also involved collecting data on LEAP enrolment and 
implementing community consultations to identify poor households 
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according to CBT. We summarized the five different methods used in this 
study in Table 1. 

2.1. Computational development and validation of the ML-based proxy- 
means test 

2.1.1. GLSS7 dataset cleaning 
We used the GLSS7 dataset (GLSS7, 2018) to derive our ML-based 

PMT. This nationally-representative survey on economic conditions 

was administered in 2016–2017 by the Ghana Statistical Service. A total 
of 14,009 household interviews were conducted across the country, 
collecting data on hundreds of variables covering general topics such as 
demographic characteristics, education, health, employment, housing, 
income, and expenditures. 

There are vast disparities in poverty between the Southern and 
Northern areas of Ghana (15% of households fall below the national 
poverty line in the South, versus 56% in the North). As this study focused 
on Southern Ghana, we removed the Northern, Upper East, and Upper 
West regions from the GLSS7 dataset (which fall within the “Northern” 
category). We also removed the Greater Accra Region as it is a mega-
lopolis and not comparable to more rural areas or small towns. We kept 
both rural and urban households in the GLSS7 dataset; Ghana defines as 
urban any settlement with more than 5000 people, which therefore in-
cludes a large portion of small towns serviced by our implementation 
partner, Safe Water Network. We then extracted variables related to 
household characteristics, asset ownership, expenditures, and water 
access from the entire survey as possible candidate indicators to include 
in our ML-based PMT. We transformed each categorical variable into 
multiple binary (yes/no) indicators. The final reduced dataset for the 
Southern part of Ghana included 8464 households and 623 indicators 
total. 

The GLSS7 dataset also contained a binary variable indicating 
households’ official poverty status as defined according to the national 
poverty line (consumption below 1760.8 GHS or 287 USD per year per 
adult equivalent). We used this binary poverty variable as our reference 
against which we trained our ML-based PMT. Note that we used the 
version of the PPI derived against the same reference poverty status, 
allowing a direct comparison of performance with our ML-based PMT. 

2.1.2. Feature reduction 
The aim of feature reduction is to select a subset of relevant in-

dicators that will allow good model predictions by reducing overfitting 
and training time. Due to the massive growth of data, feature reduction 
techniques have been used across many scientific disciplines (Cheng 
et al., 2021; Karasu et al., 2020; Remeseiro and Bolon-Canedo, 2019). In 
this study, we used feature reduction techniques to select the most 
relevant subset for predicting poverty from the 623 indicators in our 
dataset, and we used R software (R version 6.3.6) to conduct the 
analysis. 

Before applying machine learning algorithms for feature reduction 
and to ensure that included variables could be easily measured in a 
survey, we first manually removed collinear indicators from the regional 
dataset by using the Variance Inflation Factor (VIF). We kept indicators 
where VIF<5 (Chatterjee and Simonoff, 2013; O’brien, 2007); then we 
verified with a correlation matrix that all remaining pairs of indicators 
had linear correlations in which R2 < 0.7 (Taylor, 1990). When R2 was 
above 0.7 we included the indicator that was simpler to ask in a ques-
tionnaire (for example, between “do you trust members from other 
ethnic groups” and “do you trust people in your village”, we chose the 
latter to keep in the survey). This first reduction method decreased the 
number of indicators from 623 to 491 (Fig. 1). We then used the LASSO 
(Least Absolute Shrinkage and Selection Operator) algorithm (Tibshir-
ani, 1996) as part of machine learning to further reduce the number of 
indicators (for more details see Appendix A.1). With the LASSO feature 
reduction method, the number of indicators was reduced from 491 to 47 
(i.e., 47 indicators had non-zero β coefficients) (Fig. 1). 

2.1.3. Predictive model 
Predictive modelling is used to estimate the probability of an 

outcome based on a set of predictor indicators. This practice is widely 
used in diverse domains of science (Ahmad et al., 2018; Podgorski and 
Berg, 2020; Rao et al., 2017; Rodriguez-Galiano et al., 2018; Thoe et al., 
2014) and to predict poverty at different resolutions (Perez et al., 2019; 
Zhao et al., 2019). In this study, we developed two models with two 
different sets of predictors to estimate poverty at the household level. In 

Table 1 
Summary of the five different poverty targeting methods examined in this study.  

Method Definition of poverty Part-1 comparison Part-2 comparison 

Reference The household is 
below the national 
poverty line defined 
by the Ghana 
Statistical Service 
(consumption below 
1760.8 GHS per 
adult equivalent per 
year) as measured 
by the GLSS7.   

ML-based 
PMT 

The household’s 
poverty probability, 
as derived using 
machine learning 
from 47 indicators, 
is within the highest 
quintile.a 

Desk-based: 
Compared 
poverty 
predictions 
against the 
reference on a 
subset of 
households from 
the GLSS7 dataset 
(2539 households 
in the test set). 

Field-based: Compared 
the characteristics of 
households identified 
as poor within a study 
population of 818 
households; also 
assessed costs, ease of 
implementation, and 
acceptance by local 
stakeholders. 

PPI The household’s 
poverty probability, 
as derived using 
IPA’s existing 
method (linear 
combination of 10 
country-specific 
indicators), is within 
the highest quintile.a 

DHS 
wealth 
index 

The household’s 
wealth index, as 
derived using the 
DHS method (linear 
combination of 142 
indicators derived 
from 13 survey 
questions) is within 
the highest quintile.  

CBT The household was 
designated as 
vulnerableb during a 
community 
consultation. 

LEAP The household 
reported being a 
beneficiary of the 
national poverty 
alleviation LEAP 
program (which 
used a combination 
of CBT and PMT 
with three other 
vulnerability 
criteria).  

a For each PMT, we set a cut-off threshold to include 20% of the households 
with the highest probability of being poor. Using the same cut-off allowed for 
direct comparisons between the three PMTs, and 20% was a reasonable per-
centage for targeted subsidies. 

b According to our field protocol, a household was designated as vulnerable by 
the community if (i) members of the household could not feed all year round 
without help from relatives, or (ii) the household included an elderly person 
(>65 years old), a person having a severe disability or a chronic illness pre-
venting them from working, a widow, or an orphan, and the household did not 
receive support from relatives. 
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the first model, we took all 47 predictors selected by the LASSO algo-
rithm (β∕=0). For the second model, we took the first ten predictors 
among the 47 pre-selected predictors. The LASSO algorithm ranked the 
variables according to their β coefficients: we took the ten variables 
whose β coefficients had the highest absolute values, meaning that they 
had the strongest relationships with the poverty variable. We used the 
model with ten predictors as a point of direct comparison with the PPI, 
which also used ten predictors. 

We split the 8464 households of the regional dataset into a training 
set (70% of households, to develop the model) and a test set (30% of 
households, to validate the model), and we ensured that each set con-
tained the same proportion of poor households as the original propor-
tion in the full Southern GLSS7 dataset (i.e., 15% of the households). 

