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School closures and suspension of non-essential economic activities are highly
effective respiratory-pandemic mitigation strategies because they effectively
interrupt disease transmission. However, they come with high societal costs.
Most of these costs are borne by workers who lose their income, especially those
who are not supported by welfare benefits, and students whose future income
depends on their education. In countries where many households live close to
the poverty line, closures should be designed to minimize impacts on the most
vulnerable. The objective of this study is to learn and compare policy responses
that minimize the number of people that fall below the poverty line, maximize
GDP, or maximize societal welfare in a model of the COVID-19 outbreak in
the Philippines. Toward this objective, we quantify societal welfare in terms of
lives, education, GDP, and we introduce poverty as a novel fourth dimension. We
then use a population microsimulation model , an epidemiological model , and
GDP and education projections to determine intervention strategies involving the
partial closure of schools and economic sectors with the objective of mitigating
the epidemic while minimizing societal losses. We find the cost of reducing
poverty is substantial in terms of the other outcomes, making a case for poverty
reduction as an important tool for increasing societal resilience and preparedness
for crises such as pandemics. From a modeling perspective, we identify the need
for timely data collection in order to create tools to assist in future epidemics.

KEYWORDS

epidemiology, infectious disease, COVID-19, economics, poverty, pandemic
preparedness

1 Introduction

Governments around the world responded to the COVID-19 pandemic with mandates
to reduce in-person interactions and therefore the spread of infection in the population.
Mandates, including stay-at-home orders, business closures and school closures, restricted
economic activities. Restrictions affected the demand side of the economy by reducing
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consumption of goods and services requiring in-person contact,
and the supply side via reductions in labor supply. Adverse
impacts were mitigated to some extent through increased online
consumption, teleworking and online schooling.

Restricting activities not essential to daily life constitutes
effective pandemic mitigation by reducing opportunities for
community transmission. These restrictions often come in the
form of economic and school closures. However, there is
a high societal cost associated with the imposition of such
closures. This damage was mitigated in some high-income
countries using extensive welfare programmes (1, 2). The same
cannot be said, however, for low- and middle-income countries
which have lower social welfare budgets and less recourse to
government financing instruments. Economic closures particularly
impacted those informally employed or with low income, and
widened income and wealth inequalities (3–5). School closures,
on the other hand, interrupted education which can diminish
lifelong earnings and, consequently, the nation’s economic
growth (6, 7).

The purpose of this study is to compare closure strategies
in terms of deaths, education lost, GDP lost, and the number
of households that fall below the line of poverty. We use an
existing model previously applied to Indonesia (8), augmented with
a microsimulation model of household incomes, to project the
health, economic, poverty and educational outcomes. We apply
the model to the first wave of COVID-19 in the Philippines. We
compare the outcomes of closure strategies that maximize GDP
with those that minimize poverty. This allows us to quantify the
magnitude of the trade-off between competing societal objectives
when employing closures; for example, what it might cost in
terms of aggregate economic output or months of schooling to
prevent vulnerable households from falling below the poverty line.
Including poverty in societal cost is an important extension to
existing models, making them more relevant for low- and middle-
income countries.

2 Background

2.1 Impact of the COVID-19 pandemic on
poverty and education

The COVID-19 pandemic increased poverty globally, and
particularly in low- and middle-income countries. The World Bank
estimated that, in 2021, approximately 97 million more people were
living in extreme poverty as a result of the pandemic, and around
163 million more people lived on less than $5.50 per day, raising
the global poverty rate from 7.8% to 9.1% (9). Meanwhile, UNICEF
estimated that up to 86 million children fell into poverty in 2020,
representing a 15% increase (10).

These patterns were seen also in the Philippines: The incidence
of poverty in the Philippines decreased from 23.5% to 16.7%
between 2015 and 2018, but then increased again to 18.1% in 2021.
Incidence of food poverty decreased from 9.1% to 5.2%, and then
increased again to 5.9% (11).

School closures were employed extensively worldwide (12),
for longer than a year in many LMICs, including the Philippines
(13). Education losses were high, and increased with prolongation
of closures (14) despite rapid deployment of remote teaching
programmes (15). The ultimate cost of these learning losses to
societies is difficult to anticipate (16, 17). It has been estimated
that 12 weeks of school closures will reduce productivity 45 years
later by 0.4% (7). There are other societal and economic costs
of school closures, such as detrimental impacts on the social and
personal development of children, parents not being able to work,
and reduced demand for goods and services from suppliers to
education sectors (18).

The Philippines was one of the last countries in the world to
re-open schools (19). It was estimated that the first year of school
closures, in which remote teaching was estimated to be 37% as
effective as in-person teaching, would cost the economy 10.7 trillion
PHP over the next 40 years, equivalent to 60% of the country’s GDP
in 2020. Concurrently, school closures would result in an estimated
GDP loss of 230 billion PHP in 2020 due to lost economic activity
(20). However, while closures impacted enrollment in other places
(21), there was no long-term (or persistent) drop out of students
in the Philippines. Enrollment for the academic year 2020–21 was
96.5% of its value in 2019–20, and in 2021–22 it was 104% of its
value in 2020–21 (22).

The preceding discussion demonstrates the severe impact of the
COVID-19 pandemic on education and poverty in many countries
across the globe. This is further exacerbated by restrictive policies
that primarily focused on mitigating the impacts on public health,
particularly on the number of infections and deaths.

2.2 Pandemic mitigation

With the threat of severe future pandemics potentially growing
(23), and a wealth of data collated from all over the world on
the impacts of the COVID-19 pandemic and its mitigation, now
is the time to develop new models that can assist policymakers
in navigating future crises. Some of the costs associated with the
pandemic, such as lost education, were a direct consequence of
pandemic mitigation policies. Balancing these competing priorities
is the focus of this work.

In high-income countries, adverse impacts on the economy
and households’ livelihoods were mitigated with fiscal relief in the
form of subsidies to businesses and individuals. Large-scale welfare
programs were not a viable option for many LMICs. The IMF
estimated that, by October 2021, the UK had spent about 19.3% of
their GDP on discretionary fiscal response to the COVID-19 crisis,
while the equivalent value for the Philippines was 4.45% (24). This
includes the Social Amelioration Program, through which 10,000
to 16,000 PHP per household was distributed to up to 18 million
households by November 2020, totalling 182.9 billion PHP (0.9%
of GDP) (25).

For an LMIC with limited resources to implement welfare
programs, a key objective for pandemic mitigation, in addition to
averting deaths, is minimizing harm to the most vulnerable due
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to income loss. Implementing closures that reduce the number
of deaths might come at the cost of households falling below
the threshold of poverty. Conversely, protecting livelihoods may
come at the cost of a higher number of deaths, or of closing
schools in order to reduce transmission. Prioritizing livelihoods
over aggregate GDP might entail keeping low-income workers
in their jobs at the expense of higher-income workers. In
summary, policy makers need to navigate a complex trade-off
between four components of societal welfare: health, GDP, poverty,
and education.

Epidemiological models have been used worldwide to monitor
the public health impact of the COVID-19 epidemic and to project
impacts of public health interventions (26, 27). Similarly, economic
modeling has been used to project economic impacts of the
pandemic, and inform the design of fiscal and monetary relief
and recovery policies. However, there was often little connection
between the policies analyzed by epidemiologists and economists,
which made it difficult for decision makers to assess projected
impacts of policies across multiple societal objectives. There
potentially are feedback effects between epidemiology and the
economy that cannot be captured by independent analyses. There
were also few models that could provide concrete insights, and
therefore actionable recommendations, on overall societal impacts
of the pandemic and its mitigation across health, economic, and
social outcomes (28–30). This is the methodological gap we propose
to address.

