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As the COVID-19 pandemic
continues, it disrupts economies,
jobs, education and health
systems worldwide.
To address the pressing challenges
in Indonesia, we have brought
together teams of interdisciplinary
researchers from both countries to
explore COVID’s impact on people.
We focus on three areas: health,
connectivity and economic
recovery.
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I am delighted to share our findings
from the Partnership for AustraliaIndonesia Research (PAIR)
COVID-19 Rapid Research series.

Recommendations���������������������������������P22

The report provides the policy
community with timely access to
the best available evidence.
It also responds to the Australian
Government’s Partnership for
Recovery strategy. The strategy
aims to understand and support
Indonesia as it deals with and
recovers from the COVID-19
pandemic.
Warm regards,

Eugene Sebastian
PAIR Program Director
The Australia-Indonesia Centre
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PROJECT AIMS

The aim of this project is
to create a model to help
governments decide how to
maximise economic activity while
controlling COVID-19.
In our model we suppose that we can implement two types of
governmental measures, either within a single province or between
two provinces. Both reduce the spread of the pandemic but
hinder economic activity. The model will find the best government
intervention for all provinces. With the data on the pandemic in
Indonesia, we will analyse the solutions provided by our model and
compare them with a baseline of no governmental intervention to
assess the methodology and model we have created.
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METHODOLOGY

In this section we
provide an overview of
our work and a detailed
description of our
models.
The report has been written so
that the reader can skim through
and choose which areas to
concentrate on, while still being
able to understand the subsequent
sections.

Overview

We want to answer
the questions: Which
measures can protect the
health of the population,
and what is the cost for
the economy?
To answer these questions, we need
to model economic activity and the
health of the population, as well as
the effect that measures have on
both.
Models of both pandemics and
economic activity have already been
studied extensively in isolation.
However, there has never been such
a compelling reason to jointly model
public health and economic activity
over a few months. To establish
a model that takes public health
and the economy into account,
we have reviewed the literature
to find the most relevant models
for COVID-19. First, the selected
models must be simple enough
that a model that combines them
remains tractable, i.e. numerical
results can be obtained with
reasonable run times. Second,
the selected health and economic
models must coincide so that they
can be combined. As a result, we
have chosen to combine two models
that have been formalised in their
respective literature as mixedinteger programming models.

Image credit: Vhi Rhi on Unsplash

Modelling with mixed-integer
programming
Mixed-integer programming (MIP)
refers to a set of techniques
for optimisation problems. An
optimisation problem is a function
to minimise or maximise (e.g.
minimising infections, maximising
GDP) by choosing the value of the
variables of the function within an
admissible domain (e.g. a curfew
time between 0 and 24). The
underlying idea behind an MIP is
that many optimisation problems
resemble each other and solving
them often requires the same
techniques, even if they arise in
different fields. Hence optimisation
is a field that concerns itself with
abstracting and solving optimisation
problems arising in other fields.
Not every optimisation problem can
be solved using MIP, but if it can, it
often means that it can be solved
much more easily than with an ad
hoc method. To model a problem
with MIP, one must define:
• Decision variables and their
domains, which correspond to
decisions that can change the
outcome of the problem. Each
variable is defined together with
a set of values it can take (e.g.
x ∈ {0,1} ).

• Constraints, which are
mathematical expressions
involving variables that restrict
the values that these variables
can take and thereby model
interactions between them
(e.g. x + y ≤ 1 ).
• An objective function – a
mathematical expression
involving variables that we are
seeking to minimise or maximise
depending on the problem (e.g.
max ( 2 x + z ) ).
Once variables, constraints and
an objective function are defined,
a mathematical model of the
optimisation problem is set. By
itself this is not very useful, but
if the variables, constraints and
objective functions follow some
mathematical principles, then the
model can be used in software
to solve the problem. With MIP,
the domains of the variables are
required to be an interval of the real
numbers, and the constraints are
required to be linear (in)equalities
over the variables, and the objective
function must be linear as well.
In the next section we present the
two MIP models we have selected
from the literature to model the
health and economic facets of our
problem.
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Selected health and economic
models

The two models we have
selected both model the
evolution over time and
over multiple regions
of either an infected
population or economic
output. Both of these
models can be expressed
with MIP, and therefore
easily combined.
Note that they are both a
simulation, in the sense that there
are no decisions to make. This will
change once we combine them and
allow for government intervention.
The susceptible / infectious /
recovered (SIR) epidemiology
model
Compartmental modelling has been
widely used to study the epidemics
of infectious diseases since its
introduction by Kermack et al.
(1927). A compartmental model
consists of two main elements:
compartments and the connections
between such compartments.
Each compartment of the model
represents the population of a
group of individuals with the same
condition with respect to the
considered disease during a specific
period of time. For instance, the SIR
model considers the following three
compartments:
• Compartment S: the susceptible
individuals.
• Compartment I: the infected
individuals who are capable of
infecting the available susceptible
individuals.
• Compartment R: the recovered
and removed individuals who
have gained immunity after
infection, and the deceased.
The SIR model is the base model
for many compartmental modelling
applications. The second element
of a compartmental model

comprises the connections between
compartments, which indicate
the possible patterns that can
occur for an individual during the
considered time period. In a typical
SIR model, there are two types of
connections. First, a connection
between the S and I compartments,
which represents the susceptible
individuals who become infected.
Second, a connection between
I and R compartments, which
represents the infected individuals
who become resistant to the
disease. Here, “resistant” means
that such individuals cannot
infect other individuals or become
infected themselves any more. The
framework of the basic SIR model is
shown in Figure 1.1.