Using the training set, we applied the SuperLearner (Laan et al., 
2007) metalearning algorithm in R to develop our predictive model. 
This metalearning algorithm used cross validation to estimate the per-
formance of multiple machine learning models, or the same model with 
different settings. It then created an optimal weighted average of those 
models called an “ensemble”. We built an ensemble by using six 
different machine learning algorithms (Appendix A – Table A.1). We 
used a 10–fold cross validation and the Area under the Receiver Oper-
ating Characteristic curve (AUC) as a meta-learning method to combine 
the different algorithms because we had an unbalanced binary outcome 
(LeDell et al., 2016) (i.e., the proportion of poor was substantially lower 
than the proportion of non-poor). We then trained the two different 
models (with 47 and 10 predictors). Each model computed a house-
hold’s probability of poverty. To convert this output probability to a 
binary (poor/non-poor) outcome, we set a cut-off threshold such that 
the 20% of households with the highest probability were considered to 
be poor. The remaining 80% were considered to be non-poor (Table 1). 
This 20% cut-off threshold i) allowed for a direct comparison between 
the ML-based PMT, the PPI, and the DHS, and ii) was a realistic quota for 
program implementation, as threshold selection should try to replicate 
actual program coverage as much as possible (Schnitzer and Stoeffler, 
2022). 

In addition to the metalearning algorithm, we also tested a random 
forest model and a multi-linear regression model for comparison (Ap-
pendix A.3). 

We then assessed the performance of each model on the test set 
(using the GLSS7 national poverty status as the reference), by calcu-
lating its accuracy, sensitivity, specificity, and AUC (all terms are 
defined in Appendix A.2). Using similar methods, we also trained and 
tested a separate model on the national GLSS7 dataset (12,611 house-
holds, still excluding Greater Accra Region) to allow for a more direct 
comparison with the PPI, which was also developed at the national scale. 
The method and the results of this national scale model are presented in 
Appendix A.4, while the main text primarily focuses on the regional 
models. 

2.1.4. PPI score 
We computed PPI scores for households in the test set to compare the 

PPI’s performance with our ML model. The PPI involves asking 10 
questions about household’s characteristics and asset ownership, and 
then deriving a score to compute the likelihood that the household is 
living below the poverty line (Kshirsagar et al., 2017). We extracted the 

10 indicators needed for the PPI score from the reduced GLSS7 dataset 
and used the 2016 PPI scorecard corresponding to Ghana’s National 
Poverty Line (our reference poverty definition) to derive the PPI score 
for each household in the test set (PPI, 2019). Each PPI score was then 
converted into its corresponding poverty likelihood using a look-up 
table (a lower PPI score indicates a higher probability for the house-
hold to be poor) (PPI, 2019). To convert the poverty probability into a 
binary variable (i.e., poor and non-poor), we used the same procedure as 
for the ML-based PMT to set the probability cut-off. A household was 
considered to be poor if it fell within the quintile with the highest 
poverty probability. We then assessed the performance of the PPI pre-
diction by calculating its accuracy, sensitivity, specificity, and AUC. 

2.2. Field-based assessment 

2.2.1. Field data collection 
Between March and May 2021, we conducted field data collection in 

three rural towns of the Ahafo and Ashanti regions: Gambia No. 2 
(Asutifi North district), Anyinasuso (Ahafo Ano North municipality), 
and Breme (Tano South municipality). These three towns are service 
areas of Safe Water Network (SWN), a social enterprise providing water 
services across rural Ghana and partner of this study. We selected these 
three towns among SWN’s 92 service areas because i) they were located 
in the funder’s (Conrad N. Hilton Foundation’s) priority regions, and ii) 
SWN shortlisted them for possible future implementation of targeted 
water subsidies. Through community consultation meetings and 
household surveys (Fig. 2), we collected information for the following 
five methods: the regional ML-based PMT, the PPI, the DHS wealth 
index, LEAP and CBT. We also collected information on stakeholder and 
community members’ perceptions regarding the different methods. 

Two of the three towns had populations of approximately 
3000–5000 people, and the third had approximately 1500 people, 
though exact population data were not available. Across the three 
towns, we delineated neighborhoods of less than 300 households, the 
preferred maximum size for conducting community consultation meet-
ings according to our prior experience (WASHPaLS, 2020b). Because the 
third town contained approximately 300 households, we surveyed all 
households. Overall, we selected a total of six neighborhoods covering 
877 households. 

For the CBT method, our team coordinated a community consulta-
tion meeting in each neighborhood. This required training District As-
sembly staff on our established protocol (WASHPaLS, 2020b) and 
liaising with local leaders to make repeated announcements to neigh-
borhood residents. On the meeting day, our team was present to support 
District Assembly staff as needed, help ensure that meeting participants 
were exclusively from the target neighborhood, and monitor fidelity to 
the protocol (see the detailed protocol in Appendix B). Community 
consultation meetings had 40-120 participants (with equal representa-
tion of genders) and lasted approximately one hour. To determine 
whether a household was poor or not, the field team was trained to 
structure communities’ answers into the two following categories: (i) 
households that could not feed all year round without help from rela-
tives, or (ii) households that included an elderly person (>65 years old), 
a person having a severe disability or a chronic illness preventing them 
from working, a widow, or an orphan and did not receive support from 

Fig. 1. Different feature reduction steps applied on the GLSS7 dataset to obtain a final reduced set of 47 indicators that we included in our ML-based PMT.  
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relatives. These categories correspond to characteristics that commu-
nities in Ghana typically cite when asked about poverty (WASHPaLS, 
2021, 2020b) and also to characteristics cited in Ghana’s national 
pro-poor guidelines (Ministry of Sanitation and Water Resources - 
Ghana, 2018). 

Following each community consultation meeting, three enumerators 
surveyed all eligible households in the neighborhood (households were 
eligible if an adult at least 18 years of age was present once over the 
course of three visits). The survey included questions capturing the 47 
household characteristics required for our regional ML-based model, as 
well as additional questions required to compute the PPI and DHS 
wealth index. We also collected demographic and socio-economic in-
formation, as well as whether households were LEAP beneficiaries (see 
the final survey in Appendix C). Enumerators obtained written informed 
consent from all survey participants, administered the survey in the local 
language (Twi), and recorded responses in the CommCare mobile phone 
application (version 2.45, DiMagi Inc). For quality control, we con-
ducted spot checks or back checks on 5% of surveys. We also reviewed 
all answers to a subset of survey questions daily and followed up with 
enumerators to clarify inconsistent responses. 

2.2.2. DHS wealth index computation 
The DHS wealth index is based on a set of indicators that include 

household assets, dwelling characteristics, and utility services (Rutstein 
and Johnson, 2004). A Principal Component Analysis (PCA) is used to 
assign a weight to each standardized indicator, and then the sum of the 
weighted indicators produces the household’s wealth index value. The 
distribution of the household population (where each member is given 
his/her households’ index score) is divided into quintiles and a poverty 
score is attributed to each quintile (Rutstein and Johnson, 2004). We 
replaced any missing values with the indicator’s average in our dataset, 
and we applied the already computed DHS-Ghana scores for rural areas 
to derive each household’s wealth index (Rutstein, 2008). Finally, we 
used the 20th percentile as a poverty threshold to turn the results into a 
binary score (i.e., households below the 20th percentile were considered 
to be poor). 

