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Abstract
Estimating value of statistical life (VSL) is an important input to many benefit-cost analysis (BCA)
approaches, but for many low- and middle-income countries, there are limited or no data estimating
VSL. Current guidance relies on extrapolation of results from high-income settings, which may be
unreliable, leading to low confidence applying VSL. During 2019, we surveyed 1,820 low-income
individuals (average consumption per capita USD329) across four diverse regions in Ghana and
Kenya, to inform recommendations about effective spending in the development sector. We elicited
VSL using a stated-preference approach, capturing the willingness-to-pay to reduce the risk of death
for themselves and their children. Additionally, we conducted multiple “policy choice experiments”
(PCEs) in which we asked respondents to choose, from the perspective of a decision-maker, between
programs that save lives of different ages, and save lives and provide cash transfers. VSL estimates for
this population fell in the range of USD66,795–USD90,453 (PPP-adjusted). We found similar results
in the PCE but uncovered much stronger preferences for saving younger lives. Overall, our results
suggest that VSL in low-income countries may be higher than estimates based on extrapolations from
wealthy countries and that within these communities, policymakers should place more weight on
saving the lives of young children. We also explore methodological learnings about how to apply and
collect data for BCA in particularly low-income, low-education settings. We find that through careful
training and gatekeeping, it is feasible to elicit complicated preferences in this population, and both
approaches have their benefits and drawbacks.

1. Introduction

Many important decisions involve the trade-off between monetary and health outcomes. At
the personal level, someone may choose whether to pay for a better and more expensive
medical treatment, take a riskier and higher-paying job or a riskier and faster means of
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transportation. Similarly, at a societal level, governments face these trade-offs when setting
pollution standards, speed limits and allocation of resources to health versus other programs.

To navigate these choices, governments and other decision-makers often turn to the
concept of the “value of statistical life” (VSL). VSL enables policymakers to quantitatively
weigh the monetary worth individuals place on small reductions in their risk of premature
death. By combining VSL with impact estimates of the relevant programs or policies,
resource allocation decisions can be informed by how relevant populations make these
challenging trade-offs.

However, employing VSL as a tool to inform the balance between monetary and health
outcomes comes with certain complexities. One significant consideration is the availability
of high-quality data to inform VSL estimates of populations in low- and middle-income
countries (LMICs). Without VSL studies of appropriate populations, resource allocation
decisions will fail to reflect the preferences of the individuals impacted by the relevant
programs and policies. Furthermore, standard VSL elicitation approaches are based only on
individual choices and therefore do not incorporate additional factors beyond the individual,
such as equity or fairness, that might also be important to individuals affected by a given
policy. Therefore, relying solely onVSL could potentially result in decisions that do not fully
capture the richness of public perspectives.

Our study aims to address both of these challenges. First, we conduct a VSL survey with
low-income populations in Kenya and Ghana, using a stated choice method popular in high-
income countries (HICs). We gather VSL for both adults and for children of different ages.
With the same participants, we also implement a novel “policy choice experiment” (PCE) in
which they allocate public resources between a cash transfer program and life-saving
interventions. This PCE has a number of attractive features compared to traditional VSL
elicitation: it eliminates issues with individual-level liquidity constraints, understanding of
small probabilities, and has the ability to incorporate respondent preferences beyond the
individual, such as distributional concerns. On the other hand, it deals with a specific policy
choice, and therefore unlike VSL the responses are not applicable to a wide array of policy
considerations. The PCE may introduce other sources of bias; for instance, it relies on a
respondent “switching” their choice between interventions as their ratio changes, but the
estimationmodel performs poorly when participants never switch. By comparing challenges
of field-based elicitation as well as implied VSL between the twomethods, we test whether a
PCE provides significant improvements over a traditional VSL approachwhen considering a
specific policy choice. We provide additional color to the results by collecting qualitative
data on why respondents made certain choices.

1.1. Existing VSL estimates from LMICs

While VSL estimation studies are regularly conducted in HICs, and study results are used in
HIC policymaking, such studies are much less common in LMICs. This is likely due to a
variety of reasons, including fewer resources for such studies, challenges collecting the
survey data for stated preference studies and a lack of observational data (such as employ-
ment, salary or consumer data) for revealed preference studies.

This has led to a significant gap in the VSL literature. In review of the existing literature,
Robinson et al. (2019) identified only 26 studies in LMIC contexts. Of those only 5 were
conducted in lower-middle and nonewere conducted in lower-income countries (the remaining
21 were in upper-middle-income countries), and only 2 of those studies attempted to capture
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VSL in Africa.1 The review also highlighted the variable quality of published studies. Since
then, a small number of additional studies using different approaches tomeasureVSLhavebeen
published in low-income countries (most notable for their similar target populations to this
study are Patenaude et al., 2019, and Trautmann et al., 2021). However, most Sub-Saharan
African (SSA) countries still have no primary data on which to estimate VSL.

1.2. Benefit transfer approach to estimating VSL for LMICs

In the absence of empirical studies and given the variable quality of studies in other LMICs,
researchers and policymakers have relied on approaches that extrapolate values from HIC
estimates, often based on the per capita gross domestic product (GDP). For instance,
Robinson et al. (2019) provided guidelines for transferring VSL to LMICs based on the
best available evidence. This approach has facilitated the publication of several benefit–cost
studies of policies and interventions in LMICs, employing a consistent methodological
approach (e.g., Radin et al., 2020; Watts et al., 2022; Syuhada et al., 2023). Prior to this,
similar guidance was given by Viscusi and Masterman (2017), which took a similar
conceptual approach to the transfer but used differing elasticity assumptions and based their
base VSL on a different sample of U.S.-centered studies. Alternatively, many researchers
lean onWHO guidance, which suggests that an intervention is considered cost-effective if it
saves one statistical life year for a cost of between 1 and 3 times per capita GDP of the
relevant country (despite more recent attempts by WHO to distance themselves from this
threshold, see Kazibwe et al., 2022).

These extrapolations rely on an assumed relationship betweenVSL and income.While there
are some data on the income elasticity ofVSL (Hammitt andRobinson, 2011), due to the lack of
data in populations with significantly lower incomes, it is not clear if these assumptions hold
when applied to LMICs. This leads to high uncertainty around VSL estimates for LMIC
populations, meaning that results are unlikely to be sufficient for policymaking and informing
other large-scale resource decisions. This uncertainty is highest for populations living in
extreme povertywho aremost commonlymissing in existingVSLdata, andyet also commonly
impactedby resource allocation decisions in the development sector.As a result, Robinson et al.
(2019) note that “more research on the value ofmortality risk reductions in LMICs is essential.”
Our study directly contributes to addressing this gap in the literature and represents, to the best
of our knowledge, the first stated preference study of VSL in both Kenya and Ghana.

1.3. Methodological challenges to eliciting VSL in LMICs

In anyVSL study, researchers must be aware of the inherent limitations of stated preferences
approaches. This includes hypothetical bias (where individuals’ willingness-to-pay (WTP)
values do not match what they would do when faced with the same decision in the real
world), misunderstanding of small probabilities leading to scope insensitivity, and assump-
tions around rational decision-making and proportionally to risk. In a population with very
low household income, and limited access to financial services (i.e., a strong liquidity
constraint), special efforts need to be taken to capture true underlying WTP values.

1A revealed preferences study in Tunisia (Benkhalifa et al., 2012) and a single stated preference study in an
urban setting in Sudan (Mofadal et al., 2015).
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As detailed in Section 2 below, our study aimed to reduce the impact of these limitations
in our context through various approaches. We implemented a training and testing module
based on visual aids and scenario-based questions, to familiarize respondents with proba-
bility andmortality risks and allow us to quantify comprehension levels (which we then used
to in our analysis). To address the impact of liquidity constraints on respondent answers in a
low-income setting, we asked for WTP over a 10-year period in manageable installments.

1.4. Relative value of mortality risk reduction for children versus adults

Many international development interventions working with people facing extreme poverty
focus on improving the health and reducing the risk of death of young children. For example,
malaria is a major killer of children under 5, and interventions such as long-lasting
insecticide nets and seasonal malaria chemoprevention have been shown to reduce infant
and child mortality (see Pryce et al., 2018; Cairns et al., 2021).