3 Methods

We start by adapting an existing model to project the
impact of pandemic mitigation strategies on societal welfare.
We then define a social welfare function (SWF) with four
components: pandemic deaths, educational loss, aggregate income,
and poverty. By codifying different societal objectives within
one objective function, we seek socially “optimal” pandemic
mitigation policies.

3.1 The model

Our starting point is the DAEDALUS model of Haw et al. (29) ,
which we augment with a model estimating the impact of mandated
closures on poverty. With this joint model, we simulate the first six
months of the COVID-19 pandemic in the Philippines, and seek the
closure policy that minimizes societal losses. The method is shown
graphically in Figure 1.

We use a 34-sector representation of the Philippine economy
following the classification of UN Economic and Social Affairs
(31), whose features are described in Supplementary material C.2.
A closure policy, or “economic configuration”, is a numerical
representation of how closed each of the 34 economic sectors is
in each month over the period in question, expressed as the %
reduction in gross value added (GVA) compared to 2019. The
economic configuration determines GDP (as aggregate GVA) and
poverty via reductions in production and household income.

The economic configuration also determines how open schools
are via the education sector, and the extent of transmission
in the epidemiological model, which ultimately determines the
number of deaths. Closures manifest as a reduction in the
number of contacts made between individuals. Closures imply that
worker-to-worker, worker-to-customer and customer-to-customer
contacts are reduced. We estimate hospital occupancy and the
number of deaths for a given economic configuration using
DAEDALUS. DAEDALUS is a compartmental epidemic model
stratified by age and sector of employment that takes into account
the economic configuration via sector-specific contact rates. The
model is explained in Supplementary material E. We assume the
extent of transmission over the projection horizon to be equal
to that estimated for the month of March 2020 using the
DAEDALUS model, which was calibrated to hospitalization data
(Supplementary material F).

The objective is to find the economic configuration that
maximizes social welfare subject to the epidemiological constraints:
that hospital capacity is never exceeded; and that, at the end of the
period, the effective reproduction number Rend is no more than 1
and hospital occupancy no more than 50% of maximum hospital
capacity. We also specify that the agricultural sector remains open
at all times.

3.2 Social welfare function

We construct a SWF in terms of gross domestic product (GDP),
lives lost, education delivered, and person–months spent below the
line of poverty. The SWF is defined as

SW = weE + wgG − wpP − wlL, (1)

where SW is social welfare, E is the total effective months
of education delivered, G is the total GDP for the period, P
is the total number of person–months spent below the line
of poverty, and L is the number of discounted life years
lost (Supplementary material B.2). They each have an associated
weight, w, that represents their monetary valuation for computing
social welfare. In Sections 3.2.1 to 3.2.4 we describe how we
compute these quantities.

We define and evaluate six objective functions (Table 1).
Each represents possible societal preferences to guide pandemic
mitigation and is defined by the choice of w values in Equation 1.
Objective 1 (Max GDP) is to maximize GDP subject to the
epidemiological constraints, as in Haw et al. (29); the education,
poverty and life valuations (Figure 1) are all 0. Objective 2 (Min
poverty) is to minimize poverty, the number of person–months
spent below the line of poverty due to mandated closures (with
no contribution from any other component). Objective 3 (Max
SW, zero poverty weight) is to maximize social welfare with three
components: education, GDP and discounted life years, with a
valuation of 1.9 trillion PHP for a month of education lost, and
a valuation of 2.4 million PHP for a lost discounted life year.
Objective 4 (Max SW, low poverty weight) includes poverty as a
fourth component, with a weight of 10,000 PHP per person–month
spent below the poverty line. Objective 5 (Max SW, high poverty
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FIGURE 1

Graphical illustration of the method. Arrows represent model inputs and outcomes. Bars represent optimisation constraints. The economic
configuration determines the extent of education loss via school closures, the GDP loss, the number of households that fall below the line of poverty,
and the years of life lost via independent models. We are choosing an economic configuration of sector closures to minimize social welfare loss
subject to epidemiological constraints, which come from the epidemic model. The constraints are that hospital occupancy never breaches available
capacity, and Rend at the end of projection does not exceed 1. We optimize six alternative objective functions. Two place different weights on GDP
and poverty as maximand/minimand. Objective functions 3 to 6 include years of life lost as part of the social welfare function, whereas objective
functions 1 and 2 do not.

TABLE 1 Objective function definitions for pandemic mitigation
strategies.

Objective Objective
shorthand

we wg wp wl

1 Max GDP 0 1 0 0

2 Min poverty 0 0 1 0

3 Max SW, zero
poverty weight

1.9
trillion

1 0 2.4 million

4 Max SW, low
poverty weight

1.9
trillion

1 10,000 2.4 million

5 Max SW, high
poverty weight

1.9
trillion

1 82,000 2.4 million

6 Max SW, zero
GDP weight

1.9
trillion

0 10,000 2.4 million

The weights reflect valuations for components of social welfare. Values for discounted life
years and education make use of published estimates.

weight) uses a higher poverty valuation of 82,000 PHP per person–
month. Objective 6 (Max SW, zero GDP weight) includes education
and discounted life-year weights as before, the lower valuation for
poverty, and zero weight for GDP.

3.2.1 Life years lost due to COVID-19 deaths
Lives lost are converted into monetary terms using a value of a

statistical life (VSL) approach (32). We rely on the intrinsic rather
than instrumental interpretation of the VSL (33), which is based on
individuals’ willingness to pay to reduce their own risk of mortality.

For each simulation, we estimate the total number of
discounted years of life lost by multiplying the number of
deaths per age group by their (discounted) expected years of

life remaining. The years lost are then valued with the value of
a discounted statistical life year (VdLY), which we derive from
the VSL (Supplementary material B.2). We interpret the VSL as a
population-weighted average following Ananthapavan et al. (34)
and Robinson et al. (35), where each age group has a VSL defined
by the number of expected life years remaining, and where each
discounted life year has the same value.

We use an estimate of the VSL for the Philippines from Palanca-
Tan (36), assuming the study applies to people aged 0 to 14, and that
the VSL is constant with respect to average income. This gives us a
VdLY estimate for 2020 of 2,400,000 PHP, which is approximately
50,000 USD.

The VSL estimate from Palanca-Tan (36) is similar to estimates
derived from two other sources. Following Viscusi and Masterman
(37), assuming a linear relationship between VSL and GDP, and an
average of 7% growth from 2015, we estimate a VdLY for 2020 of
1,700,000 PHP. Following Saluja et al. (38), where the VSL with
population-weighted means by World Health Organization region
and World Bank income group is reported for Western Pacific
countries, we estimate a VdLY of 2,000,000 PHP.

For the objectives that include lives lost, we set wl = VdLY in
Equation 1. For the other objectives, we set wl = 0.

3.2.2 Education lost due to school closures
The value of a school year is the value that one year of education

adds to a person’s income over their lifetime. To estimate the
societal loss from school closures, we estimate the total effective
education missed due to closures, and the impact it has on pupils’
life-long income.