2.2.3. Methods comparison 
We compared the five methods with regard to the characteristics of 

households they identified as poor (whether they had characteristics 
suggestive of greater vulnerability and less wealth, and whether they 

faced greater issues with water access), their scalability (ease of 
implementation and affordability), and their acceptability to local 
stakeholders (community members, district and national authorities). 

2.2.3.1. Outcomes of household identification. The collection of the large 
amount of complex information needed to compute total household 
expenditures and determine whether a household was poor according to 
the national poverty line (GLSS7, 2018) was beyond the scope of this 
work. We instead used vulnerability and wealth checks that practi-
tioners and local stakeholders might instinctively apply in the field to 
quickly assess whether the methods are selecting households that align 
with their expectations. In other words, we used these checks to deter-
mine whether local stakeholders would likely perceive targeted house-
holds to be more vulnerable than others. 

We used the GLSS7 dataset to determine the indicators to be 
employed as wealth checks. We examined Pearson correlation co-
efficients between 64 indicators (regarding housing and assets) and 
annual expenditures per adult equivalent. We identified nine indicators 
having an absolute correlation coefficient above 0.2 (see Appendix D): 
ownership of a refrigerator, a stove gas, an electric iron, a fan, stuffed 
furniture, a car, a television, a laptop computer, and a bank account or 
loan scheme. To determine indicators to be employed as vulnerability 
checks, we turned to the Government of Ghana’s guidelines for targeting 
poor households for basic sanitation (Ministry of Sanitation and Water 
Resources - Ghana, 2018) and to prior research studies in rural Ghana 
(WASHPaLS, 2021). We retained three indicators: household head is 
female; household head is elderly, has a disability, or has a chronic 
illness; and household cannot feed all year round without the support of 
neighbors or relatives. The first two indicators came from the Govern-
ment of Ghana’s guidelines for targeting poor households (Ministry of 
Sanitation and Water Resources - Ghana, 2018). The third indicator 
came from our extensive prior work in rural Ghana on identifying the 
poor for sanitation subsidies, which involved over a hundred consulta-
tions with communities and local government officials to establish a 
locally appropriate definition of poverty (WASHPaLS, 2020b). These 
vulnerability and wealth checks were meant to represent “intuitive in-
dicators” that field practitioners would likely use as verification checks 
to quickly assess whether targeting methods made sense. They were not 
meant to definitively determine whether one method is better than 
another: the wealth checks are based on assets and will favour models 
such as the DHS that were based on asset ownership, while the PPI and 

Fig. 2. Steps involved in the field-based assessment of poverty identification methods.  
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the ML-Based PMT were based on consumption. In other words, we used 
these checks to determine whether local stakeholders would likely 
perceive that the households identified as poor by the methods were 
more vulnerable than the rest, and that households identified as 
non-poor were wealthier. These checks were thus a way to assess 
acceptability among local stakeholders and communities. 

In addition to vulnerability and wealth checks, we used “water 
checks” to determine the extent to which households identified as poor 
were also those most in need of safer water access. With these “water 
checks” we wanted to confirm whether targeting water subsidies based 
on poverty only would be effective or if including additional water 
criteria may be helpful. Our survey included questions about water ac-
cess, water consumption, and challenges that households typically face 
in accessing water (e.g., poor water quality, waiting in queues, unreli-
ability of the water supply, or financial constraints to get water). We 
selected four indicators reflecting different aspects of drinking water 
access: source of drinking water, time to fetch drinking water, water 
consumption per person per day, and self-reported challenges in 
accessing safe water. We then compared these four variables among 
households identified as poor and non-poor by each method. It is 
important to note that the three study sites may not be representative of 
water access in rural Ghana generally, especially because Safe Water 
Network’s presence might have increased access to safe water. 

Finally, we used the above vulnerability checks to determine the 
characteristics of households left behind by the methods (i.e. identified 
as non-poor) but still reporting a financial constraint to get water. 

2.2.3.2. Scalability and acceptability. We documented the cost of 
implementing each poverty identification method, including personnel 
costs (stipends and per-diems), transport, and logistics (communication, 
printing, chair rental for community meetings). For the PMT methods 
(which all fell under survey-based methods), we estimated that some of 
these costs would be lower with a shorter survey (“variable costs” like 
personnel cost) and some would stay the same regardless of survey 
length (“fixed costs” like community announcements, monitoring, and 
supervision). We thus broke down fixed and variable costs, and we 
computed the variable costs according to the length of the survey: a 
shorter survey will likely be less expensive to implement, as enumerators 
can conduct more surveys each day. 

To put these costs into perspective, we compared them with the cost 
of a full water consumption subsidy for one year. We assumed that the 
subsidy would consist of providing water for free to identified poor 
households at a rate of 20 L per person per day, based on the World 
Health Organization (WHO) recommendation to meet basic needs. We 
assumed a household size of five (the average in our dataset) and water 
tariffs of 0.2 GHS (0.03 USD) per 20 L of water based on typical prices at 
Safe Water Network’s systems. 

Finally, to document stakeholder perceptions regarding the different 
poverty identification methods, we conducted in-depth individual 
qualitative interviews with six local government officials and 17 com-
munity members, including nine individuals designated as poor during 
community consultation. Interviews focused on perceived fairness and 
ease of implementation. These qualitative interviews were not meant to 
give a quantitatively representative picture but rather to capture the full 
range of opinions. We started these interviews with the goal of capturing 
a wide-range of individuals (e.g., District Assembly officials occupying 
different positions, poor and non-poor community members). We 
stopped interviewing new respondents when we reached saturation, i.e., 
when themes were recurring and each new interview was bringing little 
new information (Fusch and Ness, 2015). 

2.2.3.3. Models ranking. We compared the five methods with regard to 
the characteristics of households they identified as poor, scalability, and 
acceptance among local stakeholders. Then, we conducted a multi- 
criteria decision analysis (MCDA) to suggest a ranking for different 

scenarios that simulated different priorities (Belton and Stewart, 2002; 
De Luca et al., 2017; Mendoza and Martins, 2006) (Appendix E). 

Specifically, we considered the following criteria based on the 
literature: i) performance: ability to capture households having char-
acteristics associated with greater vulnerability and less wealth, ii) 
acceptability: perceived fairness and perceived transparency, and iii) 
scalability: ease of implementation and affordability. For each of the five 
methods, we assigned a score to these different criteria based on the 
results from preceding sections, with a score of 1 being the worst and 5 
being the best. 

2.3. Ethical review 

The study protocol was approved by the Council for Scientific and 
Industrial Research in Ghana (RPN 016/CSIR-IRB/2021). 

3. Results 

The results section follows the same structure as the previous section. 
We first assessed the performance of the ML-based PMT at predicting 
poverty status as defined in the GLSS7 (i.e., relative to the national 
poverty line) and compared that with the performance of the PPI. Then, 
we field-tested the five methods to compare them with respect to the 
characteristics of households they identified as poor, their acceptability 
by local stakeholders, and their scalability. 

