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Abstract: The impacts of shock events frequently cascade beyond the primarily affected sector(s),
through the interdependent economic system, and result in higher-order indirect losses in other
sectors. This study employed the inoperability input–output model (IIM) and the dynamic IIM (DIIM)
to model recovery of sectors after a shock event and quantify associated total losses. Considering data
limitations and uncertainties regarding sectoral recovery time, a key variable in DIIM, a probabilistic
approach is used for modelling uncertainty in recovery times. The event analyzed is the 2011 oil
refinery fire accident in Pulau Bukom (PB) island, Singapore, which caused the refinery to shut
down for 11 days and be partially operational for several days thereafter. The impacts are assessed
using the regrouped 15-sector Singapore IO data of year 2010, with manufacturing sector as the
directly affected sector. The initial economic impact of the PB refinery fire is assessed in the top-down
framework using the refinery’s contribution to the manufacturing sector and nation’s GDP. The
higher-order losses are quantified considering different recovery paths for the directly affected sector
and accounting for its inventory. Simulation experiments using synthetic IO tables are also carried out
to understand relationship between recovery characteristics of directly and indirectly affected sectors.
The results from IIM analysis show that the indirect losses are about 35–38% of direct losses. The
DIIM analysis reveal that the utilities sectors (e.g., electricity, water supply and treatment) suffer the
largest inoperability among indirectly affected sectors for a given direct damage to the manufacturing
sector. The results also illustrate the dependence of overall losses on the recovery path of the directly
affected sector, and associated uncertainties in sectoral recovery times.

Keywords: indirect impacts; input–output analysis; inoperability; inventory; recovery dynamics;
uncertainties

1. Introduction

The impacts of disasters are not just limited to stock damages and direct flow losses, but
also include indirect losses because of interdependent physical and economic systems [1–4].
Due to increasingly interdependent infrastructure and social, and economic systems, a
shock-event-induced disruption in one system can rapidly cascade to other systems and
increase total losses [5–9]. The indirect loss component can vary considerably depending
on the dynamics of the recovery process, which further depend on the pace of restoration
and reconstruction efforts and the strength of interdependencies among different systems.
For example, at the aggregated scale of economic sectors, the recovery dynamics depend on
factors such as linkages with the primarily affected sector(s) and associated supply–demand
imbalances, access to labor supply and critical infrastructure services, and availability of
substitutes [10,11]. Because of the multitude of interacting and often uncertain factors, there
is a significant uncertainty in modelling the overall recovery process, which propagates
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into estimates of indirect losses. For Hurricane Sandy, Kunz, et al. [7] estimated that a
direct loss of 9.4 billion in the manufacturing sector led to an indirect loss in the range
of $1.4–5.6 billion depending on recovery scenario. For two simulated flood scenarios in
Northern Italy, Koks, et al. [12] showed that economic loss estimates depend strongly on the
recovery path, especially in the affected region. The indirect loss due to the 2008 Sichuan
earthquake was estimated to be about the same as the direct loss for Sichuan province but
was more than twice that at the national level [13].

The above highlights the importance of modelling the propagation of shock-induced
production and service disruptions and associated recovery uncertainties when charac-
terizing the resilience of a system to shock events. A thorough understanding of the
interdependencies and their effect on shock propagation under different recovery scenarios
will benefit risk management practices as well as supporting decision makers by providing
an integrated, system-wide view of disaster impacts. The current paper recognizes this and
analyses the impact of recovery dynamics and uncertainties on overall loss estimates using
a real case of an oil refinery fire accident in Singapore. The fire accident on Singapore’s
Pulau Bukom (PB) island caused the refinery to shut down for 11 days and be partially
operational for several days following the fire, [14]. This study accounts for sectoral inter-
dependencies as well as multiple recovery paths and investigates the role of preparedness
measures (e.g., inventory) while quantifying the range of overall losses from the refinery
accident to the individual sectors and to the economy.

The input–output (IO) and computable general equilibrium (CGE) models are the two
widely used approaches to assess indirect economic losses due to a disaster [12,15–17]. The
IO database provides a detailed empirical representation of the flow of goods and services
among interdependent industrial sectors and end users [18,19]. The IO models are thus
well-suited to understand sectoral interdependencies and offer simple yet elegant means to
examine how a disruption in one sector propagates among sectors and into the economy.
However, IO models have well-known limitations such as rigid structure, linearity of
interdependencies, and lack of substitution among inputs [20,21]. Despite these caveats,
IO models have been used extensively in disaster analyses, where they are extended and
integrated with engineering, econometric, and network-based models [17,22]. CGE models,
on the other hand, are more flexible than IO models, as they can accommodate nonlinear
production and consumption functions, input and import substitution possibilities, resource
constraints, and consumer behavior in response to, e.g., changes in prices [23–25]. However,
the CGE models are complex and data intensive, with required data difficult to obtain for
many disaster scenarios [20,25,26].

In this study, we use the inoperability IO model (IIM) and its temporal extension, the
dynamic inoperability IO model (DIIM) [27,28], which are widely used for disaster impact
analysis, including the impacts of pandemics [29,30], floods [31,32], landslides [33], and
power outages [34,35]. Section 2 describes the models and uncertainties used in this study.
The IO data and the overall cost and use structure of production in Singapore are described
in Section 3. The PB refinery fire and its initial impact are described in Section 4, while
its higher-order impacts on the economy obtained via static and dynamic IO models are
discussed in Section 5, including effects of recovery shape. This is followed by concluding
remarks in Section 6.

2. Methodology

A short description of the classical Leontief IO model [18,19] is provided first as it
forms the basis for the models used in this study.