Figure 1.1: The basic SIR model
A compartmental model simulates
the changes in the population
of its compartments during the
considered time period. The change
in the population of a compartment
between two successive time
periods is based on the number
of individuals that are transmitted
to and from this compartment
based on its relevant connections.
The number of individuals is
usually described by differential
equations and depends on various
parameters. In general, four factors
affect the transmission amount
over a connection between two
compartments: (a) the relative
population with respect to the
total population of the related
compartments, (b) the probability of
the occurrence of such connection;
for instance, an infected individual
eventually recovers or dies based
on a probability distribution, (c) the
average duration of a transition,
(d) the basic reproduction rate,
which states the expected number
of new infections that an infected
individual causes. This rate is
used to derive the infection rate
per person during a time period
and affects the transmission of

susceptible individuals to infected
individuals.
To capture the aspects of different
infectious diseases, studies extend
the base SIR model by adding
extra compartments, connections,
and/or proposing diseasespecific relations to describe
the transmission dynamics. One
common extension is to consider
a compartment between S and I to
model the incubation period. Such
compartments are usually shown
as compartment E and represent
the exposed individuals who are
not yet infectious (Hethcote, 2000).
Compartmental models with this
extra E compartment are usually
called susceptible / exposed
/ infectious / recovered (SEIR)
models. Based on COVID-19, we
consider a compartmental model
with the following assumptions:
• It’s an extension of the SEIR
model so it includes the
compartment E to model the
incubation period of COVID-19.
• Infected individuals have either a
mild or severe condition.
• Patients with a mild condition do
not require hospitalisation and
will recover. However, they are
capable of infecting susceptible
individuals.
• Patients with a severe condition
require hospitalisation. Moreover,
the recovery rate for such
patients is lower than patients
with the mild condition, and their
fatality rate is non-zero.
• The admission to hospital beds
and ICUs is dependent on the
available capacity. If there is
no available capacity for a new
patient, they will not be admitted.
The fatality rate of non-admitted
patients is higher than the
admitted patients with the same
condition.
We use and modify the SEIR
model proposed by Hogan et al.
(2020) for COVID-19. As we cover
multiple regions, we consider a
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compartmental model for each
region, where each compartmental
model includes nine compartments:
• Sti : number of susceptible
individuals in region i at time
period t
• Eti : number of exposed
individuals in region i at time
period t
• I tmi : number of patients with
mild condition in region i at time
period t
• I tni : number of patients with
severer condition in region i at
time period t
• H ti : number of occupied hospital
beds in region i at time period t
• Cti. : number of occupied ICUs in
region i at time period t
• Gti : number of patients with
severe condition that need a
hospital bed but not admitted in
region i at time period t
• J ti : number of patients with
severe condition that need an ICU
but not admitted in region i at
time period t
• Rti : cumulative number of
recovered patients in region i at
time period t
• Dti : cumulative number of
deceased individuals in region i
at time period t
The connections of each
compartmental model imply the
assumptions mentioned above. If a
susceptible individual becomes
infected after the incubation
period, they show mild or severe
symptoms based on a probability
distribution. In the case of a mild
condition, they recover based on a
recovery rate and duration. In
severe conditions, they require a
hospital bed or ICU based on a
probability distribution. If there is
available capacity, they are
admitted. If not, they are not
admitted, which increases their
fatality rate. Hospital beds’ capacity
and ICUs’ capacity are considered
separately. As we intend to propose
a mixed-integer program, we
consider linear equations to
describe the transmission
dynamics between the model
compartments. Such assumptions

have been considered by Büyüktahtakın et al. (2018) to model the
dynamics of the Ebola virus.
The following is our SEIR model for COVID-19: Let G = (V , E ) represent the
multi-region network where V is the set of regions and E the set of links or
borders between them. The considered time horizon is discretised into a
set of time periods T . The rest of the health parameters are:

In addition to state variables that represent the population of each
compartment of each region at a time period (compartments
Sti , Eti , I tmi , I tni , H ti , Cti , Gti , J ti , Rti and Dti as discussed), we define the following
auxiliary variables:

The health portion of the model may then be formulated as a linear
program:
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The health objective (1.1),
shorthand Z H , minimises the
cumulative number of deceased
individuals at the end of the time
horizon. Equations (1.2)-(1.5)
describe the changes in population
i
i
mi
of compartments St , Et , I t and
ni
I t over two consecutive time
periods. Constraints (1.6)-(1.8)
admit the new patients that need
a hospital bed based on available
hospital bed capacity in each
region. The rest will be assigned
to compartment Gti as equation
(1.12). Similarly, constraints (1.9)(1.11) admit the new patients
that need an ICU based on
available ICU capacity in each
region. The rest will be assigned
to compartment J ti as equation
(1.13). Equations (1.12) and (1.13)
describe the changes in population
of compartments Gti and J ti
over two consecutive time periods.
Equation (1.14) determines the
number of new exposed individuals
in each region at each time period.
It is assumed that non-hospitalised
infective individuals, whether
with a mild condition or severe
condition, are capable of infecting
the susceptible individuals of a
region. Equations (1.15) and (1.16)
keep the record of the cumulative
number of recovered and deceased
individuals of each region at
each time period. Variables are
introduced in (1.17).
The input-output economic model
Yu and Aviso (2020) champion the
use of economic input-output (IO)
models to analyse the economic
impact and ripple effects of
disease. In this approach, an
economy is divided into economic
sectors. A matrix of technical
coefficients is then used to
represent how the outputs of
one sector form the inputs to
another. In its most straightforward
application, IO modelling follows the
Leontief equation (Leontief, 1966):