3.1. Performance of the ML-based proxy-means test and the PPI at 
predicting poverty status relative to the national poverty line 

The two regional ML-based PMTs that we developed (with 47 and 10 
indicators) had an accuracy of 83–87% (when setting the prevalence at 
20%), meaning that 83–87% of households were correctly identified as 
being poor or non-poor (Table 2). The precision of 43–55% meant that 
about half of households predicted to be poor by our ML-based PMTs 
were actually poor according to the national poverty line, while the 
other half was not (inclusion errors). Our PMTs performed better with 
respect to sensitivity, with 62–73% of truly poor households (i.e., 
households under the national poverty line) identified as poor (the rest 
being exclusion errors). Specificity showed the highest performance, 
with 87–90% of truly non-poor households correctly identified as non- 
poor (Table 2). The 47-predictor ML-based PMT performed better than 
the 10-predictor ML-based PMT with respect to all metrics, but partic-
ularly precision and sensitivity (Table 2). We therefore focused on the 
47-predictor model during subsequent analyses. Both ML-based PMTs 
performed better than the PPI, which had lower values across all metrics 
(particularly precision and sensitivity; Table 2). We also computed a 
random forest algorithm and a multi-linear regression using the 47 in-
dicators as a comparison with the ML-based PMT derived from the 
metalearning algorithm. The results were very similar (Appendix A, 
table A.3), but the ML-based PMT performed a bit better, especially for 

Table 2 
Performance of our two ML-based PMTs and the PPI at predicting poverty status 
defined according to the national poverty line.   

ML-based PMT (47 
predictors) 

ML-based PMT (10 
predictors) 

PPI (10 
predictors) 

Prevalencea 20% 20% 21% 
Accuracy 87% 83% 81% 
Sensitivity 73% 62% 57% 
Specificity 90% 87% 85% 
Precision 55% 43% 40% 
AUCb 81% 74% 71%  

a Purposefully set at 20%, a reasonable quota for water subsidy implementa-
tion. (The PPI showed a 21% prevalence because a lot of household probabilities 
were equal to the threshold value). 

b AUC: Area Under the Curve. 
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the precision metric (55% for the ML-based PMT versus 50% for random 
forest and 52% for the multi-linear regression). We thus decided to 
continue focusing on the ML-based PMT for the rest of the analysis. 

We also trained a ML-based PMT at national scale (i.e., including the 
northern regions, but still excluding Greater Accra) to allow for a direct 
comparison with the PPI, also trained at national scale. We presented the 
results in Appendix A.4. The national model performed almost as well as 
the regional one, but included more indicators than the regional model 
(65 indicators versus 47). While the national dataset is larger (10,072 
households in the training set for the national model versus 5925 
households for the regional model) and therefore provides better op-
portunities for machine learning, regional specificities captured in the 
regional model slightly outweigh this benefit, leading to comparable 
predictions. Because the regional model had slightly better performance 
than the national model and included less indications, we decided to 
continue working with the regional model. 

To determine how the households identified by each approach 
compared with the truly poor as defined by the national poverty line, we 
summarized economic and water access characteristics for each group 
(Table 3). We found that households predicted to be poor by the 47-in-
dicator ML-based PMT were more similar to the poor identified by the 
national poverty line (the reference) than households predicted as poor 

by the PPI. Households identified as poor by the PPI had a significantly 
higher total annual gross income per adult equivalent compared to 
reference (17,965 GHS vs. 10,514 GHS, p < 0.05 Wilcoxon test1), while 
the annual income of households identified by the ML-based PMT was 
not statistically different from reference (10,514 GHS vs 10,640 GHS, p 
= 0.05 Wilcoxon test1). For both PMTs, total annual expenditures per 
adult equivalent were significantly higher than reference (1785 GHS vs 
1201 GHS for the ML-based PMT; 2350 GHS vs 1201 GHS for the PPI; p 
< 0.05 Wilcoxon test1 and Z-test). There were no significant differences 
in water access between the reference and both PMTs, except for 
households identified as poor by the PPI, who had a lower access to 
piped water (9% vs. 14%; p = 0.04 Z-test), but also a lower access to 
bottled/sachet water (17% vs. 23%, p < 0.05 Z-test) (Table 3). 

To understand any incorrect predictions being made by the ML-based 
PMT, we compared characteristics of households that represented in-
clusion and exclusion errors with households that were correctly pre-
dicted as poor or non-poor (Appendix F – Figure F1. a). With respect to 
total annual expenditures per adult equivalent, households representing 
exclusion errors spent slightly more than the correctly predicted poor 
(1345 GHS vs. 1149 GHS; p < 0.05 Wilcoxon test), and households 
representing inclusion errors (i.e., incorrectly predicted non-poor) ten-
ded to spend less than the rest of the non-poor (2559 GHS vs. 5852 GHS; 
p < 0.05 Wilcoxon test). In other words, the errors tended to be close to 
the threshold between the poor and non-poor. We did the same analysis 
for the PPI and found similar results (Appendix F.1 – Figure F1. b). We 
also confirmed that the vulnerability and wealth checks were consistent 
with true poverty as defined in the GLSS7 (Appendix F.2 – Figure F2). 

In summary, the ML-based PMT performed better than the PPI at 
identifying poor households: households predicted poor by the ML- 
based PMT tended to be more similar to the poor households identi-
fied by the national poverty line in terms of income, expenditures and 
water characteristics than the households predicted poor by the PPI. 

3.2. Field comparison 

3.2.1. Characteristics of surveyed households 
Overall, we conducted a total of 818 surveys; this sample size 

allowed estimating the proportion of poor households with a margin of 
error of 3% and 90% confidence. We excluded 63 additional households 
in target neighborhoods from the survey: 50 because they were absent 
over the course of three visits, one because the respondent declined to 
participate, and 12 because we had concerns about data quality. Our 818 
surveys thus covered 93% of all (881) households in the selected 
neighborhoods. 

Heads of household made up 68% of respondents, with 59% of all 
household heads being males. Socio-economic and demographic char-
acteristics of the surveyed households are displayed in Table 4, and we 
compared them with the households included in the regional GLSS7 
dataset. Approximately half of household heads (54%) worked in agri-
culture, and 55% completed high school. In 53% of households, the head 
was either a single woman, an elderly person, or a person with a severe 
physical or mental disability or chronic illness, and 22% of the house-
holds reported not being able to feed themselves throughout the entire 
year without help from relatives. Only a small proportion of the 
households used unimproved or surface water (1%), and the vast ma-
jority (85%) used either piped water (through communal standpipes, 
52%) or other improved sources such as boreholes (33%). The rest 
(15%) used sachet or bottled water. Notably, <1% household had a 
private connection to the piped network, as water suppliers were not yet 
offering this modality. These socio-economic and demographic charac-
teristics of the surveyed households were almost all within a few per-
centage points of the regional GLSS7 dataset, with a few exceptions: 
surveyed households usually owned farming land or livestock more 

Table 3 
Characteristics of poor households in test set (n = 2539) as determined by i) the 
national poverty line, ii) our ML-based PMT, and iii) the PPI.   