2.1. Leontief IO Model

The main components of the Leontief IO framework are the intersectoral transactions
(e.g., purchases, sales by sectors during production), the primary inputs (e.g., labor, capital),
and the final demand of the end users. At equilibrium, the Leontief IO model is written
as x = A·x + f [19], where x is a vector storing annual economic output of each sector,
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A is the technical coefficients matrix, and f is a vector containing the final consumption
requirements of the end users. Each element aij in A quantifies the amount of input required
from sector i to sector j to produce a dollar output of sector j. The above equation can
be rearranged as x = (I−A)−1f, where (I−A)−1 is called the total requirements matrix
or the Leontief inverse. If the initial effect of a shock event is quantified in terms of a
change in the final demand ∆f, then the overall economic impact ∆x induced by ∆f is
computed using:

∆x = (I−A)−1∆f (1)

2.2. Inoperability IO Model (IIM)

Building upon the Leontief IO model, Haimes and Jiang [36] proposed the IIM for
interconnected infrastructure systems, which was refined by Santos and Haimes [37] by
modelling interdependencies using readily available economic transactions data. Inoper-
ability is defined as the inability of a sector to produce its planned output. If xi and x̃i are
outputs of sector i under normal and disrupted scenarios, respectively, then inoperability
qi is the ratio of unrealized to planned production, (xi − x̃i)/xi, with 0 ≤ qi ≤ 1. The
demand-reduction IIM is written as q = A∗·q + c∗ and rearranged as [37]:

q = (I−A∗)−1c∗ (2)

A∗ is the interdependency matrix obtained as A∗ =
^
x
−1

A
^
x, and c∗ is the normalized

demand perturbation vector obtained as c∗ =
^
x
−1

∆f, where
^
x is the diagonal matrix

containing sectoral output x along the diagonal. Previous applications of IIM include
studying the impacts of terrorism-related disruptions [37], hurricanes [38], and power
blackouts [6]. The sector inoperabilities for a given demand perturbation can also be
obtained by normalizing the output from the Leontief IO model (Equation (1)), as illustrated
by Dietzenbacher and Miller [39]. The IIM version is used for the static analysis in this
study as it sets the foundation for the temporal version described next.

2.3. Dynamic Inoperability IO Model (DIIM)

The IO and IIM models lack a temporal component, which limits their application to
study the recovery process. The DIIM proposed by Lian and Haimes [28] is a widely used
extension of IIM for studying the temporal evolution of inoperabilities. For a given initial
inoperability q(0) and demand perturbation c∗(0), the DIIM constructs the inoperability
trajectory in time t as [28]:

q(t + 1) = q(t) + K[A∗q(t) + c∗(t)− q(t)] (3)

where K is the diagonal matrix of sector recovery coefficients kii. Following Jonkeren
and Giannopoulos [40], we use the term recovery coefficients to describe kii instead of
the commonly used resilience coefficients. Equation (3) can be written in scalar form as
qi(t + 1) = qi(t) + kii

[
∑n

j=1 a∗ijqj(t) + c∗i (t)− qi(t)
]
. As 0 ≤ qi ≤ 1 ∀ i, it is the term in

parenthesis that determines whether a sector is in recovery mode (decreasing inoperability)
or otherwise.

2.3.1. Recovery Coefficients and Uncertainty Modelling

The diagonal element kii in K describes the ability of sector i to recover from a shock-
induced supply–demand imbalance, and is obtained as [28]:

kii =
ln[qi(0)/qi(t)]

Ti

(
1

1− a∗ii

)
(4)

where Ti is the time taken by sector i to recover from an initial inoperability of qi(0) to a
desired post-recovery inoperability qi(Ti) and a∗ii is the sector’s self-dependency element in
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A∗. Thus, for a given A∗, recovery time plays a crucial role in determining the inoperability
trajectory of each sector. As historical data on Ti for different shock events are scarce, studies
typically rely on assumptions or expert opinions to estimate Ti [28,31,34]. Recognizing the
challenges associated with quantifying Ti, we take the probabilistic approach and assume
that a sector’s time to recover from a qi(0) of 100% to a post-recovery inoperability of 1%
follows a PERT distribution, a version of Beta distribution [41]. As Ti is typically based
on expert opinions/estimates, which come in the form of a range (minimum, maximum)
and the most likely value, a bounded distribution such as PERT distribution is chosen
in this study. Unlike a triangular distribution, which requires the same three parameters
(minimum, mode, maximum), a PERT distribution has lighter tails and gives greater weight
to the most likely value. PERT distributions have been employed to model expert opinions
in various areas including flood susceptibility analysis [42], land suitability for crops [43],
and, related to the current study, recovery times of economic sectors [44].

A PERT distribution bounded between a and c, with a mode at b and a mean at
(a + 4b + c)/6, is related to the Beta distribution as PERT(a, b, c) = a+(c− a) ∗ Beta(α1, α2),
where α1 = 1 + 4 (b−a)

(c−a) and α2 = 1 + 4 (c−b)
(c−a) . For each sector i, we assumed that its most

likely (i.e., mode) recovery time T́i is a function of a∗ii as follows.

T́i = 15/
√

a∗ii (5)

Using this mode value and setting the lower and upper bounds to 0.5T́i and 1.5T́i,
1000 values of Ti from a PERT distribution are generated for each sector, resulting in 1000 T
vectors.

2.3.2. DIIM Extensions

The DIIM was extended over the years to account for international trade [45], in-
ventories [46], and uncertainties [44]. We employ the extension proposed by Barker and
Santos [46], which accounts for a sector’s production inoperability (pi(t)) and available
inventory (si(t)) before determining the overall inoperability as described by the following
three cases.

qi(t + 1) =



qi(t) + kii

[
∑n

j=1 a∗ijqj(t) + c∗i (t)− qi(t)
]

1 : si(t + 1) ≥ pi(t + 1)xi(t + 1)

max

{
qi(t) + kii

[
∑n

j=1 a∗ijqj(t) + c∗i (t)− qi(t)
]

pi(t + 1)− si(t + 1)/xi(t + 1)
2 : i f 0 < si(t + 1) < pi(t + 1)xi(t + 1)

max

{
qi(t) + kii

[
∑n

j=1 a∗ijqj(t) + c∗i (t)− qi(t)
]

pi(t + 1)
3 : i f si(t + 1) = 0

(6)

pi(t) is defined as the inoperability of a sector i at time t due only to the direct
disruption to the production process, and is independent of other sectors. By definition,
pi(t) = 0 ∀ t for sectors that are not directly affected by a shock event. Exponential functions
are commonly used to model pi(t) [46], but case-specific inputs can be provided if data
are available. At each time step, when si fully covers pi (Case 1, Equation (6)), the overall
inoperability of a sector is same as the one obtained from standard DIIM (Equation (3) in
scalar form). If si covers only a part of pi (Case 2), then the overall inoperability is the
maximum of standard DIIM-based inoperability and the residual pi. If si is not available
(Case 3), the overall inoperability is the maximum of standard DIIM-based inoperability
and pi. The initial inoperability required to run Equation (6) is set as follows:

qi(0) =


0 i f si(0) ≥ pi(0)xi(0)
pi(0)− si(0)

xi(0)
i f 0 < si(0) < pi(0)xi(0)

pi(0) i f si(0) = 0
(7)
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Assuming that the baseline annual output vector x is evenly distributed to 365 days,
the inoperability vector q(t) at time t can be converted into post-shock economic output
~
x(t) as:

~
x(t) =

1
365

(
x− ^

x·q(t)
)

(8)

3. Singapore IO Data and Structure of the Economy

The IO data on intersectoral economic transactions for Singapore is distributed by
the Department of Statistics, Singapore for 105 sectors [47]. We obtained the 2010 IO data
for this study as it is the closest year preceding the PB refinery accident. The raw data on
intersectoral transactions, the final demand f, and primary inputs v are then grouped into
15 broad sectors. Table A1 of Appendix A lists the 15 sectors and their component subsec-
tors. The technical coefficients matrix A is calculated from the intersectoral transactions
data, which is then used along with f and v in this study.

The total production in Singapore in year 2010 is $844.5 billion SGD (Singapore
dollar hereafter) to which the manufacturing (MANUF) sector has the largest contribution
($295.3 billion or 35%) followed by the wholesale and retail (WHRTL) and professional and
business services (PRBSN) sectors (Figure 1a). The percentage input requirements or the
production costs for each sector are shown in Figure 1b. For example, to produce $100 of
output, the MANUF sector requires $27 worth of inputs from domestic industries and $50 of
imports and pays $7 towards income. Construction (CONST) and water supply and waste
management (WTWST) are among the sectors that have larger domestic input requirements,
whereas the MANUF and ELECT sectors have larger import requirements per unit output.
The services sectors (e.g., EDUHS, OTHSV) dominate the payments made towards income.
Figure 1c shows the usage of each sector’s output as intermediate consumption during
the production process and for final demand by household, government consumption
expenditure (GCE), and gross capital formation (GCF). About 25% of MANUF’s output is
used by all sectors (incl. MANUF) for production, and a large fraction of the sector’s output
is exported. Expectedly, a major part of CONST’s output goes towards GCF. Although
utilities sectors (WTWST, ELECT, and GAS) have smaller outputs compared to many other
sectors, they form an integral part of the production process. For example, about 84% of
ELECT’s output is consumed by all sectors during the production stage.
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4. Description of the PB Refinery Fire

Singapore is one of the major oil refining centers in the world, and is often referred
to as Asia’s oil refining and trade hub [48,49]. With a total crude oil refining capacity of
1.43 million barrels per day (bpd), Singapore contributed 4.7% to the total refining capacity
of Asia Pacific and 1.5% globally in year 2010 ([50], p. 31). The refinery by ExxonMobil
on Jurong Island is among the largest in the world with a capacity of 592,000 bpd, thus
accounting for about 41% of Singapore’s total refining capacity [51]. The Royal Dutch Shell
refinery on PB island was the first refinery in Singapore, and is capable of processing up to
500,000 bpd, contributing 35% to Singapore’s total refining capacity in 2010 [52].

The 2011 PB refinery fire started at the refinery’s largest pump house on the afternoon
of 28 September 2011, and escalated into a major blaze in the next 24 h [14,53]. The scale
and complexity of the fire prompted the Singapore Civil Defence Force (SCDF) to declare
Operations Civil Emergency, Singapore’s national response plan for civil emergencies [14],
and the refinery was shut down progressively as a safety precaution. The fire was extin-
guished late in the evening of 29 September 2011 after 32 h of coordinated efforts by SCDF,
Shell’s fire-fighting team, and multiple government agencies. Although the affected site
was handed back to the refinery on 2 October, the operations remained shut down for
the next one week. The refinery resumed at 20% capacity on 10 October 2011 [54], and
gradually returned to full production capacity by the end of December 2011 [53]. The exact
course of the refinery’s recovery back to normalcy is difficult to ascertain due to a lack of
specific operational data.

The models described in Section 2 quantify the total economic impact for a given
initial impact to the affected sector. The initial impact of the PB fire to the refinery sector is
estimated here using the top-down approach, based on the sector’s relative contribution
to the gross domestic product (GDP) of Singapore. The refining and production work is
part of the chemicals cluster (comprising petroleum, petrochemicals, and other specialty
chemicals), which in turn is part of the MANUF sector. As the analysis in this study is
conducted using the IO data of 15 broadly organized sectors, the initial impact is considered
to be only to the MANUF sector. In the year 2010, the MANUF sector contributed 22% to
Singapore’s GDP of $327 billion [47,55], and the chemicals cluster accounted for about 10.4%
of the MANUF sector [56]. In addition, the PB refinery contributed 35% to the nation’s total
refining capacity. Combining this information, the initial daily impact of the PB fire to the
MANUF sector is calculated as 1

365 × 0.35× 0.104× 0.22× $327, 000 = $7.17 million.

5. Results and Discussion
5.1. Static IIM

In the static IIM described in Section 2.2, the initial impact to the affected sector
is entered into the model as a reduction in final demand (Section 2.2). The normalized
demand perturbation for the MANUF sector, c∗manu f , in the vector c∗ is calculated as
∆ fmanu f /xmanu f = 7.17/809 = 0.0089, where $809 million is the total daily output of the
sector (Section 3). All other elements in c∗ are set to zero, as the initial impact is only to the
MANUF sector. The demand perturbation in MANUF leads to inoperability in MANUF,
which cascades to other sectors because of interdependencies. The sectoral inoperabilities
are obtained from demand-driven IIM (Equation (2)) and multiplied with the corresponding
daily pre-shock economic outputs to obtain sectoral economic losses.

Table 1 lists sectoral impacts ranked according to inoperability and corresponding
daily economic loss. Results reveal that the initial demand reduction of 0.89% in the
MANUF sector renders the sector inoperable by 1.08% but also causes other sectors to be
inoperable. The top three inoperable sectors besides the primarily affected MANUF sector
are the ELECT, GAS, and WTWST sectors. The WHRTL, PRBSN, and ELECT sectors are
the top three indirectly affected sectors in terms of economic loss.
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Table 1. Sectoral inoperability and total daily economic loss because of PB fire- induced disruption to
the final demand of the MANUF sector.