Education is quantified as the effective number of months of
schooling. In each month τ = 1, ..., T of the projection period,
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education is divided into a fraction of in-person teaching (xed,τ )
and remote teaching (1 − xed,τ ). We compute the total amount of
education completed as a weighted sum of school openness and its
complement, where remote teaching contributes a fraction s of the
educational value of in-person teaching:

E =
T∑

τ=1

(
xed,τ + s(1 − xed,τ )

)
.

For the effectiveness of remote teaching, we use an extant
estimate of s = 0.37 (20).

One year of remote teaching (at 37% effectiveness) was
estimated to cost the economy 10.7 trillion PHP over the next 40
years, which equates 89% of the country’s GDP in 2019 to one full
year lost (20). This aligns with an estimate from Psacharopoulos
et al. (39), where a whole year of lost education costs 73% of GDP
for middle-income countries, assuming that closures affect 90% of
students.

Using the estimate of 10.7 trillion PHP, and that there are nine
months of teaching in the academic year, of which four (April,
May, June, September) fall in the projection horizon, the value of
a month of education is 1.9 trillion PHP, which is 82,000 PHP per
person per month. Thus we use we = 1.9 trillion for the SWF where
education is to be valued, and we = 0 for the other objectives.

3.2.3 GDP lost due to business closures
GDP is naturally measured in monetary terms. GDP over the

period is the sum over all S − 1 sectors (we omit the education
sector as we estimate the loss due to school closures separately)
and all T months of monthly GVA per sector, scaled by the extent
to which the sector is open according to the mandated economic
configuration. Writing sector openness as xs,τ for sector s in month
τ , the GDP can be expressed as

GDP =
S−1∑
s=1

T∑
τ=1

xs,τ GVAs.

We approximate a sector’s monthly GVA as annual GVA from
2019 divided by 12.

3.2.4 Poverty due to business closures
To model poverty, we estimate the expected number of people

living below the line of poverty as a function of the households’
workers’ incomes, their probabilities to retain their income given
sector closure, and the extent to which sectors are closed. Summing
over the income of all workers within households and adding
non-work income, we identify which combinations of workers are
sufficient for the household to remain above the line of poverty. We
write the probability that the household remains above the line as
a function of the workers’ probabilities to lose their income given
their sectors’ closures.

By definition, the poverty threshold is applied to household
income per capita, a measure that distributes total household
income across all members of the household irrespective of what
they contribute to total household income. This means that either

all members of a household, or none of its members, are below
the threshold. To project excess poverty requires us to calculate
household income per capita for each household. Following Vos
and Sánchez (40), we write household income per capita in a
month as

ypch = 1
nh

[ nh∑
i=1

yphi + yqh

]
,

where nh is the number of people in the household, yphi is the
(estimated) income of person i in household h, and yqh is non-work
income for the household obtained from the family income and
expenditure survey [FIES, (41)]. We assume that non-work income
yqh is unaffected by closures.

To estimate yphi, we use two data sources. The first is FIES,
which reports total annual income from formal and informal
employment, non-work-related income, and the main sector of
employment of one member of the household. The second is
the labor force survey [LFS, (42)], which reports data for all
workers in each household covered by FIES on main sector of
employment, usual number of hours worked, number of hours
worked in the past week, and the basis of pay (whether wage
or entrepreneurial). For those in waged employment, the usual
daily pay is reported. Income data is missing for entrepreneurial
workers. We impute the hourly rate of pay by matching individual
workers to their nearest neighbors and sampling with replacement
(package knn in R; see Supplementary Figure S1). We then scale
the rate based on the difference seen in hourly income between
waged and entrepreneurial income for households with income
data in the FIES, using only the subset of households where there is
exactly one worker and one type of work income in the household
(see Supplementary Figure S2). See Supplementary material C1 for
details of the surveys.

Income yphi counts toward household income depending on
the openness of the sector of work of person i in household h in
month τ and on the individual’s personal probability to lose their
income relative to others in their sector. The openness of sector
s in month τ is given as xs,τ , and the sector that individual i of
household h works in is given as Shi. We make the simplifying
assumption that closure of a sector to, say, 70% means that 30%
people lose their income and everyone else’s remains unaffected.

We represent the population using a microsimulation model,
where ypch,τ ,j is the income per capita of household h in month τ in
sample j, which depends on sector closure in month τ . We compute
it as

ypch,τ ,j =
1

nh

[ nh∑
i=1

phi,τ ,jyphi + yqh

]
. (2)

with

phi,τ ,j ∼ Bernoulli(p̂hi,τ ),

and

p̂hi,τ =
{

p(0)
hi xShi ,τ /p̄Shi xShi ,τ < p̄Shi

1 − (1 − p(0)
hi )(1 − xShi ,τ )/(1 − p̄Shi ) xShi ,τ > p̄Shi

(3)
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Here, Shi represents the sector of the ith person in household
h. p(0)

hi is the probability of person hi to keep their job based on
a logistic regression, using predicted income and demographic
variables such as level of education, sex, age and region as
independent variables.

Across all individuals in the sector, the mean probability of
job retention is p̄Shi . Equation 3 computes scaled values p̂hi,τ so
that all probabilities in the sector yield a mean equal to xShi ,τ , the
sector openness.

We write the total number of person–months spent below the
line of poverty over T months based on H households in simulated
sample j as

Pj =
T∑

τ=1

H∑
h=1

wh · nh · 1h,τ ,j,

where wh is the survey weight of household h, and

1h,τ ,j =
{

1 ypch,τ ,j < ypc∗

0 otherwise.
(4)

The monthly threshold is ypc∗ = 2152.08, which we obtain by
dividing the annual threshold for the Philippines in 2018 [25,813
PHP (11)] by 12.

A microsimulation model requires thousands of iterations over
index j to evaluate its expectation. Because we are employing an
optimisation routine, which itself is computationally demanding,
we cannot embed the microsimulation model as it is within
the framework. Instead, we pre-determine the probability that
1h,τ ,j = 0 (Equation 4) as a function of workers by identifying
which combination(s) of workers in the household are sufficient
to keep the household above the line of poverty. This yields
one expression per household, fh

({
p(0)

h

}
, xτ

)
, representing the

probability that this condition is met in terms of sector closures,
xτ , and each worker’s relative probability to lose their income,{

p(0)
h

}
, via Equation 3 (see Supplementary Figure S3). This is

easily represented by Venn diagrams for households with only
two or three workers (Supplementary Figure S4). Each household
contributes a number of people nh multiplied by the household
weight wh to the count below the poverty threshold with the
household-specific function:

P =
T∑

τ=1

H∑
h=1

wh · nh

(
1 − fh

({
p(0)

h

}
, xτ

))
. (5)

In addition to excess poverty (the person–months that are
spent in poverty due to pandemic mitigation), we also report
total poverty over the projection horizon (pre-existing plus excess
poverty). Being below the threshold is a binary measure that does
not inform on the extent of poverty. To this end, we report the
poverty shortfall. This is the amount that it would cost to bring all
people at risk of poverty up to the threshold, where a household
is at risk if they are below the line in at least 5% of simulations,
and the shortfall is the average amount that they are below the
line. We report subsistence poverty, which is defined as the number
of person–months spent below the food threshold, which is the

minimum amount needed to meet basic food needs (18,126 PHP
for the Philippines) among all people. Lastly, we report the squared
poverty gap, which places a higher weight on the poverty of the
poorest households and thus captures the extent, or depth, of
poverty among households below the line. We use the Foster–
Greer–Thorbecke (FGT) measure with α = 2 as a measure of
severity of poverty. This is defined as (43)

FGT2 = 1
6n

q∑
i

(
y∗ − yi

y∗

)2

for q person–months under the line of poverty, with the income yi
for person–month i, the total population n, and threshold y∗ (2,080
PHP per month).