There is even less evidence available for LMICs to determine the relative value to place
onmortality risk reduction for children.Many standard approaches to estimate VSL are even
more challenging (revealed preferences studies relying on wage data do not apply, and
young children do not have the competencies to answer complex stated preference surveys).
Most available estimates for HICs rely on stated preferences of their parent, or averting-
behavior data (e.g., WTP for bike helmets). A review of available VSL studies (Robinson
et al., 2019), entirely conducted in HICs, has found that the range of values for children
captured range from 1.2 to 3 times those captured for adults. Amidpoint value for children of
approximately twice the value assigned to adults is recommended for use in policy decisions.
A recent systematic review by Peasgood et al. (2024) on the relative value of health for
children compared to adults similarly found children are valued higher (and that this is
relatively consistent across different measurement approaches used). To the best of our
knowledge, only one prior pilot study captured a ratio of child to adult VSL in an LMIC
(Bangladesh),and found no difference (i.e., ratio of 1.0) (Odihi et al., 2021).

Given the importance of valuing outcomes related to children, and the scarcity of data
available on this, our VSL survey included questions for participants on their willingness to
pay for small risk reductions affecting their children. We also implemented an analogous
PCE that assessed the relative importance of averting risk of death for different age groups.

1.5. Alternative estimation approach: policy choice experiment

Besides traditional VSL elicitation, we also include a novel PCE, in which respondents are
placed in the position of a policymaker deciding between allocations to different programs:
an intervention that saves lives and cash transfers. Our PCE is conceptually as close as
possible to the type of resource allocation decision faced by a decision-maker allocating
resources in international development, and is in fact based specifically on the type of
funding allocation decision faced by our partner in this research, GiveWell. This framing is
similar to the “societal perspective” framing that has been used elsewhere to measure health
and non-health benefits or prospective treatment (such as Kwon et al., 2017; Sheen et al.,
2023). The framing has also been used elsewhere to assess “ethical preferences” toward the
relative value of averting deaths of individuals of different ages (e.g., Johansson-Stenman
et al., 2011; Palanca-Tan, 2013).
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There are a couple of reasons why the PCE is a useful complement toVSL elicitation. The
first reason is the aforementionedmethodological challenges with capturingVSL. Capturing
stated preferences about VSL relies on good respondent comprehension and acceptance of
the presented scenarios, including understanding of small probabilities. Additionally, an
individual’s willingness to pay in any hypothetical scenario will still be closely tied to their
ability to pay. Both of these constraints are particularly apparent in a target population with
extremely low levels of literacy and low liquidity. This may lead any decision-maker to
question the validity of VSL results captured in this population. Our choice experiments
place the respondent in the perspective of a decision-maker for their community, removing
any personal liquidity constraint. They also deal with risk in real terms (i.e., numbers of
individuals affected in a community rather than a small change in risk to oneself), which can
make the concepts easier to grasp. While VSL may be the standard approach, triangulating
the results with an alternate measurement even if less comparable to the literature, can serve
to increase overall confidence in the results.

The second reason for including alternate approaches is to capture preferences that go
beyond individuals’ personal trade-offs. The direct choices that decision-makers in govern-
ments or donors face are generally different from that faced by individual families. Donors
generally must decide how to allocate resources among a number of programs and across a
wide population. Traditionally elicited VSL can be an important tool in these allocation
decisions specifically allowing the comparison of interventions with monetary outcomes to
those that impact mortality risk. However, when translating VSL into a full policy decision,
there are other potential inputs that may be included in determining the final choice, such as
fairness, customs, distributional concerns and so forth.When asking the participant to take the
perspective of the decision-maker, theymay already consider and incorporate these factors into
their preference in a way that they would not when just considering their personal trade-offs.

However, the PCE approach also comes with potential downsides. First, it may introduce
its own biases in elicitation. For example, the PCE elicitation approach asks participants to
trade-off between a number of cash transfers and a number of lives saved. When speaking
about actual lives saved may be easier to understand than decreasing risk (as in traditional
VSL elicitation), it may also introduce bias as participants may feel inclined to prioritize
saving lives with certainty. Relatedly, the PCE approach is estimated based on respondents
“switching” their choices between lives saved and cash transfers, as the ratio of beneficiaries
between these programs changes.When respondents switch their choice between lives saved
and cash transfers, this allows one to bound their preferences, allowing one to derive an
estimate comparable to VSL. If respondents always choose to save lives (no matter the
amount of cash transfers suggested), then the elicitation does not provide an upper bound on
the monetary value of life for that respondent. As the number of respondents who do not
switch increases, the model’s aggregate estimation becomes less reliable.

Finally, another drawback of PCE compared to VSL is that it deals with a very specific
policy choice, while VSL is a general concept that can be applied to a wide array of policy
decisions. Therefore, if one believes that the PCE is a more reliable estimation approach, a
policymaker would want to do a separate elicitation for different policy decisions. This
makes it less practically useful.

Our PCE is designed such that it can be used to extract an implied VSL.We therefore can
compare the directly elicited VSL from the implied VSL from the PCE to understand if the
approaches lead to different policy implications.
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1.6. Additional study context

This study was a collaboration with GiveWell (GiveWell, n.d.), a non-profit “dedicated to
finding outstanding giving opportunities” through “in-depth research to determine how
much good a given program accomplishes (in terms of lives saved, lives improved, etc.) per
dollar spent.” Our research aimed to inform the quantitative value GiveWell places on
different good outcomes (such as saving the life of a child, saving the life of an adult and
increasing the consumption of a household). This required exploring and testing a variety of
methods for measuring the VSL and similar concepts in populations experiencing extreme
poverty. Ultimately, we sought to understand how the preferences of program participants
could be integrated into GiveWell’s resource allocation decisions effectively.

Finally, to provide rich contextual information with which to interpret our VSL and
choice experiment estimates, we also used several secondary methods to capture data on the
following:

(i) the rationale and moral reasonings used by beneficiaries when making trade-offs;
(ii) the subjective well-being of beneficiaries (as measured by self-reported life satisfac-

tion), including how this correlates with different individual characteristics;
(iii) other information about beneficiary lives, including primary data on the indirect effects

of death (economic and emotional), and secondary data analysis on the economic
contribution to the household by age.

While space precludes this paper from covering these elements in-depth, the interested
reader can find further information in an online report covering this project (IDinsight,
2019).

2. Methods

2.1. Sampling approach

We gathered information on VSL using a stated preference approach, using a survey
conducted in Migori and Kilifi Counties, Kenya and Karaga and Jirapa Districts, Ghana
from May to September 2019. The goal of our sampling approach was to identify a quasi-
representative sample of households living in poverty with diverse demographics.

Within each country, regions were selected purposively to ensure that data collection was
conducted in areaswith high rates of poverty andmortality of children under the age of 5, and
with geographic and religious diversity. Within each region, we used probabilistic sampling
to select smaller geographical units: sub-county (Kenya) or electoral district (Ghana), and
then rural village (80 % of sample) or urban community (20 % of sample). Within each
village or community, we identified eligible households living in poverty by first conducting
a Participatory Wealth Ranking exercise (Wiegand, 2020) with recognized community
leaders and then a verification listing exercise using the Poverty Probability Index.2

In total, 1,846 respondents from identified relatively low-income (“poor”) households
across selected communities were interviewed, in addition to 246 relatively high-income
(“wealthy”) households to allow for validity checks and comparisons of our results across

2 The combination of PWR and PPI has previously been used by the charity Village Enterprise to target poor
households in Kenyan and Ugandan communities similar to those in our sample (see Doty, 2014).
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income levels. These “wealthy” respondents were not included in the final estimates in line
with our overall sampling approach and study objectives targeted at households living in
poverty.3 In order to allow comparisons with other studies based on householdwealth levels,
we estimated household consumption using a consumption module adapted fromHaushofer
and Shapiro (2016). To obtain gender balance, within each household, we randomly selected
whether a male or female adult respondent should be surveyed. Ninety-four per cent of
respondents we approached consented to and completed the survey.