Sector Inoperability
(%)

Total Daily Loss
(m SGD)

MANUF 1.08 8.71

ELECT 0.52 0.14

GAS 0.33 0.01

WTWST 0.18 0.02

INFCM 0.14 0.13

PRBSN 0.10 0.26

WHRTL 0.10 0.31

AGRAQ 0.09 0.00

FNINS 0.07 0.13

TRSTG 0.05 0.13

HTFDB 0.03 0.01

OTHSV 0.02 0.01

CONST 0.02 0.03

ADMDF 0.01 0.01

EDUHS 0.01 0.00
Please refer to Table A1 in Appendix A for details on sector abbreviations.

Figure 2 compares the sectors based on their inoperability and economic loss rankings.
The directly affected MANUF sector ranks high on both metrics. Although utilities sectors
such as GAS and WTWST rank high on the inoperability criterion, their economic loss
ranking is low as their daily economic output is much smaller compared to other sectors
(see Figure 1a). Similarly, WHRTL, PRBSN, and TRSTG rank higher on an economic loss
basis as their economic output is larger. Overall, the total (initial + indirect) daily loss due
to the PB fire incident assessed via static demand-driven IIM is $9.91 million, out of which
the MANUF sector suffered $8.71 million or 87.9% of the total loss. The indirect losses
were $9.91−$7.17 = $2.74 million or about 38% of the direct loss. For the same event, Lin,
et al. [52] reported a total daily economic loss of $8.17 million. The smaller economic loss in
Lin, et al. [52] compared to the current study is mainly due to the use of 2005 data for IO
and GDP in their analysis.

5.2. Dynamic IIM

The temporal evolution of inoperabilities is assessed using the extended DIIM
(Section 2.3.2), in which the initial impact on the directly affected sector is represented
in terms of production inoperability and/or change in final demand. We assigned the PB
fire-induced initial impact ($7.17 million) to the MANUF sector’s production inoperability
as pmanu f (0) = 7.17/809 = 0.89%. The framework also requires the full trajectory of
pmanu f (t), which we constructed using the information from Section 4 that the refinery
was shut down on September 28 (Day 0) and resumed operations at 20% capacity on
October 10. As data on refinery recovery from October 11 is not available, except that the
plant was fully operational by December 2011, we assumed two exponential scenarios, a
rapidly decaying (concave up) and a slowly decaying (concave down) pmanu f (t) from Day
13. Similar trajectories, along with the simple linear path, have been employed to model
sectoral recovery [12,40,46].
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5.2.1. Rapid Initial Recovery of the MANUF Sector’s Production Inoperability

The complete trajectory of pmanu f (t), constructed using observed information until
Day 12 followed by a concave-up recovery scenario from Day 13 is shown in Equation (9).

pmanu f (t) =


pmanu f (0) i f 0 ≤ t ≤ 11 (Sep 28−Oct 9)
0.8× pmanu f (0) i f t = 12 (Oct 10)

e−k̃manu f (t−12)pmanu f (12) i f t ≥ 13 ( f rom Oct 11)

(9)

The rapid drop of pmanu f (t) from Day 13 is modelled following Barker and Santos [46],
where k̃manu f is the rate of repair, defined similarly to the recovery coefficient (Equation (4))

but without dependence on a∗ii, i.e., k̃manu f =
(

1/Tmanu f

)
ln[pi(0)/pi(t)]. As the direct

impact of the PB accident is assumed to be limited to the MANUF sector (Section 4),
pi(t) = 0 ∀ t and i 6= MANUF. The assumption of zero production inoperabilities for
non-MANUF sectors also implies that no other shock event has occurred and affected
these sectors during the study timeframe. Further, the inventory available in each sector is
assumed to be zero. Therefore, following Case 3 of Equation (6), the larger value among the
standard DIIM-based inoperability and pmanu f is taken as MANUF’s overall inoperability
at each time step. While the former is computed considering interdependencies with all
sectors, the latter is intrinsic to MANUF. The model is applied for the most likely recovery
time vector T́ (Equation (5)) and for 1000 T vectors generated from a PERT distribution
(Section 2.3.1).

Figure 3 shows overall inoperability trajectories of each sector for the recovery scenario
T́. For the MANUF sector, pmanu f (t) (dashed line, Figure 3) is larger than the inoperabil-
ity computed from standard DIIM until t = 11, and consequently chosen as the overall
inoperability of the sector. For t > 11, the standard DIIM-based inoperability is larger than
pmanu f (t), and thus determines the overall inoperability of the sector. Further, the MANUF
sector recovers following an exponential trajectory from t > 12 as the general solution to
the standard DIIM is an exponentially decaying function, [57]. For the indirectly affected
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sectors, as pi(t) = 0 ∀ t (i 6= MANUF), Case 3 of Equation (6) simplifies to standard DIIM.
For example, the ELECT sector suffers only from interdependency-induced inoperability,
which is captured by the standard DIIM. This inoperability increases during the initial
time steps as ∑n

j=1 a∗elect,jqj(t) > qelect(t) (see Equation (6)) and reaches peak at t = 17 be-
fore starting on the recovery path from t = 18 (Figure 3). Among the indirectly affected
sectors, the ELECT sector has the largest peak inoperability (qp) followed by the GAS and
WTWST sectors.
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Figure 3. Inoperability trajectory of each sector following the PB fire on Day 0. The dashed line
depicts the production inoperability of the MANUF sector (pmanu f (t) from Equation (9)).

To better understand the inoperability trajectories of indirectly affected sectors, we
conducted simulations using synthetic two-sector and five-sector IO tables, the details of
which are presented in Appendix B. Simulation results revealed that qp of an indirectly
affected sector is larger when the sector’s recovery coefficient is larger combined with a
smaller recovery coefficient for the directly affected sector (Figures A1 and A2, Appendix B).
Further, when all sectors have the same recovery coefficients, the qp of indirectly affected
sectors are determined by the elements of the jth column of the matrix G = (I−A∗)−1,
where j is the directly affected sector (Figure A3, Appendix B). Specifically, the larger the
G(i, j), the higher the qp rank of an indirectly affected sector i (i 6= j).