(1.18)
=
x Ax + d

Where x is the vector of production levels across economic sectors, A
the matrix of Leontief coefficients and d the vector of final consumer
demand. Each element aij of A represents the number of units of output
from sector i required as input to create one unit of output from j . For
macroeconomic applications these are typically currency.
A natural extension of the standard IO model is the multi-region inputoutput model (MRIO), which maintains a version of each economic sector
per specific region in a multi-regional economy. While this leads to a
considerably larger technical coefficient matrix, a major benefit of MRIO
modelling is that it captures economic flows between regions. This is
important for understanding how economic problems in one region may
affect other regions.
Santos and Haimes (2004) suggest analysing the vulnerability of an
economic system by inoperability. Inoperability measures the dysfunction of
the system as a percentage of the planned production capacity. “Demandside inoperability” refers to inoperability from decreases in demand due to
an economic disturbance. We note that great effort has been expended to
develop Leontief-style equations that explicitly consider the inoperability of
economic sectors (rather than their production levels). Given the analytic
−1
solution x = ( I – A) d to the Leontief IO equation (1.18), it is easy to show
that the inoperability input-output model (IIM) is equivalent to comparing
solutions to the Leontief model with different demands (pre- and postdisturbance).
Haimes et al. (2005) extend the IIM of Santos and Haimes (2004) to the
dynamic inoperability input-output model (DIIM), which addresses the
temporal dynamic recovery of economic sectors. The DIIM is later used by
El Haimar and Santos (2015) to model economic recovery following a flu
pandemic. Haimes et al. (2005) give the discrete-time DIIM equation:

x ( t + 1) − x ( t ) = K  Ax ( t ) + d ( t ) − x ( t ) 

(1.19)

Where x ( t ) gives the production vector at time t , d ( t ) the final demand
vector at time t , A the technical coefficient matrix, and K the resilience
matrix. Note that it is assumed that K = diag ( k ) , with 0 < ki < 1 for each
sector i , with ki representing the recovery rate of sector i . How to
construct the resilience matrix K is given in Lian and Haimes (2006), and
is addressed in El Haimar and Santos (2015). The resilience coefficients
are constructed so ki ∝1 / ∑ j ≠ i aij , that is the more dependent sector i is
on other economic sectors, the less resilient it will be to disturbances and
the slower its recovery.
This DIIM is useful as it models the recovery of economic sectors from
production-side disruptions (Lian and Haimes, 2006). El Haimar and
Santos (2015) investigated the impact of a flu pandemic on interdependent
economic sectors for the Washington DC area and extended the DIIM
of Haimes et al. (2005) to model the effects of economic problems
and workforce absenteeism. The work in this area is largely confined to
examining the deterministic effects of disruptive scenarios, which are not
formulated as decision-making problems.
Under disruptions caused by a pandemic, production levels are constrained
and forces may decrease demand. These changes will act differently on
different sectors. The service industry may experience significantly reduced
demand while grocery stores may be unaffected or even see a rise in
demand.
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The following is our multi-region
DIIM for COVID-19 response in
Indonesia: Let G = (V , E ) represent
the multi-region network where
V is the set of regions and E
the set of links between them
(representing travel and trade).
As this is a discrete-time model,
let T denote the set of discrete
time periods spanning the solution
horizon. Recalling that under an
MRIO model, a version of each
economic sector is maintained for
each region. We will refer to these
as multi-region sectors and denote
them by the set L . For a particular
region i ∈V , Li ⊂ L denotes the
set of multi-region sectors specific
to that region. Additionally let
v denote the region containing
 L . Shifting now to the
sector ∈
particulars of the DIIM, let am
denote the number of units of
output of multi-region sector 
required as input to create one
unit of output from multi-region
sector m . Additionally, let d be
the amount of consumer demand
 L pre-COVID-19. We
for sector ∈
also let xˆ denote the production
 L pre-COVID-19
level in sector ∈
(noting of course that this may
be back-calculated from d̂
and the technical coefficients
ˆ ( I − A) −1 dˆ . The units of
by x=
both dˆ and xˆ are trillions of
Indonesian rupiah (IDR). Lastly, the
economic resilience of sector ∈
 L
is given by k (0 < k < 1).

The economic portion of the model may then be formulated by the linear
program:

E
Here the economic objective (1.20) Z minimises the demand shortfall
over the time horizon with respect to the original demand level, (1.21)–
(1.22) set the initial conditions, (1.23) models the dynamic inoperability IO
equation of Haimes et al. (2005) (see (1.19)) as a linear programming
constraint, (1.24) models the single-period IO flows, and (1.25) enforces
non-negativity.