We convert poverty into monetary terms in order to include it
in the SWF. Falling below the poverty line can be a consequence
of lost income during a health crisis, but a simple estimate of
income lost over the months spent in poverty would not capture the
costly long-term consequences associated with persistent poverty.
Persistent poverty describes a state of low income from which it
is difficult to escape due to a combination of economic, social
and structural factors. We place a monetary valuation on poverty
to represent the possibility that short-term poverty leads to low-
income households selling assets, forfeiting a future revenue source
on which they would have relied to exit poverty in the longer
term (44). While there is much documentation of the personal
and societal costs of populations living below the line of poverty
(45, 46), the costs are not readily monetised for inclusion in an
objective function such as ours. We therefore consider a range of
valuations: from 0 (to represent absence of poverty from the welfare
function), to a high valuation of 82,000 PHP per person–month
spent below the line of poverty, equal to the value of education we
are using. We take this to be an upper bound because, in some
low-income households, the need to support the family leads to
some children leaving school (47). In these cases, the loss of one
child’s education is offset against the livelihood of the household
as a whole, such that the benefit is shared (numerically speaking,
divided) among them. For each simulated epidemic, we estimate
the number of people who fall below the line of poverty in each
month using a microsimulation model, and multiply that estimate
by the chosen poverty valuation.

4 Results and discussion

We report outcomes optimized under the six objective
functions in Table 2. The objective functions reflect alternative
preferences for the components of welfare as defined in Equation 1.
Numbers are given in units of trillion PHP. For reference,
the GDP for the same period (April to September) in 2019
was 9.66 trillion PHP (see Supplementary material C.3). The
resulting configurations and accompanying epidemic trajectories
are presented in Supplementary Figures A1 and A2.

The singular objective of maximizing GDP (objective 1) results
in a configuration that gives a GDP of 88.5% of pre-pandemic levels,
a shortfall of 11.5%. It also yields 2.52 months of education lost
over the 6-month period (equivalent to full suspension of on-site
schooling), 239,000 YLL, and 28.4 million person–months of excess
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TABLE 2 Results from optimal configurations for six objective functions, summed over six months.

Objective function Education loss
(months)

GDP loss (%) Years of life lost (thousands) Poverty (million
person–months, excess)

1 : Max GDP 2.52 11.5 239 28.4

2 : Min poverty 2.52 14 237 20.6

3 : Max SW, zero poverty weight 0 14.5 219 46.1

4 : Max SW, low poverty weight 0 14.7 221 37.7

5 : Max SW, high poverty weight 0.14 14.6 228 28.8

6 : Max SW, zero GDP weight 0 17.8 216 33.6

Education loss: Total effective months of education lost, where one month of in-person teaching contributes one month of education, and one month of remote teaching contributes 37% of one
month of education.
GDP loss: Gross value added summed over all months and all sectors subtracted from pre-pandemic GDP, reported as a percentage of the pre-pandemic GDP.
Years of life lost: Total years of life lost as a result of deaths, as estimated in the epidemic model, taking into account expected years of life remaining by age group.
Poverty (excess): Millions of person–months spent below the line of poverty as a consequence of closures; this only counts person–months “in excess” of pre-pandemic person–months.
Objectives 3, 4 and 5 assume zero, 10,000 PHP, and 82,000 PHP long-term loss for each person–month spent in poverty, respectively, with objective 6 using the same weight as objective 4.

poverty. The epidemiological constraints to the GDP maximization
result in some GDP loss, and prevent an even higher YLL toll. A
singular objective of minimizing poverty (objective 2) gives similar
results, because it remains optimal to leave hospital occupancy at
its capacity and keep schools closed. In contrast, there are only
20.6 million person–months of excess poverty and some sacrifice
of GDP, with economic output at 86%. When minimizing societal
welfare loss (objectives 3 to 6), education is valued as part of the
objective function. The optimal configurations for all objectives
except objective 5 leave schools completely open during term time
(four months out of the six-month projection horizon). When
poverty is valued highly in the SWF (objective 5), education loss
is equivalent to 0.14 months or less than a week. Objectives that
maximize societal welfare favor configurations that spare schools
from closures because of the high valuation of education in the
SWF. Similarly, when YLL are valued as part of the objective
function, as in objectives 3 to 6, the number of YLL is lower
than for the pure GDP maximization and poverty minimization
objectives, ranging between 216 and 228 thousand YLL compared
to 239 and 237 thousand. The YLL depend on the valuations of
other dimensions of welfare in the SWF across objectives 3 to
6, notably the valuation of poverty. If poverty is excluded from
the SWF (objective 3), excess poverty is highest at 46.1 million,
compared to a low of 20.6 million when poverty minimization is
the sole objective.

4.1 Other outcomes

Table 3 shows other related outcomes from the models that
are not included explicitly in the objective function. As expected,
numbers of COVID-19 deaths mirror numbers of YLL, and the
other four measures of poverty mirror excess poverty in Table 2.
The depth of poverty under each different configuration is shown
in Supplementary Figure A.3.

Poverty (total) shows million person–months spent below the
line of poverty in total, including those who would be below the
line of poverty even without sector closure. The poverty shortfall—
the amount by which the population is short of the poverty
threshold in all months in simulations—ranges from 122 to 180

billion PHP across objectives, corresponding to 142–168 million
person–months.

The percentage of person–months spent in poverty below
the food threshold of 18,126 PHP shows households below the
minimum income level needed to meet basic food needs. Values
range from 60% to 76%, increasing as the valuation assigned
to poverty in the objective function decreases. That is, policies
that reduce excess poverty have the effect of reducing subsistence
poverty at the same time.

Recall that the Social Amelioration Program was introduced
in the Philippines at the start of the pandemic, with planned
payments of 10,000 to 16,000 PHP to be made to 18 million
households (48). By November 2020, 182.9 billion PHP (out
of a budget of 206.7 billion PHP) had been disbursed (25).
Note that this amount is, incidently, similar to the maximum
poverty shortfall we project under pandemic mitigation that
ignores poverty.

4.2 Opportunity costs of averting poverty

Comparing optimal configurations for objective 2 (minimizing
poverty) with objective 1 (maximizing GDP), 7.8 million person–
months of poverty are averted at a cost of 2.5% of GDP, or 245
billion PHP. This equates to a cost of about 31,200 PHP per
person–month of poverty averted with the poverty minimizing
objective. Additionally, 15.6 million person–months spent below
the line of subsistence poverty are averted, corresponding to about
15,700 PHP per person–month of subsistence poverty averted.
The opportunity costs of averting person–months below either
threshold equates to about 10,000 PHP. These costs are high in
the context of the Philippine GDP per capita at around 180,000
PHP. They are also high compared with the monetary value by
which households fall short of the threshold for poverty, which
has order of magnitude 1,000 PHP per person–month. Overall, the
poverty-minimizing configuration has a poverty shortfall that is
smaller by 20 billion PHP than the GDP-maximizing one (Table 3),
implying that it costs 245 billion PHP to increase the income of the
poorest households by 20 billion PHP with the second optimization
objective. This implies that the opportunity costs of following the
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TABLE 3 Other outcomes from optimal configurations summed over six months.