2.2. Contingent valuation design

In designing our VSL survey questions, our primary goal was to produce an instrument that
respondents in our context would understand and be able to relate to. The secondary goal was
to maintain a degree of consistency with other stated preference VSL studies, especially
those in LMICS, to allow for comparability of results. We drew heavily on the question
design in Hoffmann et al.’s studies inMongolia (2012) and China (2017) andwere informed
by an extensive review of literature on the effective communication of probabilities and risk
(notably the reviews by Corso et al., 2001; Garcia-Retamero et al., 2012). We adapted our
survey questions and visual tools through extensive piloting first in Kenya throughout 2018,
then in Kenya and Ghana between January and May 2019.

An in-depth summary of our survey contents can be found in Appendix A. Our survey
started with a training and testing module, adapted from a version trailed in urban Bangla-
desh by Mahmud (2011). Respondents were introduced to the concepts of probability and
mortality risks through visual aids containing a series of scenarios.4 For each scenario,
respondents were asked which chance or risk was higher or lower and if the respondent gave
the wrong answer, a scripted explanation was given and the number of explanations required
to reach the right answer was recorded.

After completing the training and testing module, individuals were introduced to the
WTP scenario. Interviewers introduced respondents to the idea that there was a new disease
affecting their community that kills a small number of people who catch it (20 in 1,000 over
10 years). We then explained that a health product5 (randomized to be either medicine or
vaccine in Kenya, medicine in Ghana) has been developed which reduces the risk of dying
by 5 in 1,000 or 10 in 1,000 within the next 10 years. Respondents were asked for the
maximal amount they were willing to pay for this hypothetical health product to reduce their
own risk of dying. If the respondent was a parent or primary caregiver to at least one child in
the household, a child in the household was selected at random and the respondent was also
asked for theWTP for the same hypothetical health product to reduce the selected child’s risk
of death.

3Neither the sampling or analysis was designed to include the wealthier respondents, and these respondents did
not complete all elements of the survey (only those necessary to validate results).

4 The scenarios, detailed in full in Appendix A, were (i) different chances of winning a lottery, (ii) roads with
differing risks of experiencing a car crash and (iii) individuals with different risks of dying over the next 10 years.

5 In Kenya, the health product was randomized between medicine and vaccine to allow us to test for potential
framing effects. In Ghana, we only used medicine as during piloting we found there was not a clear enough
distinction between the words for medicine and vaccine in the two local languages in which the survey was
conducted.
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A visual aid was used to represent mortality risk levels (see Figure 1). The following
elements of the elicitation were randomized: type of hypothetical health product (medicine
or vaccine), the age of the child selected, the order of the risk levels presented and whether
the individual was asked about risk reduction for themself or for their child first. To elicit
WTP, we used a payment card (a visual tool presenting a list of price options that the
respondent can choose from, adapted from Hoffman studies). However, during piloting, we
found that the payment cardwas not effective for the relatively large proportion of the sample
who were illiterate. In practice, therefore, the payment card was used as a visual tool to
support enumerator explanations and respondent decision-making, and any value was
accepted as the respondent’s answer even if it was not represented on the card. Given the
extreme liquidity constraints experienced by the individuals in our sample, we first asked for
an initialWTP, then asked forWTP if they could pay for the health product over 10 years (the
same time frame of the risk reduction) in small installments of their desired frequency
(monthly or annually) (Patenaude et al., 2019; Trautmann et al., 2021), notably applied a
similar approach allowing repayments in a similarly poor population.

Our question design allowed us to identify respondentswith poor comprehension of small
probabilities and ourWTP scenarios. In Section 3,we present results where respondentswith
poor comprehension are dropped. In Appendix C, we include results from the full sample for
comparison. The survey design also allowed us to test whether individuals were sensitive to
the size of the risk presented (i.e., were individuals willing to pay more for the higher risk
reduction, known as the internal scope test). We also randomized the order in which the two
risk reductions were presented allowing us to assess if the sample population demonstrated
overall sensitivity to the size of risk presented (i.e., is the population presented the 10 in
1,000 reduction first, willing to pay more than the population presented the 5 in 1,000

Figure 1. Example of visual aid used to represent mortality risk. In cases where mortality
reductions were visualized, green color coding was used to represent individuals with

reduced risk and red for those who remain at risk.
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reduction first, known as the external scope test). Finally, we examined the relationship
between WTP and respondent demographics, including household consumption, reported
life satisfaction, health status, region, religion, age and gender.

To estimate VSL, we takeWTP and divide by the risk reduction level. To allow for direct
comparison to recent studies conducted in similar populations in Tanzania (Patenaude et al.,
2019) and Burkina Faso (Trautmann et al., 2021), we also estimate value of statistical life
year (VSLY) by dividing VSL by the expected life years remaining for the respondent using
national life expectancy estimates.6 All presented figures are shown in PPP-adjusted 2019
USD (exchange rates accessed through World Bank Open Data, World Bank, n.d.).

2.3. Policy choice experiment design

In addition to measuring VSL, we conducted two PCEs measuring the ethical preferences
between different types of outcomes for their community. Both ask the respondent to take the
perspective of a community decision-maker, similar to the stance used by studies taking a
societal preference approach to measure health and non-health benefits or prospective
treatment (such as Kwon et al., 2017; Sheen et al., 2023).

In the first, we presented a trade-off between two hypothetical health interventions that
save lives of people in different age groups at different levels in the respondent’s community.
This method followed closely the protocol used by Johansson-Stenman et al. (2011) to
estimate the relative value of lives of different age groups, without dependence on WTP
methodologies.

Next, we designed a choice experiment to further assess the relative value of life-saving
and income-increasing interventions. Interviewers described the concept of cash transfers
and asked respondents to actively think of and list the potential benefits of cash transfers to a
household in their community. Respondents were then presented with a series of choices for
how to allocate a hypothetical set of development programs in their community, which saves
lives in expectation and allocates cash transfers to households in their village. We vary the
number of cash transfers and the number of children saved across the different choices, in
order to extract an estimate for the value of cash transfers in terms of lives saved. The design
of both choice experiments is summarized below in Table 1. To aid comprehension, we used
visual aids displaying each choice for both choice experiments to aid comprehension.

To check comprehension, in both choice experiments, the respondent was first presented
with a dominance test, inwhich theywere presentedwith a choicewhere one optionwas strictly
superior (e.g., a program that saves 100 lives of people aged 19–40 vs. a program that saves 500
lives of people aged 19–40). A consistency test was also included in each choice set, in which
the same choice was presented later in the survey to see if they made the same choice again. In
our final analysis, only respondents who passed these comprehension tests were included.

Analysis for the choice experiments was conducted by examining the distribution of
choices and by using a logit model to estimate the relative values placed on different
outcomes. The estimation assumes that respondents have homogeneous preferences and
that the utility of the choice is linear in the number of lives saved as well as the number of

6We expect this value to be approximate only, as given the poverty level in our sample, the life expectancy of our
samplemay vary considerably from the national life expectancy ofKenya/Ghana, and individualsmay also not have
an accurate estimate of their own longevity. Therefore, we focus on the range of possible VSLY and directional
comparisons to existing thresholds and prior studies in our interpretation of the results (rather than precise
estimates).
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cash transfers given. We take the ratio of the coefficients on the difference in the number of
lives saved to that in the number of cash transfers given to be the relative value (where
standard errors are calculated using the delta method). In these estimations, we only use
results from the respondents’ first three choices, since the latter choices were only presented
to respondents who did not switch earlier andwere hence not independent. Themodel used is
given in full in Appendix B.

3. Results

3.1. Demographics

A summary of demographics for our sample can be found in Table 2. Our sample was 54 %
female, with an average age of 40.39, and 44 % literate (can both read and write). Our
approach identified a sample of households living in extreme poverty, with an estimated
consumption per capita significantly below the national averages for both Kenya and Ghana
(sample in Kenya $310.91 vs. Kenya 2019 national average $1970.11; sample in Ghana
$428.49 vs. Ghana 2019 national average $2167.91 – note these consumption numbers are
raw, PPP-adjusted consumption is presented below in Table 2).