We assume production levels
and consumer demand vary over
t
time. As such, let xl denote the
 L
level of production in sector ∈
during time period t ∈ T (trillions
of rupiah), d t the amount of
consumer demand for outputs of
 L in time period t ∈T
sector ∈
(trillions of rupiah), and δ t the
amount of demand shortfall in
 L in time period t ∈ T
sector ∈
(trillions of rupiah).
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Combining the two models and
making decisions

It now remains to devise
a combined version that
takes into account the
interactions between
the models and the
government’s response.
This is in two parts: firstly we
superimpose the health and
economic models; secondly we
model and integrate the impact
of the government’s pandemic
response.
How to superimpose the health
and economic models
Combining the health and economic
models straightforward as they’re
defined on a common network
G = (V , E ) modelling a common
set of regions (V ) and interregional links ( E ). As such, the two
models are already ‘speaking the
same language’ when modelling
the spread of the pandemic and

regional economies. As well as the common network, both models are
defined on a compatible set of discrete time periods. Here the health model
is defined on time periods T and the economic model on a sparser set T ,
with τ time periods in the health model for every period in the economic
model. Each time period for the health model corresponds to a single day
and each time period for the economic model a single week (τ = 7 ) . This is
discussed further in greater detail later in this report..
Given their shared network foundation and complementary time
discretisations, it remains to model the interactions between the two
models. In this study, we assume that the two models interact primarily
through workforce absenteeism – where sick individuals during the
pandemic can’t work until they have recovered, thereby eroding economic
production levels (see El Haimar and Santos, 2015). We assume that
absenteeism in a region is directly proportional to the number of
symptomatic individuals and model this via the constraint

where ηi is the population of region i . Aside from absenteeism, we do not
consider changes to production levels or consumer demand driven by other
consequences of the pandemic’s spread, though these could be considered
in a further extension to this work.
Lastly, we combine the two models’ objectives into a single weighted
objective function
min : wH Z H + wE Z E

where wH , wE ≥ 0 are the weights of the single health and economic
objective functions respectively.
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The combined models and their
decisions
In this study we focus on two types
of government intervention:
1. Public health policies. These
are restrictions enacted at a
regional level and may place
limits on production in economic
sectors to reduce the spread of
the virus: Let P denote the set
of public health policies, α p
the virus transmission rate in a
region under policy p ∈ P , σ p
the maximum production level
of multi-region sector  under
policy p (as a proportion of
original), and ωp the maximum
consumer demand for multiregion sector  under policy p
(as a proportion of original). We
assume that P contains a ‘do
nothing’ policy that leads to the
highest transmission rate.
2. Border restrictions. These are
placed on links between regions
and reduce or stop people’s
travel between regions. We
assume that restricting or closing
links between two regions will
prevent the transfer of virus, but
will have the effect of decreasing
economic flows. Let π denote
the maximum inter-regional
economic flow possible under
such a link closure. Our model
does not include considerations
of international travel.
To model the implementation of
public health policies and border
restrictions we define the following
variables:
• uipt Binary variable equal to 1 if
policy p is applied to region i in
time period t and 0 otherwise,
• yijt Binary variable equal to 1 if
link (i, j ) is open in time period t
and 0 if closed.
The value of yijt is not necessarily
equivalent to the value of y jit .
Note that this method of modelling
pandemic responses is a decision
problem, not a simulation. Rather
than requiring certain criteria for

a public health policy to be enacted in a region, under an optimisation
approach the model makes decisions on the basis of what will improve the
value of the objective function.
Using these new variables, we model the impact of public health
policies and border restrictions on the economy via the constraints:

Constraint (1.28) enforces restrictions on economic flows due to border
closures, constraints (1.29) and (1.30) model production and demand
restrictions due to health policies and (1.31) ensures only one policy may
be active at a time in any region. To model the impact of these decisions on
the spread of the pandemic we introduce the variables:
• bipt Number of new exposed individuals under policy p in region i at
time period t ,
• qijt Number of individuals from region i that infect individuals in region
j at time period t .

With these additional variables, we can now integrate the pandemic
response decisions with the health side of the model. First, we update
existing constraints (1.2) and (1.3) to reflect the updated three-index
version of b :

and subsequently add the new constraints:

Constraints (1.34) and (1.35) replace (1.14) to model transmission
between regions, constraints (1.36) and (1.37) work together to link the
values of uipt and bipt , and M is a sufficiently large big-M value.
Finally, we introduce constraints to manage how health policies are
enacted. We assume health policies become less severe over time. That is,
restrictions can only be ramped down over time – it is not possible to start
with low and move to higher restrictions, nor iterate between periods of
high and low restrictions.
Assuming that the set of policies P is ordered from least to most restrictive,
then the following constraints enforce this behaviour of health policy
rollout:
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The full model is then given by the mixed integer program:
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A N A LY S I S A N D R E S U LT S

Setting up the experiment

This section describes
the process of creating
the baseline dataset
used to generate our
final results.
The primary aims of the dataset are
to assess the efficacy of the model,
its difficulty as a mixed-integer
program, and to determine the
types of decision-making insight
that may be obtained from such a
modelling approach. Care has been
taken to use real-world data where
it exists, with reasonable estimates
taken in its absence. Such
estimates are explicitly noted in the
remainder of this section and relate
primarily to the set of hypothetical
government interventions.
Choosing the right data and model
granularity
In choosing the sources and
granularity of data, it is important
to balance data availability,
modelling accuracy and the size
of the problem so that the model
remains tractable.