Poor households 
in the test set as 
defined according 
to the national 
poverty line 
(reference) 

Poor households in 
the test set as 
determined by our 
47-predictor ML- 
based PMT 

Poor households 
in the test set 
according to the 
PPI 

Proportion of 
total 
population 
qualifying as 
“poor” 

15% (380 out of 
2539) 

20% (508 out of 
2539) 

21% (537 out of 
2539) 

Total annual 
gross income 
per adult 
equivalent 
(Mean [IQR]a) 

10,514 
[1270–9806] 
GHS 
1389 [168–1295] 
USD 

10,640 
[1579–11,875] 
GHS 
1406 [209–1569] 
USD 

17,965 
[2441–17,278] 
GHS 
2373 [322–2283] 
USD 

Total annual 
expenditures 
per adult 
equivalent 
(mean [IQR]) 

1201 [952–1502] 
GHS 
159 [126–198] 
USD 

1785 [1137–2262] 
GHS 
236 [150–299] 
USD 

2350 
[1316–3030] 
310 [174–400] 
USD 

Percent access to 
improved 
water for 
drinking water 

89% 
N = 337 

90% 
N = 456 

85% 
N = 455 

Time spent 
fetching 
drinking water 
every day – 
minutes/day 
(Mean [IQR]) 

24 [8–30] min/ 
day 

22 [8–30] min/day 24 [10–30] min/ 
day 

Daily water 
consumption 
(Mean [IQR])a 

17 [6–22] L/ 
capita/day 

17 [6–21] L/ 
capita/day 

18 [5–21] L/ 
capita/day 

Percent access to 
piped water 

14% 
N = 53 

13% 
N = 68 

9% 
N = 51 

Percent access to 
bottled/sachet 
water 

23% 
N = 88 

24% 
N = 123 

N = 17% 
N = 90 

Total Water 
expendituresb 

(Mean [IQR]) 

24 [4–37] GHS/ 
month 
3.2 [0.5–4.9] 
USD/month 

37 [4–45] GHS/ 
month 
4.9 [0.5–5.9] USD/ 
month 

30 [5–43] GHS/ 
month 
4.0 [0.7–5.7] 
USD/month  

a IQR: Interquartile range. 
b Total water expenditures include piped water bills, water purchased from 

private vendors, water fetched at standpipes, and bottled/sachet water. 1 Wilcoxon rank sum test for independent samples. 
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frequently than the households in the GLSS7 dataset (31% and 44% 
versus 15% and 9%); a lesser percentage reported not being able to feed 
themselves all year round compared to the GLSS7 dataset (22% versus 
58%); access to piped water was higher among the surveyed households 
(52% versus 25%), while the percentage of households using unim-
proved or surface water was higher in the GLSS7 dataset (<1% versus 
11%). The three towns are within the service areas of SWN, which might 
have increased access to piped water services in comparison to other 
parts of Southern Ghana. Overall, except for the characteristics 
mentioned above, the surveyed towns were a good representation of 
Southern Ghana households. 

3.2.2. Characteristics of households identified as poor by the five targeting 
methods 

The three PMTs were set to identify 20% of households as poor: 164/ 
818 for ML-based PMT and DHS and 169/818 for PPI, corresponding to 
households within the first quintile of poverty probability or wealth 
index. The other two methods were more restrictive: only 4% of 
households (31/818) reported they were enrolled in the LEAP program, 
and CBT identified 12% (98/818) of households as poor. There was 
limited overlap in the households identified as poor across the five 
methods. Only two households (<1%) were identified as poor by all five 
methods, and 10 households (1%) were identified as poor by four 
methods (excluding LEAP, the most restrictive method). In contrast, 
there was more overlap among the three PMT methods: 65/818 
households (8% of the total number of households) were identified 
simultaneously as poor by all three PMT methods. These 65 households 
represented 40% of all those identified as poor by any one of the three 
PMTs. These results reflect that each method used different criteria to 
define poverty, but the PMT methods seemed to be more consistent with 
each other. 

All methods successfully identified poor households that were more 
vulnerable than the rest, according to our checks: households that were 
selected as poor met the different vulnerability checks more often than 
other households not selected (Fig. 3a). For example, 30%–67% of 
households identified as poor met at least two vulnerability checks 
versus 12%–21% for households identified as non-poor. With the 
exception of LEAP, all the methods identified non-poor households that 

Table 4 
Demographic and socio-economic characteristics of surveyed households (N =
818) and southern Ghana households included in the GLSS7 dataset (N = 8464).  

Characteristics of surveyed 
households within the three 
targeted villages (N ¼ 818) 

Characteristics of households 
included in the Southern 
Ghana GLSS7 dataset (N ¼
8464) 

p- 
value 

Mean number of 
household members 
(IQR)a 

5 (3–6) 3.7 (2–5) p <
0.05f 

Mean age of household 
head (IQR)a 

48 
(35–58) 

46 (33–57) p <
0.05f 

Gender of household head 
Female 41% N =

337 
36% N = 3008 p <

0.05g 

Male 59% N =
481 

64% N = 5456 p <
0.05g 

Education level of household head 
Never attended school 25% N =

206 
17% N = 1462 p <

0.05g 

No primary education 7% N =
58 

<1% N = 8 p <
0.05g 

Completed only 
primary school 

13% N =
107 

16% N = 1346 p =
0.03g 

Completed high 
school or higherb 

55% N =
447 

66% N = 5606 p <
0.05g 

Marital status of household head 
Married or in a union 59% N =

479 
60% N = 5081 p =

0.43g 

Single or separated/ 
divorced 

21% N =
178 

27% N = 2325 p <
0.05g 

Widowed 19% N =
159 

12% N = 1058 p <
0.05g 

Primary occupation of household head 
No occupation 16% N =

129 
12% N = 1041 p <

0.05g 

Agriculture 54% N =
445 

38% N = 3222 p <
0.05g 

Other occupation 30% N =
244 

50% N = 4201 p <
0.05g 

Primary religion of household head 
Muslim 17% N =

136 
10% N = 864 p <

0.05g 

Christian 82% N =
668 

12% N = 993 (Catholic) p <
0.05g 

Head of household is vulnerable 
Single woman/ 
widow/separated 

32% N =
264 

20% N = 1706 p <
0.05g 

Elderly (65 years or 
older) 

16% N =
132   

Severe physical/ 
mental challengec 

3% N =
24 

14% N = 1196 p =
0.13g 

Severe chronic illnessc 2% N =
15 

3% N = 230 (any disability) p <
0.05g 

Household is a 
beneficiary of the 
LEAP program 

4% N =
31 

<1% N = 68 p <
0.05g 

Household owns 
farming land 

31% N =
251 

15% N = 1297 p <
0.05g 

Household owns 
livestock 

44% N =
360 

9% N = 770 p <
0.05g 

Households that can’t 
feed themselves 

22% N =
178 

58% N = 4924 p <
0.05g 

Households with a non- 
durable dwellingd 

15% N =
121 

46% N = 3907 p <
0.05g 

Gross annual incomee 

<2400 GHS 54% N =
443 

25% N = 2117 p <
0.05g 

2400–6000 GHS 29% N =
241 

19% N = 1616 p <
0.05g 

>6000 GHS 17% N =
134 

56% N = 4731 p <
0.05g 

Time to fetch drinking 
water, min (IQR) 

9 (3–10) 22 (7–30) p <
0.05f 

Primary source of drinking water 
Bottled or sachet 
water 

15% N =
123 

24% N = 2065 p <
0.05g  

Table 4 (continued ) 