For Singapore’s economic sector, the recovery coefficients (from Equation (4)) do
not show much variability. For example, the coefficients computed for the recovery time
scenario T́ have a coefficient of variation of 0.4. Thus, based on our findings from Figure A3,
it is expected that the qp rank of an indirectly affected sector i is mainly determined by
G(i, j), where j is the directly affected sector. The qp of each indirectly affected sector i from
Figure 3 is plotted in Figure 4 along with G(i, MANUF). In general, a sector with a larger
value of G(i, MANUF) has a larger qp, except for the AGRAQ sector, which is because
of the sector’s much smaller recovery coefficient (0.023) compared to the average value
of 0.079.
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The sectoral inoperabilities q(t) are converted to corresponding economic outputs
~
x(t) using Equation (8). Figure 5 shows the variation in total daily economic output, i.e.,
∑15

i=1 x̃i(t), for the recovery time vector T́ and for 1000 PERT-distributed T vectors. At
Day 0, there is a drop in total output because of the initial inoperability suffered by the
MANUF sector. Although the MANUF sector’s inoperability stays flat until Day 12 (see
Figure 3), the total daily output in Figure 5 continues to decrease during this period because
of cascading inoperabilities and losses incurred by the indirectly affected sectors. The effect
of uncertain T on total output is minimal up to Day 12 as the MANUF sector has a fixed
inoperability and thus constant output during this period. From Day 13, the total output is
in the recovery stage, driven by the recovery in the MANUF sector. The effect of uncertain
T on total output is more evident during this recovery phase. The total loss, obtained as the
area enclosed by the economic output trajectory and the baseline daily economic output of
$2313.7 million, ranges from $142.4 million to $222.3 million, with a value of $183.3 million
for the most likely recovery time T́ (Figure 5, inset). The corresponding total loss to the
MANUF sector ranges from $125–$197 million, with a value of $161 million for the recovery
time vector T́.

5.2.2. Slow Initial Recovery of MANUF’s Production Inoperability

Jonkeren and Giannopoulos [40] argued that some sectors recover from production
disruption at a slower rate initially due to the complexity of repair activities and at a
faster rate at latter stages as key components are restored. To investigate the effect of such
production recovery, we replaced pmanu f (t) for t ≥ 13 with a concave-down exponential
function proposed by Jonkeren and Giannopoulos [40]. The pmanu f (t) for t ∈ [0, 12] is kept
unchanged as it is based on published recovery information. The full trajectory of pmanu f (t)
is shown in Equation (10) and in Figure 6 (dashed line).
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pmanu f (t) =


pmanu f (0) i f 0 ≤ t ≤ 11
0.8× pmanu f (0) i f t = 12(

1 + e−k̃manu f Tmanu f − e−k̃manu f (t−12−Tmanu f )
)

pmanu f (12) i f 13 ≤ t ≤ Tmanu f

0 i f t > Tmanu f

(10)
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Figure 5. Temporal evolution of the economic output for the most likely recovery time vector T́, and
for each of 1000 T vectors (gray lines). The inset shows the histogram of total loss based on 1000 T
vectors, with the solid blue line marking the loss for the most likely vector T́.

As in the previous section, the available inventory in each sector is assumed to be
zero. The extended DIIM is then employed for the most likely recovery time vector T́ and
1000 PERT-distributed T vectors to obtain corresponding inoperability trajectories. Figure 6
shows overall inoperability of each sector for the recovery time vector T́. Because of its slow
initial recovery, pmanu f (t) dominates the standard DIIM-based inoperability that includes
interdependency effects, and thus determines the MANUF sector’s overall inoperability.
A departure from this behavior is observed at t = 12 and 13 because of a sudden drop in
pmanu f (t) at t = 12. During the later stages (t > 42), the standard DIIM-based inoperability
with its interdependency effect is larger than the rapidly decaying pmanu f (t) and thus
taken as the overall inoperability of the sector. Further, the overall inoperability trajectory
follows the default concave-up exponential trajectory after deviating from pmanu f (t). The
inoperabilities of indirectly affected sectors persist for a longer time compared to those
in Section 5.2.1, thus resulting in larger average inoperability for each sector. Among the
indirectly affected sectors, the ELECT sector has the largest qp followed by the GAS and
WTWST sectors.

The inoperability trajectories are converted into daily economic output using
Equation (8). The trajectories of total daily economic output for the most likely recov-
ery time vector T́ and for 1000 PERT-distributed T vectors are shown in Figure 7. Similar
to Section 5.2.1, the daily economic output shows a slight decrease until t = 12 because of
losses incurred by the indirectly affected sectors. From Day 13, the total output recovers
following an s-shaped trajectory as a result of the MANUF sector’s concave-down overall
inoperability during early stages and a concave-up inoperability in later stages. The impact
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of uncertain T on total output is greater for this scenario compared to the concave-up recov-
ery scenario of Section 5.2.1, with the total loss ranging from $203.9 million to $375 million,
and a value of $297.3 million for the most likely recovery time T́ (Figure 7, inset). The total
loss to the MANUF sector varies from $183–$336 million, with a value of $262 million for
the recovery time vector T́.
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5.2.3. Effect of Inventory

In Sections 5.2.1 and 5.2.2, we assessed the impact of the PB fire for different production
inoperability trajectories assuming no inventory. An inventory of finished goods if available
at the time of a shock event can absorb the initial impact and consequently reduce higher-
order losses. Therefore, holding an inventory of finished goods can be considered as a
preparedness strategy to mitigate risk. Previous studies have used data on inventory-to-
sales ratio to derive available inventory for affected sectors [32,46]). As this data is not
publicly available for Singapore’s economic sectors, we assume that the MANUF sector
has 10% of its output available as inventory at the time of PB fire. It is noted that according
to the extended DIIM (Equation (6)), the inventory is used only for compensating the
production inoperability of the directly affected sector, i.e., pmanu f (t).