Bali, Eastern Indonesia, Jakarta, Java, Kalimantan, Papua, Sulawesi and
Sumatra. We assume the set of links E corresponds to pairs of regions
E {( i, j ) : i ∈ V , j ∈ V , i ≠ j} ). Individual economic sectors
in V (that is, =
are also informed by the input-output data and include agriculture,
construction, finance, manufacturing, mining, services, trade and hotel,
transport and communication, and utilities. Given the economic model
covers many regions, the set of multi-region sectors L includes a version
of each of these sectors for each region. Though primarily determined
by current data availability, this set of eight regions and nine economic
sectors is also convenient from a problem size perspective as it allows for
progress to be made by the mathematical solver technology while retaining
contextual meaning.
As there is limited data on the health and economic impacts of government
responses in Indonesia, hypothetical scenarios were used to assess
the viability of the model. Three hypothetical public health policies were
included: a do-nothing policy, called ‘none’, exhibiting the highest infection
rate but no changes to economic demand or production levels, a ‘light’
policy that places some restrictions on the services and trade and hotel
sectors but decreases the transmission rate, and a harsher but more
effective policy, ‘medium’, which places restrictions on construction,
manufacturing, and transport and communication in addition to increasing
the severity of restrictions on services and trade and hotel.
Data collection
The optimisation model in this study depends on health, economic and
public health policy data. The health data was taken largely from Walker et
al. (2020) on COVID-19. For the purposes of this study, it was assumed that
all SEIR parameters were the same across the different regions of interest.
The values of the SEIR parameters are given below.

The health data used in the dataset
is informed by SEIR modelling work
available on COVID-19. Preliminary
investigations suggested that a
daily timescale was necessary
to capture realistic behaviour in
the health model, with a weekly
time scale used for the economic
model (τ = 7 ) . This allowed for an
appropriate amount of accuracy
in the health model without overly
granular economic decisions.
The choice of granularity for the
model is largely informed by the
availability of data: specifically IO
tables for Indonesia. This table
was chosen for being recent and
robust. As dictated by the IO data,
the set of regions V consists of
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Additional to the SEIR data, the
health capacity information
(specifically the hospital bed
capacity Ωi and ICU capacity Ψ i for
each region i was based on health
capacities of the Sulawesi region
(420 available hospital beds and
35 available ICUs). The capacities
for other regions were estimated to
be proportional to population, using
Sulawesi as the baseline. These
estimates are given in Table A.
Additionally, under the hypothetical
public health policies the virus
transmission rate α p was taken to
be 0.53 for the “None” policy, 0.51
for the “Light” policy, and 0.47 for
the “Medium” policy. The travel
effect coefficient mij was taken as
0.005 for all links in E .

Economic resilience was estimated using the formula of Haimes et al.
(2005, Equation 47):

In the absence of hard inoperability data for COVID-19 in Indonesia we
estimate qt ( 0 ) = 0.99 , qt (T ) = 0.4 , and T = 4 for all multi-region sectors.
The resilience of each multi-region sector is thereby primarily informed by
the value of a – the dependence of each sector on its own output.
Finally, we consider the impact of the three public health policies on the
various multi-region sectors. We assume that the effect of a policy on an
economic sector is independent of region, with the values summarised in
Table B. For border restrictions, the maximum inter-regional economic flow
possible under a link closure, denoted π , was taken to be 0.8.
None

Light

Medium

σ p

ωp

σ p

ωp

σ p

ωp

Agriculture

1

1

1

1

1

1

All

Construction

1

1

1

1

1

1

All

Finance

1

1

1

1

1

1

All

Manufacturing

1

1

1

1

1

1

Region

Sector

All

Region

Ωi

Ψi

Bali

102

9

Eastern Indonesia

249

21

Jakarta

232

20

All

Mining

1

1

1

1

1

1

Java

3404

284

All

Services

1

1

0.90

0.90

0.90

0.90

Kalimantan

384

32

All

Trade and Hotel

1

1

0.95

0.95

0.95

0.95

Papua

85

8

All

Transp. and Comm.

1

1

1

1

1

1

Sulawesi

420

35

Sumatera

1217

102

All

Utilities

1

1

1

1

1

1

Table A: Estimated hospital bed
and ICU capacities for different
Indonesian regions

Table B: Economic impacts of hypothetical public health policies.