3.2. Small probability comprehension (VSL)

Following our small probability trainingmodule, 58% of our sample answered all four basic
probability and risk reduction test questions correctly the first time (see Appendix A for

Table 1. Summary of policy choice experiment design

Attribute Levels Choice set

Policy choice experiment A: Life–saving, different age groups

Number of people
saved

100/200/300/400/500 Participants are presented with three
choices where the order and
values presented randomized.Age of people saved Under 5/5–18/19–40/over

40
Policy choice experiment B: Life–saving and cash transfers, at different relative rates

Number of children
under 5 saved

5/6a Participants are presented with three
choices where the order and
values presented were
randomized. If the respondent did
not switch between program A/B
during presented choices,
extreme options were presented
(1,000, then 10,000 cash transfers
for Program B).

Number of
households
receiving a $100
cash transfers

15/25/35/45/55/65/75/85/
95/105

aDuring the piloting, we found that this policy experiment worked best when the differential of numbers of lives saved was limited.
Based on our qualitative work, increasing the number of levels led to more emotional responses limiting respondents’ engagement
and acceptance with the scenarios. Agewas not varied, andwe focused on children under 5 given the greatest policy relevance of this
age group to the decision-maker, GiveWell.

136 Alice Redfern et al.

https://doi.org/10.1017/bca.2024.10 Published online by Cambridge University Press

https://doi.org/10.1017/bca.2024.10


specific questions and results). Following the literature (e.g., Hoffmann et al., 2012) we
construct subsamples that exhibit “sufficient” comprehension by dropping respondents from
our main VSL estimates who demonstrate one of four flags of poor understanding (see Table
3). Sixty-two-point-nine per cent of our sample passed these flags and are included in our
core WTP and VSL estimates. Estimates based on the full sample, and samples constructed
using alternate comprehension flags were also made and used for sensitivity analysis around
our results (see Appendix C).

3.3. VSL results

Wemeasured an averageWTP of $392.9 (SE: $32.8) for the intervention offering 5 in 1,000
risk reduction over 10 years, or equivalent to a central VSL estimate of $78,576.8.
Depending on the assumptions made and subsample considered (see Table C1 in Appendix
C), we found VSL range around this core estimate of $66,795 to $90,453.

Table 2. Summary of sample demographics

Variable
Aggregate:
Mean/%

Kenya:
Mean/%

Ghana:
Mean/%

N 1,820 905 915
Female 54 % 54 % 54 %
Age 40.4 (range 18–88) 42.3 (range 18–88) 38.49 (range 18–80)
Literacy: can read

and write
44 % 68 % 19 %

Christian 61 % 79 % 42 %
Muslim 29 % 12 % 47 %
Household size 8.5 (SD: 5.9) 6.39 (SD: 3.11) 10.6 (7.1)
Number of children

in the household
4.4 (SD: 3.6) 3.4 (SD: 2.5) 5.3 (4.2)

Has long–term health
condition

35 % 41 % 29 %

Has received any
cash transfer
from government
or charity

16 % 10 % 23 %

Has received any
other charity
assistance

35 % 50 % 20 %

Urban 21 % 20 % 22 %
Annual consumption

per capita (PPP
2019 USDa)

750.9 (816.4) 757.1 (734.3) 744.7 (897.6)

aConversion rates sought from https://data.worldbank.org/ (World Bank, n.d.), all consumption data presented are 1%winsorized to
account for a small number of unreasonably high results in our consumption module that we expect were due to data entry error.
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Eighty-four-point-eight per cent of the households included in our sample contained
children under the age of 18, and 74.5 % of our sample respondents were parents to at least
one of the children in the house. Of the children randomly selected for the child WTP
questions 44.9 %were aged 0–4 years (“under 5”) and 55.1 %were aged 5–17 years (“5 and
over”). We present our results divided into these two age groups for best comparison with
target development programs (many of which target children under 5 specifically), for best
comparison with the age group choice experiment results below, and to group observations
into two groups for greater estimate precision.

Wemeasured an averageWTP for the 5 in 1,000 risk reduction children under 5 of $465.1
(SE: $67.3) and of 5 and over of $382.8 (SE: $35.8) (Table 4).

We found evidence of internal and external validity of our VSL results. Across our full
sample, 70.0% of respondents strictly passed the internal scope test (i.e., were willing to pay
strictly more for the higher risk reduction). Taking our main sample of respondents with
sufficient comprehension, the averageWTP for low- versus high-risk intervention showed a
significant difference of $361.4 (SE: 19.4, p < 0.01 on t-test) across all responses. Those who
were shown the intervention offering a 10 in 1,000 risk reduction first were willing to pay
$215.7 more (SE: 55.6, p < 0.01 on t-test) than those randomly offered a 5 in 1,000 risk
reduction. In other words, our sample passes the weak external scope test (there is sensitivity
to size of risk across our population) but fails the strong external scope test (that sensitivity
was not proportionate to the size of the risk). We found a positive correlation betweenWTP
and annual household consumption, reported life satisfaction, male respondent and region
(full regression of respondent characteristics on WTP can be found in Appendix C).

3.4. Policy choice experiment

We found good evidence of respondent comprehension of our PCEs. First, considering
choice experiment A,which compared live saving among different age groups, 97.1% chose

Table 3. Summary of probability comprehension results for the full sample, and
disaggregated by country

Flags of small probability comprehension
Full sample
(n = 1,820)

Ghana
(n = 905)

Kenya
(n = 915)

1. Answered at least one basic comprehension
question incorrectly, despite one attempt to
explain (2)

20.2 % 13.6 % 26.7 %

2. Incorrectly answered mortality risk question on
the first attempt (3)

16.6 % 12.9 % 20.3 %

3. Preference for the vaccine with lower risk
reduction even if sold at same price (8)

7.4 % 4.8 % 10.1 %

4. WTP more for the vaccine with the lower risk
reduction (7)

11.6 % 9.6 % 13.6 %

Proportion that failed at least one flag 37.1 % 27.9 % 46.3 %
Proportion with “sufficient” understanding,

sample used for VSL estimates (passed all four
flags)

62.9 % 72.1 % 53.7 %
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Table 4. WTP results and estimated VSL for both adults, and their children, for the sample of respondents that demonstrated sufficient understanding, and
internal and external scope test results

WTP results VSL results

N
WTP PPP
USD: Mean

WTP
USD:
SE

Estimated VSL (full
sample), PPP USD

Estimated VSL (Ghana
samplea), PPP USD

Estimate VSL (Kenya
samplea), PPP USD

Adult WTP results, subsample with “sufficient” comprehension
WTP for 5 in 1,000, all responsesb 1,126 392.9 32.8 78,576.8 71,566.8 88,079.9
WTP for 10 in 1,000, all responses 1,126 754.3 54.0 75,426.2 74,605.7 76,538.5
WTP for 5 in 1,000, presented first 544 452.3 51.8 90,453.5 81,583.0 101,119.7
WTP for 10 in 1,000, presented first 582 668.0 68.0 66,795.3 68,037.4 64,908.0

Child under 5 WTP results, subsample with “sufficient” comprehension
WTP for 5 in 1,000, all responses 447 465.1 67.3 93,029.1 74,735.2 121,462.9
WTP for 10 in 1,000, all responses 447 854.2 113.4 85,424.4 79,918.2 93,982.7
Ratio child under 5 to adult (based on main estimate: WTP 5 in 1,000, all

responses with sufficient comprehension) 1.2 1.0 1.4

Child 5–18 WTP results, subsample with “sufficient” comprehension
WTP for 5 in 1,000, all responses 522 382.8 35.8 76,561.9 128,972.3 69,028.4
WTP for 10 in 1,000, all responses 522 660.4 77.0 66,035.8 75,301.0 56,108.7
Ratio child 5–18 to adult (based on main estimate: WTP 5 in 1,000, all

responses with sufficient comprehension) 1.0 1.8 0.8
aNote that the presented VSL was obtained from a sample of lower-income households, and so do not represent VSL for the whole of Kenya/Ghana.
bThis estimate is considered the main central estimate for VSL in the remainder of this paper.