Objective function Deaths
(thousands)

Poverty (total) Poverty shortfall
(billion PHP)

Subsistence
poverty (total)

Squared poverty
gap (%)

1 : Max GDP 14.3 150 142 100 4.54

2 : Min poverty 14.2 142 122 84.4 3.74

3 : Max SW, zero poverty weight 12.8 168 180 129 6.01

4 : Max SW, low poverty weight 13 160 167 118 5.39

5 : Max SW, high poverty weight 13.4 151 145 100 4.52

6 : Max SW, zero GDP weight 12.7 155 159 111 5.04

poverty minimizing objective are high, specifically in terms of GDP
loss incurred.

Comparing objectives 3 and 6 (effectively exchanging GDP for
poverty in the SWF) yields a similar value of 10,000 PHP per
person–month of excess poverty averted, with an incremental GDP
loss of 3.3%, and an additional 3,000 discounted YLL averted, 12.5
million person–months below the poverty line averted, and 18
million person–months below the subsistence poverty line averted.

Comparing objectives 3 and 4 (no poverty vs low poverty
valuation in the SWF) yields a value of 1,400 PHP per person–
month crossing a threshold, with an incremental GDP loss of 0.2%,
2,000 additional YLL, 8.4 million additional person–months below
the poverty line averted and 11 million person–months below the
subsistence poverty line averted. We note that the cost associated
with proceeding to the next level (low poverty vs high poverty
valuation, objectives 4 vs 5) is much steeper, at 10,000 PHP per
person–month.

Using the SWF to find optimal configurations, we see poverty
trading off primarily with YLL (objectives 3, 4 and 5). Our results
imply that a reduction in excess poverty of 17.3 million person–
months is exchanged for 9,000 YLL when poverty is assumed
to have a high long-term costs of 82,000 PHP. At the highest
valuation, there is also a trade-off with education, but not with
GDP. Irrespective of the valuation of poverty, GDP loss is similar
to the poverty-minimizing configuration (objective 2), with an
incremental loss of about 3% compared to the GDP-maximizing
configuration (objective 1).

4.3 Comparison with the first six months of
COVID-19 in the Philippines

Over the projection horizon, schools were entirely closed,
which meant that the effective education delivered was equivalent
to 1.48 months. From GVA data, we estimate that GDP was
85.9% of its maximum possible value. From fitting the model to
hospital data, we estimate that there were 11.4 thousand deaths
and 61.2 million excess person–months spent in poverty. These
outcomes are not directly comparable to our model results because
we assumed transmission to be the same as that observed in
March 2020. This would be a reasonable assumption to make when
planning outbreak response. When fitting the model to data for the
projection horizon, we find the transmission was lower by 20% on
average over the period compared to March.

Even though the model inputs were different, the outcomes are
similar. From this, we might have concluded that the government
response was not optimal: closure options were available that would
have been less costly to society in terms of economic and education
losses than the ones chosen, while still resulting in fewer deaths.
However, there is reason to believe that the model outcomes could
have been a result of inadequate contextualization of certain model
parameters. While our results are internally comparable (in that we
can meaningfully compare them to each other), we find that they
do not correspond well to the reality. We discuss the reasons for
and consequences of this in Section 5.

5 Conclusions

There is an inherent trade-off between societal outcomes when
mitigating pandemics with non-pharmaceutical interventions
between economic activity and education on the one hand and
averting deaths and sickness on the other. There is also a trade-
off between different economic sectors, in that closing some might
allow others to remain open. Here, we use an economy-structured
epidemiological model to explore the trade-off between GDP,
health and educational losses, and the number of people who
experience poverty due to mandated business closures.

There are numerous challenges in undertaking this type of
modeling work. The biggest obstacle to modeling of this kind is
the paucity of relevant parametrising data, in particular pertaining
to workplace contact rates, which leads us to borrow values from
a study carried out in France (49) and previously applied to the
UK (29). We are not aware of data on sector-specific contact
rates pertaining to any setting other than France and the UK (50),
and this greatly inhibits the potential to jointly model epidemics
and economics (51). As discussed in Section 4.3, our model
is inadequately contextualized to the Philippines, limiting the
prospect of developing a planning tool to assist in the management
of future outbreaks (52). To this end, country-specific data are
essential. Absent an appropriately parametrised model, we are
limited to abstracted comparisons that shed light on dynamic trade-
offs in a general sense. What we learn from this study is that, if we
want to use modeling tools to provide guidance to decision makers
that is relevant and actionable, then we need to invest the time and
resources into acquiring the data needed to properly parametrise
the model in context. Data collection should hence be consistent
and timely in order to be prepared for the next outbreak.
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Our economic projections are static and not dynamic: there
is no relationship between the probability to lose income from
one month to the next, and there are no changes to sector of
employment or sector sizes over time. This might be a particularly
poor assumption for informal workers, who are more likely to
lose their primary source of income and eventually find work
in another sector, potentially avoiding income loss and keeping
them above the line of poverty. There are dynamic feedback
interactions among the processes we aim to recapitulate that we
cannot capture without a full macroeconomic model. For example,
we have not taken account of macroeconomic impacts such as
changes in income, savings, international trade and investments.
Instead, we focus on what we believe are the most important aspects
to capture and are most relevant in the short time horizon of
six months.

We note the challenges inherent in working with a VSL to
value life. It serves a purpose here in making explicit the trade-
off between competing aspects of societal welfare. A particular
difficulty it highlights, one which has not been resolved and to
which we would like to bring attention, is that of distribution. We
use a single, population-average VSL. In principle, the VSL reflects
willingness to pay and, in practice, it is commonly a function of
average income (32). This implies that households with a lower
income, who have a reduced willingness to pay as a consequence
of having a reduced ability to pay, might be required, through
mandated closures, to sacrifice their income to a cost that exceeds
what they would choose to pay to avert those risks to their own
mortality. Situations such as these have been described by Sunstein
as detrimental to their welfare (53). The policy therefore delivers
welfare to some in the population at the expense of others. This
inequality is compounded twice: once, as the cost (in terms of
lost income) falls disproportionately on those with lower incomes
[who are more likely to lose employment (54)], and again, with
those with lower incomes likely having worse health outcomes in
the pandemic (55). The VSL illustrates this compounded injustice,
and potentially offers a means to redress it. However, as (53, page
90) writes, “Whether government should use a higher or lower
VSL across demographic lines cannot be answered simply. Any
judgment about the appropriate VSL, and about individuation,
must be heavily pragmatic. It must rest on the human consequences
for one or another choice.” If a policy consistent with a lower VSL
would not be acceptable, then redistribution of income from the
wealthiest households to those at risk of poverty is justified.

We have particular difficulty valuing poverty, which we would
do by quantifying the longer-term cost of persons falling into
poverty. We could use estimates of the long-run costs of childhood
poverty presented in Clarke et al. (56), but we would need to
account also for costs of adults in poverty, and the possibility of
persistent poverty occurring as a consequence of the epidemic-
induced hardships. With no published estimates, we considered two
values, one chosen to be equivalent to the cost of missed education ,
which we take to be an upper bound, and one chosen to be smaller.
Education and poverty are closely related, and the choice of which
workers retain their jobs may also impact long-term education
outcomes, as maintaining incomes among low-income households
may have the benefit of keeping students in school: historically, the
main reason for students in the Philippines to drop out of school
was to work (47).