The input-output data for this study
was taken from the paper by
Faturay et al. (2017) who developed
an input-output database for
Indonesia. The matrix of technical
coefficients was computed by
dividing the intermediate flows in
the input-output table (for the year
2010) by the column total. To avoid
numerical issues, the matrix of
technical coefficients was
sparsified such that any element
less than 10−5 was set to 0. The
demand for each multi-region
sector was taken directly from the
input-output table (taking the sum
across all sources of consumer
demand for each multi-region
sector), and converted to trillions of
Indonesian rupiah.
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Image credit: UX Indonesia on Unsplash

Solving the model

Next we discuss
the approach to
implementing and
solving the integrated
MIP model.
We describe the steps for using
MIP to solve our integrated model
and elaborate our considerations
in implementing and solving the
integrated model.
The mixed-integer programming
technology
The procedure of solving an MIP
must consider:
• Data. The input data determines
the values of the parameters of
the model. The procedure we
used to prepare the data was
explained earlier in the report.
• The mixed-integer program. The
MIP encodes the problem using
the objective function, constraints
and decision variables. We use
the integrated model presented
earlier.
• Software. Two types of software
are required to solve the model:
a programming language to

implement the MIP model and a
solver that uses conventional MIP
algorithms to solve the models.
• Hardware. The standard personal
computer is powerful enough to
solve the optimisation problem.
Next we explain the considerations
and assumptions in implementing
the integrated model.
Experimental considerations
We implement our MIP model using
Python 3.6 and Gurobi as the MIP
solver. Gurobi is a general-purpose
solver for a range of optimisation
models including MIP models
(Gurobi Optimization, 2020). We
run our experiments on a computer
with four cores and 16GB RAM.
We perform a set of preliminary
experiments to tune the solver
settings to the best performance
for our MIP model. We deem 12
hours enough for each experiment
based on the preliminary results.
Each experiment is solving the MIP
model under a specific strategy and
weights for the objectives.
As the integrated model is
complicated, we consider some
simplifications that allow us to
obtain satisfactory solutions. These
simplifications comprise:

• Strategies that fix the value of
some decision variables. Such
strategies reduce the number of
potential solutions, tentatively
eliminating solutions of poor
quality thus leaving more time
for the identification of good or
optimal solutions. We present
these and their implications later
in the report.
• The ramp-down strategy for public
health policies as described
previously. Constraints are
added to the model based on
the preliminary experiments. The
optimal strategy for the health
model, independently from the
economic model, is to impose the
most severe policy over the entire
time horizon. However, if we
force the health model to use all
types of policies during the time
horizon, the trend of imposed
policies in the optimal solution is
a ramp-down strategy. Therefore,
the ramp-down strategy is a
health-optimal strategy, so
we add constraints (1.38) and
(1.39) to the integrated model.
This ensures that the strategies
proposed by the integrated
model are always health-optimal.
Moreover, it benefits the solver for
solving the model as it reduces
the search space size.
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Result analysis

We now present and
discuss the results and
insights obtained by
solving our MIP model.
We investigate the tradeoff between the health
and economic objectives
under different
scenarios.
The two types of government
intervention discussed previously
link the health and economic
models. The conflicting nature of
the health and economic objectives
makes the problem complicated.
Therefore, we start with simple
scenarios for which the current
technology is able to provide
optimal solutions. In each scenario,
a set of decisions is predetermined
and fixed. The mathematical model
optimises other decisions.
If border restriction decisions
and public health policies are
predetermined, the health and
economic models become
independent and can be solved
easily. We first consider simple
scenarios where all borders are
open or closed during the entire
time horizon and the same public
health policy is imposed in all
regions over the same period. As
borders can be open or closed
and we consider three levels of
public health policies, there are
six scenarios in all. Since these
scenarios fix both intervention
decisions, the integrated model
becomes a tool that estimates the
health and economic implications
of the scenario. The summaries
of these scenarios are shown in
Table C. Each cell in the table
corresponds to the value of health
and economic objectives under
one of these six scenarios. The
first number in a cell corresponds
to the value of the health objective
(total number of deceased
individuals), and the second
number corresponds to the value

of the economic objective (demand shortfall in trillions of rupiah). The
corresponding row of a cell determines if the borders are fixed to be open
or closed over the time horizon and the corresponding column of that cell
determines the public health policy that is imposed in all regions over the
entire time horizon, set to six months.
Based on Table C, under the loosest plan, the total number of deceased is
projected to be 17,558 while the economic shortfall is relatively small. The
economic shortfall is non-zero because of the absenteeism of workers who
are exposed to COVID-19.
Fixed decisions