JournalofB
enefit-C

ostA
nalysis

139

https://doi.org/10.1017/bca.2024.10 Published online by Cam
bridge U

niversity Press

https://doi.org/10.1017/bca.2024.10


the strictly superior program in our dominance test, and 84.8 % chose the same program
when the same choice was presented again later in the survey, demonstrating consistency.
Eighty-two-point-three per cent passed both tests and so were included in the analysis. For
choice experiment B, which compares saving lives to cash transfers, 95.3 % passed the
dominance test and 92.1 % passed the consistency test. Eighty-eight-point-four per cent
passed both tests and so were included in the analysis.

In choice experiment A, we found the highest valuation of the youngest age group,
children under 5, with relative valuation decreasing with age. We found consistently low
relative valuation of lives over 40 compared to all presented age groups (further interpre-
tation of the negative valuation is in Section 4).

From choice experiment B, our central estimate of the relative value of live saved relative
to a number of $1,000 cash transfers using a logit model was 91.1 (SE: 44.19) (Table 5). In
other words, saving the life of a single child under 5 in the respondents’ communities is
equivalent to giving $1,000 cash transfers (nominal) to approximately 91 poor households
(or a nominal derived value per life saved of $91,100). This result, however, is significantly
skewed by the large number of individuals in our sample whowere never willing to switch to
a program that saves less lives regardless of the number of cash transfers offered in the

Table 5. Choice experiment results for full sample, and disaggregated by country

Full sample Kenya Ghana

Policy choice experiment A: Life–saving, different age groups

N (passed both comprehension
tests)

1,493 703 790

Under 5 (reference age group
for analysis)

1 1 1

Relative value of individuals
aged 5–18 (SE)

0.79 (SE: 0.002) 0.90 (SE: 0.003) 0.64 (SE: 0.008)

Relative value of individuals
aged 19–40 (SE)

0.11 (SE: 0.002) 0.20 (SE: 0.002) �0.03 (SE:0.009)

Relative value of individuals
aged over 40 (SE)

�0.71 (SE: 0.012) �0.27 (SE: 0.006) �1.52 (SE: 0.131)

Policy choice experiment B: Life–saving and cash transfers, at different relative rates

N (passed both comprehension
tests)

1,601 794 807

Logit model central estimate
(SE) – including those not
willing to switcha

91.1 (SE: 44.2) 14.5(SE: 67.2) 200.9 (SE:
1,352.4)

N (%) not willing to switch
from intervention saving
more lives at any value

685 (37.8 %) 217 (23.8 %) 468 (52.1 %)

aWe only use results from the respondents’ first three choices, since the latter choiceswere only presented to respondents who did not
switch earlier and were hence not independent. We conducted sensitivity analysis to these results by removing these observations
entirely from the sample, but for reasons discussed below ultimately chose to include them. As a result of including them, we accept
an increase in the SE of the estimates.
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alternate option. It also results in very large variation in results between Kenya and Ghana
given the much higher proportion of individuals unwilling to switch at any value in our
Ghanaian sample.

4. Discussion

4.1. VSL in low-income settings

From our main estimate model, we find adult VSL for the study population ranging from
$66,795.3 to $90,453.5 and VSLY ranging from 3.9 to 5.3 times the estimated average
annual consumption of our participants.7

Our results show some sensitivity to the analysis approach (e.g., how tightly the sample is
restricted to individuals with the best understanding of small probabilities and the order in
which risk levels are presented). Yet overall, our estimation of VSL is relatively consistent
across measurement approaches. We also find reasonably high levels of comprehension of
our methods, as illustrated through passing of both the internal and weak external scope test,
and reasonable levels of small probability comprehension after training, comparable to
similar studies, for example, among an urban, poor population in Bangladesh (Mahmud
et al., 2011).8

4.2. Evaluating the current “benefit transfer” approach

The captured VSL results are higher than those predicted by the “benefit transfer” approach,
as described by Robinson et al. (2019), which uses GDP per capita differences to “transfer”
VSL estimates from HICs to LMICs. While our range overlaps with the upper end of
estimates of VSL for a population with the same income level as our sample (following the
reference case approach), our central estimate is over double that predicted from the
preferred option for VSL estimation (which assumes an income elasticity of 1.5).9 Similarly,
our full range of estimates for VSLY (3.9–5.3) are consistently higher than the current
suggested cost-effectiveness threshold of 1–3 times GDP per capita.

These results add to a growing number of studies suggesting that current benefit transfer
approaches and cost-effectiveness thresholds based on extrapolation from HIC data using
relative income may be underestimating the value individuals in LMICs place on health

7 Since our study populationwas largely rural and engaged in home production of food,we used annual per capita
consumption to proxy income. The resulting rations are higher than theWHOguidance of between 1 and 3 times per
capita GDP for “cost-effective” health interventions. Given our study population likely has a lower life expectancy
than the general population of Kenya/Ghana, we expect this to be a conservative estimate. We also note that our
sample was designed to provide a reasonable representation of the intended recipients of GiveWell “top charities.”
As such, we targeted specific regions of Kenya and Ghana, and only poor households within each selected
community. Therefore, our results are not representative of either country.

8We included two directly comparable questions. In a sample of respondents in urban Bangladesh, Mahmud
et al. found that 74 % and 83 % answered a question about two lotteries and two roads, respectively. In our sample,
81 % and 93 % answered the same questions correctly.

9 Based on an assumed income elasticity of 1.5, extrapolating from aUSAVSL of $9.4million, and relative USA
GNI per capita of $57,878 – following the preferred option laid out in Robinson et al. (2019) –we estimate aVSL for
this population of approximately $14,000. Based on the alternate transfer options provided by Robinson et al., we
find an estimated VSL of $76,000 (100 times GNI per capita), and $121,000 (160 times GNI per capita).
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interventions. Using a similar WTP approach, Trautmann et al. (2021) in Burkina Faso and
Patenaude et al. (2019) in Tanzania found similar results, with comparable VSLY in the
range of 3.5 to 6 times GDP per capita.

If further corroborated, a higher VSL in lower-income settings would mean that current
thresholds are undervaluing the benefits of interventions that avert mortality. This in turn
couldmean that a substantial number of health interventions previously deemed to fall below
thresholds, should be considered cost-effective. Given the significant policy implications of
this finding, there is a clear need to continue to conduct further VSL research in LMICs
building up a stronger set of data points, across more settings.

4.3. Value of risk reduction for child fatality

Consistent with research in HICs, our VSL elicitation found that WTP for risk reduction
decreased with age and overall, child VSL was higher than adult VSL for this population.
WTP was highest on average for children under 5 (1.2 times the average WTP for adults).
However, we also note that our results fall well below the 2.0 average ratio typically found in
HICs and that our WTP for children aged 5–18 was not significantly different from the
average WTP for adults.10 This lower estimate is consistent with the only other study of a
comparable population, a pilot study byOdihi et al. (2021) which found a 1.0 estimated ratio
of child to adult VSL. However, with only two relatively small sample studies, clearly more
data points on child VSL in LMICs are required. Furthermore, as discussed further below,
using our alternate estimation approach, we found a much higher preference for avoiding
child fatality than through our VSL approach.

4.4. Methodological learnings from capturing VSL in low resource settings

The biggest challenge with implementing this survey in an LMIC was ensuring respondents
adequately understood the questions and that we had sufficient evidence of that understand-
ing to support data use by the decision-maker. VSL elicitation through stated preference relies
on comprehension of small probabilities and mortality risks which can be especially difficult
to convey in a population with limited education (43 % of our sample had not completed any
primary school) and literacy (56 % were unable to read and write). We drew extensively on
risk communication literature during the adaptation of the tool and piloting phase.

For future stated preference studies in LMICs, we would recommend (i) an extensive
training module in probability concepts that started with easy and tangible examples (almost
all respondents had some preexisting sense of chance via a lottery or coin toss, so we started
there), (ii) the use of visual aids (we used standard risk grids to communicate risk out of 1,000
and created our own visual aids to convey with symbols the different aspects of choice
experiments), (iii) repiloting the survey in every new location and language, and (iv) include
multiple varied questions/assessments of understanding.11

As noted above, with these efforts, we obtained levels of comprehension comparable to
those obtained in samples with a higher proportion of literacy/education. However, many

10Although we note a large country-level variation and wide SE for these results given the smaller sample size
that had children in this age group in each country.