We use an optimisation approach in order to compare extreme
outcomes: the smallest possible GDP loss vs. the smallest possible
poverty impact. A major limitation of optimisation is that it
is incompatible with uncertainty: we assumed a single level of
transmission for the period, and we evaluated expected outcomes
of the microsimulation model. This means we do not gain a sense
of the distribution over likely outcomes. Instead, we learn the
differences between “best case” scenarios, under the assumption
that transmission takes a particular value.

An alternative to attenuating transmission at the expense of
subjecting households to months of poverty exists in providing
targeted financial support through welfare transfers. We considered
how redistribution could be used to achieve comparable outcomes
in terms of averting poverty and protecting GDP. Using the
LFS and FIES data, we estimated that, at the upper end of the
income spectrum, there are around 10 million households whose
income is never below the line of poverty no matter the closure
of the sectors in our scenarios (Supplementary Figure S2). We
estimate that the amount by which their per-person non-work and
agriculture- and education-sector incomes exceed the threshold
for poverty is around 720 billion PHP over the six-month period.
Administration costs notwithstanding, redistributing 25% of this
income (180 billion PHP) of those not at risk of poverty would
keep all those in poverty or at risk due to closures above the line
of poverty in the case that the three-component social welfare
function is maximized. Thus, effective redistribution could be
used to address poverty which would allow closures to be used
to mitigate the epidemic. Modeling such a policy would require
consideration of its impacts on GDP in terms of consumption in
the near term and on inflation and debt obligations in the longer
term.

We estimate the opportunity cost of averting poverty to be
high. If, like education, failure to protect households from falling
into poverty results in costs that accumulate over the duration of
a lifetime, then the opportunity cost of not protecting households
from months of poverty will also be high. Making the case for the
distribution and redistribution of income in epidemic mitigation
will turn on the same arguments of moral imperatives and
political, fiscal, administrative and other constraints as in “normal”
times, where households suffer unexpected financial hardship.
The difference in an epidemic scenario is the macroeconomic
impact that comes from so many households experiencing financial
uncertainty and income losses at the same time. Viewed from
this angle, we conclude that ongoing efforts to reduce poverty
constitute pandemic preparedness in the sense that they build
society’s resilience to disasters (57, 58).

Data availability statement

The original contributions presented in the study are included
in the article/Supplementary material.

Ethics statement

Ethical approval was not required for the study involving
humans in accordance with the local legislation and institutional

Frontiers in Public Health 09 frontiersin.org

https://doi.org/10.3389/fpubh.2025.1662043
https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org


Johnson et al. 10.3389/fpubh.2025.1662043

requirements. Written informed consent to participate in this study
was not required from the participants or the participants’ legal
guardians/next of kin in accordance with the national legislation
and the institutional requirements.

Author contributions

RJ: Conceptualization, Data curation, Formal analysis,
Investigation, Methodology, Resources, Software, Validation,
Visualization, Writing – original draft, Writing – review &
editing. RC: Conceptualization, Data curation, Methodology,
Software, Writing – review & editing. CL: Conceptualization,
Data curation, Methodology, Software, Writing – review &
editing. TT: Conceptualization, Data curation, Methodology,
Writing – review & editing. MT: Conceptualization, Data curation,
Methodology, Writing – review & editing. CM: Conceptualization,
Data curation, Methodology, Software, Writing – review &
editing. PD: Conceptualization, Data curation, Methodology,
Software, Writing – review & editing. DH: Conceptualization,
Data curation, Methodology, Software, Writing – review & editing.
GF: Conceptualization, Data curation, Methodology, Writing
– review & editing. EdL-T: Conceptualization, Methodology,
Supervision, Writing – review & editing. JS: Conceptualization,
Methodology, Supervision, Writing – review & editing. KH:
Conceptualization, Funding acquisition, Methodology, Project
administration, Supervision, Writing – review & editing.

Funding

The author(s) declare that financial support was received for
the research and/or publication of this article. MT and EdL-T
would like to thank Ateneo de Manila University for the Research
and Creative Work Grant. TT would also like to thank Ateneo
de Manila University for the University Research Council Big
Project Grant. RJ, DH, CM, PD, GF, and KH acknowledge funding
from Community Jameel and from the MRC Center for Global
Infectious Disease Analysis (reference MR/X020258/1), funded
by the UK Medical Research Council (MRC). This UK funded
award is carried out in the frame of the Global Health EDCTP3
Joint Undertaking. RJ, PD, DH, GF, and KH also acknowledge
funding by Kenneth C Griffin. RJ and DH acknowledge funding
by the World Health Organization. KH is also funded by the
National Institute for Health and Care Research (NIHR) Health
Protection Research Unit in Modelling and Health Economics,
a partnership between the UK Health Security Agency, Imperial
College London and LSHTM (grant code NIHR200908). GF is also

supported by the Jan Wallanders and Tom Hedelius Foundation
and the Tore Browaldh Foundation grant No P19-0110. CM
acknowledges Schmidt Sciences for research funding (grant
code 6-22-63345).

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be
construed as a potential conflict of interest.

Generative AI statement

The author(s) declare that no Gen AI was used in the creation
of this manuscript.

Any alternative text (alt text) provided alongside figures in
this article has been generated by Frontiers with the support of
artificial intelligence and reasonable efforts have been made to
ensure accuracy, including review by the authors wherever possible.
If you identify any issues, please contact us.

Publisher’s note

All claims expressed in this article are solely those of the
authors and do not necessarily represent those of their affiliated
organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

Author disclaimer

The views expressed are those of the author(s) and not
necessarily those of the NIHR, UK Health Security Agency or the
Department of Health and Social Care.

Supplementary material

The Supplementary Material for this article can be found
online at: https://www.frontiersin.org/articles/10.3389/fpubh.2025.
1662043/full#supplementary-material

References

1. Blundell R, Costa Dias M, Cribb J, Joyce R, Waters T, Wernham T, et al. Inequality
and the COVID-19 crisis in the United Kingdom. Annu Rev Econom. (2022) 14:607–36.
doi: 10.1146/annurev-economics-051520-030252

2. Clark AE, D’Ambrosio C, Lepinteur A. The fall in income inequality during
COVID-19 in four European Countries. J Econ Inequal. (2021) 19:489–507.
doi: 10.1007/s10888-021-09499-2

3. Turok I, Visagie J. COVID-19 amplifies urban inequalities. S Afr J Sci. (2021)
117:2–5. doi: 10.17159/sajs.2021/8939

4. Arndt C, Davies R, Gabriel S, Harris L, Makrelov K, Robinson S, et al.
Covid-19 lockdowns, income distribution, and food security: an analysis for
South Africa. Global Food Security. (2020) 26:100410. doi: 10.1016/j.gfs.2020.
100410

Frontiers in Public Health 10 frontiersin.org

https://doi.org/10.3389/fpubh.2025.1662043
https://www.frontiersin.org/articles/10.3389/fpubh.2025.1662043/full#supplementary-material
https://doi.org/10.1146/annurev-economics-051520-030252
https://doi.org/10.1007/s10888-021-09499-2
https://doi.org/10.17159/sajs.2021/8939
https://doi.org/10.1016/j.gfs.2020.100410
https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org


Johnson et al. 10.3389/fpubh.2025.1662043

5. Blundell R, Costa Dias M, Joyce R, Xu X. COVID-19 and Inequalities. Fisc Stud.
(2020) 41:291–319. doi: 10.1111/1475-5890.12232

6. Cohen S, Chakravarthy S, Bharathi S, Narayanan B, Park CY. Potential
economic impact of COVID-19-related school closures. Asian Dev Bank. (2022).
doi: 10.22617/WPS220197-2

7. De La Maisonneuve C, Égert B, Turner D. Quantifying the
macroeconomic impact of COVID-19-related school closures through the
human capital channel. Economies. (2023) 11:289. doi: 10.3390/economies111
20289

8. Johnson R, Djaafara B, Haw D, Doohan P, Forchini G, Pianella M, et al. The
societal value of SARS-CoV-2 booster vaccination in Indonesia. Vaccine. (2023). 41:068.
doi: 10.1016/j.vaccine.2023.01.068

9. Sánchez-Páramo C, Hill R, Gerszon Mahler D, Narayan A, Yonzan N. COVID-19
Leaves a Legacy of Rising Poverty and Widening Inequality. (2021).