‘None’ policy

‘Light’ policy

’Medium’ policy

Open borders

17,558 − 0.4

5,074 − 90.3

1,153 − 386.7

Closed borders

5,915 − 791.0

2,238 − 791.0

780 − 791.0

Table C: Health and economic objective values under different scenarios,
where all intervention policies and border restrictions are fixed in each
scenario as an input. The first number in each cell shows the value of
the health objective (total number of deceased), and the second number
shows the value of the economic objective.
On the other hand, under the strictest plan, our model estimates that
16,767 lives could be saved. This plan imposes a huge cost to the
economy: about 10 percent of GDP over a year. Indonesia’s GDP is about
15,000 trillion rupiah. These numbers give a range in which the health and
economic objectives can change in our model, once we look for optimal
solutions rather than evaluating fixed simple strategies as in Table C.
Table C also suggests that closing borders incurs a huge cost to the
economy regardless of the health policies imposed. In terms of saving lives,
keeping borders open and imposing the light policy is almost as effective
as closing borders and imposing no policy. However, the former brings a
much smaller economic cost. This shows the significant impact of imposing
public health policies in regions on the number of deaths. Similarly, when
the medium policy is applied in all regions, the effectiveness of closing
borders in saving lives is almost the same as keeping the borders open, but
the economic toll is roughly halved.
The results of Table C show six scenarios. However, they also indicate the
varied effectiveness of different plans. Our model searches among a huge
number of possible plans in which regions’ public health policies can be
different from each other and change over time. Border restrictions can
differ for each border and change over time. We use our model and employ
MIP technology to solve it. We consider strategies for which the current
technology is able to provide optimal solutions. In these, the public health
policies in all regions are fixed and predetermined, and the model decides
what each border restriction must be over the considered time horizon. We
consider broader strategies for which the model decides both public health
policies and border restrictions. As the current technology can’t provide
optimal solutions for these strategies, we present some preliminary results
that indicate the potential use of our integrated model.
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Simple strategies
We now evaluate three simple
strategies in which the public
health policies are predetermined
and fixed, and the integrated model
decides on border restrictions. The
first strategy imposes and fixes the
‘none’ policy on all regions over the
entire time horizon. The second
and third strategies impose and fix
the ‘light’ and ‘medium’ policies on
all regions over the time horizon,
respectively. The integrated model
decides the border restrictions to
optimise the integrated objective
function. Because of the border
restrictions, the health and
economic models are interrelated
and so we consider the integrated
model. This model has an
integrated objective function, which
is a weighted summation of the
H
E
health ( Z ) and economic ( Z )
objectives. The weights chosen for
each objective significantly affect
the results as they determine
the degree of emphasis on the
health and economic objectives.
So we introduce a range for these
weights to cover various cases.
We consider that the weight of the
economic objective is always equal
to 1 ( wE = 1) , but five possible
values – 0.05, 0.1,1, 5 and 10 – are
considered for the health objective
( wH ∈ {0.05, 0.1,1, 5,10} ).
This results in five cases for
each strategy, which include a
case with high emphasis on the
health objective ( wH = 10 ) and a
case with high emphasis on the
economic objective ( wH = 0.05 ) .
The summary of results is shown
in Figure 1.2. Each point in the
figures corresponds to the solution
of the integrated model under a
fixed policy and a relative weight
for the objectives. The value on
the x-axis shows the value of the
health objective and the value
on the y-axis shows the value of
the economic objective in the
corresponding solution.
Figures 1.2a-1.2c show the
trade-off by changing the relative

Figure 1.2: Trade-off between the economic and health objectives. To
obtain these results, a public health policy is fixed in all regions over the
entire time horizon, and the mathematical model makes the decisions
for border restrictions.
weight of two objectives, which offers a baseline for evaluating different
strategies. Figure 1.2d displays the summary of these three strategies
together, which indicates some strategies are dominated by others. For
E
H
w=
1 are considered for the
example, when balanced weights of w=
objectives, the strategy that imposes the ‘none’ policy in all regions over
the entire time horizon is dominated by others.
We now compare the results of Figure 1.2 with Table C. The integrated
model searches among a huge number of possibilities for border
restrictions and so can provide better strategies that offer a trade-off
between health and economic objectives. Consider the strategy that
imposes the ‘none’ policy. Based on Table C, closing all borders results
in a total of 5,915 deceased and a 791 trillion rupiah demand shortfall,
while opening all borders increases the number of deaths to 17,558 and
reduces the demand shortfall to 0.4 trillion rupiah. However, the solution
of the integrated model (the point corresponding to the relative weight of
0.05 in Figure 1.2a) suggests a strategy that reduces the death toll from
the highest possible by almost 50 percent and comes at a small cost of
56.7 trillion rupiah to the economy. Also consider the strategy that imposes
the ‘light’ policy over the entire time horizon. Based on Table C, closing
all borders results in a total of 2,238 deceased and a 791 trillion rupiah
demand shortfall, while opening all borders increases the number of
deaths to 5,074 and reduces the demand shortfall to 0.4 trillion rupiah.
However, the solution of the integrated model suggests a strategy that
saves almost as many lives as closing all borders but at a significantly
smaller cost (498.5 trillion rupiah). The same happens for the strategy of
the integrated model with the relative weight of 1 when the ‘medium’ policy
is put in place over the entire time horizon compared to the same policy in
Table C.
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Time period

S1

S2

S3

1

21

21

35

2

21

21

35

3

21

21

35

4

21

21

35

5

21

21

35

6

21

21

35

7

21

21

35

8

21

21

35

9

21

21

35

10

21

21

35

11

21

21

35

12

21

21

35

13

21

21

35

14

21

21

35

15

21

21

28

16

21

21

28

17

21

21

28

18

21

21

28

19

19

14

28

20

19

14

28

21

19

7

21

22

19

7

21

23

19

7

21

24

19

7

7

25

19

7

7

26

19

7

7

We selected three solutions (Figure 1.2d) to present the details of the
closed borders in the following cases as they are on the frontier of the
trade-off between health and economic objectives.
• S1: the strategy that imposes the “none” policy over the entire time
horizon, and considering the weights wE = 1 and wH = 0.05 for the
objectives.
• S2: the strategy that imposes the “light” policy over the entire time
horizon, and considering the wE = 1 and wH = 0.05 for the objectives.
• S3: the strategy that imposes the “medium” policy over the entire
time horizon, and considering the weights wE = 1 and wH = 1 for the
objectives.
Table D shows the number of closed borders at each time period in the
solution of the integrated model for cases S1, S2 and S3. As there is a
six-month time horizon and weekly time periods for intervention decisions,
there are 26 time periods. We consider eight regions with 56 borders.
Based on Table D, in all solutions at first a number of borders are closed,
and as time passes and the epidemic subsides, the borders open. As
S1 and S2 focus more on the economic objective, the number of closed
borders is fewer. It is interesting that the status of borders (closed or open)
changes at most once during the time horizon in solutions to all three
cases. For instance, all 21 closed borders in S1 during the time periods
1-18 are the same. Then, two of them open and the others remain closed
for the rest of the period. The same trend happens in S2 and S3. Such
trends show that the integrated model provides practical solutions, which
makes the implementation of the suggested plans feasible.