Characteristics of surveyed 
households within the three 
targeted villages (N ¼ 818) 

Characteristics of households 
included in the Southern 
Ghana GLSS7 dataset (N ¼
8464) 

p- 
value 

Piped water 
(communal 
standpipes) 

52% N =
420 

11% N = 963 p <
0.05g 

Piped water (private 
connections) 

<1% N =
1 

14% N = 1191 p <
0.05g 

Improved, non-piped 
(boreholes, protected 
spring and well) 

33% N =
271 

39% N = 3291 p <
0.05g 

Unimproved <1% N =
1   

Surface water <1% N =
2 

11% N = 953 (unimproved and 
surface water) 

p <
0.05g 

Mean weekly water 
expenditures GHS 
(IQR)a 

4.5 
[1.6–7.0] 

8.8 (2.1–9) p <
0.05f  

a IQR = inter-quartile range. 
b Preventing head of household from working. 
c High school included junior and senior high school, A level, and teacher- 

nursing-technical training. 
d Non-durable is defined as a dwelling with natural or rudimentary roof and 

walls (Ghana Statistical Service (GSS) et al., 2018). 
e Five households replied “Don’t know” to this question. 
f Wilcoxon test. 
g Z-test. 
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met wealth checks more often than households identified as poor: 58%– 
70% of non-poor households met at least two wealth criteria versus 4%– 
43% of households identified as poor. In contrast, LEAP identified the 
same proportion of poor and non-poor households meeting the wealth 
checks (58% of identified poor households versus 57% of non-poor 
households - Fig. 3b). Numerical results are presented in Appendix G - 
Table G.1. 

According to our vulnerability checks, CBT had the highest ability to 
identify households more vulnerable than the rest: it provided the 
highest vulnerability gap between households identified as poor and 
non-poor (51% versus 10–23% for other methods, Fig. 3a and Table G1). 
This is not surprising, as the guidance facilitators provided during CBT 
was similar to our vulnerability checks (Appendix B). With respect to 
wealth checks, the DHS PMT provided the highest gap between house-
holds identified as poor and non-poor (82%) while the other two PMTs 
yielded smaller gaps (45–54%) (Fig. 3b and Table G1): these results are 
consistent with the fact that the DHS wealth index was based on asset 
ownership, while the ML-based PMT and the PPI were based on con-
sumption data. LEAP and CBT led to negligible wealth gaps (− 1% and 
15%), reflecting that these methods rely on community perceptions of 
poverty that do not seem to take asset ownership into account. 

We also looked at the characteristics of households left behind by one 
method but identified as poor by another one. The main characteristic of 
these households were: a female household head and inability to feed all 
year round (Appendix I). 

3.2.3. Water access conditions 
As the goal of this targeting exercise was to identify poor households 

for water subsidies, we explored water needs among households iden-
tified as poor by the five methods and also between poor and non-poor 
(Figs. 4 and 5). We wanted to determine the extent to which households 
identified as poor by the methods were also the most in need of safe 
water. 

Households identified as poor by any method had lower use of 

packaged (sachet or bottled) water than the non-poor (p < 0.05 Z-test, 
except for LEAP where p = 0.27 – Fig. 4a) mirrored by a higher reliance 
on improved non-piped water sources (p < 0.05 Z-test, except for CBT 
and LEAP: p = 0.36 and p = 0.14). The three PMTs yielded similar 
proportions of standpipe water users among the poor and non-poor, 
while CBT and LEAP yielded higher proportion of standpipe water 
users among the poor than among the non-poor (Fig. 4a). Note that as 
mentioned above, no household in our study communities had private 
piped water connections. 

Across all methods except LEAP, households identified as poor re-
ported financial constraints to access water more often (22–33%) than 
the non-poor (5–10%) (p < 0.05 Z-test – Fig. 4b). 13% of households 
identified as poor by CBT reported a physical inability to fetch water, 
compared to <4% among other categories. This is consistent with the 
CBT using physical impairment (due to disability or old age) as one of 
the guiding criteria. 

Regarding water consumption per person per day (Fig. 5a), house-
holds identified to be poor by the three PMTs had lower levels of con-
sumption than the non-poor (p < 0.05 Wilcoxon test), but there was no 
statistical difference between households identified as poor or non-poor 
by the CBT and LEAP (p = 0.27 and p = 0.48 Wilcoxon test). Among 
poor households, the PPI and the ML-based PMT more effectively 
identified poor households with lower water consumption (p < 0.05 
Wilcoxon test with DHS and CBT), and there was no statistical difference 
between the PPI and the ML-based PMT (p = 0.25 Wilcoxon test). 

We found no differences in the time to fetch water between house-
holds identified as poor and non-poor by all the methods (p > 0.05 
Wilcoxon test, except for CBT where p = 0.02 but numerical differences 
were negligible) (Fig. 5b). 

Among the five methods, the PMTs were better able to identify 
households with greater water needs (i.e., no use of packaged water, 
more frequent reporting of financial burden to get water, and lower 
water consumption). We note that 3–7% of households identified as non- 
poor by the methods still reported financial constraints to get water 

Fig. 3. Percentage of households identified as poor and non-poor by the methods and meeting at least two vulnerability checks (a) or two wealth checks (b) versus 
the total number of households identified as poor or non-poor. 
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(Appendix H – Figure H.1). The principal characteristics of these 
households were that the household had a female head (62–78% of 
households left behind) or that the household cannot feed without help 
from relatives all year round (29–34%) (Appendix H – Figure H.2). 

3.2.4. Stakeholder and community member perceptions 
During qualitative stakeholder interviews, we referred to the three 

PMT methods together as “survey-based approaches” for simplicity. 
Community members were overwhelmingly in support of survey-based 
approaches to target water subsidies. They felt that people were more 
likely to be honest and forthcoming in a household survey, whereas they 
may be afraid to share their true poverty status in community meetings. 
Interviewees also felt that CBT might leave vulnerable members off the 

list because people may not be aware of others’ true poverty status and 
vulnerable households may not be able to attend the meeting. “One might 
be poor and your neighbors don’t know you are poor until you tell them,” 
stated a respondent. “If, unfortunately, the poor and vulnerable person was 
not remembered by any of the participants at the meeting, then he or she was 
left out … One of my relatives was left out of the list. In fact, I forgot of her, it 
was after the meeting I remembered of her,” stated one of the meeting 
participants. 

In contrast, District Assembly officers had mixed perspectives about 
community consultation and survey-based methods: some preferred 
CBT, while others preferred survey-based methods. Most of them feared 
that people might lie during the household survey. “If I’m alone, I feel 
comfortable lying. But if there are others around, sometimes you have a 
second thought of lying,” said one District Assembly officer. Some District 
Assembly officers felt that people were less likely to lie in the community 
consultation meeting because of the process of vetting poor households 
collectively, though others feared that meeting participants might lie 
anyway. Finally, some District Assembly officers felt that CBT would 
reduce accusations of political bias against the District Assembly 
because it is the most transparent targeting method. “Using that [com-
munity consultation] approach, it’s more or less like a fair interaction be-
tween the District Assembly and the community. There will be no perception 
that the Assembly was biased or selective in choosing people to give those 
subsidies to,” said one District Assembly officer. 