11 For example, including test questions, recording closely the number of additional explanations required and
recording a subjective judgment of overall respondent understanding by the surveyor.
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respondents were unable to correctly answer questions related to the scale of risk (i.e., we
found good comprehension of the difference between 5 in 1,000 and 10 in 1,000, but poor
comprehension of the difference between 10 in 1,000 and 10 in 10,000). This is important
given that extrapolation of VSL from stated preference relies on the assumption that WTP is
proportional to risk level. However, denominator neglect and poor comprehension of risk
scale have been well documented across all settings, even in populations with high literacy
(Garcia-Retamero et al., 2012). As such, we see this as a drawback of VSL overall, as
opposed to a particular challenge with its application in low-income populations.

Contemporaneous qualitative work alongside the stated preference study proved helpful to
lend credibility to findings, especially as comprehension was expected to be a challenge. Brief
qualitative questions for a random proportion of respondents, and in-depth qualitative inter-
viewswith a smaller sample allowed us to understand the decision process and rationale behind
the preferences expressed by our respondents. For example, wewere able to support our finding
that life-saving interventions for children were valued higher than for adults by demonstrating
that respondents engaged with the scenario and gave clear ethical rationales similar to those
found in HICs (such as the fair innings argument, the importance of protecting the weakest/
voiceless and to preserve the potential future economic and emotional value of the child).

4.5. Comparing the policy choice experiment with VSL

We compare the PCE to traditional VSL elicitation on two dimensions: the success of field
elicitation and the implied VSL estimated from each approach.

As hypothesized, our results suggest that the PCE was easier to understand for respon-
dents. In the traditional VSL approach, only 62.9 % of respondents passed all of our tests for
small probability comprehension and were therefore used in the estimation. For the PCE
experiments, 82.3 % (PCE A) and 88.4 % (PCE B) of the respondents passed our compre-
hension tests and were therefore included. However, the PCE experiment also had a clear
downside in that 37.8% of households did not switch away from saving lives for any amount
of cash transfers. This problem was especially acute in Ghana, where 52.1 % of respondents
never switched.

Although we are able to include these households in the estimation, we consider
estimation including these households as less reliable. Our qualitative work identified that
a proportion of the people unwilling to switch away from the life-saving intervention at any
extreme did so because of skepticism about how cash would be disbursed or used (i.e., not
focused on the real value of the outcomes). Such considerations make the comparison with
cash transfers less useful for an estimate of VSL. Additionally, the quantitative estimation
model is less reliable when a large proportion of respondents do not switch, because
switching is necessary to establish bounds on the value of life from any individual
respondent. Overall, we find that both the VSL and PCE elicitation approaches were feasible
in our low-income sample, but both came with significant challenges.

Turning to comparison of estimation of VSL, the results of the PCE were directionally
consistent with traditional VSL elicitation, but with some key differences (Table 6). For
adults under 40, the PCE gives a VSL that is roughly one third of the traditional elicitation
approach ($25,000 vs. $83,715). However, the PCE gives amuch higher estimate of VSL for
children compared to the traditional approach at 2.45 times for children under 5 and 2.36
times for children aged 5–18.
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Table 6. Comparing VSL and policy choice experiment results

Age group VSL PCE

Age Ratioa VSLb Bounds (SE)
Bounds

(choice of estimate) Ratioa Implied Valueb Bounds (SE)

Child under 5 1.11 $93,029 $82,918–$103,139 $65,552–$102,920 9.09 $228,755 $116,908–$345,663
Child 5–18 0.91 $76,562 $69,525–$83,597 $64,685–$107,415 7.18 $180,716 $92,357–$273,074
Adult under 40 1.00 $83,715 $77,774–$89,705

$66,795–$90,453
1.00 $25,163 $12,859–$38,023

Adult 40 and over 0.86 $71,744 $64,457–$79,030 �6.45 �$162,416 �$245,421 to �$83,005
aAdults under 40 are used as the reference point for both ratios.
bPurchasing power parity conversion applied for all values.
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Further than that, the PCE experiment actually estimates a negative value of lives for
individuals over 40. This stems from the fact that many of our respondents never switched
when given a trade-off between saving lives of younger community members versus older
ones. In our qualitative work, we found extensive qualitative evidence to support a strong
valuation of young lives, but none to support a true negative valuation of older lives.12 A
previous study in Bangladesh (Johansson-Stenman et al., 2011) also estimated negative
values for older community members, but the authors interpreted the results as showing a
strong preference for saving life-years as opposed to saving any lives. Overall, we think that
these negative results should not be taken literally and can instead be considered additional
evidence that individuals place a much higher value on the lives of younger over older
community members.

Taking the PCE results, our qualitative findings, and similar findings in other literature,
we conclude that the strong preference for saving younger lives is likely a “true” preference
that is picked up by the PCE approach but not VSL, pointing toward a benefit of the PCE
approach. More research studies in low-income countries would be very helpful to verify
these findings and further explore if an altered PCE design could address some of these
limitations.

4.6. Toward a conceptual and practical framework

Benefit–cost analysis is founded in welfare economic theory. As such, it assumes that an
individual is the best judge of their own welfare (“consumer sovereignty”) and that any
resulting policy decision should try to maximize that individual welfare. Individual stated or
revealed preferences studies capture trade-offs between their own consumption and a good
or service from which we can derive an assumed value of that good or service. VSL
specifically represents an individual’s willingness to trade between personal consump-
tion/spending and a small reduction in his or her own risk of death (the individuals’marginal
rate of substitution between money and fatality risk).

Relying only on BCA, and VSL as the conversion metric, for decision-making relies on
two main assumptions: (i) the ultimate goal is to maximize only for individual utility
(represented by optimizing for their individual preferences) and (ii) empirically captured
preferences truly capture the individual’s best judgment of their welfare.

However, the direct choices that decision-makers in governments or donors face are
generally very different from that faced by individuals. There are other inputs critical to a
final policy choice that are inherently extrinsic to personal preference, such as concerns
about fairness, customs, distribution and so forth. By giving an individual a set of decisions
from the perspective of a decision–maker, they are asked to incorporate their views on these
factors beyond their individual preference into their choice.

Additionally, given all the methodological challenges with capturing preferences, and
scarcity of relevant data in many settings, it is reasonable that decision-makers question
whether available VSL estimates truly capture the individual preferences of their population.

12 As noted earlier in the discussion, our qualitative work identified many respondents gave strong arguments
pro-saving young lives (including the “fair-innings” argument, the need to protect the weakest/voiceless and the
greater long-term economic potential of younger lives). However, no respondents made arguments that were
explicitly anti-older lives (e.g., a negative value could be consistent with a view that there are toomany older people
in society, but this did not emerge as a theme in any of our work).
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Presenting choice experiments that are relatively easier to grasp, closer to the decision at
hand, not reliant on comprehension of small probabilities and not limited by an individual’s
own liquidity may feel preferable to decision-makers.

At some stage, decision-makers have a normative judgment about what factors are
important to inform their decisions. If they care seriously about incorporating preferences,
then they have a choice to either (i) incorporate VSL and adjust for other factors with
distribution or equity weights post hoc, (ii) incorporate preferences expressed from the
societal perspective where an individual has already reflected these weights or (iii) a
combination of the above. Combining these perspectives does not reconcile with a single
economic theory, but it does give a practical way to move forward with different imperfect
data sources.

Ideally, a decision-maker would have data points from multiple sources to help them
incorporate these various parameters. In our experiment, we indeed had evidence from a
number of elicitation approaches and took steps to provide practical guidance as to how to
combine our results to arrive at an overall, decision-relevant result. First, we triangulated our
estimates across multiple methodologies. Second, we conducted an extensive sensitivity
analysis within each method and of our triangulation approaches. Third, as part of the
sensitivity analysis, we included the option for the user (in this case GiveWell’s staff) to
place their own subjective weights on the different study methods (i.e., how much weight to
give to VSL estimates vs. the PCE estimates) and existing literature results (i.e., how much
weight to give to estimates from this study vs. estimates obtained through the benefit transfer
approach). Additional detail on this process is given in Appendix D.