Table D: Total number of closed
borders at each time period in
three selected solutions of the
integrated model under simple
strategies.

Sumber gambar: Mufid Majnun, Unsplash
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Simultaneously-optimised
strategies

In this section we
do not consider any
predetermined decisions
for intervention
strategies. Therefore the
integrated model decides
on both public health
policies and border
restrictions.
We call the cases considered
in this section simultaneouslyoptimised strategies as they let
the model optimise both aspects
of intervention. As this problem is
difficult for the current technology
to solve to the optimality, we
present preliminary results and
indicate the potential use of the
integrated model.
The summary of results is given
in Table E. Each row corresponds
to the solution of the model
considering a specific relative
weight for the integrated objective
in the first column. In all cases,
the weight of the economic
objective is equal to 1. Hence, the
first column reports the weight
of the health objective in each
case. The column Integrated
objective shows the value of the
weighted integrated objective
in the corresponding solution.
The third column reports the
optimality gap of the corresponding
solution. The optimality gap of
an optimal solution must be
equal to 0 percent. Therefore,
the solutions could be improved
further (up to their optimality gap
at the maximum). This shows
the need for more sophisticated
tools to solve complex cases such
as simultaneously-optimised
strategies.
Although the solutions reported in
Table E are not optimal, in some
cases they are on the Pareto
frontier that is formed by the simple
strategies introduced earlier. Recall

that each of these strategies enforces a public health policy over the entire
time horizon as a predetermined decision, and leaves the border restriction
decisions for the model. Figure 1.3 shows the solutions of the model for the
simultaneously-optimised strategy using different relative weights (Table
E) with the solutions for simple strategies in Figure 1.2d. The solutions in
Table E are non-dominated and on the Pareto frontier in three cases: the
cases with the relative weights of 0.05, 0.1, and 1. Therefore, although
the current technology is not able to provide optimal solutions for the
simultaneously-optimised strategy, it can provide non-dominated solutions
in some cases. Such solutions benefit decision-makers by providing a
broader range of strategies.
Objectives relative
weight

Integrated
objective

Optimality gap

ZH

ZE

10

11,308

74%

1,055

753

5

5,678

71%

1,022

568

1

1,540

72%

1,153

387

0.1

490

72%

1,585

332

0.05

312

72%

4,304

97

Table E: The solutions of the integrated model for the simultaneouslyoptimised strategies.

Figure 1.3: Trade-off between the economic and health objectives under
different strategies. ‘Medium’, ‘light’ and ‘none’ refer to strategies that
impose the corresponding public health policy over the entire time
horizon as a predetermined decision so the integrated model decides
on the border restrictions. Simultaneously-optimised strategy refers
to the strategy that does not consider any predetermined decision and
therefore, the integrated model makes all intervention decisions.
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The results we present demonstrate
the importance of such models, given
the magnitude of difference between
the various solutions it can produce:
we evaluate that heavy governmental
intervention can save about 35,000
lives a year,

In the worst case it would trigger
a substantial decline in the economy
(about 10 percent of GDP in our model).
Image credit: Fiqri Aziz Octavian on Unsplash
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C O N C L U S I O N A N D R E C O M M E N DAT I O N S

This is the first principled integration of two state-ofthe-art models in the field of public health and economic
modelling. The results demonstrate that optimised
government intervention can save a significant number of
lives at a comparatively small economic cost.
There are limitations to our work.
The data we have obtained comes
from different sources, and may
not be harmonised. We also had to
estimate some data that we could
not find.
This does not alter the general
conclusion from our study, but the
exact solutions and numbers we
find should not be used to make any
real-world public health decisions.
Finally, the solutions we present are
not all proven to be optimal, hence
we cannot make definite assertions,
even under the assumptions of our
model.
The results we present demonstrate
the importance of such models,
given the magnitude of difference
between the various solutions it can

produce: we evaluate that heavy
governmental intervention can save
about 35,000 lives a year, but in
the worst case it would trigger a
substantial decline in the economy
(about 10 percent of GDP in our
model).
One aspect that our model does
not take into account is the
short-to-long-term public health
consequences of such an economic
downturn. It is possible that a sharp
economic fall could have direr
health consequences for Indonesia
than COVID-19. But our model also
reveals that many other solutions
involving more parsimonious public
health measures offer different
trade-offs, which might lead to more
lives being saved.

This area of research requires more
investigation, as current technology
is unable to solve the models we
have designed. There are several
ways to potentially improve the
solutions that can be found. First,
the model itself could be improved
to work with the software. Second,
the solving software itself could
be better used or parameterised.
Third, the solving software could be
extended to better handle problems
such as ours. Fourth, different
solving techniques could be
employed to tackle our models.
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