The DIIM is then applied for the same concave-down pmanu f (t) as in Section 5.2.2 but
with an initial inventory in MANUF (smanu f (0)) set at 10% of the sector’s output. Figure 8
shows the sectoral inoperability curves for the recovery time vector T́. For the MANUF
sector, smanu f (0) fully absorbs pmanu f (t) until t = 10, and thus, according to Case 1 of
Equation (6), the overall inoperability of the sector is same as the standard DIIM-based
inoperability, which is zero as other sectors do not suffer any inoperability yet. The value
of smanu f (0) depletes with time as it covers pmanu f (t), and, as a result, it can only partially
absorb pmanu f (t) at t = 11. The residual pmanu f (t) of 0.64% is then the overall inoperability
of the MANUF sector at t = 11 according to Case 2 of Equation (6). As inventory depletes
to zero by t = 12, the overall inoperability of the MANUF sector traces the pmanu f (t)
trajectory following Case 3 of Equation (6). The MANUF inoperability then cascades to
other sectors, among which the ELECT sector has the largest qp, followed by the GAS and
WTWST sectors.
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The total daily economic output trajectories for the most likely recovery time vector
T́ as well as 1000 PERT-distributed T vectors are shown in Figure 9. The daily output
continues along the baseline economic output of $2313.7 million until t = 10 as the inven-
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tory fully covers the inoperability of the MANUF sector. From Day 12, the total output
recovers following an s-shaped trajectory, similar to Section 5.2.2. The total loss ranges from
$115.4 million to $283.1 million, with a value of $204.1 million for the most likely recovery
time T́ (Figure 9, inset). The corresponding total loss to the MANUF sector ranges from
$101–$253 million, with a value of $180 million for the T́ vector. Expectedly, the total loss is
smaller than in the concave-down scenario with no inventory.
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Figure 9. Temporal evolution of economic output for the most likely recovery time vector T́, and
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Royal Dutch Shell estimated a loss of $187 million to the company because of the PB
refinery fire and the resulting shutdown [53]. As this loss value is exclusive to the company
and not economy-wide, the MANUF sector’s predicted losses from our DIIM analysis
should be comparable with this reported value. The losses to the MANUF sector for the
most likely recovery time vector and for the three scenarios of concave up, concave down,
and concave down with inventory, as assessed in Sections 5.2.1, 5.2.2, and 5.2.3 are $161,
$262, and $180 million, respectively. Together with the recovery time uncertainties, the full
range of the MANUF sector’s losses is $101–$336 million and thus spans the reported loss
of $187 million. Note that a more thorough evaluation of DIIM results is not conducted
here as observational data on sectoral losses is not available.

5.3. Supply Side Inoperability IO Analysis

The models employed so far are driven by changes in final demand and/or production
output via backward linkages with the upstream sectors [28,32]. Shock events also cause
disruptions to the primary inputs which propagate downstream via forward linkages.
Ghosh’s supply-side IO model, x = B’·x + v or x =

(
I− B’)−1v, where bij ∈ B quantifies

allocation of a unit output from sector i among all sectors j and v is a column vector of
primary input, can obtain changes in output for exogenously specified changes in v [19,58].
However, the model has been criticized as “implausible”, with the main criticism being that
it allows production increases in sectors without corresponding increases in their primary
input use [59–62]. We acknowledge these arguments against the supply-side model and
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use the model in this study only for completeness. Further, we limit our analysis to the
static version and interpret the results in terms of price changes instead of quantity changes
as suggested by Dietzenbacher [63].

To be consistent with the rest of the study, we use the inoperability version of the
supply-side IO model, which can be written as [64,65]:

qs = (I−As∗)−1v∗ (11)

where As∗ =
^
x
−1

B’^x = AT and v∗ =
^
x
−1

∆v is the normalized change in the primary
input vector. The initial impact to the MANUF sector is entered into the model as a
normalized change in primary input, v∗manu f , calculated as ∆vmanu f /xmanu f = 0.0089. The
resulting sectoral inoperabilities obtained from supply-side IIM and the corresponding
daily economic losses are shown in Table 2. Results reveal that the top three inoperable
sectors besides the primarily affected MANUF sector are the CONST, HTFDB, and WTWST
sectors. The top three indirectly affected sectors in terms of economic loss are the CONST,
TRSTG, and PRBSN sectors.

Table 2. Sectoral inoperability and total daily economic loss because of PB fire-induced disruption to
the primary inputs of the MANUF sector.

Sector Inoperability
(%)

Total Daily Loss
(m SGD)

MANUF 1.08 8.71

CONST 0.16 0.23

HTFDB 0.13 0.05

WTWST 0.12 0.01

ADMDF 0.10 0.07

ELECT 0.09 0.02

TRSTG 0.08 0.20

AGRAQ 0.07 0.00

OTHSV 0.07 0.02

INFCM 0.06 0.05

EDUHS 0.06 0.04

PRBSN 0.05 0.13

WHRTL 0.04 0.11

GAS 0.03 0.00

FNINS 0.02 0.03
Please refer to Table A1 in Appendix A for details on sector abbreviations.

Figure 10 compares the sectors based on their inoperability and economic loss rank-
ings. Besides the directly affected MANUF sector, the CONST sector ranks high both
on inoperability and economic loss. The sectors HTFDB and WTWST rank high on the
inoperability criterion, but, their economic output being smaller, rank low in terms of
economic loss. Overall, the total daily loss due to the PB fire incident assessed via static
supply-side IIM is $9.69 million. This value is interpreted here as the total loss due to an
increase in the price of primary inputs. The total loss to the MANUF sector is $8.71 million
or about 89.9% of the total loss. The higher-order losses are $9.69−$7.17 = $2.52 million,
which are about 35% of the direct loss.
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5.4. Linkage Analysis

The static IIM analyses showed that the higher-order loss due to the PB accident is
~38% of the direct loss for the demand-driven scenario (Section 5.1) and 35% for the supply-
side scenario (Section 5.3). This can be explained from the perspective of the MANUF
sector’s backward and forward linkages with all sectors of the economy including itself.
Figure 11 shows the total backward and forward linkages obtained as column sums of
the Leontief inverse (I−A)−1 and row sums of the Ghosh inverse (I− B)−1, respectively.
The backward linkage characterizes a sector’s connectivity with the upstream sectors from
which it requires (purchases) inputs for production. The backward linkages obtained as
above are the same as the simple output multipliers and quantify the total (direct + indirect)
change in outputs from upstream sectors in response to a unit change in final demand for
the sector’s output [19]. The MANUF sector’s backward linkage of 1.38 implies that the
total demand-driven indirect losses throughout the economy are 38% of the direct losses to
the sector. For a strongly backward-linked sector such as CONST, the total demand-driven
indirect losses to the economy are about 102% of the direct loss to the sector.

The forward linkage characterizes a sector’s connectivity with downstream sectors to
which it supplies (sells) its output and quantifies the total change in the value of outputs
because of a unit change in the value of the primary inputs of the sector. Thus, the MANUF
sector’s forward linkage of 1.35 implies that the total indirect losses are 35% of direct losses
to the sector under the supply-side scenario. The utilities sectors (ELECT, GAS, WTWST)
have stronger forward linkages, implying that a given direct loss when represented as the
changes in primary inputs of these sectors leads to a larger percentage of indirect losses to
the economy.