10. UNICEF. Children in Monetary Poor Households and COVID-19: Technical Note.
New York, NY: UNICEF (2020).

11. Philippine Statistics Authority. 2021 Full Year Official Poverty Statistics of the
Philippines. Quezon City: Phillipine Statistics Authority (2022).

12. Muñoz-Najar A, Gilberto A, Hasan A, Cobo C, Azevedo JP, Akmal M.
Remote Learning During COVID-19: Lessons From Today, Principles for Tomorrow.
Washington, DC: The World Bank (2021).

13. Mizunoya S, Avanesian G, Mishra S, Wang Y, Yao H. Education Disrupted: The
Second Year of the COVID-19 Pandemic and School Closures. Florence, Italy: UNICEF.
(2021).

14. Patrinos HA. The longer students were out of school, the less they
learned. J School Choice. (2023) 17:161–75. doi: 10.1080/15582159.2023.22
10941

15. Barron Rodriguez M, Cobo C, Muñoz-Najar A, Sánchez Ciarrusta I. Remote
Learning during the Global School Lockdown: Multi-Country Lessons. Washington, DC:
The World Bank (2020).

16. Azevedo JP, Hasan A, Goldemberg D, Aroob S, Koen Geven I. Simulating the
Potential Impacts of COVID-19 School Closures on Schooling and Learning Outcomes.
Washington: World Bank Group. (2020).

17. Hanushek EA, Woessmann L. The Economic Impacts of Learning Losses. Paris:
OECD. (2020).

18. Raitzer DA, Lavado RF, Rabajante J, Javier X, Garces L, Amoranto G. Cost-Benefit
Analysis of Face-to-Face Closure of Schools to Control COVID-19 in the Philippines.
Manila: Asian Development Bank (2020).

19. Save the Children. Philippines: Statement as One of the World’s Longest COVID-19
Related School Closures Ends. London (2022).

20. National Economic and Development Authority. COVID-19 Pandemic to Cost
PHP 41.4 T for the Next 40 Years. Mandaluyong City, Metro Manila: National
Economic and Development Authority (2021).

21. Moscoviz L, Evans DK. Learning Loss and Student Dropouts during the COVID-
19 Pandemic: A Review of the Evidence Two Years after Schools Shut Down. Washington,
DC: Center for Global Development. (2022).

22. The Department of Education. Enrollment Data, SY 2021-20. Pasig City:
Department of Education Planning Service. (2022).

23. Gavi, the Vaccine Alliance. 5 Reasons Why Pandemics like COVID-19 Are
Becoming More Likely. (2020).

24. International Monetary Fund. Database of Fiscal Policy Responses to
COVID-19. (2020). Available online at: https://www.imf.org/en/Topics/imf-and-
covid19/Fiscal-Policies-Database-in-Response-to-COVID-19 (Accessed August 29,
2023).

25. Reyes CM. The Philippines’ Response to the COVID-19 Pandemic: Learning from
Experience and Emerging Stronger to Future Shocks. Quezon City: Philippine Institute
for Development Studies. (2022).

26. Caldwell JM, de Lara-Tuprio E, Teng TR, Estuar MRJE, Sarmiento RFR,
Abayawardana M, et al. Understanding COVID-19 dynamics and the effects
of interventions in the Philippines: a mathematical modelling study. Lancet
Region Health - Western Pacific. (2021) 14:100211. doi: 10.1016/j.lanwpc.2021.
100211

27. Brooks-Pollock E, Danon L, Jombart T, Pellis L. Modelling that shaped the early
COVID-19 pandemic response in the UK. Philos Trans R Soc B: Biol Sci. (2021).
376:20210001. doi: 10.1098/rstb.2021.0001

28. de Lara-Tuprio EP, Estuar MRJE, Sescon JT, Lubangco CK, Castillo RCJT,
Teng TRY, et al. Economic losses from COVID-19 cases in the Philippines:
A dynamic model of health and economic policy trade-offs. Humanities and
social sciences communications. Humanit Soc Sci Commun. (2022) 9:111.
doi: 10.1057/s41599-022-01125-4

29. Haw D, Forchini G, Doohan P, Christen P, Pianella M, Johnson R, et al.
Optimizing social and economic activity while containing SARS-CoV-2 transmission
using DAEDALUS. Nat Comp Sci. (2022) 2:223–33. doi: 10.1038/s43588-022-
00233-0

30. Rubinstein A, Yeyati EL, Osornio AL, Filippini F, Santoro A, Cejas C, et al. An
Integrated Epidemiological and Economic Model of Covid-19 NPIs in Argentina. Growth
Lab Working Papers 201, Harvard’s Growth Lab.

31. UN Economic and Social Affairs. International Standard Industrial Classification
of All Economic Activities Revision 4. New York: United Nations (2008).

32. Robinson LA, Hammitt JK, O’Keeffe L. Valuing mortality risk
reductions in global benefit-cost analysis. J Benef-Cost Analys. (2019) 10:15–50.
doi: 10.1017/bca.2018.26

33. Cutler DM, Summers LH. The COVID-19 pandemic and the $16 trillion virus.
JAMA. (2020) 324:19759. doi: 10.1001/jama.2020.19759

34. Ananthapavan J, Moodie M, Milat AJ, Carter R. Systematic review to update
‘value of a statistical life’ estimates for Australia. Int J Environ Res Public Health. (2021).
18:6168. doi: 10.3390/ijerph18116168

35. Robinson LA, Sullivan R, Shogren JF. Do the Benefits of COVID-19 Policies
Exceed the Costs? Exploring Uncertainties in the Age-VSL Relationship. Risk Analys.
(2021) 41:761–70. doi: 10.1111/risa.13561

36. Palanca Tan R. Value of statistical life estimates for children in metro Manila,
inferred from parents’ willingness to pay for dengue vaccines. In: EEPSEA Research
Report rr2008081, Economy and Environment Program for Southeast Asia (EEPSEA)
(2008).