5. Conclusion

Our results add to a small but growing number of studies attempting tomeasureWTP for risk
reduction through stated preference in SSA populations living in extreme poverty. Through
this approach, we have found estimated VSL higher than predicted for a population of this
income level. This adds to the literature supporting that the existing approaches relying on
extrapolation from HICs may be underestimating the relative cost-effectiveness or cost–
benefit of health promoting programs.

Additionally, we add results from a novel “PCE,” designed to overcome some drawbacks
of traditional VSL elicitation when considering specific policy choices. We found similar
results in the PCE versus traditional VSL elicitation, but the PCE uncovered much stronger
preferences for saving lives of young versus older community members. This provides
additional support to findings in the literature that suggest that policymakers consider life-
years saved as opposed to a single value of VSL for the entire population.

Our results also highlight the value of conductingmultiple estimation approacheswith the
same respondents to allow for better understanding of the underlying preferences of those
individuals. This approach also allows for the triangulation of multiple data points and
sensitivity analysis during which subjective judgments about which is the most useful
central estimate for a benefit–cost model can be made explicit. Further work is required to
both collect more data across LMICs and better understand how different methods beyond
just VSL can be incorporated into other decision-making processes.
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Appendix A: VSL – Detailed survey questions

Small probability training and comprehension: Our contingent valuation survey module started with the
surveyor providing a basic, scripted explanation of probabilities based on a lottery, which was followed by an
understanding test question. They are introduced to the risk visual aids at this stage with an image that demonstrates
the probability of a person winning a lottery. Next, respondents were introduced to the concept that much as in a
lottery individuals face a different probability of winning, in life we often face scenarios that expose us to different
levels of risk of injury or death. They are asked to imagine two roads, one of which the cars drive very fast and there
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are a lot of accidents, and on the other there are efforts to slow drivers and reduce accidents. This is followed by two
understanding questions – one simple, and one capturing whether respondents understand the scale of risk (i.e., can
tell the difference between 1 in 100 vs. 2 in 1,000). Next, we introduce and test understanding of the concept of
mortality risk from an illness over the course of a specified time period (10 years). Finally, we introduce and test the
concept that their actions you can take to reduce risk over that specified time. This sets them up to start the WTP
questions in the following section.

For each question, we record the individual’s first response. Then if that answer is incorrect, the surveyor is
prompted to give a further scripted explanation using the visual aids and re-ask the questions. We allow the surveyor
to re-explain up to twice, and record howmany explanations are required before the respondent answers correctly. In
TableA1,we summarize the exact framing of each test question, and the proportion that answered correctly first time.

Next, we captured respondent WTP for small risk reductions. First, the scenario is introduced, and the baseline
risk set as follows:

Imagine a new disease that affects (ADULT/CHILDREN) in your village. The disease is rare, so there is not
much chance of you catching the disease. For every 1,000 people, 20 will catch the disease in the next 10 years.
However, everyone who catches the disease will die. So, your risk of dying from the disease is 20 in 1,000 over the
next 10 years (or 20 in 10,000 each year).

Next, we introduce the vaccine/medicine (randomized in Kenya, medicine only in Ghana):

A new (VACCINE/MEDICINE) has been made for the disease. It reduces your risk of dying from the disease
from 20 in 1,000 to (15 in 1,000/10 in 1,000) over the next 10 years (or 20 in 10,000 each year to (15 in 10,000/10 in
10,000)). However, it is not available at the public health facility so you must buy it for yourself.

Next, we capture the initial WTP, using a payment card to help respondents come up with a figure.

Do youwant to buy this (VACCINE/MEDICINE) for (YOURSELF/YOURCHILD)? If yes, howmuchwould you
be prepared to spend today to buy this (VACCINE/MEDICINE)?

Next, we captureWTP in small installments for the vaccine/medicine over the course of 10 years (the same time
frame as the risk reduction). We allow the respondent to define how frequently they want to make payments.

Table A1. Small probability test questions, including the proportion of our sample who answered each question
correctly the first time

Questions

Percent answered
correctly the first
time (N = 1,820)

1. Basic understanding question 1: Imagine two lotteries. The chance of
winning in one lottery is 5 in 1,000, the chance of winning in the other lottery
is 10 in 1,000. Which lottery has the larger chance of winning?

81 %

2. Basic understanding question 2: Imagine two roads that are prone to
accidents. The risk of dying in an accident on the first road is 1 in 1,000, and
on the second road is 3 in 1,000. Which road is riskier?

93 %

3. Scale understanding question: Now imagine two different roads. The risk of
dying in an accident on the first road is 1 in 100, and on the second road is 2 in
1,000. Which road is riskier?

84 %

4. Basic understanding question 3: Imagine two people. The first person’s
chance of death is 5 in 1,000 in the next 10 years. The second person’s chance
of death is 10 in 1,000 in the next 10 years. Which person is more likely to die
in the next 10 years?

84 %

5. Risk reduction question: Imagine a disease that kills 50 in 1,000 people.
There are three different vaccines available for the disease. Vaccine A
reduces the risk of dying from this disease from 50 in 1,000 to 20 in 10,000,
Vaccine B reduces the risk from 50 in 1,000 to 40 in 1,000, and Vaccine C
reduces the risk from 50 in 1,000 to 30 in 1,000. Which vaccine would you
choose?

34 %
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Now imagine that you are able to pay for this (VACCINE/MEDICINE) little by little over the next 10 years. How
much are youwilling-to-pay eachmonth/year/total to receive this (VACCINE/MEDICINE), and so reduce your risk
for the next 10 years?

We now repeat for a new vaccine/medicine with the higher/lower risk level.

A second new (VACCINE/MEDICINE) has been made for the disease. It reduces your risk of dying from the
disease from 20 in 1,000 to (15 in 1,000/10 in 1,000) over the next 10 years (or 20 in 10,000 each year to (15 in
10,000/10 in 10,000)). However, it is not available at the public health facility, so you must buy it for yourself.

Finally, as an additional understanding check, we asked the respondent to choose directly between the two
vaccines that offer different risk reductions:

If they were the same price, would you prefer to buy the first or second (VACCINE/MEDICINE).

There were a number of randomized components in this section:

(ADULT/CHILD): Respondents who were main caretakers of children under 18 in the household were asked
for their WTP for both themselves and for a randomly selected child. Respondents who were not main caretakers of
any children under 18 in the household were only asked for WTP for themselves. The order in which the questions
relating to adult/child appeared was randomized to account for any ordering effect.

(VACCINE/MEDICINE): The risk reducing item offered to the respondent was randomized such that half
were asked WTP for a vaccine only, and the other half were asked WTP for a medicine only. This aimed to test for
sensitivity to framing.

(15 in 1,000/10 in 1,000):Respondentswere offered two vaccines, offering either 5 in 1,000 and 10 in 1,000 risk
reduction over 10 years. The order in which these vaccines were presentedwas randomized such that half received 5
in 1,000 first, and half received 10 in 1,000 first. This allowed us to test for (i) population-level scope sensitivity in
WTP, by testing if respondents were on average WTPmore for a higher-risk reduction (external scope test) and (ii)
individual-level scope sensitivity in WTP, by testing if respondents offered more for the more effective vaccine
(internal scope test).

Appendix B: Policy choice experiment analytical model

We assume uniform preferences among all individuals. (This is an unrealistic assumption. However, we do not have
enough choice data from each individual to estimate their preferences. Furthermore, we care about aggregated
preferences, which is a natural interpretation of what we are estimating.)

An individual is choosing between two options, i and j, which are combinations of a number of lives saved and a
number of cash transfers (of 1,000 USD) given to extremely poor households. Suppose the utility that an individual
derives from an option is a linear function on the number of lives saved and the number of cash transfers given, with
an error term:

ui = β1X1,iþβ2X2,iþ ϵi,

uj = β1X1,j þβ2X2,j þ ϵj :

We assume that the error terms, ϵi and ϵj , are independently and identically distributed, following an extreme value
distribution.13 β1 and β2 represent the values that the individual places on the number of lives saved and cash
transfers given, respectively, and their ratio the relative value between the two.