It is also observed in the static IIM analyses (Sections 5.1 and 5.3) that a large part
of the total loss, ~88% for the demand-driven and ~90% for the supply-side scenario,
occurred in the MANUF sector. This is because the MANUF sector in Singapore, being
highly import- and export-oriented, has weaker linkages with other sectors. Only 27% of
the MANUF sector’s total inputs are from domestic industries, whereas 50% of inputs are
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imported (Figure 1). Similarly, only 25% of MANUF’s output is consumed by the domestic
industries during the production process and 71% of output is exported. This can also be
explained from Figure 11, which shows the top five backward- and forward-linked sectors
for each sector. Every sector has a stronger linkage (both backward and forward) with
itself followed by other sectors. However, the MANUF sector has the strongest self-linkage
among all sectors, which explains why a large fraction of the total loss due to the PB fire
accident is taken by the MANUF sector. For a sector such as ELECT, with its strong forward
linkages with other sectors, the fraction of the total loss suffered by the ELECT sector under
the supply-side scenario is about 49%, followed by about 26% by the MANUF sector.
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6. Concluding Remarks

In this study, we have assessed the economic impacts of the PB refinery fire accident,
considering interdependencies among 15 broadly grouped industrial sectors and using
the inoperability IO models. For an initial impact of $7.17 SGD per day to the MANUF
sector determined using the top-down approach, the indirect losses estimated using the
static analyses were about 38% (35%) of the initial loss for the demand-driven (supply-side)
scenario. A large fraction of the total loss was confined to the initially affected MANUF
sector, with other sectors suffering about 10–12% of the total losses. The smaller indirect
losses to other sectors were found to be because of weaker backward and forward linkages
between the MANUF sector and other sectors of the economy. Among the indirectly
affected sectors, WHRTL and PRBSN sectors suffered the most losses, whereas the utilities
sectors such as ELECT and WTWST suffered the most inoperability.

The simulation experiments with DIIM and synthetic IO tables revealed that the
recovery characteristics (duration and peak inoperability) of indirectly affected sectors are
strongly tied to the recovery trajectory of the directly affected sector, e.g., faster recovery of
a directly affected sector leads to faster recovery of an indirectly affected sector. Further, the
simulation results showed that an indirectly affected sector has a higher peak inoperability
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when its recovery coefficient is larger, combined with a slower recovery of the directly
affected sector. The DIIM analysis of the PB fire accident quantified the uncertainties in the
recovery process; the total economic losses due to the PB fire range from $143–222 million
for the concave-up (fast initial) recovery scenario, and from $204–375 million for the
concave-down (slow initial) recovery scenario. On average, the losses from concave-down
recovery were found to be about 1.6 times that of the concave-up scenario. It was also
found that holding an inventory of about 10% of the MANUF sector can considerably
absorb the initial impact, thus bringing the total losses in the range of $115–283 million.

This study focused on understanding the dynamics of recovery and indirect economic
losses when the MANUF sector in Singapore is subjected to an initial impact. While the
static and linkage analyses provided valuable insights into the initial vs. indirect losses for
given sectoral interdependencies, the dynamic IIM proved to be a useful framework for
incorporating the time-varying production inoperability of the initially affected sector and
studying uncertainties in recovery scenarios and preparedness strategies. As earlier stated,
this study assumed the initial impact of the PB refinery fire to be limited to the MANUF
sector, and the production inoperabilities of other sectors were thus set to zero for the study
time frame. Therefore, the cascading effects on other sectors are a result of the PB-fire-
accident-driven inoperability in the MANUF sector. However, multiple shock events may
occur in a short span of time and affect selected sectors in the same time frame. The DIIM
model in this study can still be applied for such scenarios, though the multiple directly
impacted sectors need to be identified and their production inoperability trajectories
characterized using event-specific data. Thus, the DIIM model is readily extended to handle
multiple directly impacted sectors, either from a single shock event or multiple events.

As IO models form the core of this study, the limitations of the IO framework, e.g.,
the linearity of production functions and the lack of substitution possibilities, apply to
the current study as well. Further, the effects of shock-induced supply constraints were
not explored in detail in this study. These limitations can be addressed to some extent
by moving to hybrid models such as Adaptive Regional IO and non-linear programming
models [21,66]. The current study is set in a single-region framework focusing on Singapore.
Possible extensions of our work also include extending the analysis from a single-region
framework to a multiregional one [67,68], considering the import and export dependencies
between Singapore and other ASEAN countries.
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Appendix A

Table A1. List of 15 sectors used in this study and their corresponding subsectors from the official
105-sector Singapore IO table. The sector numbers in the third column are the same as in the official
Singapore IO table.

Aggregated Sectors Code Component Sectors

Agriculture, livestock,
and aquaculture AGRAQ 1. Agriculture and nursery products, 2. Livestock, 3. Fishing and aquaculture

Manufacturing MANUF

4. Food preparations, 5. Oils and fats, 6. Dairy products, 7. Other food products
n.e.c., 8. Beverages and tobacco products, 9. Textiles, 10. Wearing apparel and fur

products, 11. Footwear and leather products, 12. Wood and wooden products
(except furniture), 13. Paper and paper products, 14. Printing and reproduction of

recorded media, 15. Petroleum products, 16. Basic chemicals and chemical
products, 17. Petrochemicals and petrochemical products, 18. Paints and related
products, 19. Detergents, perfumes, cleaning and toilet preparations, 20. Other

chemical products, 21. Pharmaceuticals and biological products, 22. Rubber and
plastic products, 23. Other non-metallic mineral products, 24. Basic metals, 25.

Fabricated metal products (except machinery and equipment), 26. Semiconductor
devices, electronic components and boards, 27. Computers and peripheral
equipment, 28. Communications equipment, 29. Consumer electronics, 30.

Scientific, photographic and optical products, 31. Electrical industrial apparatus,
batteries and accumulators, 32. Electric wiring and lighting equipment, 33.