Community members overwhelmingly felt that LEAP would not be 
an appropriate method to target water subsidies, because they felt that 
the beneficiary selection was influenced by politics and that the risk of 
leaving vulnerable community members off the list was high (they felt 
that LEAP would discriminate against people and would fail to target all 
the poor). “If they were to use the LEAP list, some of us will be left out” stated 
one community member identified as poor in the community consulta-
tion. Similarly, no District Assembly officers chose LEAP as their 
preferred targeting method. Most District Assembly officers thought that 
LEAP would lead to accusations of political bias. “The way the previous 
[LEAP] registration was done, it didn’t really capture the vulnerable and the 
poor in the communities” stated one District Assembly officer. 

3.2.5. Costs 
Based on our cost tracking, implementing PMT surveys across our six 

study neighborhoods cost 4558 USD, or an average of 5.6 USD per 
household in the community (N = 818 households) which was nearly 
twice as much as CBT (2474 USD or 3.0 USD per household in the 
community; Appendix J). Survey-based methods were costlier because 
they required substantially more staff time: 21 person-days per neigh-
borhood on average to survey all households, compared with 9 person- 
days for CBT. The survey methods included fixed costs (26% of the total) 
and variable costs (74% – see Appendix J – Figure J.1). Fixed costs will 
remain the same regardless of the length of the survey; they will change 
only if additional neighborhoods or towns are to be surveyed. Fixed 
costs included enumerators training, transport to communities for 
community entry and community announcements, facilitation allow-
ances to chiefs and traditional leaders, chair rental, phones and 
communication allowances, and COVID-19 personal protective equip-
ment. Variable costs will change depending on the length of the survey: 
a shorter survey will reduce staff time (and thus staff payments), some of 
the transportation costs for administering the survey, and the commu-
nication allowance. An estimation of the variable costs based on the time 
needed for the survey to be completed is provided in Appendix J. 

Finally, we estimated that determining subsidy-eligible households 
using the existing LEAP lists would only cost 533 USD, or an average of 
0.7 USD per household in the community as the staff time requirements 
would be minimal (3 person-days per neighborhood). 

Our cost estimates for the water subsidy itself tended to be sub-
stantially higher than those for targeting (and this was a conservative 
comparison, as these subsidy costs only included the cost of the water 
without any program implementation or administrative costs). One year 

Fig. 4. Primary source of drinking water among poor and non-poor households 
as determined by each of the five identification methods (a) and challenges to 
get water reported by households identified as poor and non-poor by the five 
different methods (b). 
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of water subsidies was most expensive for the PMT models, as they were 
the most inclusive methods, while water subsidies for LEAP were the 
cheapest, as it identified only 4% of households as poor (Appendix J – 
Figure J.1). One year of water subsidies cost between 2.3 times (PMTs) 
and 3.9 times (LEAP) the cost of targeting, depending on the method and 
the number of households it selected (Appendix K). 

3.2.6. Methods ranking 
For the methods ranking, we converted our field results regarding 

household characteristics, acceptance, and scalability into scores for 
each targeting method (Table 5). With respect to household character-
istics, we ranked the methods according to their ability to identify 
households that were more vulnerable than the rest (according to 
vulnerability and wealth checks). For the ML-based PMT and the PPI, 

which we could directly evaluate in the GLSS7 dataset against the 
reference poverty definition, we also considered inclusion and exclusion 
errors. For acceptance, we referred to the stakeholder and community 
member interviews to rank the methods. Finally, for scalability, we 
assigned scores based on our cost computations and our understanding 
of what each method would require for implementation at a large scale. 

With respect to inclusion/exclusion errors (i.e., performance), we 
attributed a higher score to the ML-based PMT than the PPI based on the 
results reported in Table 2. The DHS had the highest ability to identify 
households that were more vulnerable and less wealthy than the rest 
(according to our vulnerability and wealth checks), followed by the ML- 
based PMT, CBT, the PPI, and LEAP. We determined these rankings 
based on vulnerability/wealth gaps between households identified as 
poor and non-poor (Fig. 3 and Table G1). 

We gave the PMTs the highest “fairness” score, as the majority of 
community members interviewed as well as some District Assembly 
officers perceived survey approaches to be fairer than the CBT. We then 
attributed the highest “transparency” scores to CBT followed by the 
PMTs because of their “black-box” approach. We ranked LEAP the last 
because no interviewees perceived it to be fair or transparent. 

We gave LEAP the best implementation score because LEAP benefi-
ciaries had already been designated by the government, and the lists 
were available from government offices. CBT is in the second position as 
it does not require interviewing all the households in a community. The 
PMT models came in the last position: they would require more logistical 
considerations, enumerators, and training. Among the PMT methods, 
the PPI is the easiest to implement: it contains only 10 questions, and the 
results of those questions can easily be turned into a poverty score using 
a scorecard and lookup table (PPI, 2019), so it does not require intensive 
computing. The DHS wealth index involves more questions but, like the 
PPI, does not require complex computing as the equation to compute a 
households’ index value is publicly available (Rutstein, 2008; Rutstein 
and Johnson, 2004). Finally, the ML-based PMT model has the lowest 

Fig. 5. Water consumption per person per day among households identified as poor and non-poor by the five methods (a) and time to fetch water among households 
identified as poor and non-poor by the five different methods (b). Whisker plot: the box represents the first and the third interquartile, the black horizontal bar is the 
median and the black dot represents the mean. 

Table 5 
Scores assigned scores to five poverty targeting methods according to six com-
parison criteria.  

Score (Best = 5, worst = 1)  

ML-based 
PMT 

PPI DHS CBT LEAP 

Characteristics of households identified 
Few exclusion and inclusion errors 4 3 NA NA NA 
Identified households are more 

vulnerable than the resta 
4 2 5 3 1 

Acceptability 
Perceived fairness 5 5 5 3 1 
Perceived transparency 4 4 4 5 1 
Scalability 
Ease of implementation 1 3 2 4 5 
Targeting affordability (=Low cost) 2 2 2 4 5  

a To assign scores, we summed the vulnerability gap and the wealth gap (i.e., 
the % difference between poor and non-poor in Table G1) for each method. The 
method with the highest sum gap (DHS) ranked the highest. 
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score as it requires someone knowledgeable with computational tech-
niques to apply the ML model to survey responses. 

4. Discussion – conclusion 

To improve safe water access, we compared five different methods to 
target poor households eligible for water subsidies in southwestern 
Ghana. We first designed a regional ML-based PMT by applying machine 
learning techniques to the GLSS7 dataset, which performed better than 
an existing PMT (the PPI) at predicting poverty status defined according 
to the national poverty line (the reference). We also compared the re-
sults of the metalearning algorithm used to develop the ML-based model 
with two other algorithms (random forest and multi-linear regression). 
The results of the multi-linear regression were very similar to those 
derived from the metalearning algorithm, which is consistent with 
previous work (Christodoulou et al., 2019). For future work, we would 
recommend considering regional ML-based PMTs rather than national 
ones if the size of the regional dataset is substantially higher than the 
national dataset (in the case of local intense survey initiatives for 
example). If the national and regional dataset have the same size (or if 
the regional dataset is smaller than the national one), we would 
recommend to test both models (one at regional scale and one at na-
tional scale), as the benefits of regional specificity can outweigh the 
benefits of training the ML model on a larger dataset. 