37. Viscusi WK, Masterman CJ. Income elasticities and global values of a statistical
life. J Benefit-Cost Analy. (2017) 8:226–50. doi: 10.1017/bca.2017.12

38. Saluja S, Rudolfson N, Massenburg BB, Meara JG, Shrime MG. The impact of
physician migration on mortality in low and middle-income countries: an economic
modelling study. BMJ Global Health. (2020) 5:1535. doi: 10.1136/bmjgh-2019-001535

39. Psacharopoulos G, Collis V, Patrinos HA, Vegas E. Lost Wages: The
Covid-19 Cost of School Closures. Washington: World Bank Group. (2020).
doi: 10.1596/1813-9450-9246

40. Vos R, Sánchez MV. A non-parametric microsimulation approach to
assess changes in inequality and poverty. Int J Microsimulat. (2009) 3:8–23.
doi: 10.34196/ijm.00021

41. Philippine Statistics Authority. Family Income and Expenditure Survey. (2018).

42. Philippine Statistics Authority. Labor Force Survey. Quezon: Philippine Statistics
Authority (2018).

43. Foster J, Greer J, Thorbecke E. The Foster-Greer-Thorbecke (FGT)
poverty measures: 25 years later. J Econ Inequal. (2010) 8:491–524.
doi: 10.1007/s10888-010-9136-1

44. Carter MR, Barrett CB. The economics of poverty traps and
persistent poverty: an asset-based approach. J Dev Stud. (2006) 42:178–99.
doi: 10.1080/00220380500405261

45. Rank MR, Eppard LM, Bullock HE. Poorly Understood: What America
Gets Wrong About Poverty. New York: Oxford University Press. (2021).
doi: 10.1093/oso/9780190881382.001.0001

46. Manderson L, Jewett S. Risk, Lifestyle and non-communicable diseases of
poverty. Globalizat Health. (2023) 19:13. doi: 10.1186/s12992-023-00914-z

47. Parreño SJ. School dropouts in the philippines: causes, changes and statistics.
Sapienza. (2023) 4:1–9. doi: 10.51798/sijis.v4i1.552

48. Cho Y, Johnson D. COVID-19 and Social Assistance in the Philippines: Lessons for
Future Resilience. Washington, DC: The World Bank. (2022).

49. Béraud G, Kazmercziak S, Beutels P, Levy-Bruhl D, Lenne X, Mielcarek N,
et al. The French Connection: the first large population-based contact survey in
France relevant for the spread of infectious diseases. PLoS ONE. (2015) 10:1–22.
doi: 10.1371/journal.pone.0133203

50. Jarvis CI, Coletti P, Backer JA, Munday JD, Faes C, Beutels P, et al.
Social contact patterns following the COVID-19 pandemic: a snapshot of
post-pandemic behaviour from the CoMix study. Epidemics. (2024) 48:100778.
doi: 10.1016/j.epidem.2024.100778

51. Haw DJ, Morgenstern C, Forchini G, Johnson R, Doohan P, Smith PC,
et al. Data needs for integrated economic-epidemiological models of pandemic
mitigation policies. Epidemics. (2022) 41:100644. doi: 10.1016/j.epidem.2022.
100644

52. Organisation for Economic Co-operation and Development, World Bank,
World Health Organization. Strengthening Pandemic Preparedness and Response
through Integrated Modelling. Washington, DC: World Bank (2024).

53. Sunstein CR. Valuing Life: Humanizing the Regulatory State. Chicago: The
University of Chicago Press. (2014).

54. Sweeney S, Capeding TPJ, Eggo R, Huda M, Jit M, Mudzengi D, et al.
Exploring equity in health and poverty impacts of control measures for SARS-CoV-
2 in six countries. BMJ Global Health. (2021) 6:e005521. doi: 10.1136/bmjgh-2021-
005521

55. Surendra H, Salama N, Lestari KD, Adrian V, Widyastuti W, Oktavia
D, et al. Pandemic inequity in a megacity: a multilevel analysis of individual,
community and healthcare vulnerability risks for COVID-19 mortality in Jakarta,

Frontiers in Public Health 11 frontiersin.org

https://doi.org/10.3389/fpubh.2025.1662043
https://doi.org/10.1111/1475-5890.12232
https://doi.org/10.22617/WPS220197-2
https://doi.org/10.3390/economies11120289
https://doi.org/10.1016/j.vaccine.2023.01.068
https://doi.org/10.1080/15582159.2023.2210941
https://www.imf.org/en/Topics/imf-and-covid19/Fiscal-Policies-Database-in-Response-to-COVID-19
https://www.imf.org/en/Topics/imf-and-covid19/Fiscal-Policies-Database-in-Response-to-COVID-19
https://doi.org/10.1016/j.lanwpc.2021.100211
https://doi.org/10.1098/rstb.2021.0001
https://doi.org/10.1057/s41599-022-01125-4
https://doi.org/10.1038/s43588-022-00233-0
https://doi.org/10.1017/bca.2018.26
https://doi.org/10.1001/jama.2020.19759
https://doi.org/10.3390/ijerph18116168
https://doi.org/10.1111/risa.13561
https://doi.org/10.1017/bca.2017.12
https://doi.org/10.1136/bmjgh-2019-001535
https://doi.org/10.1596/1813-9450-9246
https://doi.org/10.34196/ijm.00021
https://doi.org/10.1007/s10888-010-9136-1
https://doi.org/10.1080/00220380500405261
https://doi.org/10.1093/oso/9780190881382.001.0001
https://doi.org/10.1186/s12992-023-00914-z
https://doi.org/10.51798/sijis.v4i1.552
https://doi.org/10.1371/journal.pone.0133203
https://doi.org/10.1016/j.epidem.2024.100778
https://doi.org/10.1016/j.epidem.2022.100644
https://doi.org/10.1136/bmjgh-2021-005521
https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org


Johnson et al. 10.3389/fpubh.2025.1662043

Indonesia. BMJ Global Health. (2022) 7:e008329. doi: 10.1136/bmjgh-2021-
008329

56. Clarke C, Bonnet J, Flores M, Thévenon O. What are the economic
costs of childhood socio-economic disadvantage? Evidence from a pathway
analysis for 27 European Countries. J Econ Inequal. (2024) 22:473–94.
doi: 10.1007/s10888-023-09603-8

57. Hallegatte S, Vogt-Schilb A, Rozenberg J, Bangalore M, Beaudet
C. From poverty to disaster and back: a review of the literature. Econ
Disast Climate Change. (2020) 4:223–47. doi: 10.1007/s41885-020-00
060-5

58. SAMHSA. Greater Impact: How Disasters Affect People of Low Socioeconomic
Status. Rockville, MD: SAMHSA (2017).

Frontiers in Public Health 12 frontiersin.org

https://doi.org/10.3389/fpubh.2025.1662043
https://doi.org/10.1136/bmjgh-2021-008329
https://doi.org/10.1007/s10888-023-09603-8
https://doi.org/10.1007/s41885-020-00060-5
https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org

	Competing societal objectives in epidemic mitigation: a modeling study of COVID-19 in the Philippines
	1 Introduction
	2 Background
	2.1 Impact of the COVID-19 pandemic on poverty and education
	2.2 Pandemic mitigation

	3 Methods
	3.1 The model
	3.2 Social welfare function
	3.2.1 Life years lost due to COVID-19 deaths
	3.2.2 Education lost due to school closures
	3.2.3 GDP lost due to business closures
	3.2.4 Poverty due to business closures


	4 Results and discussion
	4.1 Other outcomes
	4.2 Opportunity costs of averting poverty
	4.3 Comparison with the first six months of COVID-19 in the Philippines

	5 Conclusions
	Data availability statement
	Ethics statement
	Author contributions
	Funding
	Conflict of interest
	Generative AI statement
	Publisher's note
	Author disclaimer
	Supplementary material
	References


	Button1: 