Option iwould be chosen over option j if and only if it is associated with a higher level of utility. Hence, we can
express the probability that option i is chosen over option j as

Pr ui > uj jX
!� �

=Pr ϵj � ϵi < β1 X1,i�X1,j
� �þβ2 X2,i�X2,j

� �� �
,

where X
!
represents the vector X1,i,X1,j ,X2,i,X2,j

� �
.

Since ϵj � ϵi, the difference between two identical random variables following the extreme value distribution
follows the logistic distribution, the above probability can be expressed using the cumulative distribution function
of the logistic distribution:

13 The probit model has identical assumptions, except that the error terms are independently and identically
distributed following a standard normal distribution, and hence so do their differences.

150 Alice Redfern et al.

https://doi.org/10.1017/bca.2024.10 Published online by Cambridge University Press

https://doi.org/10.1017/bca.2024.10


Pr ui > uj jX
!� �

=
1

1þ e� β1 ~X1,i,jþβ2 ~X2,i,jð Þ ,

where ~X1,i,j =X1,i�X1,j and ~X2,i,j =X2,i�X2,j are the difference between the number of lives saved and that between
the number of cash transfers given between the two options.

We run a logit model of the choices on the differences in numbers of lives saved and numbers of cash transfers
given (McFadden, 1973), using all choices made by all individuals, in order to estimate the parameters β1 and β2.

14

To obtain the relative value, or the value of a life saved expressed in terms of the number of 1,000USDcash transfers
given, we obtain the ratio β1=β2 using the “nlcom” command in Stata which uses the delta method to computer the
point estimate and standard error of the ratio.

In the case where we study the relative values individuals place on people of different age groups, the
specification of the utility function of a choice i is

ui = β1X1,iþβ2X2,iþβ3X3,iþβ4X4,iþ ϵi,

where X1,i,X2,i, X3,i andX4,i represent the number of lives saved in each of the following age groups: under 5, 5–18,
19–40 and above 40.We focus on relative values individuals place on people in the latter three age groups relative to
someone under 5: β2=β1, β3= and β4=β1.

Appendix C: Further WTP results

In Table C1,we present our fullWTP results, including the range of estimatedVSL, for the sample of respondents in
Kenya andGhana in local currencies (2019 nominal Kenyan Shilling, and 2019 nominal Ghanaian Cedi) and for the
aggregate sample (2019 PPP-adjusted USD, World Bank, n.d). First, we present the full adult results using our
“Model A” sample, which excludes respondents who do not pass basic comprehension tests (this is the same as the
values presented in the main text of the paper). For comparison, we also present our results for the full sample of
respondents. Finally, we present the WTP values for the same hypothetical medicine/vaccine for a randomly
selected child of the respondent.

In Table C2, we present a regression of willingness to pay on respondent characteristics for adult VSL. We
found significant associations between higherWTP and higher reported life satisfaction, male gender, non-Muslim
religion and higher household consumption. There were also significant regional differences inWTP. Note that for
this regression, we include our sample of “wealthy” respondents.

14 The standard errors are clustered at the individual level.
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Table C1. Extended WTP and VSL results for adult and children, for the full sample and disaggregated by country

Aggregate (PPP USD 2019) Kenya (2019 Shilling) Ghana (2019 Cedi)

N $ SE VSL N Sh SE N Ce SE

Adult Sample: Model A (passed comprehension flags, main estimation model)
WTP for 5 in 1,000 all responses 1,126 393 33 78,577 478 18,448 1,431 648 726 65
WTP for 10 in 1,000 all responses 1,126 754 54 75,426 478 32,062 2,412 648 1,514 104
WTP for 5 in 1,000, when presented first 544 452 52 90,453 247 21,180 2,008 297 828 112
WTP for 10 in 1,000, when presented first 582 668 68 66,795 231 27,190 3,252 351 1,381 125
Adult_Full sample
WTP for 5 in 1,000 all responses 1,791 499 35 99,869 892 20,918 1,485 899 821 68
WTP for 10 in 1,000 all responses 1,791 733 52 73,309 892 30,709 2,190 899 1,396 83
WTP for 5 in 1,000, when presented first 893 525 55 105,007 470 24,387 2,265 423 937 113
WTP for 10 in 1,000, when presented first 896 620 53 61,968 420 25,615 2,339 476 1,273 102
Child aged under 5, full sample
WTP for 5 in 1,000 all responses 447 465 67 93,029 175 25,440 4,626 272 759 80
WTP for 10 in 1,000 all responses 447 854 113 85,424 175 39,369 6,659 272 1,622 171
Child aged 5–18, full sample
WTP for 5 in 1,000 all responses 522 382 36 76,562 252 14,458 1,261 270 1,309 129
WTP for 10 in 1,000 all responses 522 660 77 66,036 252 23,503 2,561 270 1,529 186
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Appendix D: Summary of result aggregation approach

As mentioned in the discussion section, our study resulted in values for VSL at the upper end of those predicted by
extrapolation from HIC values following Robinson et al.’s (2019) reference case approach. We also output the
results of the choice experiment, which has a higher value than VSL. In order to aggregate our findings, alongside
previous literature we created a decision support model in which users could adjust weights at various stages to see
how the final output (a central relative value of saving a life for a certain age group) varies if different assumptions
about how to interpret and integrate results are made.

Banzhaf (2022) acknowledges that even for estimating VSL in the United States where there are substantially
more data available, there are elements of judgment required in determining an ultimate VSL central estimate to use.
Banzhaf (2022) applies subjective weights to make these judgments explicit, allows adjustments to these assump-
tions to bemade and conducts sensitivity analysis. Here, we use the same principle in the LMIC context to explicitly
apply weights to different analysis assumptions, different methods and our results relative to literature priors.

First, the user was invited to place a relative weight on the two broad approaches we used in our survey – the
individual preference approach (our main VSL results) or our PCE. This weight incorporated two stages: (i) a
relevance weighting where the user could place more weight on one approach over the other based on their
assessment of its relevance to the decision faced and (ii) a confidence weighting where the user could adjust
weighting based on their overall confidence in the two methodologies (where the default weight was based on the
proportion that passed basic understanding tests for each approach, 63 % for individual VSL, and 89 % for the
PCEs). At this stage, we also gave the user the option to adjust which central estimate they used for each approach
acknowledging that this selection is also prone to the analyst’s judgment.

Next, we allow the user to adjust for some assumptions made in the conversion. For example, they can adjust
their assumptions about the approximate income and age of the population served. Then we provide the user with
the best estimates of VSL for the population based on only extrapolation from the literature (applying Robinson
et al.’s 2019 approach). Here, the user can adjust which option is the preferred to make the extrapolation (income
elasticity 1.5, the default vs. 100 times GNI per capita vs. 160 timesGNI per capita). Finally, the user places weights
on the results of this study, relative to the best estimates based on existing literature. This model then outputs a
central estimate based on the user’s weights. It also allows the user to adjust weights throughout to see directly how
this impacts the final output.

The benefit of this study and our combination of estimates is that it allows the user to draw on multiple
methodological approaches and decision frameworks to inform their modeling and allocation decisions, rather than

Table C2. Regression of willingness to pay on respondent characteristics for adult VSL

Variables Coefficient (SE)

Risk reduction: 5/1,000 �25.62 (17.07)
Female �82.47*** (23.26)
Age �1.67** (0.67)
Urban 35.51 (23.97)
Can read 1.73 (22.83)
Christian �20.78 (51.41)
Muslim �104.7* (59.31)
Household size 2.11 (1.89)
Self–reported long–term health condition �21.05 (22.82)
Satisfaction ladder 6.41* (3.46)
Karaga (Ghana) 141.20** (55.87)
Jirapa (Ghana) �56.49** (22.99)
Kilifi (Kenya) 122.50*** (33.97)
Log annual consumption per capita (nominal USD) 49.22*** (11.47)
N 2,004
R2 0.049

Note: *p < 0.05, **p < 0.01, ***p < 0.001.
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relying on a single VSL estimate. A potential downside of this approach is its relative complexity – it requires an
engaged user with a reasonable understanding of the technical considerations of different approaches. This was
possible in this instance as GiveWell already has extensive experience and comfort with explicit modeling and
assigning subjective weighting for different methods. Further work would be required to understand how to
incorporate a similar approach into a different decision-making process.
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