We then compared the five methods for identifying the poor in the 
field. The methods resulted in vastly different outcomes, both in terms of 
the households identified and the overall proportion. The very small 
overlap between households identified as poor by CBT and by the PMT 
methods revealed either a different poverty concept between commu-
nities and the statisticians developing PMTs, or the possibility that 
communities do not always understand each other’s condition. Previous 
studies have shown that communities used multidimensional concepts 
of poverty that include health, education, and household demographic 
characteristics (e.g., elderly, widow) (Van Campenhout, 2007; Alatas 
et al., 2012; Hillebrecht et al., 2020), and CBT has been found to be more 
effective than PMT methods at identifying chronic poverty (Alderman, 
2002), defined as significant deprivations experienced by a household 
for a period of five years or more (Hulme and Shepherd, 2003). 

According to the ranking analysis, the best model was the ML-based 
PMT, which was particularly strong in terms of performance and 
acceptance, followed by CBT, which represented a good tradeoff be-
tween performance, acceptability, and scalability. The simplicity of 
eligibility criteria in CBT (and the fact that communities were directly 
involved in household selection and fully understood the process) is also 
an advantage over survey-based approaches, which rely on “black-box” 
models to derive a poverty probability score. However, consultative 
meetings could be subject to ethnic favoritism (Hillebrecht et al., 2020) 
or to political divides along party lines (Panda, 2015), even though the 
latter does not seem to impact CBT results substantially (Alatas et al., 
2019) and none of these biases were mentioned in our stakeholder in-
terviews. The success of both consultative meetings and household 
surveys also depends on skilled facilitators, which means there is a risk 
of poor-quality data or poor implementation affecting identification. 
Consultative meetings are risky: for example, if the meeting is domi-
nated by a small group of individuals or subject to low attendance due to 
poor community entry, then there is no clear recourse to correct the list 
of identified households. In terms of cost, we found that the targeting 
cost for CBT was lower than for the PMTs, even though local stake-
holders did not report cost as a primary factor for determining the most 
appropriate method. 

Our results confirmed the conclusions of the few previous efforts 
made to compare PMTs with CBT: PMT typically shows better perfor-
mance than CBT (Alatas et al., 2012; Hillebrecht et al., 2020), while CBT 
is usually more cost-effective (except for large programs, where the 
accuracy of PMT makes this method more cost-effective due to re-
ductions in inclusion errors) (Hillebrecht et al., 2020). CBT also typically 

leads to higher satisfaction among communities (Alatas et al., 2012). 
In scenarios where decision-makers highly value accuracy, a PMT 

(especially the ML-based PMT) would be the best fit among the options 
we considered here. For example, in Ghana, the Community Water and 
Sanitation Agency (CWSA, responsible for delivering safe water and 
sanitation services to rural areas) indicated that accuracy (i.e., low risk 
of inclusion and exclusion errors) was their highest priority. 

To reconcile performance (ML-based PMT) and transparency (CBT), 
a hybrid approach could be envisaged. Previous research and programs 
(such as LEAP) used such a hybrid approach to identify poor households: 
typically consisting of first asking a community who is poor (CBT), and 
then surveying the designated households with a PMT (Alatas et al., 
2012; Stoeffler et al., 2016). This type of hybrid method is cost-effective 
(Stoeffler et al., 2016), but has lower performance than a PMT alone, 
due to a higher risk of exclusion errors (because not all households are 
surveyed) (Alatas et al., 2012; Stoeffler et al., 2016). To increase 
transparency without decreasing the performance, an alternative might 
involve conducting both methods in parallel (PMT and CBT), and then 
adding the poor households identified by CBT to the list of poor 
households identified by the PMT (in other words, selecting households 
identified by either method – see Appendix L), or conducting the PMT 
first and then having the results discussed and confirmed by the com-
munity. This hybrid approach would increase the cost of targeting but 
may provide a good balance between performance and transparency. 
We recommend that future research evaluates the hybrid approach of 
conducting PMT and CBT in parallel, and selecting households identified 
by either method. 

The relatively good performance of the ML-based PMT was balanced 
by a few limitations. This PMT was developed for Ghana only (one 
model was developed for Southern Ghana only and another for the 
entire country) and cannot be directly applied to other countries. 
However, the methodology (feature reduction and predictive modelling) 
can be replicated to other countries if large-scale household surveys 
(covering topics including household characteristics, consumption, and 
assets) are available. Such replication would be similar to the way in 
which the PPI and DHS methods have been applied across multiple 
countries. In our case, however, comparing the ML-based PMT and DHS 
using the GLSS7 dataset was not straightforward, as we could not 
directly compare the DHS with the reference (some indicators included 
in the DHS survey were absent from the GLSS7 dataset). In addition, 
because we did not collect the large amount of economic data needed to 
calculate consumption and determine true poverty in the field, we were 
unable to perform a true out-of-sample evaluation. Instead, we used the 
vulnerability and wealth checks to determine whether local stakeholders 
would likely perceive that households identified as poor were more 
vulnerable than the rest. This analysis provided an additional window 
into the acceptability of the methods, as a targeting method would have 
difficulty being accepted if its results were wholly different from local 
perceptions. Finally, the “black box” approach of the ML-based PMT 
makes this method difficult for non-data scientists to replicate, but 
designing a simple web interface that computes poverty predictions 
based on answers to the 47 survey questions can be envisaged to facil-
itate the deployment of this method in Ghana. A similar approach could 
be used in other places, after the structure of the model has been 
determined through machine learning. 

Our data allowed us to examine the implications of targeting based 
on poverty status rather than water access (as is currently suggested in 
the Government of Ghana guidelines). While all targeting methods 
(particularly the three PMTs) identified households with greater water 
needs than the rest of the population, there was only partial overlap 
between those identified as poor and those not currently accessing piped 
water. In practice, water suppliers may find it difficult to allocate sub-
sidies to households who already have access and/or to leave out 
households without access. If that is the case, targeting methods that 
consider both poverty status and water access could be conceived. These 
decisions may also vary based on the type of water access that the 
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supplier is hoping to promote. In our three study communities, 52% of 
households already accessed piped water through communal stand-
pipes, but none had private piped connections. If the water supplier’s 
goal is to promote private connections, it may use poverty status alone to 
determine who is eligible for subsidies. In contrast, if the water supplier 
is not planning to introduce private connections and instead wants to 
further promote standpipe use, it may decide to apply poverty screening 
to non-customers only, as opposed to the general population. 

By highlighting the strengths and the weaknesses of five different 
targeting methods (new ML-based PMT, two existing PMTs, LEAP, and 
CBT), this study can provide guidance to practitioners in choosing the 
most appropriate method to target poor households eligible for water 
subsidies, considering performance, cost, and acceptability by local 
stakeholders. Appropriate targeting of water subsidies can help make 
access to safe water more equitable and thereby improve public health. 
Beyond targeting, further research should examine approaches for 
administering and financing water subsidies without threatening the 
financial stability of service providers. 
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