Domestic appliances, 34. Other electrical equipment, 35. General and special
purpose machinery (except oil rigs), 36. Mining, quarrying and construction

equipment, 37. Semiconductor related equipment, 38. Installation of industrial
machinery and equipment, 39. Land transport equipment, 40. Ships and boats, 41.
Aircraft and related parts, 42. Transport equipment n.e.c., 43. Furniture (except of
stone), 44. Jewelry and related articles, 45. Medical and dental instruments and

supplies, 46. Other manufacturing

Electricity ELECT 47. Electricity

Gas GAS 48. Gas

Water and waste
management WTWST 49. Water and sewerage, 50. Waste collection, treatment, and disposal services

Construction CONST 51. Building construction, 52. Civil engineering works, 53. Specialized
construction services

Wholesale and retail WHRTL 54. Wholesale trade, 55. Retail trade

Transportation and
storage TRSTG

56. Land transport, 57. Water transport, 58. Air transport, 59. Land transport
supporting services, 60. Water transport supporting services, 61. Air transport

supporting services, 62. Cargo handling, warehousing, and other support services,
63. Postal and courier services

Hotels, food, and
beverage services HTFDB 64. Accommodation, 65. Food and beverage services

Information and
communication

services
INFCM 66. Publishing, 67. Media entertainment, 68. Telecommunications, 69. Computer

programming, consultancy, and information services

Finance and insurance
services FNINS

70. Banking and finance, 71. Financial services (except insurance and pension
funding), 72. Life insurance, 73. Non-life insurance, 74. Other auxiliary financial

and insurance services, 75. Fund Management
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Table A1. Cont.

Aggregated Sectors Code Component Sectors

Professional and
business services PRBSN

76. Real estate, 77. Ownership of dwellings, 78. Legal services, 79. Accounting,
auditing, and tax consultancy services, 80. Head offices and business

representative offices 81. Consultancy services, 82. Architectural and engineering
services, 83. Research and development, 84. Advertising and market research, 85.

Specialized design services, 86. Other professional, scientific and technical
services, 87. Veterinary services, 88. Rental and leasing of tangible assets, 89.

Rental and leasing of intangible assets, 90. Employment and labor contracting, 91.
Travel agency, tour operator and reservation services, 92. Security and

investigation services, 93. Cleaning and landscape maintenance services, 94. Office
administrative and support services, 95. Exhibitions, conventions and other events

Public administration
and defense ADMDF 96. Public administration and defense services

Education, health. and
social services EDUHS 97. Education, 98. Health services, 99. Social services

Other services OTHSV
100. Arts and entertainment, 101. Recreation and sports, 102. Member

organizations, 103. Repair of computers, personal and household goods and
vehicles, 104. Other personal services, 105. Domestic services

Appendix B

This appendix describes the simulation experiments to study the inoperability tra-
jectory of an indirectly affected sector given an initial inoperability vector q(0) and the
interdependency matrix A∗. The simulations are conducted using synthetic two-sector and
a five-sector IO tables.

Appendix B.1. Two-Sector IO Table

A∗ =
[

0.30 0.45
0.15 0.10

]
The initial inoperability vector for the two-sector experiment is assumed to be

q(0) = [0.0 0.5]′. Sector 2 is the directly affected sector with an initial inoperability of
50%. Two recovery coefficients are considered for Sector 2, i.e., k22 = 0.1 or 0.9, while
Sector 1′s k11 is increased gradually as 0.1, 0.5, and 0.9, thus resulting in six combinations
of [k11, k22]. Although Sector 1 has no initial inoperability, it is indirectly affected because
of its dependence on Sector 2.

The sectoral inoperability trajectories for each [k11, k22] are obtained using the standard
DIIM (Equation (3)) and shown in Figure A1. As the focus of the experiment is to under-
stand the behaviour of an indirectly affected sector, Figure A1 highlights the trajectories
of Sector 1, with the corresponding Sector 2 trajectories shown in the inset. It is observed
that Sector 2’s trajectory is largely dependent on its own recovery coefficient k22, whereas
Sector 1′s trajectory is sensitive to both k11 and k22. Pant, et al. [69] illustrated using the
same two-sector IO table that an indirectly affected sector recovers faster when both k11
and k22 are larger but such faster recovery comes at the cost of larger peak inoperability.
This can be seen by comparing the trajectories of [k11 = 0.1, k22 = 0.1] (Figure A1a) and
[k11 = 0.9, k22 = 0.9] (Figure A1b). Our simulations further reveal that for a fixed k11, Sec-
tor 1′s peak inoperability is larger when k22 is smaller. The inoperability trajectory of an
indirectly affected sector has a higher peak when its recovery coefficient is larger combined
with a slower recovery of the directly affected sector.
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Figure A1. Inoperability trajectories of the indirectly affected Sector 1 for three different recovery
coefficients (k11 = 0.1, 0.5, 0.9) when the directly affected Sector 2’s recovery coefficient k22 is (a) 0.1
and (b) 0.9. The inset in each panel shows the trajectories of the directly affected Sector 2 for each
combination of [k11, k22].

Appendix B.2. Five-Sector IO Table

A∗ =


0.050 0.167 0.083 0.100 0.150
0.100 0.050 0.075 0.025 0.275
0.140 0.160 0.080 0.060 0.240
0.050 0.125 0.150 0.050 0.175
0.160 0.060 0.200 0.100 0.040


Similar to the two-sector experiment, Sector 2 is treated as the directly affected sector

with an initial inoperability of 50%, i.e., q(0) = [0.0 0.5 0.0 0.0 0.0]′. The recovery coefficient
k22 = 0.1 or 0.9, whereas k11 is increased gradually from 0.1 to 0.5 and 0.9, keeping k33,
k44, and k55 fixed at 0.5. Figure A2 shows trajectories of Sector 1 for all six combinations
of [k11, k22, k33, k44, k55]. Consistent with the results of the two-sector experiment, the peak
inoperability of an indirectly affected sector is larger when its recovery coefficient is larger
combined with a smaller recovery coefficient for the directly affected sector.
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recovery coefficients of Sectors 3, 4, and 5 are fixed at 0.5.
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The five-sector IO table is also used to conduct an experiment where the recovery
coefficient of each sector is fixed (kii = 0.3 ∀ i). In such a scenario, for a directly affected
sector j, the peak inoperability of an indirectly affected sector i (i 6= j) is mainly controlled
by G(i, j), where G = (I−A∗)−1. The larger the G(i, j), the higher the peak inoperability
of the indirectly affected sector i (Figure A3).
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